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ABSTRACT Amid global environmental challenges, the transition from internal combustion vehicles (ICVs)
to electric vehicles (EVs) is a priority for governments and automobile manufacturers. This shift requires
a deep understanding of consumer preferences and evolving adoption trends. Existing research highlights
critical gaps, such as the lack of comparative studies analyzing EVs and ICVs’ consumer-perceived value and
their evolution over time, and the limitations of static surveymethods – currently predominant but constrained
in capturing comprehensive consumer insights. To address these gaps, our study utilizes computational text
analytics to analyze 13 years of online customer reviews from two major U.S. automotive websites. Using
Structured Topic Modeling (STM), we identified 30 factors (in 14 subcategories) influencing EV customer
experiences and 40 factors (in 12 subcategories) for ICV customers. By integrating metadata contexts such
as satisfaction levels (rating), review timelines, and predicted author gender, we uncovered patterns in
functional and non-functional values driving consumer perceptions. This research advances computational
text analytics by 1) introducing enhanced methods for STM quality control, 2) developing a comprehensive
framework of factors driving EV and ICV consumer perceptions, and 3) presenting longitudinal insights into
these evolving preferences. The findings provide actionable insights for policymakers and industry stake-
holders. For the EVmarket, prioritizing affordability, charging infrastructure, and environmental benefits can
accelerate adoption. For ICVs, enhancing highway fuel efficiency, reliability, and advanced safety features
can enhance customer loyalty. This study lays the groundwork for customer-focused automotive solutions,
bridging theoretical understanding with practical application.

INDEX TERMS Electric vehicles, internal combustion vehicles, text analytics, structural topic modeling.

I. INTRODUCTION
Governments worldwide actively pursue strategies to reduce
humanity’s carbon footprint and combat environmental pol-
lution. Despite its contribution to air pollution, one indis-
pensable aspect of modern life remains the need for efficient
transportation to locations such as schools and workplaces.
In this regard, automobiles play a pivotal role. To usher in a
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cleaner and more sustainable future, automobile manufactur-
ers have embarked on a quest to power vehicles without the
detrimental emissions traditionally associated with internal
combustion engines. This endeavor has led to the develop-
ment of innovative vehicle types, including Battery Electric
Vehicles (BEVs), Plug-in Hybrid Electric Vehicles (PHEVs),
Hybrid Electric Vehicles (HEVs), and Fuel Cell Electric Vehi-
cles (FCEVs) [1], [2].

Since Electric Vehicles (EVs) have begun penetrating the
wider market, a significant body of research has primarily
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focused on highlighting and improving their inherent values,
such as optimization of energy consumption [3], [4], [5],
positive health and environmental impact [6], [7], [8], and the
adoption of cutting-edge technology [9], [10], [11], [12], [13].
Furthermore, overcoming infrastructural barriers, such as the
lack of public charging stations [14], [15], [16], [17] and the
ability to recycle EV batteries [18], is becoming increasingly
critical. Current research increasingly emphasizes the need
for supportive policies, such as subsidies and incentives [19],
[20], [21], [22], to facilitate a smooth transition from internal
combustion vehicles (ICVs) to EVs, given the high purchase
costs [22], [23], [24].

Further research is focused on identifying EVs’ main
strengths and weaknesses that have emerged from their oper-
ation by consumers. Key advantages of EVs, such as high
performance and power [25], driving range and comfortabil-
ity [26], [27], shorter charging times and low maintenance
cost [10], [28], [29], higher maximum speeds and lower fuel
costs [30], [31], are highlighted. However, high purchase
prices and battery lifespan [26], [32] are already noted as
significant barriers to future consumer EV adoption. More-
over, the predominant data sources for this type of research
are structured questionnaires and interviews [32], [33], [34],
which are carried out in specific regions or targeted towards
particular groups of individuals and in a limited period [2],
[35], making the discovery of new and actionable insights less
probable.

In consumer experience research, there is a growing shift
toward using free-text responses and reviews from social
media and online platforms, where consumers share their
experiences freely [36]. Recent advances have highlighted
the effectiveness of semi-automatic, unsupervised machine
learning techniques, such as topic modeling with Latent
Dirichlet Allocation (LDA) and Structural Topic Models
(STM), for extracting themes from textual data, especially in
customer experience research [37], [38], [39], [40]. However,
many studies lack a rigorous approach to involving human
experts to evaluate topic quality and label accuracy. Addi-
tionally, existing methods often rely on single metrics (e.g.,
word frequency or sentiment scores) to identify consumer
priorities [11], [12], [17], [18], [19], [20], [21], [23], which
may not capture the full range of consumer needs [141].
While recent studies have focused on customer experiences
with specific EV brands [35], [41], [42], [43], [44], [45], [46],
[47], [48], [49], [50], [51], [52], [53], [54], a gap remains for
comparative analysis that explores the main factors influenc-
ing satisfaction for both EVs and ICVs, thus providing deeper
insights into drivers of the transition to EVs.

Thus, the motivation behind the primary objective of this
study is to deepen our comprehension of the factors and pat-
terns shaping consumer perception of EVs and ICVs. To this
end, the study aims to address the following five research
questions: (RQ1) What common and unique factors of EVs
and ICVs consumption define the customers’ experience?
(RQ2) How do factors of the customer experience align with
the overall satisfaction with the EVs and ICVs purchase

and consumption? (RQ3) How do patterns in identified EVs
and ICVs customer experience factors vary across review
dates? (RQ4) How do patterns in identified EVs and ICVs
customer experience factors vary across predicted author gen-
der? (RQ5) Which customer service quality factors shape the
image of electric vehicles conquering the automotive market?

To answer the research questions, we selected the Amer-
ican automotive market and analysed 2,753 online reviews
regarding 12 EVs and (ii) 2,899 online reviews regard-
ing 21 ICVs, completive to selected EVs. These reviews were
published from 2010 to 2022 and from 2013 to 2022, respec-
tively, on U.S. automotive websites – edmunds.com and
cars.com. To our knowledge, this is one of the largest-scale
social media discussion corpora for ICVs and EVs over
13 years.

Our research advances computational text analytics by
demonstrating the potential of these methods to uncover
drivers of consumer perception. Specifically, we (1) introduce
instruments for control and quality assurance in analyzing
consumer opinions on vehicles via STM, (2) build a frame-
work of factors influencing consumer perception of EVs and
ICVs, and (3) develop an approach to distinguish consumer
perception patterns between EVs and ICVs. Our findings
enrich theoretical insights into internal combustion vehicle
customer preferences during the EV transition, addressing
both functional and non-functional values and evolving trends
over time.

Our findings offer valuable technical and policy impli-
cations. Technically, they can enhance predictive modeling,
customer feedback systems, and sentiment analysis by: (1)
identifying patterns in customer experience changes over
time, aiding predictive ML algorithms; (2) prioritizing key
factors based on importance and satisfaction levels, which
strengthens real-time sentiment analysis and customer feed-
back; (3) using overall ratings as sentiment proxies to
improve ML predictions when text data is ambiguous or
limited; and (4) employing a multi-step validation approach
to ensure quality and reliability in STM-generated topics
and labels, reducing bias. On the policy side, our research
highlights key factors that shape consumer experiences for
both EVs and ICVs, helping identify areas for improvement
to sustain and increase consumer satisfaction.

The rest of the paper is organized as follows. The Section II
reviews the relevant literature. Section III describes the
data used in the analysis and the methodology employed.
In Section IV, we present our findings. Section V discusses
our study results. We conclude in Section VI and briefly
delineate future directions for our research.

II. THEORETICAL BACKGROUND
A. PRODUCT VALUE IN THE CONTEXT OF VEHICLE
PURCHASES
Consumers tend to make purchase decisions when prod-
ucts deliver clear tangible and intangible values that align
with their needs and aspirations [55], [56]. Value is often
defined as a comparison between what is received (e.g.,
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performance) and the acquisition costs (e.g., financial, psy-
chological, or effort) [57], [58]. Importantly, consumer value
arises not solely from product features but also from the
experience and process of using the product [37].

In the research [59], six key benefits consumers seek in
products were identified: performance (how well the prod-
uct fulfils its function), durability (longevity in providing
desired benefits), economy (value for money), comfort (phys-
ical and mental convenience), appearance (product aesthetics
and its effect on the buyer’s image), and safety (protection
from physical or mental harm). Additionally, value is often
associated with a product’s cost or price [56], [60], [61],
[62]. Study [63] categorizes value into four types: func-
tional/instrumental (product usefulness and performance),
experiential/hedonic (emotional and experiential benefits),
symbolic/expressive (psychological meaning attached to the
product), and cost/sacrifice value (expenses related to pur-
chase, ownership, and usage).

In the context of vehicles, consumer intentions to purchase
an EV can be categorized into two value types: functional
values, such as savings, performance, and convenience, and
non-functional values, including emotional, social, and epis-
temic aspects [64]. This classification aligns with theories
linking purchase decisions to recreational purposes, deal-
proneness, and functional values [65]. Consumer choices are
often multidimensional, involving social, emotional, func-
tional, conditional, and epistemic values [55]. For vehicles,
functional values relate to tangible attributes like technology
and driving experience, while non-functional values include
design appeal and the ‘‘fun factor’’ of driving [66], [67], [68].

In our study, we define vehicle value as the consumer’s
judgment that shapes their buying intention, reflects their
needs, requirements, and aspirations, and emerges from their
knowledge of the product and experience of vehicle purchase
and use. The two types of vehicle values – functional and non-
functional – were chosen to (i) categorize factors (judgments)
mentioned by customers in their reviews for both EVs and
ICVs, and (ii) unify their further comparisons from a cus-
tomer/consumer experience perspective. Table 1 outlines the
definitions of these vehicle value types used in our research.

B. RESEARCH OF INTEGRATION OF ELECTRIC VEHICLES
In examining the integration of EVs into the automotive mar-
ket by reviewing the extant literature over the period 2020 to
20241 (see Appendix A), this study determined five distinct
categories of research that address the functional aspects and
suitability of both conventional and electric vehicles for effec-
tively meeting consumer needs These categories include: (1)
Energy Management, which investigates strategies for opti-
mizing energy consumption and grid interactions; (2) Health
and Environmental Impact, which assesses the ecological and

1The following search terms in English were applied to paper titles,
abstracts, and keywords: ‘‘electric AND vehicle AND perception’’, ‘‘electric
AND vehicle AND acceptance’’, ‘‘electric AND vehicle AND adoption’’,
‘‘electric AND vehicle AND integration’’ for four electronic databases: Sco-
pus, Web of Science, ACM Digital Library, and IEEE.

TABLE 1. Definitions of vehicle’ functional and non-functional values
from the perspective of customers.

health implications of shifting from internal combustion vehi-
cles to EVs; (3) Technological Advancements, which reviews
the latest innovations in vehicle technology that facilitate
EV adoption; (4)Development of Infrastructure and Policies,
which focuses on the necessary infrastructure and supportive
policies required to ensure a seamless transition to EVs;
and (5) Consumer Experience and Market Potential, which
explores consumer attitudes, preferences, and the potential
for market growth in the EV sector.

1) ENERGY MANAGEMENT
Recent publications on Energy Management can be broadly
classified into two streams: (1) managing energy within
electric vehicles [3], [4], [5], [13], [5], [69], [70]; and (2) opti-
mizing energy generation, charging, and utilization within
integrated systems involving energy sources, the grid, and
EVs [71], [72].

