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In the push for passenger transportation electrification, Plug-in Hybrid Electric Vehicles (PHEVs) serve as a
suitable bridge towards sustainable transportation, especially in settings marked by rapid urbanization and socio-
economic variations, such as India. Compared to conventional vehicles, PHEVs can offer distinct advantages, but
Battery Electric Vehicles (BEVs) often overshadow their potential. Addressing the dearth of PHEV-specific
research, this study investigates consumer attitudes and preferences for PHEVs in two Indian megacities:
Delhi and Kolkata. Using a three-step method on attitudinal and stated preference data from 415 (Delhi) and 500
(Kolkata) car-owners, the study segmented consumers employing factor and cluster analyses, revealing dominant
groups such as the ’actively concerned’, which merges consumers with technological enthusiasm and environ-
mental awareness. Mixed logit models further unveil consumers’ willingness-to-pay (WTP) for various PHEV
attributes. Notably, Delhi consumers exhibited 56 % more WTP for Advanced Vehicle Technology (AVT) options
compared to their Kolkata counterparts. While Delhi consumers prioritized battery range, battery warranty, and
recharging time, Kolkata consumers emphasized emission reduction. Sensitivity analysis revealed price as a
dominant adoption barrier, suggesting subsidies could enhance PHEV uptake. This research highlights diverse

PHEV preferences across Indian cities, underscoring the need for city-specific policy interventions.

1. Introduction

The emphasis on environmental sustainability globally has under-
scored the role of electric vehicles (EVs) in mitigating climate change,
especially in the transportation sector, which is responsible for about 25
% of global CO5 emissions (Khurana et al., 2020; Das et al., 2021; Xiong
et al., 2023). While much of the focus has been on Battery Electric Ve-
hicles (BEVs), Plug-in Hybrid Electric Vehicles (PHEVs) have been
understudied despite their potential benefits in various geographical
and consumer contexts (Helveston et al., 2015; Huang et al., 2021;
Visaria et al., 2022) (detailed discussion in Section 2). This is particu-
larly significant in India, the world’s third-largest passenger car market,
which has set ambitious targets for EV market shares of 40 % by 2030
and 100 % by 2047 (Bera and Maitra, 2023; Khurana et al., 2020). Given
the country’s infrastructural and socio-economic challenges, expanding
the focus to include PHEVs alongside BEVs is crucial (Bera and Maitra,
2021a; Das et al., 2022; Tarei et al., 2021).

PHEVs offer an upfront cost reduction of up to 20 % compared to
BEVs, making them especially relevant in India, where over 60 % of the
population falls within the low-to middle-income category (IEA, 2021;
Kolluru et al., 2021; Slowik et al., 2022; Zoepf et al., 2013). Recent data
suggest that the average electric range of PHEVs has remained consistent
at 50 km, sufficient for urban commutes, and their supplemental gaso-
line engines alleviate range apprehensions, offering a more approach-
able introduction to electric mobility (IEA, 2021; Zoepf et al., 2013). The
myriad advantages of PHEVs, ranging from energy diversity to adapt-
ability with fluctuating fuel standards, render them particularly relevant
in developing countries such as India, where fuel consistency and power
supply may be unreliable. Despite these evident benefits, academic in-
vestigations into PHEVs in developing countries remain limited, with a
specific lacuna in studies focusing on consumer attitudes, perceptions,
and preferences (Jia and Chen, 2023; Kowalska-Pyzalska et al., 2022).
This knowledge gap has led to policy formulations that inadequately
address PHEVs and, consequently, limited public awareness.
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Therefore, the present study aims to fill this knowledge gap by
exploring key research questions. These questions focused on consumer
perspectives on PHEVs are essential for shaping future transport policies
and initiatives:

e RQ1: What specific attitudes do consumers hold towards the envi-
ronment and technology?

e RQ2: Can we categorize consumers based on their attitudinal
differences?

e RQ3: What drives PHEV adoption decisions among these consumer
groups?

The study’s contributions are threefold. First, from a theoretical
standpoint, this research is among the initial scholarly efforts to sys-
tematically analyze consumer attitudes and perceptions towards PHEVs
in developing countries such as India. This adds a much-needed
dimension to the existing literature by focusing on a context that has
not been adequately explored. Second, the study employed a unique
approach of combined factor and cluster analyses to segment consumer
attitudes, which helped to identify critical areas for targeted in-
terventions and added a layer of granularity to our understanding of
asset utilization in sustainable transportation. Lastly, from a policy
viewpoint, this study developed and validated Mixed Logit (MXL)
models and performed sensitivity analysis of the model estimates to
evaluate differences in the preferences among different consumer clus-
ters toward PHEV attributes, which provided valuable insights. These
insights can guide vehicle manufacturers and the government in crafting
suitable strategies to encourage the adoption of PHEVs in the Indian
context.

2. Literature review

Based on the identified research gaps in the context of studies
investigating consumer preferences and attitudes towards EVs, the
literature review is segmented into four sub-sections, namely PHEVs in
EV landscape, the geographical disparity in EV studies, the interplay of
preference and attitude, and interplay of attitude and technology. The
review concludes by highlighting specific gaps that warrant attention for
a thorough PHEV study. For further details on the reviewed literature
and their findings, refer to Table A1 in Appendix A.

2.1. PHEVs in the EV landscape

Serving as a transitional solution between traditional vehicles and
fully electric ones, PHEVs distinctively utilize a combination of both
gasoline and electricity (Zoepf et al., 2013). This dual nature of fuel
sources in PHEVs is expected to have varied impacts on consumer
preferences as compared to other EVs due to alleviated range anxiety
and the ability to access locations with limited charging infrastructure.
However, in the existing studies on consumer preferences towards EVs
(Jia and Chen, 2023; Mpoi et al., 2023; Kowalska-Pyzalska et al., 2022;
Ji and Gan, 2022; Rommel and Sagebiel, 2021), PHEVs are often clus-
tered along with other EV categories, obscuring the specific benefits,
obstacles and user preferences unique to PHEVs (Slowik et al., 2022;
Zoepf et al., 2013). There are only a few studies like those by Axsen and
Kurani (2009) and Krupa et al. (2014) that exclusively focus on drivers
and barriers to the adoption of PHEVSs. In this regard, it is necessary to
conduct more detailed studies on PHEVs to comprehensively understand
consumer preferences and demand, such that focused improvement
strategies could be recommended to enable their wider adoption.

2.2. Geographical disparity in EV studies
The review of EV literature indicates a noticeable geographical

disparity in research emphasis, with the majority of the studies con-
ducted in developed nations such as the United States (US) (Jia and
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Chen, 2023; Tanaka et al., 2014), Italy (Danielis et al., 2020; Giansoldati
etal., 2020b), Greece (Mpoi et al., 2023), Denmark (Visaria et al., 2022),
South Korea (Lashari et al., 2022), Poland (Kowalska-Pyzalska et al.,
2022), Germany (Rommel and Sagebiel, 2021; Hackbarth and Madlener,
2016), Canada (Miele et al., 2020; Higgins et al., 2017), Spain (Rahmani
and Loureiro, 2019), Netherlands (Hoen and Koetse, 2014) and coun-
tries where EVs have already been adopted as mainstream trans-
portation such as China (Ji and Gan, 2022; Helveston et al., 2015),
offering detailed insights into EV adoption factors like vehicle, infra-
structure, policy, sociodemographic and trip-related attributes.
Conversely, research within developing regions, such as India, appears
less comprehensive concerning consumer choice preferences towards
EVsin general and PHEVs in particular (Khurana et al., 2020; Navalgund
and Nulkar, 2020; Tarei et al., 2021). This disparity emphasizes the
importance of more region-specific research that accounts for unique
socio-economic and cultural contexts.

2.3. Interplay of preference and attitude

Many studies, including those by Jia and Chen (2023), Visaria et al.
(2022), Rommel and Sagebiel (2021), Danielis et al. (2020), Rahmani
and Loureiro (2019), Hackbarth and Madlener (2016) have investigated
consumer preferences towards EVs in terms of their willingness to pay
for related attributes by developing Stated Preference (SP) survey-based
discrete choice models such as Multinomial Logit (MNL), Mixed Logit
(MXL), Multinomial Probit (MNP), Latent Class (LC) models, etc. On the
other hand, studies done by Tarei et al. (2021), Khurana et al. (2020),
Giansoldati et al. (2020a), Krupa et al. (2014), Schuitema et al. (2013)
have used consumer rating responses to identify consumer attitude and
purchase intention towards EVs by developing multivariate analysis
techniques such as principal component analysis (PCA), cluster analysis,
factor analysis, structural equation modeling (SEM), regression analysis,
etc. However, limited studies in the literature integrate both attitudinal
dimensions with attribute-based choice models to deepen the under-
standing of consumer mode choice decision-making for EVs in general
and PHEVs in specific. Hence, it is important to consider a unified
methodology that combines both attitudes and preferences, providing
enhanced insights toward formulating more effective strategies to
enhance PHEV adoption.

2.4. Interplay of attitude towards environment and technology

Among studies investigating consumer attitudes towards EVs, most
studies included only attitudinal statements towards the environment to
investigate their purchase intention towards EVs. For instance, Mpoi
et al. (2023) have underscored the role of environmental awareness,
financial incentives, and charging infrastructure as crucial determinants
of EV purchase intentions. Parallel conclusions were drawn from a study
done by Navalgund and Nulkar (2020) and Khurana et al. (2020), where
pro-environmental behavior was found to sway EV buying decisions
among Indian consumers significantly. However, very few studies, such
as those by Lashari et al. (2022) in South Korea and Nie et al. (2018) in
China have ventured into merging environmental and technological
attitudes, discovering that affluent individuals with a strong sense of
environmental responsibility and a receptiveness to innovation show a
higher willingness to invest in enhanced EV attributes. This highlighted
a gap in existing studies and emphasizes the critical need for future
research to simultaneously include attitudinal questions towards both
the environment and technology to improve our understanding of con-
sumer choices towards PHEVs.

