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Abstract

Electrification of transport is advancing, yet debate continues over whether battery electric
vehicles (EVs) are a like-for-like and affordable alternative to internal-combustion engine
(ICE) cars. Positioned in a rapidly evolving mainstream market, this study examines struc-
tural similarity and relative pricing of EVs versus ICE models available in Poland in 2025.
Data on 373 base passenger-car models (excluding hybrids) were analyzed using two clus-
tering methods: k-means and k-medoids. The optimal number of clusters was determined
by 23 validity indices, identifying three clusters. The significance of mean price differences
between EVs and non-EVs within the specified clusters was tested using a permutation test.
Results indicate no statistically meaningful EV price premium within clusters: no EV price
exceeded two standard deviations above its cluster mean, and no cluster consisted exclu-
sively of EVs, which points to strong technical similarity across powertrains. Additionally,
permutation tests indicated no differences within clusters, except in the cluster with the
best technical parameters, where non-EV cars were more expensive, which suggests that
the premium segment of the market continues to be dominated by combustion cars. These
findings, which show that electric vehicles are price-comparable to non-EVs, challenge
the perception that EVs are systematically more expensive and demonstrate that, within
market segments defined by technical characteristics. Therefore, the evidence suggests that
EVs are becoming a genuine competitive alternative to ICE cars in the Polish market.

Keywords: sustainable development; electric vehicles (EVs); clustering analysis; k-means;
k-medoids

1. Introduction
The automotive sector is both a key pillar of the global economy and a major contribu-

tor to anthropogenic greenhouse gas emissions, accounting for about 14% of the total and
increasing by 2% annually since 1990 [1]. For decades, the market was dominated by inter-
nal combustion engine (ICE) vehicles, whose rapid technological development delayed the
widespread adoption of alternative propulsion solutions [2]. Although certain initiatives
aimed at reducing the negative environmental impact of transport emerged—such as the
implementation of AdBlue technology in diesel engines, introduced in response to stricter
Euro VI standards on NOx, CO, HC, and PM emissions in force since 2014 [3,4]—until
recently, sustainability concerns remained largely peripheral to public and industry debates.

A turning point came with the growing pressure from international organizations and
the need to implement commitments arising from global climate agreements, such as the
Paris Agreement and the EU’s legislative package Fit for 55 [5,6]. In light of increasing
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environmental awareness and regulatory requirements, the automotive industry embarked
on a process of transformation toward more sustainable production and vehicle use models.
A central element of this shift has been the electrification of transport [7], seen not only as a
response to environmental challenges but also as an expression of corporate responsibility
and alignment with Environmental, Social, and Governance (ESG) goals [8].

Electric vehicles (EVs) have come to be regarded as a key instrument in sustainable
transport policy [9], as the conversion from ICEs to EVs can accelerate the transformation
of transport in a more resource-efficient manner [10]. Both environmental and reputational
factors contributed to the growing popularity of EVs—a critical turning point was the
Volkswagen emissions scandal, widely known as “Dieselgate”. This scandal revealed not
only systemic failures in corporate ethics but also the lack of effective oversight and internal
control mechanisms in one of the world’s most reputable automotive firms, revealing weak-
nesses in environmental scanning, strategic decision-making, reputation management, and
crisis communication, while undermining trust in combustion car manufacturers [11,12]. It
had a profound impact on four key dimensions: consumers, corporate image, company
strategy, and government action.

The interplay of these factors accelerated the transformation of the automotive mar-
ket [13]. It was only in recent years, with substantial investment co-financed by the
European Union (such as the Green eMotion project, aimed at knowledge exchange, solu-
tion standardization, and facilitating EV adoption across member states, have barriers to
e-mobility development begun to be systematically dismantled. In Poland, this develop-
ment has been supported by the National Fund for Environmental Protection and Water
Management (NFOŚiGW) and the Ministry of Climate and Environment (MKiŚ), which
launched the program NaszEauto (previously known as Mój Elektryk), allocating PLN
1.6 billion from the National Recovery and Resilience Plan to subsidies for EV purchases,
leasing, and long-term rentals [14]. As a result, the share of EVs in new registrations has
been steadily increasing—in the EU, the number of newly registered EVs reached 185,000
in December 2024, a 1% increase compared to the same period in the previous year, raising
their share in total new car sales to 18% [15]. In Poland, 1739 new EVs were registered
in December 2024, marking a 47% increase compared to the previous month and a 1.9%
increase relative to December 2023 [16]. This underscores the growing relevance of the
Polish EV market and its potential for empirical research [17].