The first stream addresses improving energy manage-
ment in EVs under various conditions like acceleration and
steady-state operation. Notable studies include using neural
networks to enhance energy strategies [3] and text mining for
identifying optimal solutions [4]. Additionally, a comparative
analysis of fuel cells and batteries highlights their pros and
cons as EV energy storage options [5]. Recent advancements,
such as integrating thermal safety and degradation aware-
ness into energy management strategies for hydrogen fuel
cell hybrid electric vehicles, have demonstrated reductions in
battery aging and operational costs, highlighting significant
progress in in-vehicle energy optimization [69].

The second stream focuses on optimizing energy consump-
tion within integrated ecosystems. The research employs
Mixed Integer Programming (MIP) models to minimize
energy costs for EV users, considering diverse scenarios
and user behaviors [71], [72]. Innovations like self-learning
stochastic Markov predictors enhance prediction accuracy
and improve energy efficiency across source-grid-EV sys-
tems, balancing durability and resource use effectively [70].
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These findings underscore the transformative role of mod-
ern IT in boosting EV efficiency and optimizing integrated
energy ecosystems.

2) HEALTH AND ENVIRONMENTAL IMPACT
In recent years, discussions on the health and environmental
impact of electric vehicles (EVs) have gained prominence
among governments and the public. Automotive manufactur-
ers have responded to these concerns, resulting in EVs that
are more environmentally friendly than ever – a feature heav-
ily emphasized in marketing campaigns. Existing literature
extensively explores these aspects, addressing topics such as
the general environmental benefits of EVs, including carbon
footprint and emission reductions [6], [7], [8], as well as spe-
cific impacts like particulate matter reduction [73], [74], [75].

Researchers highlight the health benefits of EV adoption,
particularly in reducing mortality rates [76], [77], [78]. Stud-
ies consistently show that EVs and other battery-powered
vehicles (BPVs) positively impact health and are significantly
more environmentally friendly than internal combustion vehi-
cles (ICVs). A key advantage is the reduction in particulate
matter released into the air by ICVs – a mixture of tiny parti-
cles and liquid droplets that, when inhaled, can cause health
issues. This factor alone underscores the health superiority of
EVs over ICVs.

Various research methods have been employed to study
air quality improvement through EV adoption, including
simulation models to assess air quality benefits from the
EV transition [7], [74], [79], [80], [81] and life cycle
assessments of electric and conventional vehicles using
the ReCiPe method [82], [83]. Other approaches include
lifetime-intensity models considering annual driving inten-
sity [8], holistic frameworks estimating environmental and
social benefits of EV fleets [84], and statistical models ana-
lyzing environmental awareness in EV consumer decisions,
CO2 emissions, and carbon footprint [6], [8], [85].

Most studies [73], [74], [75], [77], [79], [82], [86] focus on
particulate matter pollution data, with some combining Air
Quality Index and EV sales data to assess how air pollution
affects EV adoption [87].These studies highlight the health
and environmental advantages of transitioning from ICVs to
EVs by analyzing emissions and comparing them to conven-
tional vehicles. While these insights can guide policymaking
and inform government decisions, they often overlook the
role of environmental awareness in consumer choices [85],
a gap that could also benefit automotivemarketers in targeting
their audience.

3) TECHNOLOGICAL ADVANCEMENTS
Technological advancements in electromobility are exam-
ined in two streams. The first addresses the technologies
within Electric Vehicles (EVs) and charging stations [9],
[10], [11], [12]. The second considers EVs as part of a
broader infrastructure, including the power grid and traffic
systems, emphasizing interactions that enhance performance

and integration [23], [28], [88]. A subset of studies offers
an overview of challenges and advancements in EV tech-
nology, including batteries, charging stations, and Battery
Management Systems (BMS), while also highlighting AI’s
role in integrating these components [9], [29]. Other works
focus on charging infrastructure [11], [12] and software
for managing EV systems [10]. Research on EV infras-
tructure emphasizes optimizing coordination among EVs,
power grids, and traffic systems, leveraging advancements
in Big Data analytics [23], EV-grid interaction [88], and
power grid optimization [89]. Key challenges include limited
battery capacity, long charging times, insufficient charging
stations, inconsistent plug-socket standards, and grid insta-
bility caused by EV integration.

4) DEVELOPMENT OF INFRASTRUCTURE AND POLICIES
Research on EV infrastructure emphasizes optimizing coor-
dination among key stakeholders to ensure a smooth tran-
sition from ICVs to EVs. In recent years, governments,
industries, and urban planners have increasingly recognized
the importance of investing in charging networks, alongside
policies and incentives. This shift is crucial as consumers,
long accustomed to ICVs, navigate a world designed to meet
the needs of traditional vehicles.

Researchers have identified barriers hindering EV adop-
tion and provided insights for policymakers [90], [91], [92].
These include infrastructure challenges, such as insufficient
public charging stations [17]; technological issues, like lim-
ited driving range [18]; environmental concerns, such as
battery disposal [92]; and financial hurdles, including high
purchase costs [17]. Studies on policies and incentives [19],
[20], [21] found that automotive manufacturers often respond
defensively to EV policies [19], optimal subsidy programs
can be designed [21] and financial incentives are frequently
paired with non-financial ones like road priority for EVs [93].
Enablers such as skill centers for EV advancement [94] and
strategies for integrating charging infrastructure [14], [15],
[16] have also been analyzed, offering practical solutions to
boost EV adoption

The primary methods for this category of studies include
a literature review [28], [91], [92], [93], surveys or focus
group analysis [94], [95] and simulations for charge pricing,
EV demand, and infrastructure placement [16], [96], [97].
While policymakers strive to accelerate EV adoption, their
efforts could benefit from enhanced infrastructure [20]. The
emphasis on infrastructure highlights its critical role in facil-
itating a smoother transition to EVs.

5) CONSUMER EXPERIENCE AND MARKET POTENTIAL
Studies in this category, predominantly based on survey
data, explore consumer preferences and behaviors regard-
ing EV adoption. Key factors include price sensitivity [22],
[98], [99], operating costs [24], government subsidies, charg-
ing capabilities [100], [101], driving range [34], vehicle
cost [23], [36], performance and power [6], battery range [9],

VOLUME 13, 2025 72677

D
o

w
nl

o
ad

ed
 f

ro
m

 m
o

st
w

ie
d

zy
.p

l

http://mostwiedzy.pl


N. Rizun, B. Duzinkewicz: Decoding Customer Experience: A Comparative Analysis of Electric and ICVs

[102], positive environmental impact [32], [95], shorter
charging time, faster maximum speeds, lower pollution emis-
sions, and reduced fuel costs [10]. Research also highlights
demographic and regional variations [103] psychological and
social influences [99], and factors like social status and peer
influence [100], shaping EV adoption and market potential.

To explore consumer behavior and market potential, var-
ious methods are employed, including Structural Equation
Modeling [34], [100], [104], [105], [106], regression analy-
sis [32], [98], [107], clustering algorithms [18], [108], [109],
and optimization modeling [24]. These techniques offer
insights into how perceptions of social value and environ-
mental consciousness influence decision-making. However,
reliance on structured questionnaires and interviews [98],
[108] may restrict the ability to uncover dynamic and emerg-
ing consumer preferences.

Despite recent momentum [110], applying text analytics
to analyze EVs customer opinions remains relatively novel.
Research predominantly focuses on online opinions of car
buyers in Asia (China, South Korea) [30], [48], [110], [111],
[112], [113], [114], reflecting the region’s dominance in
the EV market since 2015 [115]. China, in particular, leads
in global car production and battery component supply for
EVs [116]. Recently, studies have increasingly examined the
US EV market [49], [50], [110], [117], [118].
The majority of extant studies are focused on ana-

lyzing vehicle consumer experience and tend to center
around research objectives that involve identifying: (1) con-
sumer attitude (sentiment) towards EVs [35], [48], [111],
[112], [114], [119], [120]; (2) factors shaping consumer’s
perception [38], [50], [120], [121] and their evolution over
time [2], [35], [47], [122], [123]; (3) consumers’ preferences
for specific cars [54], [124], [125], [126] or car aspects
– infrastructure [127], sound [128], charging prices [129];
(4) public sentiment/factors evolution in social media –
Twitter [42], [43], [44], [45], [46], [52], [118], [123], Red-
dit [2], [49], [130], national social media platforms [35],
[114]; (6) patterns in specific EVs-related discourse– crash
and non-crash-related complaints [131], electric vehicle fail-
ures [54], reactions on EVs Policy [19], EV promotion in rural
areas [50], trust [122] and equity-related discussions [49],
start-arrival travel satisfaction [114]; awareness and intention
to purchase [47].

As for research methods, the most popular text analyt-
ics techniques are Latent Dirichlet Allocation (LDA) [2],
[35], [38], [45], [47], [49], [50], [112], [113], [118], [123],
[130]; Structural Topic Modelling (STM) [122]; Associ-
ation Rules [126]; word frequency analysis [115], [126];
Unsupervised Machine Learning (k-means clustering) [132],
[133], Principal Component Analysis (PCA) [118], con-
vergence of iterated corrections (CONCOR) analysis [47]
and Deep Learning Networks [54] for topics or vehicles
categorization; and supervised (Support Vector Machine,
Logistic Regression, Naive Baye’s Classifier, RandomForest,
Gradient Boosting Algorithm, Convolutional Neural Net-
works (CNN), Recurrent Neural Networks (RNN), Long

short-term memory (LSTM) RNN, Decision Tree, Gen-
eralized Linear Models, Hierarchical Linear Models, and
GeographicallyWeighted Regression) machine learning [35],
[48], [50], [52], [111], [118], [120], [134] for sentiment
analysis.

Certain research gaps can be drawn in summarising the
existing literature. First, despite the growing body of research
on Electric Vehicles, there is still a lack of comparative stud-
ies analyzing the EVs and ICVs’ consumer-perceived value,
including how these perceptions have evolved. Second, recent
studies that seek to (1) highlight and improve the values
of EVs inherent in their development by default (such as
optimization of energy consumption, positive impact on
health and the environment, and use of the latest techno-
logical advances categories); and (2) identify the current
advantages and disadvantages of EVs or ICVs as a result
of conducting surveys (pre-prepared that are limited by
both the respondents’ representativeness and surveys static
nature [98], [108]) are not able to build a complete picture
of patterns that define the consumer perceptions and factors
that influence the smoothest possible integration of EVs into
the automotive market [35]. In this regard, studying the free-
text customer reviews of two types of vehicles expressed on
online platforms over the past 13 years will further deepen
the understanding of the evolving patterns in ICV consumers’
experiences, prioritizing their preferences in the transition to
EVs. Third, regarding the research methods, applied to free-
text reviews, there has been a noticeable growth in research
over recent years that showcases the efficacy of topic mod-
eling algorithms (e.g., LDA) as prominent semi-automatic
unsupervisedmachine learning techniques capable of extract-
ing latent themes from textual data. Experience in recent
years highlights the successful use of the Structural Topic
Model (STM) in investigating customer experience [37],
[122]. This approachwould allow for consideration of diverse
metadata contexts, such as satisfaction levels associated with
car purchase and usage, years of review publication, and
the predicted gender of the author, to more accurately iden-
tify patterns in customer experience factors [135]. Fourth,
most studies using topic modeling still do not include a
rigorous procedure for involving human experts to validate
the quality of the generated STM models and ensure the
accuracy of the labels assigned to latent topics, which can
cause additional biases of subjectivity in human best STM
model choice and topic labeling. Fifth, research on cus-
tomers’ opinions regarding EVs and ICVs is constrained by
methods prioritising factors determining consumer satisfac-
tion. Existing approaches mainly rely on single indicators
such as word/entity frequency, topic proportion, or sentiment
scores [11], [12], [17], [18], [19], [20], [21], [23]. These
methods fail to provide the actionable insights necessary for
practitioners and policymakers to improve the market for
both vehicle types [136]. Therefore, it is essential to develop
rigorous, data-driven approaches based on computational text
modeling methods to provide robust evidence on the prioriti-
zation of consumer needs.
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III. METHODOLOGY
A. RESEARCH QUESTIONS
To address the gaps identified, the primary objective of this
study is to enhance the understanding of factors and patterns
that shape the customer experience for Electric Vehicles and
Internal Combustion Vehicles. To this end, the study aims to
address the following research questions:

(RQ1) What common and unique factors of EVs and ICVs
consumption define the customers’ experience?