2.5. Specific research gaps
There are four specific research gaps identified in the context of the

present study. First, despite the importance of PHEVs as a transitional
solution between conventional and fully electric vehicles, research often
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blends other EV-type studies (Jia and Chen, 2023; Ji and Gan, 2022;
Rommel and Sagebiel, 2021; Miele et al., 2020; Higgins et al., 2017).
This consolidation potentially overlooks PHEV-specific considerations
(such as availability of dual fuel sources, the difference in capital cost
and charging infrastructure requirements compared to BEVs, etc.)
needing dedicated studies that exclusively examine PHEV’s unique
challenges and advantages from consumers’ perspectives. Second, most
of the existing studies on EVs have been conducted in developed nations
(Mpoi et al., 2023; Lashari et al., 2022; Visaria et al., 2022; Rommel and
Sagebiel, 2021; Danielis et al., 2020; Miele et al., 2020; Rahmani and
Loureiro, 2019), with limited research carried out in developing coun-
tries such as India. This disparity highlights the necessity for in-depth
studies to explore consumer preferences toward PHEVs and related at-
tributes in the Indian context. Such studies are essential to guide vehicle
manufacturers and the government in formulating effective strategies to
increase the attractiveness of PHEVs among Indian consumers. Third,
the majority of the studies have either employed stated-preference data-
based discrete choice models (Jia and Chen, 2023; Visaria et al., 2022;
Miele et al., 2020) to investigate consumer preferences towards EVs or
consumer perception data-based multivariate statistical techniques
(Tarei et al., 2021; Higueras-Castillo et al. 2020; Krupa et al., 2014) to
explore consumer attitudes towards EV purchase intentions. A notable
gap exists in a joint investigation of consumer attitudes and preferences
towards EVs in general and PHEVs in particular. Bridging this gap using
attitudinal factors with preference modeling can offer a richer under-
standing of consumer decision-making processes for PHEVs. Lastly,
although many studies have investigated the environmental attitude of
consumers toward EVs (Mpoi et al., 2023; Khurana et al., 2020; Hack-
barth and Madlener, 2016), there is a relative scarcity of research that
concurrently focuses on both environmental and technological attitudes.
Given that these dimensions are not mutually exclusive, it is important
to investigate consumers’ attitudes towards the environment and tech-
nology to obtain a holistic picture of consumer purchase intention to-
wards PHEVs.
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Based on specific research gaps, the present study aims to investigate
consumer attitudes and preferences towards PHEVs in the Indian
context. The study employed a rigorous methodology, utilizing factor
analysis to identify consumers’ latent attitudes toward the environment
and technology, followed by cluster analysis to categorize respondents
into specific groups based on attitudinal differences. These groups were
subsequently analyzed through mixed logit (MXL) models to investigate
consumer perceived benefit towards PHEV-related attributes in terms of
Willingness to Pay (WTP) values. Finally, a sensitivity analysis of the
model parameter was conducted to understand the sensitivity of the
demand across various consumer segments with respect to improvement
in PHEV attributes.

3. Study area: Delhi and Kolkata

For the demonstration of the proposed methodology, two case study
cities-a) Delhi and b) Kolkata have been selected and necessary data
collection has been conducted. Both cities represent typical Indian
megacities, which hold the potential to adopt PHEVs significantly if
appropriate actions are taken. For both study cities, socio-economic
features are discussed below.

Globally, Delhi and Kolkata (as shown in Fig. 1) are identified as two
megacities facing significant environmental pollution challenges. Both
cities are frequently ranked among the world’s most polluted urban
regions, posing substantial health and economic challenges to their in-
habitants (Dutta et al., 2021; Kolluru et al., 2021; Tiwari and Saxena,
2021).

Delhi, the capital of India, sprawls across an area of 1,483 km? and has
a population of approximately 16.36 million (Government of India, 2011;
Kolluru et al., 2021). The city has a notable count of 3 million passenger
cars, the highest among Indian megacities, significantly contributing to its
air pollution crisis (Bera and Maitra, 2021b; Kolluru et al., 2021; Tiwari
and Saxena, 2021). In terms of ownership, Delhi has 157 cars per 1000
residents, significantly higher than the national average of 22 cars per
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1000 residents. Further, cars in Delhi cover 26,085 million kilometers
annually, making up 36 % of the city’s total annual vehicle kilometers
traveled (VKT) i.e., 73,350 million kilometers (Malik et al., 2019). The vast
number of cars and their high share of annual VKT add to Delhi’s severe
pollution levels and is a crucial factor behind the city’s release of
10,867.51 Gg/year of greenhouse gas (CO2 equivalent) emissions (Ram-
achandra et al., 2015). Delhi has an annual average PM2.5 emission of
84.1 pg/m>, which is about 8 times higher than WHO guidelines, where
the permissible emission is 10 pg/m3 (IQAir, 2020). Exposure to such
harmful air pollutants is responsible for severe health concerns among
Delhi residents such as respiratory problems, cardiovascular issues, pre-
mature deaths, etc. (Kolluru et al., 2021).

On the other hand, Kolkata, the cultural capital of India, despite its
smaller area of 187 km?, supports a sizable population of 4.49 million
(Government of India, 2011; Haque and Singh, 2017). The city has a
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road space of only 6 % of its total area, which is substantially low
compared to other Indian megacities (Dutta et al., 2021; Haque and
Singh, 2017). However, Kolkata records 0.35 million passenger car
ownership among its residents. In terms of car ownership, Kolkata has
42 cars per 1000 residents (MoRTH, 2020). Bansal et al. (2018) reported
that the average annual car travel per household in Kolkata is around
7,230 km. Hence, restricted road space together with high car ownership
is responsible for high pollution levels, with an estimated greenhouse
gas (COy equivalent) emission of 1886.6 Gg/year from road transport
(Ramachandra et al., 2015). Kolkata has an annual average PM2.5
emission of 46.6 pg/m°, which is about 5 times higher than WHO
guidelines (IQAir, 2020). Hence, the deterioration of urban air quality
has severe negative health implications such as exacerbation of asthma,
allergy, and other respiratory diseases among city dwellers in Kolkata
(Haque and Singh, 2017).
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4. Methodology and data

This section details the methodology employed in this study. The
survey design is initially discussed, followed by the description of data
collection and data organization. Subsequently, the analytical tech-
niques used to interpret the data are explained. A schematic represen-
tation of the study methodology is provided in Fig. 2.

4.1. Survey design

The survey was divided into five primary sections. The first section
gathered information on the respondents’ degree of agreement with
various statements assessing attitudes towards the environment and
technology. The second section gathered information on respondents’
existing and future car ownership plans, including driving habits such as
daily fuel mileage, average trip length for work trips, trip frequency, etc.
The third section provided respondents with a comprehensive expla-
nation of the attributes of PHEV used in the choice experiment design (as
shown in Fig. 3), describing each level using appropriate text and vi-
suals. The fourth section recorded participants’ stated choice responses
for the given choice sets. Finally, the fifth section collected respondents’
socio-demographic information, including gender, age, education,
monthly family income, and whether respondents can access home-
based parking with charging outlets.

Before the main survey, pilot tests were conducted from January to
February 2019. The preliminary tests served to fine-tune the question-
naire in several ways. The tests evaluated the attributes’ clarity, verified
the adequacy of information provided, determined the ideal number of
choice scenarios per questionnaire to avoid respondent fatigue, and
assessed the average time needed for survey completion. Based on pilot
study, involving 50 participants from case study cities, several modifi-
cations were made in the questionnaire to improve clarity and ensure
higher-quality responses. The description of the ‘AVT-option’ was
notably simplified for easier comprehension. The training sessions for
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survey enumerators and identification of optimal survey locations were
also carried out during this phase.

4.1.1. Attitudinal statements

The attitudinal statements assessing consumers’ environmental and
technological attitudes are present in Table 2 and are adapted from past
literature (Ewing and Sarigollii, 2000; Helveston et al., 2015; Nie et al.,
2018). This approach, similar to Ewing and Sarigollii (2000), builds on
the well-established relationship between attitudes, preferences, and
behaviors to provide a more nuanced understanding of consumer
choices. To gauge these attitudes, respondents were asked to indicate
their level of agreement with specific statements, using the Likert scale
from 1 (strongly disagree) to 5 (strongly agree). The approach aligns
well with a broad range of contemporary research, further supported by
advancements in the Theory of Planned Behavior (TPB), which now
incorporates elements like moral norms and identity (Sparks and
Shepherd, 2002). Numerous studies across different domains, such as
health behaviors and environmental psychology, underscore the influ-
ential role of attitudes in shaping behaviors (Gifford and Nilsson, 2014;
Klockner, 2013; McEachan et al., 2011). Moreover, in consumer
behavior, attitudes have been proven to impact the initial purchase and
post-purchase activities like brand loyalty and advocacy (Buil et al.,
2013; Casidy and Wymer, 2016).

4.1.2. Design of choice experiment

Drawing from Bera and Maitra (2021b), the design of the Stated
Preference (SP) choice experiment was carefully planned. The SP
experiment aimed to balance the number and types of attributes to avoid
cognitive burden on respondents while providing a comprehensive view
of alternatives (Hensher et al., 2015). A total of eight attributes were
selected, each having three levels. These included factors such as pur-
chase cost, travel cost reduction, advanced vehicle technology (AVT)
options, battery range, availability of public charging station, recharg-
ing time, battery warranty, and tailpipe emissions (for attribute

Attributes Levels Choice set # A1
Purchase cost 25% higher Suppose on your next purchase of a new car or replacement of an existing
(compared to CVs) 50% higher car you were offered only the following two alternative options of Plug-in
75% higher Hybrid Vehicle with features shown below. Assuming that the two
Travel cost reduction 20% alternatives are otherwise identical, please select the one you would most
0 .
(compared to CVs) 40% “keIY purchase. - -
60% Attribute Alternative 1 Alternative 2
Purchase cost (compared to
;Ad\r/laml:e ve?:\:ll_tle_) ?\(J)Ane reference?) (comp 15,62,500 21,87,500
echnology Travel cost reduction (compared
. 0, 0,
option TJA+IEMS to CVs) 20% 60%
Battery range 30 km Advance Vehicle Technology b o
60 km (AVT) OptiOn TJAP + [IEMS None
90 km Battery range 90 km 30 km
Public charging station | 20% Public charging station 60% 100%
(compared to CVs) 60% (compared to CVs)
100% Recharging time 3 hr 1hr
Recharging time 7h Battery warranty 5 yrs./1,00,000 km | 8 yrs./1,60,000km
3h Tailpipe emission (compared to
1h PP P 50% 50%
CVs)
Battery warranty 3 yrs./60,000 km | would choose O O
5 yrs./1,00,000 km — -
8 yrs./1,60,000 km aAnticipated average purchase cost for the next car purchase is INR
12,50,000
Tailpipe emission 75% bTJA= Traffic Jam Assist
(compared to CVs) ggzo ¢|EMS = Intelligent Energy Management System
0

(b)

Fig. 3. Illustration of PHEV attributes presented in the choice experiment design section: a) selected attributes and their levels and b) a sample choice set.
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Table 1
Overview of respondent’s data (Bera & Maitra, 2021b).
Demographics/ Delhi Delhi Kolkata Kolkata
Attributes Sample (N Population Sample (N Population
= 415) (%) = 500) (%)
Gender
Male 349 (84 %) 54 % 405 (81 %) 52 %
Female 66 (16 %) 46 % 95 (19 %) 48 %
Age (Years)
<35 249 (60 %) 66 % 200 (40 %) 53 %
>35 166 (40 %) 34 % 300 (60 %) 47 %
Education Level
Up to Higher 237 (57 %) 83 % 275 (55 %) 82 %
Secondary
Graduate or 178 (43 %) 17 % 225 (45 %) 18 %
Higher

Monthly Family Income (INR)
<1,50,000 241 (58 %) —
>1,50,000 174 (42%) -

365 (73 %) -
135 (27 %) -

Car Ownership
One Car
Two or More Cars

278 (67 %) -
137 (33 %) -

370 (74 %) -
130 (26 %) -

Garage Availability
Available
Not Available

195 (47 %) -
220 (53 %) -

365 (73 %) -
135 (27 %) -

Average Trip Length (Journey to and from work in km)
<30 145 (35 %) — 340 (68 %) -
>30 270 (65 %) — 160 (32 %) -

Note: The conversion rate used is 1 INR = US $0.014 approx.

descriptions, refer to Bera and Maitra, 2021b). Among these, only the
AVT option was qualitative, while the rest were quantitative. When
presenting these attributes, it was essential to use a format easily

Table 2
Factor analysis results on attitudinal statements.
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understood by participants. The choice of presenting travel cost reduc-
tion, public charging station availability, and tailpipe emissions levels in
percentages and other quantitative attributes in absolute terms aligns
with previous research in the EV context (Hackbarth and Madlener,
2013; Tanaka et al., 2014) as well as WTP studies in other areas
(Kurtulus and Cetin, 2020; Parumog et al., 2006; Wang et al., 2018).