Despite these dynamic developments, few studies simultaneously examine both the
technical characteristics and price positioning of EVs and ICE vehicles currently available
on the market. Electric vehicles continue to be widely perceived as inherently less affordable
than their internal combustion counterparts, and this persistent perception of high upfront
costs constitutes a major barrier to adoption, reinforcing doubts about their mainstream
economic viability [18–20]. This article challenges this assumption by identifying structural
similarities between vehicles using a data-driven clustering method, and subsequently
comparing their prices within technically homogeneous groups. The literature reviewed
does not provide evidence of this approach being applied in the given context, which
highlights a research gap that the present study seeks to address.

The aim of the study is to examine structural similarity and relative pricing of EVs versus
ICE models available in Poland in 2025. The following research questions were formulated:

1. To what extent can distinct clusters of passenger cars on the Polish market be identified?
2. What technical characteristics define each cluster?
3. Do significant price differences exist between vehicles belonging to different clusters?

The structure of the article is as follows: Section 2 provides a literature review on both
the characteristics of EVs and their role in achieving sustainability goals. Section 3 presents
the research methodology, including the analytical framework and dataset description.
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Section 4 discusses the clustering results and the comparative analysis between clusters.
The paper ends with a discussion and conclusions.

2. Literature Review
EVs are widely recognized as an effective means to reduce CO2 emissions [21]. How-

ever, their emissions of NOx, N2O, SOx, and PM10 may be elevated depending on the
energy mix used for electricity generation. When electricity is generated from fossil fuels,
emissions can increase, whereas the use of renewable energy sources (RES) significantly
improves the emission balance of EVs [22,23]. When considering only primary PM10

emissions during vehicle operation, EVs may emit up to 10% more particles than ICE
vehicles [24]. This is particularly the case when they are equipped with Non-Asbestos
Organic (NAO-type) brake pads. Therefore, a comprehensive life cycle assessment (LCA)
is essential, as it shows that the emission reduction potential of EVs depends primarily
on the energy mix and climatic conditions [21,25]. LCA analyses also indicate that EV
manufacturing processes are associated with increased human toxicity potential due to
intensive use of metals, chemicals, and energy [26,27].

The main challenges for EVs include limited driving range, often attributed to insuffi-
cient charging infrastructure and the relatively high mass of EVs, the limited availability of
truck models, and the impact of axle loads on road surfaces [25]. Consequently, one of the
prevailing trends is to maximize efficiency through weight reduction strategies [28]. Key
barriers include also low consumer awareness [29] and persistent misconceptions about
EVs [30]. Investments in charging infrastructure and regulatory support from governments
are critical to increasing EV availability and improving transport system efficiency.

The conversion of ICE vehicles to EVs significantly improves stability and handling
due to a lower center of gravity and a more favorable weight distribution. Additional
enhancements, such as a wider track, stiffer stabilizers, better tires, and advanced traction
control systems, can further improve on-road performance. Nevertheless, empirical evi-
dence suggets that EVs carry a higher risk profile than ICE vehicles, as EV drivers have
been found to be more frequently involved in at-fault collisions. Logistic regression analysis
by McDonnell [31] confirms statistically significant differences in risk between EVs and
ICEs. The resulting damages, combined with high battery costs, represent a considerable
financial burden. Without support from manufacturers, governments, and infrastructure
policies, the increased risk and costs may hinder EV adoption. Driving style, such as rapid
acceleration or high-speed driving, also reduces EV efficiency [32].

EV charging systems can impact grid power quality, requiring coordinated charging
management—a phenomenon not observed with combustion vehicles [22]. Different
battery types vary in energy density, charging speed, and durability. For example, lithium-
ion batteries can be charged using simple, inexpensive methods, or through advanced
technologies that account for cell aging and require more complex control systems [33].
The battery’s state of charge (SoC) directly influences vehicle performance—at low charge
levels, performance may decrease [32]. In the future, traditional silicon-based components
are expected to be replaced by silicon carbide (SiC) systems, reducing charger weight
and size [33]. Driving style significantly influences EV range—aggressive driving can
reduce range by up to 30% compared to gentle driving [34]. The pace of EV reliability
improvement already surpasses ICEs—each new production year reduces breakdown risk
by 12%, compared to 6.7% for gasoline cars [35].