(RQ2) How do EVs and ICVs customer experience factors
align with the overall satisfaction with the vehicle’s purchase
and consumption?

(RQ3) How do patterns in identified EVs and ICVs cus-
tomer experience factors vary across review dates?

(RQ4) How do patterns in identified EVs and ICVs
customer experience factors vary across predicted author
gender?

(RQ5) Which customer service quality factors shape the
image of electric vehicles conquering the automotive market?

This will be achieved by (i) employing a comprehensive
research approach that showcases the benefits of computa-
tional text analytics in extracting actionable insights from
free-text feedback; (ii) investigating the impact of metadata
variables like review dates, author gender, and quantitative
measures of customer satisfaction (ratings) on disparities in
consumer experience for the two vehicle types; (iii) leverag-
ing both qualitative and quantitative approaches to identify
distinct electric vehicles image from the consumer’s perspec-
tive.

B. DATA COLLECTION AND PREPARATION
Two main American automotive websites – edmunds.com
and cars.com – were selected as data sources. We employed
the BeautifulSoup2 and Pandas3 Python packages for the web
scraping process. The data selection process adhered to the
following steps: (1) For electric vehicles, we collected free-
text feedback from edmunds.com and cars.com websites if
the number of opinions about a particular car model exceeded
a certain threshold N = 50. (2) We collected a total of 5,664
free-text feedback about ICVs models that compete with
selected EVs through the research of EV and ICV counter-
parts.4 The year of comments publishing was selected for
EVs from 2010 to 2022 and for ICVs from 2013 to 2022.
(3) To construct the final dataset, 12 EVs and 21 ICVs were
assigned to its appropriate car segments. Car categorization
by segments utilised three similar methodologies: Euro Car,
Euro NCAP, and US EPA Size.5 The outcomes of the car seg-

2https://pypi.org/project/beautifulsoup4/
3https://pandas.pydata.org/
4https://www.businessinsider.com/tesla-model-3-gasoline-

competitors-2016-4?IR=T#theres-tech-which-is-nice-5;
https://www.autoweek.com/car-life/g35645393/10-evs-and-gas-
alternatives/?slide=20

https://www.thecarconnection.com/compare/tesla_model-
x_2020_choices

5https://en.wikipedia.org/wiki/Car_classification

mentation selected for our study are outlined in the provided
Appendix B.

The data collected contains two distinct datasets: (1) 2,760
customer opinions on EVs and (2) 2,904 customer opinions
on ICVs. Each dataset containing customer opinions encom-
passes the following information: (i) vehicle model name;
(ii) model year; (iii) author’s name; (iv) publication date; (v)
overall vehicle rating (average rating from ratings by cate-
gories6) in the range from 1 to 5, assigned by the customer;
and (vi) free-text feedback merged with its corresponding
title.

The data preparation stage to produce a data subset with
the level of data quality required for further analysis con-
sists of three major steps. First, duplicate free-text feedback
was removed. Second, we generated the additional metadata
for our dataset required for further analysis. Each customer
opinions dataset is augmented with (i) the predicted gender
of the reviewer, determined using the gender_guesser Python
package based on the author’s name.7 Only the results of
males and females, mostly males and mostly females, were
accepted as valid results of gender prediction8; and (ii) sen-
timent score determined using six sentiment tools.9 Third,
text preprocessing, including (1) word normalization to stan-
dardize the text by converting all characters to lowercase,
to reduce redundancy and improve the STM model’s con-
sistency; (2) word stemming, which involves reducing words
to their root forms and helps enhance the efficiency of the
model by focusing on the core meaning of words rather than
their various inflections; (3) removal of stop words, punctua-
tions, and numbers to reduce dimensionality and noise in the
data, which can otherwise dilute the model’s effectiveness;
and (4) converting the dataset into the STM Corpus format
is performed. Corpus format comprises three elements: the
document term matrix, vocabulary character vector and the
metadata matrix containing document covariates. This step
resulted in a final sample of 5,652 opinions (2,753 on the EVs
dataset and 2,899 on the ICVs dataset).

The summary of the final sample comprising the distri-
bution of the Number of comments and percentage (%) are
given in Table 2. Summaries by vehicle models are presented
in Appendix C.

6Comfort, Interior design, Performance, Value formoney, Exterior styling,
Reliability for cars.com, Safety, Performance, Comfort, Value, Technology,
Interior, Reliability for edmunds.com.

7https://pypi.org/project/gender-guesser/
8gender_guesser relies on a database of names associated with likely

gendered usage, which may introduce errors due to unisex names, interna-
tional naming variations, and cultural differences. The tool does not predict
gender identities but rather binary gender associations (male/female), and
may misclassify names that are rare or ambiguous. We estimate that a small
percentage of names in our dataset fall into the ‘‘unknown’’ or ‘‘androgy-
nous’’ category, and these were excluded from gender-based comparisons
to minimize potential bias. The results should be interpreted as indicative
trends rather than definitive conclusions, with validation efforts presented in
Section V. Discussion / A. Research findings validation and detailed further
in Appendix L.

9Jeff Gentry’s Twitter package; NRC Emotion Lexicon; Syuzhet Package;
Bing lexicon; AFINN lexicon; VADER sentiment analysis library (Hutto &
Gilbert, 2014).
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TABLE 2. Final samples summary.

C. DATA ANALYSIS
1) EXTRACTING LATENT TOPICS
We employed the STM to extract latent topics (factors)
from the free-text responses. STM is an extended version
of the LDA (Latent Dirichlet Allocation) known for its
unsupervised learning-based text analysis framework [137],
which is commonly adopted in customer experience stud-
ies [37], [136], [138]. In STMmodels, the prevalence of topic
prevalence is formulated using generalized linear models
parameterized by document-specific covariates X(Y), which
include information ‘‘about the text’’ (metadata) [139].

In this process, we took the four steps. First, the basic STM
models were set up. The STM model’s internal parameters
were initialized using the spectral method and subsequently
fine-tuned through 200 expectation-maximization iterations.
STM requires a predefined number of topics, the selection
of which often involves a trade-off between model simplicity
and interpretability [138], [140]. A grid searchwas performed
over STM models ranging from 20 to 100 topics for each of
the two datasets to determine the optimal number of topics.
No precise criteria exist for selecting the best number of
topics to represent the textual data [122]. We adopted the
approach [138], [140] to identify the best STM model by
selecting the model with a combination of normalized aver-
age semantic coherence10 and exclusivity11 metrics closest to
a theoretically optimal one (with coherence and exclusivity
scores of 1). The best number of topics for the EVs dataset
is 30, and for ICVs, it is 40. The best number of topics for
both datasets is characterized by the highest semantic coher-
ence and exclusivity scores, which were above the average
of all analyzed models (the details of model selection see
Appendix D).
Second, for each sample dataset (EVs and ICVs) the

STM_1 model was created to generate the distribution of
topic-words (η), document-topic prevalence (θ), lists of key-
words based on Highest Probability, FREX, Lift, and Score
methods, and the set of opinions primarily associated with
each topic. Topical prevalence (θ ) in STM_1 model in the
STM_1 model indicates the extent to which a document
(opinion) is associated with a specific topic relative to the
presence of other topics within the same document [135].

10Semantic coherence is a measure of the internal coherence of topics and
highly correlates with human judgments of topic quality [135].

11Exclusivity measures the distinctness of topics by comparing the simi-
larity of word distributions of different topics [138].

This process yielded latent topics defined by (i) top-weighted
keywords and (ii) top-20 opinions mostly associated with
each topic based on the highest document-topic prevalence.
Third, the process of labeling topics was executed itera-

tively by three domain experts from the automobile market,
text analytics, and big data: (1) experts independently labeled
topics based on top-weighted keywords and deep reading of
20 of the most representative opinions for each topic from
the STM model. The inter-rater agreement was identified
between 0.58 (for the EVs) and 0.62 (for the ICVs); (2)
as this value indicates only a moderate level of agreement,
we implemented a pseudo-Delphi iterative procedure [141]
wherein: (i) experts identified the topics where disagree-
ments occurred; (ii) they jointly reviewed the representative
opinions for those topics to better understand the semantic
context; and

(iii) they engaged in structured discussions to clarify the
topic boundaries and refine the labels; (3) as a result of this
process, consensus was reached, and the finalized topic labels
and descriptions were aligned across experts [140]. Cohen’s
Kappa indicator was used to measure inter-coder reliability
for the topic labelling procedure. The identified Cohen’s
Kappa values varied: for the EVs-related topic labelling from
0.61 to 0.74; for the ICVs-related topic labelling from 0.65 to
0.76.
Fourth, during the topic labeling, experts also were asked

to validate topic semantic coherence based on the degree of
human interpretability of the topics identified by the selected
STM model. This validation process was conducted by mea-
suring the degree of topic coherence, which was expressed
on a scale of 0 to 1 and indicates the extent to which key-
words describing a topic are associated with a single semantic
meaning [142]. The topic semantic coherence degrees were
categorized as follows: (1) High coherence (0.8 to 1) – there
were sufficient keywords to formulate the topic label clearly,
and in each of the top 20 opinions, these keywords were
prominently present. (2) Moderate coherence (0.5 to 0.7) å
here were not enough keywords to formulate the topic label
solely from them, and reading the top 20 opinions provided
clarification of the topic’s meaning, with some keywords
present in each opinion. (3) Low coherence (0.2 to 0.4) –
insufficient keywords to formulate the topic label and read-
ing the top 20 opinions clarified the topic’s meaning, but
only in some opinions were individual keywords found. (4)
Poor coherence (0 to 0.1) – Insufficient keywords to for-
mulate the topic label and reading the top 20 opinions did
not clarify the topic’s meaning, as opinions were devoted to
various unrelated issues. The average human-validated topic
semantic coherencewas identified as follows: (1) for 30 EVs-
related topics, it is 0.678 (moderate), with a correlation of
0.867 between human- and STM model-provided measures;
(2) for 40 ICVs-related topics, it is 0.650 (moderate), with
a correlation of 0.919 between human- and STM model-
providedmeasures. Then, experts were asked to validate topic
exclusivity based on the assigned labels of the topics. The
validation criteria were as follows: (1) High exclusivity(0.8 to
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1) – Topics with a unique, exclusive meaning that do not
need to be combined with others; (2) Moderate exclusivity
(0.4 to 0.7) – topics that potentially can be grouped with other
topics having close meanings taking into account the problem
domain context. The topics with this level of exclusivity are
prime candidates for categorization in the next step of our
analysis (see the section below); (3) Low exclusivity (0 to 0.3)
– topics that can be merged with another topic(s) with similar
meaning. The average human-validated topic exclusivity was
identified as follows (1) for 30 EVs-related topics, it is 0.752
(high), with a correlation of 0.871 between human- and STM
model-provided measures; (2) for 40 ICVs-related topics,
it is 0.668 (moderate), with a correlation of 0.841 between
human- and STMmodel-providedmeasures. In both datasets,
no topics that would be recommended for merging (with
low exclusivity) were identified. Detailed information about
the results of human validation for topic semantic coherence
and exclusivity can be found in Appendix E. The general
agreement, measured by the correlation coefficient, between
human- and STM-generated topic exclusivity and semantic
coherence is higher for the ICVs-related dataset. Conversely,
the average values for both measures, as determined by
human validation and STM-generated results, are higher for
the EVs-related dataset.
Finally, for each latent topic, the total topic preva-

lence was determined as a metric reflecting the extent
to which the factors contributing to the vehicle cus-
tomers’ experience are discussed in the collected free-text
responses.