Generating hypothetical scenarios for respondents involved
combining these attributes and their levels. Given the eight attributes
with three levels each, a full factorial design would generate 6,561
combinations, an impractical number for a single survey. Therefore,
fractional factorial, particularly efficient designs, were employed (Das
etal., 2023; Hensher et al., 2015). These designs aimed to minimize data
correlation and enhance parameter estimation accuracy, guided by D-
error and D-optimality criteria (Hensher et al., 2015). Using JMP 14
statistical software, the final survey included 30 choice sets, subdivided
into five blocks. Each block contained three choice sets, presenting the
respondents with two hypothetical PHEV options. Attributes with their
levels and a sample choice set are outlined in Fig. 3.

4.2. Data collection and organization

The survey data, previously utilized in the study by Bera and Maitra
(2021b), was collected in Delhi and Kolkata from March to May 2019
using Computer Assisted Personal Interviews (CAPI). The participants
were current car owners, 18 years or older, with valid driving licenses
who were randomly sampled. The sample size was calculated in
advance, aiming for a minimum of 384 responses based on the guide-
lines of Taherdoost (2017). The survey was conducted at various loca-
tions, such as residential areas, shopping malls, and educational
institutions. Trained enumerators initially approached more than 1,500
individuals in each city; random sampling targeted 18- and older con-
ventional vehicle (CV) owners with valid driving licenses in the two
cities. However, only 500 in Delhi and 550 in Kolkata considered PHEV
as a potential future vehicle option. Each survey took 10-15 min, and
data was stored automatically. As a token of appreciation, respondents
received a pen as a gift upon completing the survey. After data cleaning,
415 responses from Delhi and 500 from Kolkata were retained for
further study.

Attitudinal Statements

Environmental Neutral Uncommitted

Activist

Technology
Enthusiast

Delhi Kolkata Delhi Kolkata Delhi Kolkata  Delhi Kolkata

I am excited by the possibilities offered by new technologies
I love new technology

Taking one new technology makes one trendy

I am excited to learn to use new technologies

Using new technology makes life easier

I am willing to spend a bit more to buy a product that is more ecologically friendly to save the

environment
Now is the real time to worry about the effects of vehicular emission

0.800
0.824
0.531
0.818
0.686

0.830
0.959
0.741
0.942
0.783

0.734  0.501

0.716  0.613

The highest priority should be given to protect the environment, even if it hurts the economy
1 would be willing to go door to door to discuss and distribute literature on the environment
1 am willing to join a group, club or organization that is concerned with environmental issues

There is never enough time in a day to get everything done

Change is rarely for the good, and I prefer things as they are

Whatever we do, the world’s destiny is predetermined

Things have become so complicated in the world that it is really hard to understand what is
going on

The environmental crisis is greatly exaggerated

I rarely ever worry about the effect of pollution on me and my family

It is acceptable for a country like ours which is experiencing rapid urbanization to produce a
certain degree of pollution

Humans have the right to modify the natural environment to suit their needs

0.674
0.784
0.828

0.495
0.669
0.770

0.738
0.844
0.791
0.729

0.822
0.806
0.770
0.746

0.738
0.768
0.845

0.854

0.640
0.656
0.794

0.833

Goodness of fit: Delhi- TLI = 0.993, CFI = 0.996, RMSEA = 0.027; Kolkata- TLI = 0.992, CFI = 0.996, RMSEA = 0.043.
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The current study focuses on existing car owners in Delhi and Kolkata
as the target population. However, it is essential to note that a direct
comparison between the sample and the target population is not possible
due to the lack of specific sociodemographic data from the Indian census
manual (Government of India, 2011). Thus, we used broader de-
mographic data from urban Delhi and Kolkata to compare with our
sample data. According to the available data (Table 1), the sample has a
few disparities compared to the general urban population in both cities.
Specifically, the sample from Delhi consists of 84 % males and 16 %
females, while in Kolkata, the sample comprises 81 % males and 19 %
females, indicating an underrepresentation of females in both cities
compared to general urban population. Furthermore, the sample
disproportionately represents educated individuals, with 43 % in Delhi
and 45 % in Kolkata having a graduate degree or higher, notably higher
than the general urban population. Two potential explanations exist for
these disparities. Firstly, the general population statistics cover all urban
residents, whereas our sample is limited to current car owners. Secondly,
during the data collection phase, a considerable number of females were
less inclined to participate, which contributed to the gender skewness in
the sample. Despite these deviations, the age distribution in the sample
aligns well with the broader population data. In Delhi, 60 % of the
sample is aged 35 or below; in Kolkata, this age group constitutes 40 %.
Unfortunately, due to the limitations of available data, a comparison of
income levels between the sample and the general population was not
feasible.

Based on Bera and Maitra (2021b), different coding strategies were
employed on the final database used in discrete choice modeling.
Quantitative attributes such as purchase cost, travel cost reduction,
battery range, public charging station, recharging time, battery war-
ranty, and tailpipe emission were coded linearly, whereas the qualitative
attribute of AVT option was dummy-coded (Hensher et al., 2015).

4.3. Factor and cluster analyses

This study employed Exploratory Factor Analysis (EFA) to identify
the latent factors affecting consumer choices for PHEVs in India, using
the M-plus statistical package for the analysis (Muthén and Muthén,
2015). By applying EFA to a selected set of attitudinal variables (refer to
Table 2) and adhering to robustness criteria such as a minimum sample
size of 300 and a sample-to-variable ratio between 3:1 and 20:1, the
study ensured the reliability of the EFA model (Hair et al., 2014). The
analysis utilized the Weighted Least Squares method for factor extrac-
tion, guided by Kaiser’s criterion of retaining factors with eigenvalues
greater than one and allowing cross-loadings below 0.2 (Sharma and
Maitra, 2024; Das and Mandal, 2021). Factor rotation was performed
using the VARIMAX method to define the factor structure, while the
model’s fit was assessed using goodness-of-fit indices including the
Tucker-Lewis Index (TLI), Comparative Fit Index (CFI), and Root Mean
Square Error of Approximation (RMSEA) (Hair et al., 2014). The
extracted factors were subsequently interpreted and categorized based
on the strength of variable loadings and alignment with the study’s
theoretical framework.

Following the EFA, we employed the factor scores to perform cluster
analysis using the fuzzy c-means algorithm, implemented in MATLAB
R2015b. This algorithm was selected based on its proven capability to
produce stable and robust clusters, especially in situations involving
outliers and overlapping data sets (Purnawansyah et al., 2018; Wiharto
and Suryani, 2020).

The Fuzzy c-means (FCM) algorithm is a non-hierarchical clustering
method that assigns each data point a degree of membership, indicative
of its likelihood to belong to each cluster (Bezdek, 1981). The objective
function of the FCM algorithm, denoted as Qy,, is as follows:
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where m is the fuzzifier; m; is the degree of membership of the i data
point x; to the j cluster, z; is the center of the j" cluster, and N and C are
the number of data points and clusters, respectively.

During each iteration, the membership m; and the cluster center z;
are updated as follows:
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The algorithm iterates until the degree of membership achieves its
largest value across all data points for each cluster.

To identify the optimal number of clusters, the silhouette coefficient
was calculated to measure cluster quality (Annam et al., 2023).
Silhouette values range between —1 and +1, with values closer to +1
suggesting a better cluster structure for the data sample. Guidelines for
interpreting silhouette values and categorizing the clusters’ strength and
robustness are provided in Fletcher et al. (2014).

4.4. Model specification

This study employed Mixed Logit (MXL) models to delve deeper into
the stated preferences related to PHEVs within various clusters of re-
spondents. MXL models provide a robust and flexible framework that
accommodates individual taste variations and overcomes the limitations
of Multinomial Logit (MNL) models, including the independence of
irrelevant alternatives (IIA) and homogeneity assumptions across re-
spondents (Brownstone, 1999; McFadden and Train, 2000).

The utility Uy;, derived by individual n for selecting alternative i can
be formulated as:

Um' = (Wmﬂ) + Eni (4)

where W, represents the observed component of utility and is a function
of both the attributes x,; of the alternatives and the characteristics s, of
the individuals. The parameter vector f is to be estimated based on the
available choice data.

Wni = W(xnissn) (5)

The unobserved portion ¢, serves as the error term. The choice
probability Q,(i) for individual n selecting alternative i is expressed as:
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where h(f|w) is the density function of g given parameters w. The log-
likelihood function L is formulated as:
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Due to the integral form, analytical solutions are unattainable,
necessitating simulation techniques. This study employed a simulated
maximum log-likelihood estimator with 100 Halton draws (Bhat, 2001;
Hensher and Greene, 2003). Additionally, for model estimation, it is
necessary to make assumptions concerning the distributions of each
random variable. In this context, the present study assumed that all
random variables follow a constrained triangular distribution, as per the
guidelines set by Hensher et al. (2015). The constrained triangular dis-
tribution is beneficial when aiming to value attributes or estimate WTP.
It ensures consistent parameter estimate signs across the sample, allows
quicker convergence due to lesser computational time, and simplifies
WTP estimation due to a smaller standard deviation assumption. Thus,
WTP estimates can be easily obtained by dividing the average coefficient
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of the desired attribute by that of the cost attribute, avoiding compli-
cations from standard deviation seen in other distributions (Train,
2009).

The model’s adequacy was assessed using p?4; values (Sharma et al.,
2024; Das et al., 2023; Hensher et al., 2015). The outcomes were eval-
uated for both their statistical significance and practical relevance. The
computed WTP values help elucidate the relative importance of different
attributes across respondent clusters. Therefore, by capitalizing on the
capabilities of MXL models, the present study aims to furnish a nuanced
understanding of PHEV preferences among the respondent groups.
These insights will contribute to the design of more targeted and effec-
tive policy interventions.

5. Results and discussion
5.1. Factor analysis

The EFA results in Table 2 show a robust model fit, with TLI and CFI
values approaching 1 for both Delhi and Kolkata. Specifically, the TLI
values are 0.993 for Delhi and 0.992 for Kolkata, while the CFI values
are 0.996 for both cities. Additionally, the RMSEA of 0.027 for Delhi and
0.043 for Kolkata are well below the threshold of 0.08, further indi-
cating a good fit (Hair et al., 2014).