2) LATENT TOPICS CATEGORIZATION
At this step, we have achieved two tiers of categorization
for the identified topics for both EVs and ICVs datasets
separately.
First, we manually mapped the underlying topics with the

subcategories outlined in the extant literature on vehicle fea-
tures and categories of customer experience. Three indepen-
dent experts carried out this mapping process. To accomplish
this, we undertook the following steps: (1) A comprehensive
review of research literature pertaining to vehicle cus-
tomer experience subcategories was conducted. This involved
systematically documenting existing subcategories, with a
summarized compilation presented in Appendix F. (2) The
labels, descriptions, and the 20 most representative opinions
for each topic were meticulously examined and compared
against the subcategories list and description. The results
from the topic exclusivity validation step were incorporated
into the analysis. The resulting assigning was performed
based on similarities between hidden topics and established
subcategories. (3) In cases where a topic couldn’t be directly
linked to existing subcategories, new subcategories were
established. (4) Adopting a quasi-Delphi approach, experts
collaborated to reach a consensus on the categorization of
topics based on the refined mapping process. The identified
Cohen’s Kappa values to measure inter-coder reliability var-
ied: (1) for the EVs-related topic categorization from 0.63 to
0.71; for the ICVs-related topic categorization from 0.68 to
0.74. Table 3 presents the final list and description of subcat-
egories accepted in our research.

TABLE 3. The final list of vehicle customer experience subcategories.
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Second, We manually mapped the underlying topics with
two vehicle value categories from the customer/consumer
experience perspective – functional and non-functional –
introduced in Section II-B. This mapping procedure com-
prised four sequential steps applied in the previous catego-
rization step. Cohen’s Kappa values to measure inter-coder
reliability varied: (1) for the EVs-related topic categorization
from 0.65 to 0.70; for the ICVs-related topic categorization
from 0.66 to 0.69. Illustrative rules for assigning identified
topics to the two value types are provided in Table 4.

3) IDENTIFYING PATTERNS IN CUSTOMER EXPERIENCE
To demonstrate the advantages of computational text analyt-
ics in extracting actionable insights from free-text feedback
and to build a comprehensive picture of the factors and their
patterns that influence consumer perceptions of EVs and
ICVs, four types of customer experience patterns (CEP) will
be explored. First, we leveraged the STM model to incorpo-
rate metadata as covariates affecting topic prevalence. This
method enabled us to uncover patterns in the importance
of customer experience factors (topic prevalence or discus-
sion volume) across different levels of the following selected
covariates: customer satisfaction related to car purchase and
usage (CEP_1), years of review publication (CEP_2), and the
predicted gender of the author (CEP_3). Second, we applied
Principal Component Analysis to identify the core factors that
shape the consumer’s image of electric vehicles (CEP_4).

a: CUSTOMER EXPERIENCE FACTORS IMPORTANCE AND
CUSTOMER SATISFACTION ALIGNMENT
To understand the CEPs in alignment between customer
experience factors’ importance (measured by topic preva-
lence) and customer satisfaction (measured by sentiment
scores/overall reviewer ratings) in the context of car purchase
and usage to build practical recommendations for strength-
ening advantageous factors while addressing areas needing
urgent improvement. For this, the following approach was
adopted:
First, the sentiment score obtained for each opinion during

the preparation phase was normalized from 0 (most positive)
to 1 (most negative). The reviewer’s rating, which initially
ranged from 1 to 5, was also normalized from 0 (highest)
to 1 (lowest). Then, the correlation coefficient between the

normalized sentiment scores and rating indicators was cal-
culated separately for opinions within the EVs and ICVs
datasets, yielding a coefficient of 0.97 in both cases.12 This
high consistency validates the reviewers’ quantitative satis-
faction assessment, reflecting their experience and emotions.
As a result, the customer experience indicated by the Rating
was considered a representative measure of overall customer
satisfaction. To define the Average Rating for each topic, the
calculation involved averaging ratings from opinions where
the prevalence of that specific topic exceeded the overall
dataset’s average topic prevalence for the same topic. These
average ratings were also normalized from 0 to 1, where
1 represented the highest and zero the lowest average rating.
Second, for each dataset (EVs and ICVs), we designed

STM_2 models with Overall vehicle rating (1 to 5) as a
covariate. Including such a covariate in the STM_2 model
enables to estimate13 how the topic prevalence θRating in each
document (opinion) varies under the influence of the vehicle
rating assigned by the author of this opinion. The following
equation shows the relationship between the topic preva-
lence and Overall vehicle rating covariate: Prevalence_2 =

g (Overall vehicle rating), where the function g() is a gen-
eralized linear function. For each latent topic, the Total
Topic Prevalence TPRating across all opinions was normalized
from 0 to 1, with 1 representing the maximum topic preva-
lence.
Third, the Average Rating and the Total Topic Prevalence

for each topic were mapped on the plot, revealing four pri-
mary alignment patterns between the customer experience
factors’ importance (volume of discussion) and the level
of overall customer satisfaction in car purchase and usage:
(1) Advantages – topics showed a relatively high average
rating of the reviewed vehicle with a significant volume of
discussion; (2) Disadvantages – topics showed a relatively
low average reviewed vehicle ratingwith a significant volume
of discussion; (3) Opportunities – topics showed a relatively
high average reviewed vehicle rating, but a relatively low
volume of discussion; (4) Minor Issues – topics exhibited a
relatively low average reviewed vehicle rating but relatively
low discussion volume. The thresholds for the average rating

12Correlation coefficients Rating vs Sentiment (EVs and ICVs).
13https://www.rdocumentation.org/packages/stm/versions/1.3.6/topics/

estimateEffect

TABLE 4. Illustrative examples for assigning identified topics to the two value categories.
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and average topic prevalence for each of the four patterns
(dimensions in the scatterplot) were determined as follows:
(1) The average rating and total topic prevalence (the result
of the STM model with overall vehicle rating as a covariate)
for each topic were plotted on a scatterplot; (2) Critical factors
with borderline values in average rating and total topic preva-
lence were identified and eliminated from the chart; (3) The
minimal and maximal values of average rating and total topic
prevalence of the remaining factors were used to determine
the middle border to build four dimensions in the scatterplot.

b: LONGITUDINAL CUSTOMER EXPERIENCE FACTORS
IMPORTANCE AND CUSTOMER SATISFACTION ALIGNMENT
To understand the CEPs in longitudinal alignment between
customer experience factors importance (measured by topic
prevalence) and customer satisfaction (measured by overall
reviewer ratings), and to emphasize evidence-based insights
that encourage decision-makers to be vigilant in investigating
the reasons behind the escalating customer dissatisfaction
with certain factors, while also reinforcing best practices
related to aspects that lead to a progressive increase in cus-
tomer satisfaction over time. For this, the following approach
was implemented:
First, rating data was coded by assigning two main cate-

gories – Low (rating values from 0 to 3) and High (rating
values above 3).
Second, for each dataset (EVs and ICVs) the STM_3

models were designed, incorporating the customer’s Overall
vehicle rating and the Year of the comment as covariates. The
estimated effect14 of these two covariates was computed to
determine how the topic prevalence θR_Y in each document
(opinion) varies under the influence of the vehicle rating
assigned by the author of the opinion and the publication year
for this opinion. The following equation shows the relation-
ship between the topic prevalence and Overall vehicle rating
covariate: Prevalence_3 = g (Overall vehicle rating, Year).
For each latent topic, the Total Topic Prevalence TPR_Y across
all opinions was normalized from 0 to 1, with 1 representing
the maximum topic prevalence.
Third, four alignment patterns between customer expe-

rience factors’ year of publishing and the level of overall
customer satisfaction with car purchase and usage were iden-
tified [147]: (1) Growth in Customer Satisfaction – topics
showed a prevalence of opinions with high car ratings as
opposed to reviews with low car ratings, and there was a
positive trend in the volume of discussions related to these
topics over time; (2) Recession in Customer Satisfaction –
topics showed a prevalence of reviews with high car ratings
as opposed to reviews with low car ratings, and there was a
negative trend in the volume of discussions related to these
topics over time; (3) Growth in Customer Dissatisfaction –
topics showed a prevalence of reviews with low car ratings
as opposed to reviews with high car ratings, and there was a

14https://www.rdocumentation.org/packages/stm/versions/1.3.6/topics/
estimateEffect

positive trend in the volume of discussions related to these
topics over time; (4) Recession in Customer Dissatisfaction
– topics showed a prevalence of reviews with low car ratings
as opposed to reviews with high car ratings, and there was a
negative trend in the volume of discussions related to these
topics over time.

The slope of the regression, representing the ratio of esti-
mated topic prevalences between the final θR_Y (i + 1) and
initial time θR_Y (i) periods was used as a measure to unveil
the direction (less than or equal to 0 – recession, greater than 0
– growth) and rate of change (the higher – the faster). For
recession, we reversed the rate of change numbers to indicate
that an initial lower value means a faster recession in the topic
volume of discussion. The year of opinion publishing spans
from 2010 to 2022 for EVs, and from 2013 to 2022 for ICVs.

c: PREDICTED GENDER OF THE AUTHOR’S IMPACT ON
CUSTOMER EXPERIENCE FACTORS IMPORTANCE
To understand the CEPs in alignment between customer expe-
rience factors importance (measured by topic prevalence)
and customer gender (male and female) and to encourage
the advancement of a more user-centric approach in vehicle
manufacturing and customer service, the following approach
was utilized: for each dataset (EVs and ICVs) the STM_4
models were designed. Including Predicted Gender as a
covariate in the STM_4 model enables to estimate how the
topic prevalence θGender in each document (opinion) varies
under the influence of the vehicle reviewer’s Predicted Gen-
der. The following equation shows the relationship between
the topic prevalence and Overall vehicle rating covariate:
Prevalence _4= g (Predicted Gender). For each latent topic,
the Total Topic Prevalence (TPGender ) across all opinions was
normalized from 0 to 1, with 1 representing the maximum
topic prevalence. Factors that are more prevalent in females’
experiences than males’, and vice versa, were identified by
calculating the predictedGender Prevalence Score as a differ-
ence between estimated topic prevalence for covariate value
Male TPM and Female TPF .

d: COMPUTATIONAL RESOURCE MANAGEMENT
Efficient resource management was critical for handling
the iterative computations and large document-term matri-
ces required by STM. In the context of our study, dataset
sizes across models for electric vehicle customer opinions
remained consistent, with approximately 7.4 MB used for
document preprocessing and 238–251 MB required for STM
fitting, depending on model complexity. During STM fitting,
memory usage increased depending on model complexity:
STM_1: 238 MB; STM_2: 243 MB; STM_3: 247 MB;
STM_4: 251 MB. Processing times varied as well: STM_1:
57.60 seconds; STM_2: 56.05 seconds; STM_3: 54.56 sec-
onds; STM_4: 58.40 seconds

To optimize resource usage during STM computations,
we utilized built-in parallel processing features in R, such
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as options(mc.cores = detectCores()),15 which detects the
number of available cores and adjusts the modeling pro-
cess accordingly. Additionally, memory monitoring was
performed using object.size(out),16 which reports the mem-
ory size of data objects in R. Thesemeasures ensured efficient
resource allocation without requiring external optimization
techniques, such as LEOA [148], [149] or AEFA [150].

e: SHAPING THE CONSUMER’S IMAGE OF ELECTRIC
VEHICLES
To indicate the CEPs in customer experience factors shaping
the EVs image, Principal Component Analysis (PCA) was
employed. The notion of ‘‘brand image’’ is linked to the
attributes, features, and usage situations of a product/brand
that influence customers’ purchase intentions. In our case,
we utilized PCA to reduce the linear dimensionality of cus-
tomer experience factor datasets, allowing us to extract the
most significant features. PCA is also used in brand image
analysis to create a perceptual map, graphically depicting the
positioning of competing brands in the market based on key
parameters [151].

To implement the identification of the EVs image, the
following steps were undertaken:
First, we use 30 variables (latent topics – factors of

EVs customer experience), represented by the topic preva-
lence values for 2,753 free-text opinions. Each opinion was
complemented by metadata, specifying one of eight vehi-
cle models (BMW, Chevrolet, FIAT, Hyundai, KIA, Nissan,
Tesla, and Volkswagen) for which the review was written.

15detectCores.
16object.size.

To build the final input dataset, we calculated the geometric
average value of the topic prevalence for each vehicle model.
Second, we tested the PCA procedure’s feasibility by cal-

culating the correlation coefficient between the consumer
experience factor variables. High positive correlations were
observed for several variables17 (e.g., Maintenance/Overall
driving experience, Overall performance/Pricing, Super-
chargers/Safety features). Therefore, PCA was justified to
address potential multicollinearity.
Third, PCA tools from R studio18 were applied to the final

input dataset, followed by an analysis of the prevalence of
variance explained by each component. The relative impor-
tance of the first four principal components (PC) derived from
the PCA, retaining 82.10% of the data variance, with the first
two components alone explaining 49.6%.19 Samuels [204]
recommends retaining at least 50% of the explained vari-
ance with the chosen number of components. In this study,
we retained the first two principal components for further
interpretation of customer experience factors shaping the
EVs image.

A summary of the overall approach used in our research is
presented in Figure 1.

IV. FINDINGS
A. EMERGENT FACTORS (TOPICS) OF VEHICLES
CUSTOMERS PERCEPTIONS
This section answers RQ1: ‘‘What common and unique
factors (topics) of EVs and ICVs consumption define the
customer experience?’’.

17Correlation Coefficients.
18https://cran.r-project.org/web/packages/factoextra/index.html
19Relative importance.

FIGURE 1. Summary of our overall research approach.
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TABLE 5. Topics labelling results summary (EVs customer opinions).

1) ELECTRIC VEHICLES
During the analysis of the EVs customer opinions dataset,
30 topics were identified.20 Then these topics were grouped
into 14 subcategories (according to the categories introduced
in Table 4) and mapped into functional and non-functional
categories of vehicle values from a customer/consumer expe-
rience perspective. The Top-5 factors with the highest topic
prevalence (TP) are (1) Overall driving experience(TP =

12.6%). This factor focuses on how the driver feels when
driving the car; it answers the question of how the car
operates, whether it feels good to drive and whether the
control of the vehicle’s movement is adequate and responsive.

20The topics’ keywords wordclouds are presented in the supplemental
material: WordClouds_EV.

(2) Size factor (TP = 6.6%) indicates the car’s property
is small, making it easy to fit into small parking spaces.
It is followed by both (3) Fuel-cost savings and (4) Bat-
tery capacity (both by TP = 5.9%), which focus on the
amount of money saved on gas and issues with low battery
capacity, respectively; and (5) Charging issues (TP = 5.6%)
related to charging stations accessibility issues. Top-3 sub-
categories of EVs consumption are Charging infrastructure
(TP = 14.9%), Driving experience (TP = 12.6%) and Value
for money (TP = 12.0%). A summary of the latent topics,
characterised by (i) topic label; (ii) topic prevalence (%); (iii)
topic exclusivity and semantic coherence; (iv) topic subcate-
gory; and (v) topic category (functional and non-functional
vehicle values) are presented in Table 5. Description of
identified factors of EVs customer experience and exam-
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ples of the most representative opinions are provided in
Appendix G.

Regarding EVs values from a customer experience per-
spective, Functional values factors are mentioned more
frequently (TP = 57.70%) than Non-functional ones (TP =

42.60%). At the same time, the category Functional and
Non-functional values categories are represented equally by
15 factors. The most popular Functional values are Size(TP=

6.60%) and Battery capacity(TP = 5.90%), while the most
popular Non-functional values are Overall driving experi-
ence (TP = 12.60%) and Technical Service(TP = 4.00%).
Surprisingly, factors related to sustainable electric mobility
and Environmental impact [152], [153], such as Ecology,
associated with zero-emission or zero tailpipe emission,
and Quietness, contributing to reducing noise pollution, are
ranked low among the most frequently mentioned factors,
with a total proportion (TP) of only 2.80%. This may suggest
that consumers inherently view EV vehicles as sustainable
and environmentally friendly ‘‘by design’’ [154]. A compari-
son of the distribution (%) of the prevalence of factors (topics)
relating to the functional and non-functional values of EVs is
presented in Appendix H.1.

2) INTERNAL COMBUSTED VEHICLES
As a result of the analysis of the ICVs customer opin-
ions dataset, 40 topics were identified.21 Then these top-

21The topics’ keywords wordclouds are presented in the supplemental
material: WordClouds _ICVs.

ics were grouped into 12 subcategories and mapped into
functional and non-functional categories of vehicle values
from a customer/consumer experience perspective. Top-
3 factors mentioned in free-text feedback are (1) Gas
mileage(TP = 10.10%); (2) Looks(TP = 9.30%); and (3)
Overall driving experience (TP = 7.10%). Top-3 sub-
categories of ICVs consumption are Driving experience
(TP = 16.80%), Design(TP = 13.60%) and Reliabil-
ity(TP = 12.40%). Figure 2 compares the distribution
of topic prevalence (TP, %) for factors related to cus-
tomer experience subcategories between EV and ICV
vehicles.

Regarding ICVs values from a customer/consumer experi-
ence perspective, Functional values take up 43.00%, while
Non-functional ones 56.9%, which emphasizes the oppo-
site trend identified for EVs (see Appendix H.2). At the
same time, the Functional values category is represented by
17 factors (42.50% of factors number), while Non-functional
values category – by 23 factors (57.50% of factors num-
ber). The most popular Functional values are Gas mileage
(TP= 10.10%) and Electronics(TP= 3.50%), while the most
popular Non-functional values are Looks(TP = 9.30%) and
Overall driving experience (TP = 7.10%). Factors related to
Environmental impact, such asGas mileage andHighway gas
mileage, rank fourth among the most frequently mentioned
considerations (12.10%), occurring four times more often
than mentions of electric vehicles. Although these factors are
often associated with smooth driving and economical opera-

FIGURE 2. Distribution of customers’ experience subcategories prevalence (%) for EVs and ICVs.
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tion experience, these consumer preferences underscore the
importance of enhancing fuel efficiency and enacting robust
policies to support reducing emissions and sustainable road
transportation [155], [156].

A summary of the latent topics is presented in
Table 6. A description of identified factors of ICVs
customer experience and examples of the

most representative opinions are provided in
Appendix I.

B. ALIGNING CUSTOMER EXPERIENCE WITH CUSTOMER
SATISFACTION
To explore: ‘‘How do factors of the customer experience align
with the overall satisfaction with the EVs and ICVs purchase

TABLE 6. Topics labelling results summary (ICVs customer opinions).
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and consumption?‘‘(RQ2), the Average Rating and Total
Topic Prevalence for each identified factor were analyzed and
visualized using scatterplots. This approach enabled the iden-
tification of patterns (CEP_1) in customer experience factors
across varying levels of satisfaction, providing insights into
consumer priorities and concerns.

For EVs, two critical factors (outliers) were observed.22

The first pertains to the Overall Driving Experience factor,
which can be categorized under the main Advantages pattern
and refers to customer feeling when driving a EVs. This
factor is represented by opinions featuring a high average
rating for the reviewed vehicle and a substantial volume of
discussion. The second critical factor concerns the Technical
service aspect, marked by a notably negative opinion (low
average rating). However, this aspect is not as frequently
mentioned in customer opinions and primarily encompasses
individual instances of critical customer service situations at
dealerships. This could be classified within the Minor Issues
pattern.

Figure 3 presents the conclusive outcomes of aligning
the remaining EVs customer experience factors importance
(measured by Total Topic Prevalence) with customer satisfac-
tion (measured by Average Rating). The scatterplot visualizes
non-functional categories of factors with dots and functional
categories with squared markers.

Customers most appreciate such advantages EVs as vehi-
cle Size, Speed, Spaciousness, and the potential for Fuel-
cost savings. Battery capacity issues for long road trips,

22Patterns in customer experience (CEP_1) with outliers.

in combination with ‘‘spotty charging infrastructure’’, are
prominently discussed as a key disadvantage. Customers
perceive opportunities for success in the vehicle market
through aspects including carMaintenance, Quality, Pricing
policy, Supercharges, Comparisons with other care han-
dling, Safety features, and Software updates. It is positive
news that Environmental impact factors, such as Ecology
and Quietness, aim to support the transition toward sus-
tainable electric mobility [157], [158] are also perceived
as EVs opportunities. The minor issues encompass Manu-
facturing defects, Customer service, Design, Steering wheel
functionalities, Build quality, Dead Battery and General
concerns.

The results of mapping the average rating and total topic
prevalence, which characterize the experience of ICVs cus-
tomers, are presented in Figure 4. Factors identified as
outliers based on discussion volume and user satisfaction
levels are as follows23: primarily, high Gas mileage related
to improving energy efficiency and environmental impact,
along with car aesthetics (Looks), Driving experience, and
Handling. These factors are perceived by customers as
the primary advantages of ICVs. Most Minor ICVs issues
encompass the Electronics, Transmission, and Engine fac-
tors. These aspects are characterized by both a low frequency
of mention in customer opinions and the lowest levels of cus-
tomer satisfaction. Upon examining the patterns within the
remaining factors, the following insights emerged. Customers

23The details of mapping the average rating and total topic prevalencewith
outliers are presented in the Patterns in customer experience (CEP_1) with
outliers.

FIGURE 3. Alignment between EVs customer experience factors and customer satisfaction.
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FIGURE 4. Alignment between ICVs customer experience factors and customer satisfaction.

highly value the advantages associated with ICVs, such as
Reliability, Size, Package types, Value for the money, and
Legroom. Seat features are the primary disadvantage, while
the Fun factor of the driving process may lean more towards
being a neutral factor. Customers recognize the potential
for success in the vehicle market through aspects including
Test drives,Highway gas mileage, Purchase experiences, and
SUVs. The most populated category is minor issues, which
encompasses factors like Lighting, Brand opinion, Purchase
worthiness, Trunk, and Sound system.

C. LONGITUDINAL ALIGNMENT OF CUSTOMER
EXPERIENCE FACTORS & CUSTOMER SATISFACTION
The results of identifying patterns in customer experience
over time (CEP_2) are presented in Figure 5.24 These findings
shed light on the longitudinal alignment between EVs and
ICVs customer experience factors’ importance and customer
satisfaction, addressing RQ3: ‘‘How do patterns in identified
EVs and ICVs customer experience factors vary across review
dates?’’