The analysis identified four distinct latent factors, each capturing a
different aspect of consumers’ attitudes toward the environment and
technology. The first factor, ‘Technology enthusiast’, is highly pro-
nounced in Delhi and Kolkata, with factor loadings ranging from 0.531
to 0.959. Particularly noteworthy is an inclination towards the “I love
new technology” and “I am excited to learn to use new technology”, with
loadings of 0.824 and 0.818 in Delhi and 0.959 and 0.942 in Kolkata,
respectively. These results suggest that a significant segment of the
population is open to and excited about technological innovations.
These insights could be leveraged in marketing PHEVs as state-of-the-art
technology for sustainable urban mobility. This aligns with research
based on technology adoption theories and models that finds technology
adoption rates higher among those with positive attitudes toward new
technology (Khan and Qudrat-Ullah, 2021). The second factor is ‘Envi-
ronmental activist’, which focuses on environmental activism, with
loadings ranging from 0.495 to 0.828. The willingness to join environ-
mental groups is particularly strong in both cities, at 0.828 in Delhi and
0.770 in Kolkata. These results could inform targeted marketing stra-
tegies for PHEVs that emphasize their environmental benefits, as this
segment is willing to take extra steps for environmental causes. Previous
research has shown that pro-environmental attitudes are strongly asso-
ciated with pro-social engagement behaviors (Capiene et al., 2021). The
third factor is ‘Neutral’, where factor loadings for variables range from
0.729 to 0.844; this indicates that this group holds somewhat neutral
attitudes towards technological advances and environmental issues.
Tailoring messages to this group may require different strategies,
perhaps focusing on the practical benefits of PHEV ownership, such as
cost savings over time (Bera and Maitra, 2021b; Bjornsson and Karlsson,
2017). The fourth factor is ‘Uncommitted’, which seems skeptical of
technological and environmental claims, with high loadings on state-
ments like “Humans have the right to modify the natural environment to
suit their needs” (0.854 in Delhi, 0.833 in Kolkata). This group could be
the most challenging to sway but may respond to messages framed
around national or economic benefits supported by hedonic values (Steg
et al., 2014).

The results also show regional variations, with differences in factor
loadings between Delhi and Kolkata. This points to the necessity of
location-specific marketing and policy interventions, as discussed in the
literature (Chen et al., 2020). Overall, the EFA results offer a nuanced
understanding of consumer attitudes toward the environment and
technology in the selected cities, providing a foundation for targeted
marketing and policy initiatives.

The identified latent factors align well with previous research on
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consumer behavior and environmental attitudes towards EVs (Ewing
and Sarigollii, 2000; Helveston et al., 2015; Nie et al., 2018), adding
credibility to these findings.

5.2. Cluster analysis

While EFA offers valuable insights into the underlying dimensions of
consumer attitudes, it lacks the resolution to differentiate between the
diverse respondent pools in Delhi and Kolkata. Here, cluster analysis
bridges this gap, grouping respondents into more homogenized clusters
based on their environmental concerns and technological attitudes.
Factor scores derived for the latent variables, identified using EFA were
utilized in the Fuzzy c-mean clustering algorithm to group respondents
into more homogenized clusters. The silhouette plots in Fig. 4 support
the decision for a three-cluster solution, confirming the robustness of
this approach.

For Delhi, the three-cluster solution yielded a silhouette value of
0.65. The largest cluster, ‘Actively concerned,” accounted for 186 or 45
% of the consumers. This group scored highest in their environmental
concern and displayed significant enthusiasm for new technology.
Notably, this cluster embodies the convergence of environmental
activism and technological enthusiasm, highlighting a suitable target
group for policy interventions promoting PHEVs. Targeted policy in-
terventions such as subsidies for PHEV technology or privileged access
to low-emission zones could be most effective for this group. In contrast,
the ‘Passively concerned’ cluster in Delhi comprised 55 or 13 % of
consumers. Although environmentally conscious, these individuals
showed less willingness to act on these concerns. This cluster may
respond well to awareness campaigns that convert latent concerns into
active behaviors. Policy measures could include educational programs
that bridge the gap between concern and action (Nie et al., 2018). Lastly,
the ‘Unconcerned’ cluster represented 174 or 42 % of the sample,
indicating a significant number of consumers who are skeptical about
the environmental crisis. For this segment, a different set of incentives
focusing on economic gains may be more effective, such as demon-
strating the long-term cost benefits of PHEV ownership (Bera and Mai-
tra, 2021b). On the other, Kolkata presented a slightly different picture
from Delhi in terms of consumer grouping considering attitude towards
the environment and technology, with a silhouette value 0.61 for three-
cluster structure. The ‘Actively concerned’ cluster comprised 204 or 41
% of the respondents. Just like their Delhi counterparts, they not only
scored high on environmental concerns but were also enthusiastic about
new technologies. The ‘Passively Concerned’ group was notably larger
in Kolkata, capturing 203 or 40 % of the consumers. Meanwhile, the
‘Unconcerned’ category was smaller, with 93 or 19 % of the sample.

5.3. Mixed logit model for PHEV preferences

Past studies have shown that consumers who are actively concerned
about the environment or those with high environmental consciousness
are more willing to purchase EVs as compared to others (Ewing and
Sarigollii, 2000; Hackbarth and Madlener, 2013; Helveston et al., 2015;
Nie et al., 2018). Hence, to investigate if higher environmental aware-
ness has any impact on consumer perceived benefit associated with
PHEV-related attributes, separate MXL models were developed for
consumers, who are ‘actively concerned’ and a combined group of
consumers, who are ‘passively and unconcerned’. For ‘actively con-
cerned’ and ‘combined passively and unconcerned’ consumers in Delhi
and Kolkata, separate MXL models were developed i) for complete
dataset without considering taste heterogeneity to estimate consumer
perceived benefit associated with PHEV-related attributes in terms of
WTP values and ii) for complete dataset considering taste heterogeneity
to estimate variation in consumer preference for PHEV with respect to
different sociodemographic variables. The obtained model fit values
range from 0.18 to 0.30, which is an acceptable fit for consumer choice
models in the transportation domain (Das et al., 2023; Bera and Maitra,
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Fig. 4. Silhouette plot for a) Delhi sample data and b) Kolkata sample data.

2022; Hensher et al., 2015).

5.3.1. Model estimation and WTP results of complete dataset without
considering taste heterogeneity

The model estimation results of separate MXL models for complete
dataset of actively concerned and combined passive and unconcerned
consumers in Delhi without considering taste heterogeneity are shown
in Tables 3 and 4 respectively.

The ‘Actively concerned’ consumers, as delineated in Table 3, exhibit
a pronounced WTP for a unit improvement in specific attributes of
PHEVs, reflecting their environmental consciousness and technological
inclination. On the other hand, the ‘Combined passive and unconcerned’
consumers, represented in Table 4, also show specific preferences,
although with a lower WTP, indicating varied motivational factors

Table 3
Estimation results of MXL model for complete dataset of actively concerned
consumers in Delhi without taste heterogeneity.

Coefficient T- Average Confidence interval

statistics WTP of WTP
Random parameter in utility function
Travel Cost 0.0090* 1.68 2,647 1,169-5,774
reduction (as
compared to
CVs)
AVT option: TJA 1.4971%** 5.83 4,40,324 2,80,796-6,12,317
+ IEMS
AVT option: TJIA 1.2667*** 4.16 3,72,560 1,84,929-5,60,053
Battery Range 0.0139%** 4.35 3,941 2,365-5,720
Public Charging 0.0084+** 3.57 2,470 1,034-4,040
Station (as
compared to
CVs)
Recharging Time —0.1979%** —5.52 58,235 38,315-80,613
Battery Warranty ~ 0.2828%* 4.20 83,176 47,800-1,19,359
Tailpipe Emission —0.0215%** —4.06 6,324 3,249-9,612

Non-random parameter in utility function

Purchase Cost” —0.0034+** -7.19
Model fit

N 558

Log-likelihood —270.812

p2 i 0.277

Note:*Purchase cost in INR 1,000; CV: Conventional vehicle; TJA: Traffic Jam
Assist; IEMS: Intelligent Energy Management System; *10 % level of signifi-
cance; ***1 % level of significance.

Table 4
Estimation results of MXL model for complete dataset of combined passive and
unconcerned consumers in Delhi without taste heterogeneity.

Coefficient T- Average Confidence interval

statistics WTP of WTP
Random parameter in utility function
Travel Cost 0.0161*** 3.61 3,659 1,704-5,645
reduction (as
compared to
CVs)
AVT option: TJA 0.8614*** 4.39 1,95,773 1,10,479-2,82,701
+ IEMS
AVT option: TJA 0.8502%** 3.48 1,93,227 85,710-3,02,365
Battery Range 0.0113%*** 4.42 2,568 1,545-3,611
Public Charging 0.0067*** 3.64 1,523 662-2,385
Station (as
compared to
CVs)
Recharging Time —0.2328*** -7.56 52,909 40,524-65,748
Battery Warranty =~ 0.1569*** 3.27 35,840 15,195-56,440
Tailpipe Emission ~ —0.0083* -1.95 1,886 921-3,806

Non-random parameter in utility function
Purchase Cost” —0.0044*** —9.54

Model fit

N 687
Log-likelihood —356.159
P2 0.233

Note: #Purchase cost in INR 1,000; CV: Conventional vehicle; TJA: Traffic Jam
Assist; IEMS: Intelligent Energy Management System; *10 % level of signifi-

cance; ***1 % level of significance.

driving their PHEV adoption. Table 3 shows that the actively concerned
consumers are willing to pay INR 2,647 to reduce travel costs, but it is
not their primary concern. On the other hand, Table 4 shows that the
combined group of passive and unconcerned consumers are willing to
pay more, INR 3,659, to cut down travel costs, which is a 38.2 % in-
crease compared to what actively concerned consumers are willing to
pay. This difference indicates that the combined group of passive and
unconcerned consumers is more worried about saving money, while the
actively concerned consumers care more about being eco-friendly.
Technological features such as Traffic Jam Assist (TJA) and Intelligent
Energy Management System (IEMS) hold significant appeal across both
consumer segments but to varying degrees. The WTP for TJA + IEMS
among actively concerned consumers is INR 4,40,324, considerably
higher than the WTP of INR 1,95,773 among the combined passive and
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unconcerned consumers, indicating a 124.8 % higher WTP. Similarly,
for the TJA option alone, the WTP is INR 3,72,560 among actively
concerned consumers and INR 1,93,227 among the combined passive
and unconcerned consumers, denoting a 93 % higher WTP among the
former. This substantial difference in WTP for advanced vehicle tech-
nologies between these groups underscores the stronger technological
affinity or willingness to invest in eco-friendly technologies among the
actively concerned consumers. The results on battery range and
charging infrastructure highlight the different preferences among con-
sumer groups. Actively concerned consumers are ready to pay INR 3,941
for a better battery range and INR 2,470 for improved charging station
accessibility, while the figures for the combined group of passive and
unconcerned consumers are lower, at INR 2,568 and INR 1,523
respectively. This shows a 53.5 % and 62.2 % higher WTP for better
battery range and charging station accessibility, respectively, among the
actively concerned consumers. The results suggest that individuals
interested in environmental activism and technology value a better
battery range. This trend aligns with the idea that such environmentally
and technologically inclined individuals will likely be among the early
adopters of PHEVs.

Similar to Delhi, the comparative analysis of the MXL model esti-
mation results for complete dataset of actively concerned consumers
(Table 5) and the combined group of passive and unconcerned con-
sumers (Table 6) in Kolkata without considering taste heterogeneity
unveils a detailed narrative on their preferences and valuation con-
cerning difference attributes related to PHEVs. A notable difference is
observed initially in the valuation of travel cost reduction, where
actively concerned consumers show a higher average WTP of INR 5,992
than INR 1,940 for the combined group. This discrepancy in valuation
may stem from actively concerned consumers’ better understanding or
engagement with the technological and environmental benefits of
reduced travel costs. They might be more acquainted with the financial
burdens of conventional vehicle use, hence willing to pay more for
technologies with lower travel cost. Additionally, their environmental
concerns might link reduced travel costs to lower fuel consumption.