According to our methodology, the regression slope allows
us to estimate the relative Rate of change in the importance of
a topic over time, indicating a recession (less than or equal to
0) or growth (greater than 0) in customer interest in this topic.
Additionally, groups of factors associated with low ratings
(below 3) and high ratings (above 3) are categorized as fac-
tors associated with customer dissatisfaction or satisfaction,
respectively.

24The details of longitudinal analysis of the relationship between EVs/
ICVs and customer experience factors and customer satisfaction (rating) are
presented in the Longitudinal analysis.

The largest proportion of the discussion is occupied by
the alignment pattern of growth in customer satisfaction
(TP = 42.0% for EVs and TP = 54.9% for ICVs). The
greatest growth in this category is observed for the topic of
categoriesQuality (Overall quality), followed by a large mar-
gin for Charging infrastructure(Superchargers) and Safety
(Safety features) for EVs. Respectively, for ICVs, Design
(Looks), Reliability(Overall reliability), and Driving experi-
ence (Handling) are characterized by the highest growth in
the positive interest of users. The most frequent categories
in the growth in customer satisfaction pattern group for ICVs
areDriving experience, Design and Specification. In contrast,
electric vehicle categories display uniform distribution within
the customer satisfaction growth group on the other hand
highlighting the diverse and evolving priorities of consumers
toward emerging technologies.

However, a significant proportion of customer experience
is also associated with some recession in interest in factors
inherently associated with customer satisfaction. For EVs,
the TP of such factors is 30.3%, and for ICVs, it is 20.7%.
The most rapid decline in satisfaction among EV-related
categories is observed in Value for Money (Financing). This
category contains various aspects such as leasing options,
credit availability, incentives, and government rebates, all
of which influence the affordability of purchasing electric
vehicles. The Environmental impact (Ecology) category is
also on this list. This can be attributed to initial optimism
related to zero-emission and the positive impact of electric
vehicles on climate change culture and sustainable electric
mobility, which in recent years has given way to concerns
over socio-environmental issues related to lithium-ion battery
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FIGURE 5. The rate of change in customer experience factors over the review’s dates of publishing.

production, social equity challenges, and the increased strain
on grid infrastructure energy [156], [157], [159]. For ICVs,
the positive acceptance of such categories of consumer expe-
rience as Buying experience (Comparison Shopping Engines
and After-purchase experience), and Performance (Perfor-
mance in different conditions) also cease to be as relevant. The
primary categories showing a decline in customer satisfaction
for EVs are Performance, Environmental impact and Value
of money. For ICVs, the prevalent categories also include
Performance and Value for Money, with Buying Experience
additionally highlighted.

Regarding factors related to customers dissatisfaction,
the share of such factors with a recession in the degree
of discussion (TP = 16.9%) for EVs is higher than the
share of issues in which user interest is still increas-
ing(TP = 10.8%). Key areas raising concern among EV
customers include Desing (Overall design), Communication
technologies (Steering wheel functionalities), and Quality
(Build quality). For ICVs, rising concerns focus on Safety
(General safety and Lighting), Reliability (Engine issues),
and Value of money (Purchase worthiness) with a share
of 12.0%.

Meanwhile, issues primarily related to Charging infras-
tructure (Battery capacity and Charging) and Buying Expe-
rience (Technical Service) for EVs appear to have seen
improvement, supporting a smoother adoption of EVs. Simi-
larly, concerns around Reliability, Communication technolo-
gies, and Performance for ICVs have shown a decrease in
customer dissatisfaction over time.

D. PREVALENT CUSTOMER EXPERIENCE FACTORS
AMONG CUSTOMER’S GENDER
Answering RQ4: ‘‘How do patterns in identified EVs and
ICVs customer experience factors vary across predicted
author gender?‘‘, the study revealed significant diversity in
the experience patterns of customers of different genders
(CEP_3). Figure 6 shows the predicted Gender Prevalence
Score of factors (topics) in the experience of males and
females depending on the identified (predicted) gender of the
reviewer (by name).

For EVs, it appears that male customers primarily
engage in discussions around Charging infrastructure (par-
ticularly Supercharger aspects specific to Tesla vehicles).
They also show heightened interest in Reliability fac-

72690 VOLUME 13, 2025

D
o

w
nl

o
ad

ed
 f

ro
m

 m
o

st
w

ie
d

zy
.p

l

http://mostwiedzy.pl


N. Rizun, B. Duzinkewicz: Decoding Customer Experience: A Comparative Analysis of Electric and ICVs

tors (such as Maintenance and Manufacturing defects)
and focus significantly on Design, Quality, and Com-
munication technologies. Environmental impact aspects
of EVs also tend to be a male-dominated discussion
topic.
Females are more likely to focus on EV-related aspects

around Comfort (e.g., Spaciousness) and concerns regarding
Charging infrastructure(e.g., Charging and Battery capac-
ity). Other relevant factors for women include discussions on
Value for money (e.g., Financing and Fuel-cost savings) and
Safety features (Figure 6, a).

In the case of ICVs customer experience, female reviewers
express a strong interest in the vehicle’sDesign (Looks), with
this factor significantly outweighing all others in importance.
After excluding this outlier, other frequently mentioned
factors among female consumers include Reliability and,
specific to EV female customers, Comfort (e.g., Legroom and
Seats), Specifications (Size), and additional aspects ofDesign
(e.g., Colour).
Notably, the Environmental impact factor related to High-

way gasmileage also tends to be amale-dominated discussion
topic for ICVs. Additionally, males are more inclined to
discuss Driving experience (e.g., Fun factor), Communica-
tion technologies (e.g., Sound system), Performance (e.g.,
City/highway performance, Speed, and Performance in var-
ious conditions), and Specifications (e.g., Package types)
(Figure 6, b).

E. SHAPING THE CONSUMER’S IMAGE OF ELECTRIC
VEHICLES
To find the answer to RQ5: ‘‘Which customer service qual-
ity factors shape the image of electric vehicles conquering
the automotive market?‘‘, a perceptual map was constructed
illustrating the image structure of each of the eight selected
electric vehicle models, as derived from customer experience
expressed in free-text opinions (Figure 7).
Appendix J provides the factor loadings of customer expe-

rience topics for the two principle dimensions, aiding in
understanding the significance and impact of each variable
within each main component, while the vehicle models are
plotted according to the loadings shown in Appendix K. For
interpretative purposes, the principle components have been
named based on the topic labels with the highest load values.
Accordingly, PC1 was designated ‘‘Capacity & Size’’ and
PC2 was labelled ‘‘Financing & Size’’

Perceptual map shows that consumers strongly associate
the brand Tesla with eight main factors Speed, Ecology,
Presentation, Overall performance, Superchargers, Manu-
facturing defects, Technical service and Overall driving
experience. The image of BMW is highly associated only
with Quietness, while Chevrolet is associated with the driv-
ing Range factor. FIAT in customer experience has strong
associations with Financing, Maintenance, Size, Fuel-cost
savings and Traffic performance. Nissan is positioned as
a brand associated with Transition experience, Fuel-cost

FIGURE 6. Alignment between customer experience factors and customer’s gender (predicted Gender Prevalence Score).
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FIGURE 7. Two-dimensional perceptual map of EVs images.

savings, and Maintenance and Size. Hyundai is primarily
associated with experience related to Spaciousness and Com-
parisons with other models. KIA’s image is connected with
affordable Pricing policy and Steering-wheel functionalities
discussions. And Volkswagen model image contains Overall
quality, Safety features, Overall design and Dead battery
issues.

V. DISCUSSION
Our analysis identifies several common and unique fac-
tors shaping customer experiences in EVs and ICVs(RQ1),
offering insights that both reflect and expand upon existing
literature in several key ways:

- common and unique factors: Both EVs and ICVs share
most sub-categories in consumer discussions. However,
unique to EVs are factors like Charging Infrastructure
[160], [161] and Build Quality, highlighting the distinct
considerations brought about by EVs’ technological and
infrastructural demands;

- customer focus variations: There are notable differences
in the focus of customer discussions. Environmental
impact, Design and Reliability factors are more fre-
quently emphasized by ICV consumers, consistent with
[162]. Conversely, EV customers show a stronger focus

on categories like Driving Experience, Performance,
Specifications, and Value for Money [47];

- functional vs. emotional values: The greater importance
of functional values for EV customers could stem from
the relative novelty and perceived risk associated with
electric vehicles. Consumers tend to scrutinize the tan-
gible benefits and trade-offs of adopting EVs to assess
alignment with their traditional driving habits. This
behavior aligns with perceived value theory, which sug-
gests that functional value is prioritized when evaluating
new or less familiar products [55]. In contrast, ICV con-
sumers – who are more familiar with the technology –
are more inclined to emphasize emotional and subjective
factors, such as comfort, nostalgia, and symbolic attach-
ment, reflecting non-functional value dimensions. This
contrast is consistent with existing consumer behavior
literature on product maturity, emotional attachment,
and risk perception [163];

- shared functional & emotional factors: Among the
shared functional factors for both EVs and ICVs,
Safety Features, Size, Speed, and Pricing Policy
[123] were consistently identified. However, the emo-
tional factors differ more markedly between the two
vehicle types, with commonalities limited to Over-
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all Driving Experience, Overall Design, and General
Opinion;

- environmental impact comparisons: Discussions around
environmental impact differ significantly between EVs
and ICVs. EV-related sustainability features such as
zero-emissions (Ecology) and noise reduction (Quiet-
ness) are less frequently discussed, potentially reflecting
consumer assumptions that these attributes are inherent
to EVs [158]. On the other hand, ICV consumers priori-
tize fuel efficiency-related factors like Gas Mileage and
Highway Gas Mileage. This finding points to an oppor-
tunity for policymakers to enhance awareness of EVs’
unique environmental benefits while reinforcing support
for low-emission transportation policies, as emphasized
in prior studies.

Our study reveals several patterns in customer experience
factors that align with the overall satisfaction of EV and ICV
consumers(RQ2), expanding upon the findings of previous
studies:

- understanding primary advantages: ICV customers
demonstrate a more established understanding of
key benefits, including improved fuel efficiency (gas
mileage), car appearance, driving experience, and han-
dling. These factors consistently emerge as the most
positively perceived attributes. Conversely, EV cus-
tomers are most engaged and satisfied with the overall
driving experience. However, other aspects of EVs do
not garner unanimous positive consensus, reflecting a
nuanced evaluation process;

- identifying significant disadvantages: EV customers
predominantly highlightCharging Infrastructure issues,
such as low battery capacity and limited accessibility
to charging stations, as significant drawbacks [2], [47],
[130], [161].Meanwhile, ICV customers focus their crit-
icism on seat comfort issues, particularly seat heating,
which stands out as the most frequently and negatively
discussed topic;

- functional and non-functional values: EV customers
value functional advantages such as speed, spaciousness
[43], and fuel-cost savings. In contrast, ICV customers
prioritize basic functional features like vehicle size
(especially for urban settings), packaging options, and
legroom. Furthermore, non-functional aspects such as
reliability, subjective perceptions of value for money,
and driving fun are emphasized by ICV customers as key
advantages;

- market success opportunities: For EVs, promising fac-
tors include the perception of ‘‘zero maintenance’’
requirements, high interior quality, luxurious designs,
and functional features such as equalization of prices
[159] across dealers, access to superchargers (not lim-
ited to Tesla owners), enhanced safety features (e.g.,
lane-keeping/line assist), and regular software updates.
For ICVs, market success is more tied to improving
non-functional customer experiences, such as test-drive
satisfaction (comfort and handling) and purchase expe-

rience (perceived value regardless of cost). Optimizing
functional features like highway gas mileage and safety
features (lane-keeping and cruise control) can further
solidify ICVs’ appeal.