Table 5
Estimation results of MXL model for complete dataset of actively concerned
consumers in Kolkata without taste heterogeneity.

Coefficient T- Average Confidence interval
statistics WTP of WTP
Random parameter in utility function
Travel Cost 0.0215%* 4.12 5,992 3,424-8,740
reduction (as
compared to
CVs)
AVT option: TJA 1.0140%** 4.85 2,81,694 1,59,380-4,12,643
+ IEMS
AVT option: TJIA 0.6701%** 2.68 1,86,278 45,910-3,32,340
Battery Range 0.0093*** 3.47 2,583 1,233-3,982
Public Charging 0.0050%* 2.52 1,361 267-2,513
Station (as
compared to
CVs)
Recharging Time —0.1020***  —3.55 28,333 13,377-44,171
Battery Warranty ~ 0.1848%*** 3.27 51,333 23,175-81,047
Tailpipe Emission —0.0372%** —6.86 10,333 7,147-13,593

Non-random parameter in utility function

Purchase Cost” —0.0036%** -7.19
Model fit

N 612

Log-likelihood —320.083

p2 i 0.224

Note: #Purchase cost in INR 1,000; CV: Conventional vehicle; TJA: Traffic Jam
Assist; IEMS: Intelligent Energy Management System; **5 % level of signifi-
cance; ***1 % level of significance.
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Table 6
Estimation results of MXL model for complete dataset of combined passive and
unconcerned consumers in Kolkata without taste heterogeneity.

Coefficient T- Average Confidence interval
statistics WTP of WTP
Random parameter in utility function
Travel Cost 0.0096** 2.52 1,940 501-3,343
reduction (as
compared to
CVs)
AVT option: TJA 0.8719*=* 5.09 1,70,960 1,03,859-2,35,856
+ IEMS
AVT option: TJA 3.44 1,42,900 60,670-2,23,287
Battery Range 2.58 1,080 306-1,826
Public Charging 0.0070%** 4.23 1,380 712-2,047
Station (as
compared to
CVs)
Recharging Time —0.0784*** —-3.83 15,380 7,521-23,046
Battery Warranty 0.1434%** 3.67 28,120 13,618-42,121
Tailpipe Emission ~ —0.0074** -2.14 1,460 174-2,716

Non-random parameter in utility function

Purchase Cost” —0.0051%** —10.97
Model fit

N 888

Log-likelihood —492.186

p? i 0.186

Note: #Purchase cost in INR 1,000; CV: Conventional vehicle; TJA: Traffic Jam
Assist; IEMS: Intelligent Energy Management System; **5 % level of signifi-
cance; ***1 % level of significance.

Furthermore, for AVT options, actively concerned consumers demon-
strate a higher average WTP for both TJA + IEMS (INR 2,81,694 vs. INR
1,70,960) and TJA (INR 1,86,278 vs. INR 1,42,900) options as compared
to combined passively and unconcerned consumers. The significant
difference in WTP could indicate a stronger inclination among actively
concerned consumers towards advanced vehicle technologies, perhaps
spurred by environmental considerations or a liking for modern, tech-
nologically sophisticated solutions. When examining battery-related
features, the actively concerned consumers again exhibit a higher
average WTP for battery range (INR 2,583 vs. INR 1,080) and battery
warranty (INR 51,333 vs. INR 28,120), reflecting a greater concern for
long-term vehicle reliability and a willingness to invest upfront for po-
tential long-term benefits such as cost savings on battery replacements.
In the context of public charging facilities, the WTP is comparable be-
tween the two groups. The environmental consciousness among con-
sumers comes to light under the tailpipe emission parameter, where
actively concerned consumers exhibit a stronger disutility with an
average WTP of INR 10,222 compared to INR 1,460 by the combined
group for emission reduction. This significant difference underlines a
stronger environmental consciousness and possibly a higher willingness
among actively concerned consumers to pay for reducing tailpipe
emissions. For recharging time, both groups show a negative coefficient
reflecting a common disutility associated with longer recharging times.
However, the disutility is more pronounced among actively concerned
consumers, with an average WTP of INR 28,333 versus INR 15,380 by
the combined group, hinting at a potential lifestyle or time-value dif-
ference that makes recharging time a more critical concern for the
actively concerned group.

5.3.2. Model estimation results of complete dataset considering taste
heterogeneity for sociodemographic variables

In this section, taste heterogeneity considering sociodemographic
variables such as age, gender, education, monthly family income, car
ownership, garage availability, and average trip length is detailed for the
complete dataset of actively concerned and combined passive and
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unconcerned consumers in Delhi and Kolkata. The primary aim of the
heterogeneity study was to explore how these aforementioned variables
impact preferences for PHEVs. The results of MXL model considering
taste heterogeneity, for both actively concerned and combined passive
and unconcerned consumers in Delhi and Kolkata, are outlined in Ta-
bles 7 and 8 respectively.

It is important to note that Tables 7 and 8 present an inclusive model
only for those combinations of variables with statistically significant
coefficient estimates and taste variations. Sociodemographic variables
were integrated into the model as separate dummy variables, as
explained in the footnotes of Tables 7 and 8. A statistically significant
interaction effect of a particular sociodemographic variable with a
random parameter signifies the presence of taste heterogeneity, and vice
versa. For instance, in Table 7, with respect to gender (male or female), a
statistically significant decomposition effect is observed around the
mean estimates of travel cost reduction and battery range for actively
concerned consumers in Delhi. The results indicate that in Delhi, gender
substantially influences actively concerned consumers’ preference for
PHEV in terms of their electric range and fuel cost savings characteris-
tics. Furthermore, the insignificant interaction effect with other attri-
butes signifies that actively concerned consumers belonging to different
genders do not perceive them as statistically significantly distinct.
Similar interpretations can be made for all the other sociodemographic
variables and their respective interaction effects.

5.3.3. Comparison of Delhi and Kolkata

This sub-section compares the consumer preferences across Delhi
and Kolkata (as obtained in Section 5.3.1), focusing on sociodemo-
graphic and trip-related characteristics indicated in Table 1.

Travel cost reduction: Delhi’s ‘Actively concerned’ consumers
signal a WTP of INR 2,647 towards travel cost reduction. Meanwhile,
Kolkata’s ‘Actively Concerned’ segment demonstrates a WTP of INR
5,992 — a significant surge of 126.5 %. Kolkata has a higher represen-
tation of individuals with monthly incomes of INR 1,50,000 or less (73
%) than Delhi (58 %). This predominance of a relatively lower-income
demographic in Kolkata could drive this heightened WTP towards
travel cost reduction, indicating their greater value-for-money-saving
attributes.

AVT option: Regarding the appreciation of AVT options, consumers
in both cities indicate substantially higher WTP for such advanced fea-
tures in the car. However, unlike Kolkata, Delhi consumers indicate a
higher valuation for AVT options. For instance, ‘Actively Concerned’
consumers of Delhi show a WTP of INR 4,40,324 for TJA + IEMS,
towering over Kolkata’s figure of INR 2,81,694—a 56.4 % difference.
The reason could be attributed to a higher percentage of individuals in
Delhi (42 %) with a monthly income of more than INR 1,50,000
compared to their Kolkata counterparts (27 %). This suggests that in
urban settings, monthly income strongly correlates with a proclivity
towards innovative vehicle technologies.

Battery range and battery warranty: Battery range and battery
warranty emerge as a significant factor in Delhi, with both consumer
segments willing to pay relatively higher than Kolkata consumers. For
instance, for battery range improvement, ‘Actively concerned’ con-
sumers in Delhi are willing to pay INR 3,941, overshadowing Kolkata’s
WTP of INR 2,583—a 52.6 % increase. Similarly, battery warranty is
considerably more valued among ‘Actively concerned’ consumers in
Delhi, with a WTP of INR 83,176, 62.6 % more than Kolkata’s WTP of
INR 51,333. Given the descriptive statistics, Delhi, with a city size of
1,483 km?, exhibits an average trip length of more than 30 km for 65 %
of its sample, possibly emphasizing the need for a robust battery range
and higher warranty coverage, compared to Kolkata’s smaller city size of
187 km?, and the resulting average trip length of 30 km and less for 68 %
of its commuters.

Public charging station and recharging time: For an increase in
density of public charging facilities and a reduction in battery recharg-
ing time, both consumer groups in Delhi show higher WTP values
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Table 7
Estimation results of MXL model with taste heterogeneity for actively concerned
and combined passive and unconcerned consumers in Delhi.

Consumer category Actively Combined passive and
concerned unconcerned

Attributes

Random parameters

Travel Cost Reduction (as 0.0199%(1.73) 0.0200%%*(2.93)

compared to CVs)
AVT option: TJA + IEMS
AVT option: TJA
Battery Range
Public Charging Station (as
compared to CVs)

1.1418%%(2.13)
1.1380* (1.79)
0.0264***(3.71)
0.0084*(1.75)

0.5618%(1.93)
0.7203*(1.93)
0.0102%**(2.63)
0.0090***(3.14)

Recharging Time —0.4545%** —0.2627***(—5.44)
(—4.29)

Battery Warranty 0.2110% (1.72) 0.1317* (1.75)

Tailpipe Emission —0.0245%** —0.0117*(-1.82)
(—2.06)

Non-random parameter in utility function
Purchase Cost” —0.0048%***
(—6.60)

Heterogeneity around the mean of random parameter
Travel Cost Reduction: Gender” —0.0329%* -
(—2.01)
Travel Cost Reduction: Monthly - -
Family Income”
Travel Cost Reduction: Garage - -
Availability®
TJA + IEMS: Gender - -
TJA + IEMS: Monthly Family 1.0605**(2.02) 1.0348*%(2.32)
Income
TJA + IEMS: Garage Availability - -
TJA: Gender - -
TJA: Monthly Family Income 1.0991%(1.65) 1.5629%*%(2.64)
TJA: Garage Availability

—0.0172* —0.0324**(—-2.41)

Battery Range: Gender
(-1.93)

Battery Range: Monthly Family 0.0147%*(1.97) 0.0188***(3.05)
Income

Battery Range: Garage —0.0185** -
Availability (—2.50)

Public Charging Station: Gender - -

Public Charging Station: Monthly ~ 0.0169***(2.96) -
Family Income

Public Charging Station: Garage - -
Availability

Recharging Time: Gender -

Recharging Time: Monthly Family — — —0.2405%**(—3.21)
Income

Recharging Time: Garage 0.2665%**(2.87) 0.1168**(2.06)
Availability

Battery Warranty: Gender - -

Battery Warranty: Monthly 0.6589%%*(4.12) 0.3991%*%(3.28)
Family Income

Battery Warranty: Garage - -
Availability

Tailpipe Emission: Gender - -

Tailpipe Emission: Monthly - -
Family Income

Tailpipe Emission: Garage — —

Availability
Model fit
N 558 687
Log-likelihood function —236.124 —329.039
pgdj 0.304 0.240

Note: Cells with dash indicate statistically insignificant heterogeneity around the
mean of random parameters.
T-statistics are mentioned in the parenthesis.

# Purchase cost in INR 1,000; CV: Conventional vehicle; TJA: Traffic Jam
Assist; IEMS: Intelligent Energy Management System; *10 % level of signifi-
cance; ***1 % level of significance.
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# Gender was divided into two categories to investigate heterogeneity: Male
consumers were coded as ‘0’ and female consumers were coded as ‘1°.

> Monthly Family Income was divided into two categories to investigate het-
erogeneity: Consumers with income < 1,50,000 were coded as ‘0’ and those with
income > 1,50,000 were coded as ‘1°.

¢ Garage Availability was divided into two categories to investigate hetero-
geneity: Consumers without the availability of a garage were coded as ‘0’ and
those with garage availability were coded as ‘1°.

relative to Kolkata consumers. For instance, Delhi’s ‘Actively concerned’
consumers show a WTP of INR 2,470 for charging station accessibility,
which is 81.48 % higher than Kolkata counterpart, with WTP of INR
1,361. Similarly, for a reduced recharging time, Delhi’s ‘Actively con-
cerned’ consumers demonstrate a stronger aversion with a WTP of INR
58,235 compared to Kolkata’s INR 28,333. With 53 % of Delhi’s sample
having no garage to park/charge a vehicle at home, this might hint at
Delhi consumers’ higher valuation for access to public charging infra-
structure and fast charging rates.

Tailpipe emissions: Environmental considerations come to the
forefront with Kolkata’s ‘Actively concerned’ consumers’ WTP of INR
10,222 to reduce tailpipe emissions, surpassing Delhi’s INR 6,324. This
marked discrepancy underscores the environmental concerns in Kol-
kata, potentially exacerbated by the environmental consciousness of the
population.

5.4. Model validation

To ensure the reliability and generalizability of the findings from the
developed MXL models, model validation was carried out through
market simulation. Initially, the dataset was randomly partitioned, to
use 90 % of the dataset for model development, and the remaining 10 %
of the dataset as a holdout sample. The dataset was split to check the
ability of the calibrated model i.e., the model developed using 90 % of
the dataset, to accurately predict the market share and consumer choices
for the remaining dataset i.e., 10 % holdout sample. The efficacy of the
model validation process was assessed by analyzing the rate of
misclassification. This measure indicates the discrepancy between the
actual choices made by consumers in the holdout sample and the choice
probability predicted by the calibrated model. A lower misclassification
rate signifies higher predictive accuracy, as it demonstrates the model’s
ability to closely replicate actual consumer behavior. The model vali-
dation results are presented in Table 9. It may be seen from Table 9 that
for all four MXL models corresponding to different consumer segments
and cities, predictive accuracy lies between 70.79 % to 74.17 %, which
indicates a lower misclassification rate between the simulated estimates
of calibration model and actual choices of holdout sample and hence
high predictive accuracy (Das et al., 2023). The model validation results
affirm the model’s robustness in capturing consumer preferences for
PHEVs across different consumer segments and cities. Hence, the
developed MXL models are deemed reliable for policy formulation and
designing market strategies to increase the attractiveness of PHEVs in
Delhi and Kolkata.

5.5. Sensitivity analysis

A comparison of sensitivity outcomes across various consumer
groups and cities in Fig. 5 reveals some interesting trends. Sensitivity
tests were conducted using MXL models for two user groups in Delhi and
Kolkata. These tests focused on seven main attributes: travel cost
reduction, battery range, public charging stations, recharging time,
battery warranty, tailpipe emission, and purchase cost. For improve-
ment in one attribute at a time, keeping all other attributes fixed to their
base value, the percentage shift in probabilities was evaluated for
alternative scenarios relative to the base scenario. For the car’s purchase
price, the base level was 25 % more than what the average actively
concerned consumers and combined passive and unconcerned
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Table 8
Estimation results of MXL model with taste heterogeneity for actively concerned
and combined passive and unconcerned consumers in Kolkata.

Consumer category Actively Combined passive and
concerned unconcerned

Attributes

Random parameters

Travel Cost Reduction (as 0.0175%%(2.14) 0.0095%*(2.06)

compared to CVs)
AVT option: TJA + IEMS
AVT option: TJA
Battery Range
Public Charging Station (as
compared to CVs)

1.6487***(4.53)
1.0718***(2.63)
0.0074* (1.75)
0.0075%*(2.33)

0.7149%**(2.70)
0.0044*(1.72)
0.0074***(3.55)

Recharging Time —0.1337%** —0.0827***(—3.33)
(-2.73)

Battery Warranty 0.2503%%*(2.74) 0.1399%**(3.01)

Tailpipe Emission —0.0271%** —0.0074*(-1.74)
(—3.43)

Non-random parameter in utility function
Purchase Cost” —0.0040%**
(—7.30)

*#%(-10.90)

Heterogeneity around the mean of random parameter

Travel Cost Reduction: Gender” - -

Travel Cost Reduction: Monthly 0.0216%*(2.09) 0.0215%(1.72)
Family Income”

Travel Cost Reduction: “Average - -
Trip Length

TJA + IEMS:Gender -

TJA + IEMS: Monthly Family -
Income

TJA -+ IEMS: “Average Trip - -
Length

TJA: Gender — —

TJA: Monthly Family Income - -

TJA: Average Trip Length

—1.0430**(-2.02)
1.0465%*(2.06)

—0.0111* -

Battery Range: Gender
(-1.70)
Battery Range: Monthly Family - -
Income
Battery Range: Average Trip 0.0122**(1.99) 0.0109**(2.03)
Length

Public Charging Station: Gender -

Public Charging Station: Monthly ~— —
Family Income

Public Charging Station: Average -
Trip Length

Recharging Time: Gender - -

Recharging Time: Monthly Family — — -

—0.0098**(—1.99)

0.0083%(1.75)

Income
Recharging Time: Average Trip — —
Length
Battery Warranty: Gender —0.3584*** -
(-2.72)
Battery Warranty: Monthly - -
Family Income
Battery Warranty: Average Trip - -
Length
Tailpipe Emission: Gender —0.0213* -
(-1.79)
Tailpipe Emission: Monthly —0.0245%** —0.0191%(-1.75)
Family Income (—2.34)
Tailpipe Emission: Average Trip - -
Length
Model fit
N 612 888
Log-likelihood function —297.510 —470.490
Pﬁdj 0.221 0.182

Note: Cells with dash indicate statistically insignificant heterogeneity around the
mean of random parameters.
T-statistics are mentioned in the parenthesis.
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# Purchase cost in INR 1,000; CV: Conventional vehicle; TJA: Traffic Jam
Assist; IEMS: Intelligent Energy Management System; *10 % level of signifi-
cance; ***1 % level of significance.

# Gender was divided into two categories to investigate heterogeneity: Male
consumers were coded as ‘O’ and female consumers were coded as ‘1°.

b Monthly family income was divided into two categories to investigate het-
erogeneity: Consumers with income < 1,50,000 were coded as ‘0’ and those with
income > 1,50,000 were coded as ‘1°.

¢ Average trip length was divided into two categories to investigate hetero-
geneity: Consumers with average trip length < 30 km were coded as ‘0’ and
those with average trip length > 30 km were coded as ‘1°.

Table 9

Model validation with market simulation.
Model Model

Accuracy

Model 1: Actively concerned consumers in Delhi 74.14 %
Model 2: Combined passive and unconcerned consumers in Delhi ~ 73.91 %
Model 3: Actively concerned consumers in Kolkata 73.77 %
Model 4: Combined passive and unconcerned consumers in 70.79 %

Kolkata

consumers in Delhi and Kolkata would spend to buy the next car. Choice
probability changes were determined based on variations in attributes
from 0 % to 100 % at 10 % steps. However, the measurement only
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exceeded 90 % for recharging time and tailpipe emissions.

Travel cost reduction: For a 50 % surge in travel cost savings, the
choice probability of actively concerned consumers in Kolkata boosts by
10.74 %, while that of combined passive and unconcerned consumers
increases by 4.85 % compared to the base case. The results indicate that
future PHEV designs with improvement in travel cost savings would
enhance the appeal of PHEV as a mode among all consumer groups in
Kolkata. Similar trends were noted among Delhi participants. This
finding aligns with previous research, which highlighted that better fuel
efficiency significantly influences the selection of EVs (Danielis et al.,
2020; Helveston et al., 2015; Rommel and Sagebiel, 2021).

Battery range: Overall, the sensitivity analysis indicates that an
increase in battery range would encourage the selection of PHEVs
among both user groups in both cities, aligning with previous research
(Beak et al., 2020; Kowalska-Pyzalska et al., 2022; Tarei et al., 2021).
Moreover, the WTP analysis and sensitivity assessment demonstrate that
Delhi consumers are more sensitive to battery range enhancement than
Kolkata consumers.

Public charging stations: For a 50 % increase in public charging
station availability, the PHEV choice probability in Delhi rises by 4.20 %
for those actively concerned and 3.35 % for the combined passive and
unconcerned individuals compared to the base scenario. Similarly, in
Kolkata, the choice probability rises by 2.45 % for the actively con-
cerned group and 3.45 % for the combined passive and unconcerned
group relative to the base case. The sensitivity results indicate that a
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Fig. 5. Sensitivity results across different consumer groups in Delhi and Kolkata: a) Actively concerned consumers in Delhi, b) Combined passive and unconcerned
consumers in Delhi, ¢) Actively concerned consumers in Kolkata, and d) Combined passive and unconcerned consumers in Kolkata.
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higher density of charging facilities would encourage both consumer
groups in both cities towards PHEV choice. This supports earlier
research which points out that a lack of charging facilities is a significant
obstacle to the broader adoption of EVs (Giansoldati et al., 2020b; Jia
and Chen, 2023; Rommel and Sagebiel, 2021).

Recharging time: For a 50 % reduction in battery recharging time,
in Delhi, the probability of choosing PHEV increased by 33.33 % and
38.63 % among actively concerned and combined passive and uncon-
cerned consumers, respectively, relative to the base scenario. The results
indicate that improving battery recharging time for future PHEV models
would strongly motivate both actively concerned and others in Delhi to
choose PHEV. Kolkata also showed similar trends. Previous studies have
also found that reduced charging times significantly boost people’s in-
terest in EVs (Hoen and Koetse, 2014; Lashari et al., 2022; Mpoi et al.,
2023). Further, from the results, it may be observed that the estimates
obtained for Delhi consumers are about 1.8-2.9 times higher than Kol-
kata consumers. Sensitivity analysis clearly reflects that Delhi con-
sumers are more influenced by recharging time when considering PHEV
adoption than those in Kolkata.

Battery warranty: Overall, the sensitivity results show that
enhancing battery coverage would strongly motivate PHEV choice
among consumers in both Delhi and Kolkata. This observation aligns
with previous research (Higgins et al., 2017). Furthermore, when
examining WTP values and sensitivity analysis outcomes, it is evident
that actively concerned consumers in Delhi are marginally more sensi-
tive to battery warranty improvements than their counterparts in
Kolkata.