Our research explores how customer experience pat-
terns for EVs and ICVs evolve over time (RQ3), offer-
ing critical insights into changing perceptions and pri-
orities. For EVs, longitudinal patterns reveal several
trends:

- disadvantages: Battery capacity remains a notable con-
cern, but the frequency of dissatisfaction expressed by
customers has shown a gradual decline over time. This
suggests that industry efforts to address this issue, such
as improving battery technology, yield results;

- advantages: While Spaciousness is the only factor with
a notable increase in customer interest and satisfaction
over time, other well-regarded factors such as Size,
Fuel-cost savings [164], and Speed have experienced
a relative decline in positive evaluation or customer
attention in recent years;

- opportunities: Factors categorized as opportunities, such
as Overall Quality, Pricing, Supercharges, Safety, and
Software updates, are being increasingly discussed over
time. This upward trend indicates that decision-makers
should prioritize enhancing and sustaining these features
to meet customer expectations.

For ICVs, the longitudinal patterns display similar and
divergent trends:

- advantages: most factors, except Value for money, that
are associated with positive qualities distinguishing cars
in the eyes of customers, maintain their positive reputa-
tion throughout the analyzed years and are characterized
by increasing attention and approval from customers;

- disadvantages: While Seats remain the most negatively
discussed factor, the frequency of these complaints has
been gradually decreasing, reflecting improvements in
addressing this issue;

- opportunities: Promising attributes such as Test Drives,
Highway Gas Mileage, and Purchase Experiences are
facing a reduction in customer focus, which may imply
missed opportunities for enhancing satisfaction.

- minor issues: Issues such as Engine, Brand, Purchase
Worthiness, Lighting, Sound System, and Trunk have
seen an increase in negative discussions. Addressing
these aspects may be critical to maintaining customer
satisfaction and brand reputation.

These evolving patterns underscore the dynamic nature
of customer expectations and provide actionable insights for
the automotive industry to improve customer satisfaction and
competitive positioning.

The summary of the identified patterns (CEP_1 -
CEP_3) is visually represented in Figure 8, captur-
ing the longitudinal trends across the EV and ICV
segments.

Our analysis highlights how customer experience patterns
for EVs and ICVs differ across predicted author genders
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(RQ4), revealing gender-specific preferences and priorities
that shape discussions. For EVs, gender differences are pro-
nounced:

- male customers: Discussions among male reviewers
frequently emphasize factors such as Superchargers,
Design elements, Maintenance, Build Quality, andMan-
ufacturing Defects. Male reviewers also show a notable
interest in Environmental impact, often expressing sat-
isfaction with the sustainability benefits of EVs. Com-
ments highlight the appeal of zero emissions, clean
air, and the quiet driving experience, reinforcing that
men are likelier to associate their purchase decisions
with environmental motivations. This aligns with prior
research indicating that men self-report greater knowl-
edge about ultra-low emission vehicles and public
charging points [165];

- female customers: Female reviewers are more likely
to prioritize factors such as Spaciousness, Charging
infrastructure, Safety features, Battery capacity. These
preferences suggest a focus on practical, safety-oriented,
and functional aspects of EV ownership, complementing
and reinforcing previous findings [35].

For ICVs, the gender-specific patterns diverge further:

- female customers: Female reviewers emphasise aes-
thetic factors as vehicle Looks alongside practical
considerations such as Reliability and Legroom. These
preferences highlight the importance of comfort and
visual appeal in shaping their overall customer experi-
ence;

- male customers: Male reviewers frequently discuss
aspects such as Fun Factor, Sound System, and
City/Highway Performance. Their focus on these factors

FIGURE 8. Summary of patterns in EVs and ICVs customer experience.
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TABLE 7. Literature review of EVs integration.
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TABLE 7. (Continued.) Literature review of EVs integration.
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TABLE 7. (Continued.) Literature review of EVs integration.
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TABLE 7. (Continued.) Literature review of EVs integration.
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TABLE 7. (Continued.) Literature review of EVs integration.
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TABLE 7. (Continued.) Literature review of EVs integration.
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TABLE 7. (Continued.) Literature review of EVs integration.

TABLE 8. Vehicle segmentation chosen for study.

underscores a tendency to prioritize enjoyment and per-
formance in ICV ownership.

- common ground: Factors likeDriving Experience, Com-
parison Shopping Engines, and After-Purchase Experi-
ence receive similar levels of attention across genders,
suggesting areas of shared interest.

Interestingly, the Environmental impact factor pertains to
ICVs (e.g., improving gas mileage), remains predominantly
discussed by male reviewers, mirroring their environmentally
driven considerations for EVs. Furthermore, the proportion of
issues discussed by women regarding EVs (46.67%) is signif-
icantly higher than for ICVs (38.46%), aligning with findings
that highlight gender differences in automotive preferences
and priorities.

Finally, our analysis reveals the customer service quality
factors shaping the perception of electric vehicle brands in
the automotive market (RQ5), providing valuable insights
into brand differentiation and consumer expectations. Tesla
is uniquely associated with eight principal factors: Speed,
Ecology, Presentation, Overall Performance, Superchargers,
Manufacturing Defects, Technical Service, and Overall Driv-

ing Experience. These factors align closely with Tesla’s
official statements,25,26 reinforcing its brand identity as a
leader in innovation and performance in the EV market.

In contrast, other brands demonstrate distinctive associ-
ations with specific factors: BMW is primarily linked to
Quietness, emphasizing its focus on creating a serene and
premium driving experience; Chevrolet stands out for its
association with Driving Range, highlighting a critical con-
sideration for customers prioritizing longer-distance capa-
bilities; FIAT is connected with a diverse range of factors,
including Financing, Maintenance, Size, Fuel-Cost Savings,
and Traffic Performance, suggesting a value-oriented appeal;
Nissan is noted for its Transition Experience, along with
Maintenance, Size, and Fuel-Cost Savings, reflecting a focus
on providing a smooth shift to EV ownership;Hyundai is rec-
ognized for Spaciousness andModel Comparisons, appealing
to customers seeking versatility and informed decision-

25https://www.businessinsider.com/tesla-owners-reveal-cars-pros-cons-
features-elon-musk-2023-2?IR=T

26https://escalent.co/blog/would-tesla-be-better-off-without-elon-musk-
some-electric-vehicle-shoppers-think-so/
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TABLE 9. Sample summary by models.

TABLE 10. Best STM model selection (EVS).

making; KIA is linked to Affordable Pricing Policy and
Steering-Wheel Features, emphasizing cost-effectiveness and
user-friendly design; Volkswagen is distinguished by Overall
Quality, Safety, Design, and Dead Battery Issues, showcasing
a blend of premium design and practical concerns.

A perceptual map of consumer perceptions reveals four
distinct clusters of electric vehicle brands: Tesla stands alone,
distinctly separate from all other brands, reflecting its unique
positioning in the EV market (cluster 1); FIAT and Nissan
form their cluster, sharing several overlapping features such

as Maintenance, Size, and Fuel-Cost Savings, indicating a
competitive dynamic (cluster 2BMW occupies its cluster,
characterized by its focus on Quietness and a distinct pre-
mium positioning (cluster 3); Chevrolet, Hyundai, KIA, and
Volkswagen form a broader cluster, with shared attributes
like affordability, practicality, and varied customer priorities
(cluster 4).

A. RESEARCH FINDINGS VALIDATION
To validate our findings on the main drivers of customer
transition to EVs, we compared the key factors identified in
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TABLE 11. Best STM model selection (ICVs).

FIGURE 9. The results of topic semantic coherence and exclusivity human validation (EVS).

our study with insights from surveys and research on EV
attitudes across multiple markets. This comparison aimed
to confirm that our findings reflect genuine consumer con-
cerns and are not skewed by data collection or analysis
biases. Ten relevant case studies, including large-scale sur-
veys and industry analyses, were used for this validation,
and consumer concerns highlighted in each were system-
atically compared with our findings (see Appendix L for
a summary).

In the US, sources such as the Potential Energy Coali-
tion and Pew Research Center emphasize affordable upfront
costs, driving range, climate impact, and public charg-
ing accessibility as major factors for EVs adoption [166],
[167] This aligns with our Pricing, Driving Range, and
Environmental Impact findings. However, factors like local
job creation and energy independence highlighted in the

National Travel Attitudes Study were not identified as pri-
mary concerns in our data [160], [165], [167]. In Europe,
the McKinsey Mobility Consumer Pulse Survey [168]
highlights battery range, purchase price, and accessi-
ble charging infrastructure as consumers’ concerns, all
well-matched with our factors. However, considerations like
battery decommissioning in Europe suggest further areas of
exploration. In the Polish market, where EV adoption is
emerging, practical incentives like free parking zones are
critical [169].

For Generation Z in Europe, survey data points to function-
ality, quietness, comfort, and futuristic technology, captured
in our study under quietness, steering wheel functionalities,
spaciousness, and pricing [158]. In Australia, Canada, and the
US, the Compare the Market Survey [170], [171] highlights
battery life, replacement costs, driving range, and charging
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FIGURE 10. The results of topic semantic coherence and exclusivity human validation (ICVs).

TABLE 12. The summary of vehicle of customers experience categories.

times, aligning with our factors such as battery capacity, dead
battery, and charging infrastructure, with an additional focus
on consumer understanding (literacy) of technology among
certain demographics.

This validation aligns the majority of our findings with
broader consumer insights, reinforcing their relevance across
regions and demographics. Some discrepancies in the insights
arise from the nature of text-based research, where the-

ory is developed inductively from data, rather than through
the hypothetical-deductive reasoning commonly used in IS
research [136]. This inductive approach allows for the emer-
gence of novel perspectives that may not surface in traditional
survey-based studies. As a result, it broadens our understand-
ing of the factors influencing both the adoption of electric
vehicles (EVs) and continued loyalty to internal combustion
vehicles (ICVs).
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TABLE 13. Factors of the customer experience of electric vehicles with examples of the most representative comments.
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TABLE 13. (Continued.) Factors of the customer experience of electric vehicles with examples of the most representative comments.
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TABLE 13. (Continued.) Factors of the customer experience of electric vehicles with examples of the most representative comments.

FIGURE 11. Distribution of the prevalence (%) of the topics (factors) relating to the functional and non-functional values of vehicles.

VI. CONCLUSION
This study aimed to increase our understanding of factors
that shape the EVs’ and ICVs’ customer experience based on
their online reviews collected from two American automotive
websites. We employed STM to extract core factors defining
customer experiences with EVs and ICVs. This approach
revealed 30 factors (topics) for EVs customers, organized
into 14 subcategories, and 40 factors for ICVs customers,
organized into 12 subcategories. STM method was further
enhanced by incorporating metadata as covariates, such as
satisfaction levels (rating); review publication years; and the
predicted gender of the authors, to identify patterns across

different customer experiences. PCA was applied to identify
the factors shaping consumers’ images of electric vehicles.

A. THEORETICAL CONTRIBUTION
Our research contributes to the existing theoretical lit-
erature in the field of computational text analytics by
expanding the understanding of the power of these meth-
ods to identify patterns that drive consumer perception as
follows:

27https://www.statista.com/forecasts/997119/purchase-criteria-for-cars-
in-the-us
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TABLE 14. Factors of the customer experience of internal combustion vehicles with examples of the most representative comments.
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TABLE 14. (Continued.) Factors of the customer experience of internal combustion vehicles with examples of the most representative comments.
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TABLE 14. (Continued.) Factors of the customer experience of internal combustion vehicles with examples of the most representative comments.