Tailpipe emission: For a 50 % decrease in tailpipe emission, the
choice probability of PHEVs in Delhi rises by 38.26 % for those actively
concerned about the environment and 15.44 % for the combined group
of passive and not concerned consumers, compared to the base scenario.
Similarly, in Kolkata, the positive probability shifts are 59.80 % among
actively concerned groups and 13.60 % among combined passive and
unconcerned groups, with a 50 % emission reduction. The observations
suggest that tailpipe emission reduction would strongly motivate all
consumers in both cities toward PHEV choice. Previous research sup-
ports these findings, emphasizing that reduction in vehicular emissions
is crucial in persuading consumers to prefer EVs over conventional ve-
hicles (Higgins et al., 2017; Rahmani and Loureiro, 2019; Tanaka et al.,
2014). Nevertheless, actively concerned consumers in each city will
likely be the first to embrace PHEVs with a further decrease in tailpipe
emissions.

Purchase cost: The purchase price is the most influential attribute
across all consumer groups and cities, displaying the most dramatic
negative shifts in choice probability. However, in line with the WTP
results, the price sensitivity is relatively higher among both cities’
combined passive and unconcerned consumers than actively concerned
consumers. For instance, in Delhi, when the purchase cost rises by 50 %,
the probability of choosing a PHEV decreases by 79.40 % for those who
are actively concerned. On the other hand, among combined passive and
unconcerned consumers, the drop in choice probability is observed to be
86.56 % relative to the base case. Similarly, in Kolkata, a 50 % price hike
results in a 74.51 % decrease in PHEV choice for actively concerned
individuals, while the combined passive and unconcerned group sees a
decrease of 84.49 %. The purchase cost factor is a significant hurdle for
consumers when considering PHEVs. These patterns align with the re-
sults of past research (Jia and Chen, 2023; Lashari et al., 2022; Miele
et al., 2020). Government support, such as purchase incentives, could be
crucial to boost the adoption of PHEVSs in India.

5.6. Policy implications of the results and recommendations

This section offers structured policy guidelines derived from the
study’s insights into consumer preferences for PHEVs in Delhi and
Kolkata. These recommendations aim to guide policymakers in fostering
PHEV adoption effectively by considering supporting examples from
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developed countries.

e Addressing cost sensitivities: Cost emerged as a decisive factor for
PHEV adoption across all consumer segments. The data suggest that
as the purchase cost of PHEVSs rises, their attractiveness is substan-
tially decreased, particularly among the more passive or uncon-
cerned consumer group. Policymakers should consider introducing
financial incentives for PHEV buyers. For instance, drawing inspi-
ration from countries like Norway and the US, which have success-
fully promoted the adoption of electrified light-duty vehicles through
comprehensive incentive programs (IEA, 2021). This could range
from direct subsidies, inclusive push for PHEVs under the Faster
Adoption and Manufacturing of Electric Vehicles (FAME) scheme
with Goods and Services Tax (GST) exemptions, to road tax exemp-
tions or rebates. Such incentives can help counteract the higher
upfront costs of these vehicles, making them more financially
accessible to a broader consumer base.

Promoting environmental awareness: The environmental bene-
fits, notably reduced tailpipe emissions, were seen as a significant
motivator, especially amongst the actively concerned group in both
cities. The government should conduct targeted educational cam-
paigns emphasizing the environmental advantages of PHEVs. For
example, a city-based campaign illustrating the direct connection
between PHEVs and reduced smog levels could be impactful.
Drawing parallels with cities like Los Angeles, which once had severe
smog issues but witnessed substantial improvement due to regula-
tory measures and PHEV adoption, underscores the importance of
environmental awareness (California Air Resources Board, 2022).
Enhancing charging infrastructure: The data highlighted the
availability and accessibility of charging stations as pivotal factors
influencing adoption. With fewer households having garages (refer
to Table 1), Delhi relies more on public charging infrastructure. An
infrastructure-driven policy approach, like many developed nations,
with its extensive network of public charging stations, could serve as
a blueprint. Collaborative efforts between the government, real es-
tate developers, and private companies can accelerate the estab-
lishment of charging points in commercial hubs, residential areas,
and highways.

Improving battery technology: Battery-related attributes, such as
range and warranty, significantly influenced consumer preferences.
The government should provide research grants and incentives to
companies investing in advanced battery technologies. Lessons can
be learned from countries like South Korea, which have focused
plans to leap into battery technologies such as solid-state batteries
due to vital government-backed Research and Development (R&D)
initiatives (Crider, 2021).

Reducing recharging time: Consumers value their time, evident in
their preferences for faster battery recharging times. Hence, it is
important to prioritize and incentivize the development and
deployment of fast-charging stations. Using the Tesla Supercharger
network as a model, India should focus on developing a similar rapid-
charging infrastructure, ensuring that long waits at charging stations
are minimized.

Encouraging technological adoption: Technologically advanced
features of PHEVs attracted a significant segment of consumers,
especially in Delhi. Organize city-specific tech expos and conven-
tions where automakers can demonstrate the latest PHEV technolo-
gies. For instance, cities like Frankfurt and Tokyo, with their
renowned auto shows (Automotive Stage, 2022), offer platforms for
manufacturers to showcase innovations, influencing both consumers
and industry stakeholders.

Therefore, for PHEVs to gain mainstream adoption in cities like Delhi
and Kolkata, technological advancements, financial incentives, infra-
structure development, and consumer awareness campaigns tailored to
each city’s specific needs and characteristics are imperative.
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5.7. Limitations and future scope of research
This study provides insights into consumer attitudes and preferences

for PHEVs in Delhi and Kolkata and highlights avenues for further
exploration and refinement:

The study captured diverse responses; the sample disproportionately
represents educated individuals and has a lower representation of
females, as highlighted in sub-Section 4.2. While not diminishing the
study’s findings, this aspect suggests that future research should aim
for a more balanced and inclusive sample. A broader representation
would provide a more comprehensive understanding of consumer
perspectives.

This study explored how various traits, including socio-demographic
characteristics, socio-psychological characteristics and trip-related
factors, impact consumer preferences towards PHEV-related attri-
butes. Future studies should investigate the effects of innovativeness,
symbolic perceptions, peer influences, and prior experience with
PHEVs on choice preferences for related attributes.

The study’s focus on Delhi and Kolkata was intentional, aiming to
provide deep, localized insights. This geographical concentration is
valuable for policymakers and stakeholders in these cities. However,
extending this research to other urban and rural areas would offer a
more comprehensive picture, enabling broader policy
recommendations.

The use of data in this study offers a snapshot of current consumer
preferences, serving as a valuable baseline for policymakers. Future
research could adopt a time-series data approach to capture the
evolving dynamics of consumer behavior, particularly as new tech-
nologies and policies emerge.

The study’s emphasis on existing technologies like TJA and IEMS
provides a realistic view of current market offerings. As the auto-
motive landscape evolves, there will be ample opportunities to up-
date this research to include newer technologies, keeping the insights
fresh and relevant.

Although an interesting observation of the differences in consumer
attitudes towards the environment and technology is found between
Delhi and Kolkata, it was not possible to state conclusively the
intrinsic causes of differences between the two cities, with the
available data in the present work. It would be interesting and
necessary to investigate the intrinsic causes of differences between
the two cities as a scope of future research.

Estimation of consumers’ WTP values for PHEV attributes using
hypothetical choices of SP experiment offers an initial understanding
of consumer preference towards PHEVs and related attributes.
Incorporating real-world purchasing data (as and when available) in
future studies could enhance the predictive accuracy of these in-
sights, making them even more actionable for manufacturers and
policymakers.

e Another future scope of the present study lies in applying the Inte-
grated Choice and Latent Variable (ICLV) model to analyze the
prospective users’ perception towards choosing PHEVs.

6. Conclusions

The global shift towards a greener environment has emphasized the
importance of EVs in reducing climate change impacts. In this context,
this study explored consumer attitudes and preferences for PHEVs in
Delhi and Kolkata. Some significant observations from the present study
are as follows:

e This study identified two primary consumer segments. The ‘Actively
concerned,” who prioritize environmental and technological aspects,
are significantly different from the ‘Combined passive and uncon-
cerned,” whose motivations are more economically driven.
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e Actively concerned consumers in Delhi showed a WTP of INR 2,647
for travel cost reduction, compared to a higher WTP of INR 5,992 in
Kolkata. This indicates that Kolkata consumers value travel savings
more than Delhi.

Delhi’s actively concerned consumers indicated a WTP of INR 3,941

for the battery range, 52.6 % higher than Kolkata’s INR 2,583. This

suggests that battery range is a crucial deciding factor, particularly in

Delhi.

In Delhi, ’Actively Concerned’ consumers exhibit a 56.4 % higher

WTP for advanced vehicle technologies like TJA + IEMS than their

Kolkata counterparts.

e Emphasis on reduced emissions is evident in Kolkata, where the WTP

to reduce tailpipe emissions is INR 10,222 among actively concerned

consumers, outpacing Delhi’s INR 6,324.

The study also highlights the impact of sociodemographic variables

such as gender, monthly family income, garage availability, and

average trip length (journey to and from work) on PHEV adoption in
the Indian context.

o In Delhi, a 50 % reduction in recharging time leads to a 33.33 %
increased choice probability of PHEV selection among actively con-
cerned consumers. This underlines the importance of faster charging
capabilities.

e The WTP study and sensitivity analysis indicate that improvements
in battery warranty play an important role in PHEV adoption across
all consumer segments and cities. This insight underscores the
importance of robust warranty offerings by manufacturers to boost
consumer confidence and PHEV adoption rates.
Sensitivity analysis identifies purchase price as a major barrier to-
wards PHEV adoption, with a substantial increase in disutility
observed among all consumer groups and cities, with a 50 % increase
in the purchase price. The government interventions in terms of
purchase subsidies can play a key role in encouraging wider adoption
of PHEVs in the Indian context.

Therefore, while environmental concerns and economic factors are
pivotal for PHEV adoption, their importance differs based on consumer
type and city. For successful market penetration, strategies should be
tailored considering these distinctions and the quantified preferences of
consumers in each segment. The study primarily offers three main
contributions. First, in theory, this study adds necessary knowledge
about PHEVSs, especially in developing countries such as India, where
this area has not been explored much. It introduces new ideas about how
people in Delhi and Kolkata feel about PHEVs. Second, in practice, work
is one of the few that looks at different types of consumers in these cities.
The study results help to understand where efforts should be focused to
promote PHEVs. This is particularly relevant for countries such as India,
grappling with asset utilization challenges due to resource constraints.
Lastly, although the present study findings are specific to Delhi and
Kolkata, the demonstrated methodological framework is generic and can
be used by vehicle manufacturers and policymakers in other developed
and developing countries, to better plan for the future of sustainable
urban transportation in their respective cities.
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Table A1l. Past studies on consumer attitudes and preferences toward EVs.