(1) Ensuring control and quality assurance of the process
of analyzing vehicles’ consumer opinions using STM:

1.1. Proposing an approach for human (experts) validation
of the quality of topics generated by STM by introducing and
providing quantitativemeasures of human-verified coherence
and exclusivity.

1.2. Comprehensive implementation of a multi-step pro-
cess for evaluating the quality of topic labels derived from
human interpretation. This approach ensures the quality
of research insights and mitigates biases of subjectivity in
human labeling, which is often cited as a primary limitation
of topic modeling approaches [138].
(2) Building the framework of factors that influence

consumer perception of Electric Vehicles and Internal Com-
bustion Vehicles:

2.1. Developing a contextualized taxonomy of subcate-
gories describing consumer experience factors. Unlike prior
studies that use k-means, hierarchical clustering [132], [133],
PCA [118], CONCOR [47], or Deep Learning [54] for group-
ing topics by semantic similarity, our taxonomy aligns with
established categories from domain-specific literature and
industry sources (Table 3) and is further enriched by cate-
gories identified in our study.

2.2. Introducing the contextualized typology of vehi-
cle values– functional and non-functional – from the
vehicles’ customer/consumer experience perspective and
defining the rules for assigning consumer experience
factors to them. This typology helps structure analysis
and highlights value differences across vehicle types and
brands.

(3) Constructing a comprehensive overview of patterns
characterizing consumer perceptions of Electric Vehicles and
Internal Combustion Vehicles:

3.1. Validation of sentiment analysis was conducted by
assessing its consistency (high correlation) with consumers’
overall ratings. High consistency suggests that overall ratings
can be used as (i) an indicator of consumer satisfaction and
(ii) a validation tool for sentiment analysis results. Exist-
ing studies often rely on general lexicons (e.g., Vader [46],
[118], [120])) or supervised machine learning techniques
(e.g., SVM, Logistic Regression, Random Forest) for sen-
timent analysis, specifically trained on vehicle-related data
( [35], [48], [50], [52], [118], [120], [134]). Our findings
are particularly valuable given the challenges in accurately
assessing sentiment due to language nuances like sarcasm,
idioms, and context-dependent meanings that sentiment anal-
ysis tools may overlook [48].

3.2. Introducing a new approach to prioritizing factors in
consumer experience by considering two dimensions: factor
importance (measured by discussion volume) and satisfac-
tion level (linked to ratings and sentiment). Unlike previous
studies, which often rank factors based on prevalence alone
(e.g., [113], [172]), or sentiment alone (e.g., ([2], [35], [38],
[45], [47], [49], [50], [112], [113], [118], [123], [130]),), our
approach uses STM, allowing us to account for ratings and
publication dates in analyzing topic prevalence. This method
captures a fuller view of consumer preferences, organizing
vehicle perception factors into four main groups and offer-
ing actionable insights to enhance strengths and address key
improvement areas.

3.3. Introducing an approach for evaluating temporal
changes in consumer experience by considering two dimen-
sions: factor importance and satisfaction level. Unlike exist-
ing studies that primarily focus on topic prevalence dynamics
or sentiment trends (e.g., [2], [49], [114], [120], [128]), our
method categorizes consumer perception factors into four
main trend-based groups over time.

B. PRACTICAL IMPLICATIONS
Our research provides significant technical implications for
industry stakeholders, including automotive companies, mar-
ket analysts, and customer service teams. These insights can
improve sentiment analysis, customer feedback systems, and
predictive modeling to boost product offerings and customer
satisfaction in the automotive sector, namely:

(1) The approach for identifying patterns in temporal
changes in customer experience serves as a dynamic tool to
track shifts in consumer preferences and satisfaction. These
patterns can train machine learning models for trend fore-
casting, helping predict consumer adoption patterns in the
automotive market. Such predictive models can guide mar-
keting strategies, product development, and customer service
improvements by anticipating how changes in vehicle fea-
tures or services impact consumer sentiment.

(2) The approach for prioritizing factors based on their
importance and customer satisfaction levels in [real-time]
sentiment analysis provides a robust tool for customer feed-
back systems. This approach allows automotive companies
to swiftly identify and address emerging issues while capital-
izing on positive trends and enhancing customer satisfaction
and loyalty.

(3) By validating sentiment analysis with overall rat-
ings, we propose a method to integrate these two metrics.
Machine learning models can use overall ratings as a proxy
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TABLE 15. EVs customer experience factors loadings on the 2-dimensions (PC1 and PC2).
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TABLE 16. EVS vehicle models loadings on the 2-dimensions (PC1 and PC2).

for sentiment, especially when textual data is ambiguous
or sparse, enhancing predictive accuracy and reliability in
customer insights.

(4) The proposed quality control method for vehicle con-
sumer opinion mining with STM enhances the reliability and
accuracy of customer review analysis by addressing biases
in model selection and topic labeling. This approach pro-
vides high-quality insights to support better-informed product
development and customer engagement strategies.

This study offers data-driven insights to help policymak-
ers and industry stakeholders prioritize customer satisfaction
and support the shift toward customer-focused automotive
solutions. For the Electric Vehicles market: (1) To increase
market penetration, strategies to lower vehicle prices should
be explored, including subsidies, tax incentives, and the
adoption of alternative energy sources to reduce overall
operational costs [159], [167], [173]. Public-private part-
nerships could also help make EVs more accessible to a
broader demographic; (2) Expanding accessible and effi-
cient charging networks should be a priority, particularly
in underserved areas. Initiatives to standardize charging
stations and improve charging speeds can address one of
the most significant barriers to EV adoption [159]; (3)
Policymakers should intensify campaigns to highlight the
environmental advantages of EVs, focusing on zero-emission
benefits like cleaner air and reduced noise pollution. Mar-
keting strategies could also target eco-conscious consumers
by showcasing these advantages in relatable and impactful
ways [159]; (4) Leveraging key functional values such as
size, speed, and spaciousness as unique selling points can
help EVs stand out from ICVs. These attributes should be
emphasized in promotional materials and test-drive expe-
riences to align with consumer priorities; (5) Addressing
service-related frustrations in dealerships by training staff,
enhancing technical support systems, and ensuring availabil-
ity of spare parts can significantly improve the customer
experience. This is critical for fostering trust and accelerat-

ing mainstream EV adoption; (6) Utilize customer feedback
and market trends to refine and innovate EV offerings.
Responding dynamically to consumer preferences will ensure
EVs remain competitive and attractive in a rapidly evolving
market.

For the Internal Combustion Vehicles market: (1) High-
lighting factors such as positive test-drive experiences, supe-
rior highway gas mileage, and smooth purchase experiences
can strengthen customer loyalty and market positioning; (2)
Continuous innovation in reliability and advanced safety fea-
tures – like lane-keeping assist and speeding alerts – can
enhance the perception of ICV quality and maintain con-
sumer trust; (3) Emerging concerns, such as seat comfort and
heating problems, should be systematically monitored and
addressed through design adjustments and customer feedback
integration. Ensuring these issues are resolved promptly will
safeguard long-term customer satisfaction; (4) Emphasize
distinctive features such as Quietness for BMW, Range for
Chevrolet, and Financing, Maintenance, Size, and Fuel-cost
Savings for FIAT. Tailoring these attributes to target con-
sumer segments can strengthen brand loyalty and market
positioning.

C. CHALLENGES, LIMITATIONS AND FURTHER RESEARCH
This study encountered several challenges in interpreting the
results of the STM. Although expert involvement improved
quality, the varied writing styles in reviews, differences
in customer knowledge, and the tendency to address mul-
tiple issues within a single review added complexity to
the topic interpretation process. Extended pseudo-Delphi
sessions were required to ensure reliable and consis-
tent results. Additionally, categorizing topics into func-
tional and non-functional factors proved challenging due
to the overlap between tangible characteristics and emo-
tional perceptions. Expert discussions and a careful review
of representative opinions enabled an acceptable level of
agreement.
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TABLE 17. EVS vehicle case studies.

The primary limitations of this study arise from the nature
of the dataset and the methodology. First, the data exhibits
a geographical bias, primarily from two American automo-
tive websites in English, reflecting mainly American user
perspectives. Including other markets, such as Europe or
Asia, can provide a more comprehensive and balanced view
of global automotive preferences, usage patterns, and user
expectations, and would enhance the generalizability of the

findings. Second, reviews were collected within limited date
ranges: 2010-2022 for EVs and 2013-2022 for ICVs. Third,
there’s an inherent selection bias as we can’t verify that
reviewers are actual vehicle consumers, though comment
distribution across models is relatively even (Appendix C).
Fourth, demographic data such as age or region is unavail-
able, but we predicted reviewer gender, revealing a male bias
(85.56% male for EVs and 72.98% for ICVs). According to
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S&P Global, 72% of EV buyers are male, despite a 50/50
gender split in general car purchases [174], [175]. Fifth, the
sample likely skews toward well-educated, internet-savvy,
financially stable individuals, especially for EVs. Sixth,
online reviews often lean toward extreme opinions [176];
in our sample, 50.20% of EV and 60.95% of ICV reviews
rated the vehicles 5 stars (Table 2). Seventh, gender infer-
ence was based on first names using the gender_guesser
tool, which may misclassify unisex or culturally ambiguous
names. Due to the absence of ground-truth labels, perfor-
mance metrics such as precision, recall, or F1 score could not
be computed. These results should be interpreted as indicative
trends, with validation through survey-based methods. Eight,
platform-specific culture may influence review tone and
content. Lastly

To build on the current findings and address exist-
ing gaps, several directions for future research are pro-
posed. Expanding data sources to include multiple plat-
forms, regions, and languages will provide broader insights
into customer experiences. Incorporating additional demo-
graphic variables such as age, education, and income levels
would enable a deeper analysis of consumer preferences.
Collecting user and expert reviews and integrating data
from social media and forums can further diversify the
dataset.

Further exploration of how environmental awareness, par-
ticularly concerns about climate change, carbon emissions,
and noise pollution, shapes consumer attitudes could offer
a more nuanced understanding of the factors driving EV
acceptance. It is also proposed to explore temporal trends in
greater depth to better understand how consumer preferences
for EVs and ICVs have evolved over time, particularly in
relation to policy changes, technological advancements, and
changing public perceptions.
Methodological advancements in STM should explore

techniques that account for interrelated topics, moving
beyond the assumption of topic independence [135]. A sig-
nificant challenge remains in the topic labeling process,
as the quality relies heavily on expert knowledge in the
field [138]. Despite our multi-step approach to ensure label
quality, selecting highly qualified experts is crucial. Future
research could focus on more automated, transparent labeling
methods, possibly using explainable AI (XAI) for enhanced
interpretability.

Future sentiment analysis efforts should validate the cor-
relation between sentiment and ratings across different
domains. Employing diverse sentiment lexicons or industry-
specific machine-learning models may refine accuracy, and
integrating sentiment analysis with qualitative methods can
offer a more comprehensive understanding of consumer sen-
timents.
Finally, findings related to gender differences in con-

sumer experiences should be further investigated, given
the lack of personal information on reviewer demographics

and the gender prediction accuracy of approximately 60%
[177]. Expanding future studies to include random sam-
pling and longitudinal tracking can validate and extend these
findings.
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See Table 7.

APPENDIX B
See Table 8.

APPENDIX C
See Table 9.

APPENDIX D.1
See Table 10.

APPENDIX D.2
See Table 11.

APPENDIX E.1
See Fig. 9.

APPENDIX E.2
See Fig. 10.

APPENDIX F
See Table 12.

APPENDIX G
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See Fig 11.
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APPENDIX J
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