Study (year) Study region Data type Vehicle Attributes used Target Method Focus Key findings

type(s) group

Jia and Chen  Virginia, U. Stated ICEV, Battery range, fuel 837 Mixed logit e WTP for attributesof e Lowering purchase costs
(2023) S. Preference HEV, economy, annual residents (MXL), Latent PHEVs and expanding public

(SP) PHEV, tailpipe CO2 emission, class (LC), and e Comparison of charging stations is more

BEV charging station Latent class- different modeling critical than extending

availability, purchase mixed logit techniques the battery range for
price, annual fuel/ (LC-MXL) PHEV adoption.
charging cost, annual e No model is unanimously
maintenance cost, superior to other models.
federal tax credit, state
rebates

Mpoi et al. Greece SP EVs Environmental 350 citizens Ordinal e Factors affecting o Financial incentives

(2023) awareness, trip regression consumer intention increase willingness to
characteristics, fuel to purchase EVs purchase EVs
price, government e Environmental
policies, charging awareness, charging time,
time, charging stations and charging
every 10-15 km, socio- infrastructure affect EV
demographic purchase intent
attributes

Lashari et al. South Korea SP ICEV, Approach time to 1500 MNL and MXL m Sensitivity m Vehicle attributes
(2022) BEV, charging/refueling potential car  model analysis of such as price,

and stations (minutes), buyers attributes on range, charging
HFCV driving range, vehicle choice time, and
charging/refueling attitudinal
time, purchase price, perceptions such as
sociodemographic perceived
attributes and environmental and
attitudinal perception economic benefit
significantly
influence AFV
choice.

Kowalska- Poland Conjoint BEV, Car type, functionality 500 Conjoint = Factors m Safety is identified
Pyzalska PHEV level, access to service, residents analysis influencing as the most critical
et al. and HEV  monthly price, consumer attribute for AFV
(2022) purchase price, access preference for purchase, followed

to charging, electric AFVs by price, range,
range, safety level and car type.

Visaria et al. Denmark SP EVs Detour time, charger 558 EV MXL e WTP for charging- e Detour respondents are
2022) availability, charging owners related attributes willing to drive to obtain

speed, charging cost, lower charging costs, a

additional facilities higher probability of
charger availability, and
additional facilities at the
charging location.

Ji and Gan China SP ICEV, Gender, education 163 Rank-ordered o Effect of providing e Total cost of ownership
(2022) BEV, level, car ownership, residents logit total cost of information has a positive

PHEV commuting distance, under 40 ownership influence on consumer
desired car purchase years of age information on choice for BEVs and
price, total cost of consumer PHEVs
ownership preference towards e Gender and education

BEVs and PHEVs have a significant
influence on EV purchase
intent.

Tarei et al. India Rating BEV Technical barrier, 10 experts Structural e Ranking and e Performance, range, total
(2021) infrastructural barrier, Equation prioritization of EV cost of ownership,

financial barrier, Modeling barriers charging infrastructure,
behavioral barrier, (SEM) o Identifying the and consumer awareness

external barrier
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strength of the
relationship among

significantly drive EV
adoption

(continued on next page)
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(continued)
Study (year) Study region Data type Vehicle Attributes used Target Method Focus Key findings
type(s) group
barriers to EV
adoption
Rommel and Germany SP ICEV, Price, power, running 405 car LC e WTP for attributesof =~ e Consumers interested in
Sagebiel HEV, cost, range, owners AFVs PHEV and BEV show
(2021) PHEV, availability of petrol/ higher WTP for increased
BEV charging stations charging station
availability and lower
running costs.
Danielis Italy SP ICEV, Charging time, 996 license MNL and MXL e WTP for EV e Improvement in fuel
et al. EV distance between holders attributes efficiency and electric
(2020) charging stations, e Scenario analysis to range strongly influence
driving range, fuel compare the impact driver preference for EVs
economy, purchase of government e Government incentives
price policies vs impact EV purchases
technological more than technology
improvement advancement.
Khurana India Rating BEV Economic benefit, 214 car SEM e Examining factors e Consumer attitude
et al. environmental owners influencing BEV emerged as the primary
(2020) concern, social adoption factor affecting BEV
influence, self-image, adoption
attitude
Navalgund Karnataka, Rating BEV Ecosystem for EV, 384 SEM e Factors affecting e Pro-environmental
and Nulkar  India awareness, residents purchase intention behavior plays a crucial
(2020) performance, pro- toward BEV role in the purchase
environmental intention of EVs
behavior and financial e Financial advantage and
advantage and cost of cost have no significant
EVs relation with EV purchase
intention.
Miele et al. Canada SP ICEV, Purchase price, 1884 new Latent Class o WTP for EV-related e Charging infrastructure
(2020) BEV, purchase incentive, vehicle (LC) attributes availability has a limited
PHEV, fuel cost, range, home buyers impact on EV choice
HEV charging, workplace e High purchase prices and
charging, public low awareness are
charging significant barriers to EV
adoption.
Beak et al. South Korea Conjoint EV, Driving range, 1008 MXL e WTP for EV e CO, emission reduction is
(2020) ICEV charging technology, residents attributes not an influencing factor
charging time, for consumer purchase
autonomous driving decisions towards EVs
function, CO, emission e Price and battery
reduction, purchase technology are identified
price as crucial features for EV
uptake.
Giansoldati, Italy Rating EVs 807 Italian PCA and e Purchase intention e A lower density of
et al., drivers Cluster of EVs charging infrastructure,
(2020a) analysis lack of charging stations
on highways, and
purchase price are
primary barriers to EV
adoption.
Higueras- Spain Rating EVs Socio-demographic, 404 PCA and e Intention to adopt e Price identified as a key
Castillo psychological, and EV potential Cluster EVs barrier for potential
et al. attributes consumers analysis adopters
(2020) e Young women with high
incomes could be early
adopters of EVs
Rahmaniand  Spain SP HEV Price, fuel 875 Spanish ~ LC e WTP for HEV- e HEV-oriented and aware
Loureiro consumption, COy drivers related attributes drivers indicate the
(2019) emission. Socio- highest WTP for fuel
demographic variables savings and CO, emission
reduction.

o Individuals with high
incomes are less sensitive
to price and fuel costs.

Nie et al. Shanghai, SP EVs Driving range, 760 MNL and MXL e WTP for EV e Potential EV purchasers
(2018) China pollution, maximum potential car attributes show higher WTP for
speed, fuel costs, buyers improvement in EV

charging time, price,
socio-demographic
and socio-
psychological
attributes
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attributes compared to
unlikely EV purchasers.
Potential EV purchasers
include individuals with
high income, high
environmental
awareness, and high

(continued on next page)
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(continued)
Study (year) Study region Data type Vehicle Attributes used Target Method Focus Key findings
type(s) group
acceptance of new
technology.
Higgins etal.  Canada SP ICEV, Fuel/charging 15,392 Multinomial e Effect of consumers’ e Consumer preference for
(2017) HEV, availability, battery households Probit (MNP) vehicle body type EVs and their attributes
PHEV, warranty, charging preference on the vary substantially based
BEV time, battery range, utility of EVs on vehicle body type
gasoline range, e Sensitivity analysis choice.
acceleration, tailpipe of attributes e Irrespective of preferred
emission, fuel/ next vehicle body type,
charging cost, consumers favoring PHEV
maintenance cost, and BEV show high
purchase price sensitivity towards fuel
economy, emission
reduction, battery range,
and battery warranty.
Hackbarth Germany SP ICEV, Battery recharging 711 MNL and LC o WTP for AFV e WTP for vehicle attributes
and HEV, time, refueling time, respondents attributes vary considerably across
Madlener PHEV, fuel availability, different consumer
(2016) BEV driving range, COy segments
emission, fuel cost per e Young, less educated,
100 km, purchase highly environmentally
price, policy aware consumers with
incentives, high daily mileage are
sociodemographic more likely to choose
attributes AFVs
Helveston China/US SP ICEV, Acceleration time, 415 US, 572 MNL and MXL e WTP for AFVs e Chinese respondents have
et al. HEV, operating cost, fast China a higher choice
(2015) PHEV, charging capability, preference towards mid-
BEV purchase price, brand, range PHEVs and BEVs as
vehicle type compared to American
respondents.

e Chinese respondents
show higher WTP for
acceleration time and
operating cost than
American counterparts.

Tanaka et al. us SP ICEV, Driving range, 4202 US, MNL and MXL e WTP for AFV e Consumers in both the US
(2014) (California, PHEV, emission reduction 4000 Japan attributes and Japan place higher
Texas, BEV (compared to CVs), value on fuel cost
Michigan, alternative fuel reduction, alternative fuel
and New availability (% of station availability, and
York)/Japan existing gas stations), emission reduction.
home plug-in However, WTP for fuel
construction fee, cost reduction and
purchase price alternative fuel station
availability is higher
among average US
consumers than Japanese
consumers.

e Variations in gasoline
price and annual mileage
across four cities in the US
substantially influence
consumers’ WTP for fuel
cost reduction of EVs.

Hoen and Netherlands SP HEV, Car type, brand, 1903 MXL o WTP for AFVs e Short driving range, long
Koetse PHEV, additional detour time, residents charging times, and
(2014) BEV, driving range, monthly limited recharging

fuel-cell, cost, policy incentives, infrastructure are
flexifuel trip length, trip identified as primary
frequency barriers to the widespread
adoption of EVs

e Commuters with lower
mileage have a lower
preference for driving
range and are more likely
to purchase EVs

Schuitema United Rating ICEV, Instrumental, hedonic, 2728 car Regression o Intention to adopt e The importance of
et al. Kingdom PHEV, symbolic, pro- owners analysis EVs instrumental attributes is
(2013) (UK) BEV, environmental, car- linked to hedonic and

authority identify

18

symbolic aspects of
owning and using EVs
Individuals who align
their self-image with pro-
environmental identity

(continued on next page)
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(continued)
Study (year) Study region Data type Vehicle Attributes used Target Method Focus Key findings
type(s) group
show a higher willingness
to choose EVs
Krupa et al. Us Rating PHEV Environmental 1000 US Logistic e Factors influencing e Price, mileage, and
(2014) concern, fuel/financial ~ residents regression PHEV adoption performance are

savings, PHEV
technology, image/
social influences,
vehicle class

identified as important
attributes for PHEV
purchase.

e Environmentally sensitive
consumers are identified
as early adopters of
PHEVs

Note: ICEV = Internal Combustion Engine Vehicle, HEV = Hybrid Electric Vehicle, PHEV = Plug-in Hybrid Electric Vehicle, BEV = Battery Electric
Vehicle, AFV = Alternative Fuel Vehicles, EV = Electric Vehicle, HFCV = Hydrogen Fuel Cell Vehicle.

Appendix B:. Abbreviation and notation list

AFVs: Alternative Fuel Vehicles

AVT: Advanced Vehicle Technology

BEV: Battery Electric Vehicle

CAPI: Computer Assisted Personal Interviews

CFI: Comparative Fit Index

COs: Carbon Dioxide

CV: Conventional Vehicle

EFA: Exploratory Factor Analysis

EV: Electric Vehicle

FAME: Faster Adoption and Manufacturing of Electric Vehicles

FCM: Fuzzy c-means

Gg: Gigagram

GST: Goods and Services Tax

h(B|w): Density function of § given parameters ®

HEV: Hybrid Electric Vehicle

HFCV Hydrogen Fuel Cell Vehicle

ICE: Internal Combustion Engine

ICEV: Internal Combustion Engine Vehicle

IEMS: Intelligent Energy Management System

IIA: Independence of Irrelevant Alternatives

INR: Indian Rupee

JMP: JMP Statistical Software

km: Kilometer

L(w): Log-likelihood function

LC: Latent Class

LC-MXL: Latent Class-Mixed Logit
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