Charging costs for EVs vary depending on the location and type of charger used
-home charging is cheaper than commercial solutions and charging efficiency (accounting
for energy losses as heat during charging) ranges from 80% to 99%, depending on charger
type. Fuel losses in ICE vehicles mainly result from evaporation and spillage, but are
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more difficult to estimate precisely—data suggest losses ranging from 0.004% to 3% across
different U.S. states [36]. With fast charging, annual EV expenses rise, reducing cost-
effectiveness [37]. Charging beyond 80% SoC significantly increases energy losses due to
reduced charging efficiency compared to the recommended 20–80% range. Kostopoulos,
Spyropoulos, and Kaldellis [38] found that after 1000 km of driving, EVs were found to
consume, on average, 2 kWh/100 km more than indicated by onboard computer systems.
The highest kilometers per hour of charging are obtained within the 20–80% range. ICE
vehicles, on the other hand, require more frequent and costly maintenance, such as oil
and filter changes. While they are less capital-intensive at purchase, they generate higher
financial and environmental costs in the long run [23]. Despite higher upfront costs, EVs
offer long-term total cost of ownership (TCO) savings [39].

Although EVs offer significant environmental benefits, they still face barriers re-
lated to battery durability, charging infrastructure availability, and high upfront costs [40].
Consumer preferences are highly sensitive to these factors. Battery warranty has been
identified as a particularly influential factor, while younger consumers value incentives
that reduce operating costs (e.g., purchase cost transparency) or improve convenience (e.g.,
time-driving convenience) [41]. Price awareness remains one of the main determinants
of EV purchase intentions. Consumers often perceive EVs as expensive, even when their
technical parameters are comparable to ICEs [42]. However, Liu et al. [43] found that due
to lower fuel and service costs, EVs can achieve cost parity with ICEs within five years
of purchase under typical usage conditions. Tu & Yang [44] argue that when consumers
perceive electric vehicles as offering greater benefits or when they view their use as simpler
and more convenient, they tend to exhibit a more positive attitude toward purchasing them.
He et al. [45] further emphasize the role of commercial charging availability, perceived
driving range, environmental awareness, and prior EV experience.

According to the IEA [46], EV markets are currently dominated by SUVs—accounting
for 60% of sales in China and Europe, and an even greater share in the United States.
Although SUVs require larger batteries and more raw materials, in 2022 they still helped
avoid the consumption of 150,000 barrels of oil per day. In the same year, demand for
lithium-ion batteries rose by 65%. EVs account for 60% of global lithium demand, 30% of
cobalt demand, and 10% of nickel demand. EV and battery production is highly concen-
trated in China, which in 2022 accounted for 35% of exported EVs worldwide. By August
2025, the total number of electric passenger (M1) and light commercial vehicles (N1) in
Poland exceeded 95,000, including more than 11,000 newly registered units [47].

3. Materials and Methods
The foundation of the study was the segmentation of passenger cars available on the

Polish market, based on their technical specifications. The next step was to assess whether
vehicles with different types of fuel—gasoline, diesel, gasoline with LPG installation, and
electric (EV)—are assigned to distinct clusters and whether significant price differences exist
between them. Hybrid vehicles—both hybrid electric vehicles (HEVs) and plug-in hybrid
electric vehicles (PHEVs)—were excluded from the analysis, as their dual powertrain
systems combine elements of both EVs and ICE vehicles, which could blur classification
boundaries and confound the interpretation of structural similarities between fully electric
and fully combustion-based models.

The selection of technical variables used for clustering is presented in Table 1. Other
attributes, such as drivetrain configuration or gearbox type, were excluded due to their
strong correlation with engine characteristics, which would introduce redundancy into
the analysis.
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Table 1. Variables included in the clustering analysis.

Variable Description Unit

Price List price Euro
EngPwr Engine power Horsepower

Acc Acceleration from 0 to 100 km/h Seconds
CurbWgt Curb weight Kilograms
VehLen Vehicle length Millimeters

TrunkCap Trunk capacity Litres

The dataset reflects car catalogues available on the Polish market in the second quarter
of 2025. Each observation in the dataset corresponds to a specific engine variant of a given
model, as powertrain configuration constitutes a fundamental dimension of differentiation
in the study. To ensure a meaningful comparison of availability and price competitiveness
between EVs and ICE vehicles, only the cheapest version of each model was selected for
further analysis. This approach allowed the study to focus on the basic accessibility of
cars for consumers, thereby eliminating the confounding effect of optional equipment,
which can significantly increase the price but does not directly affect the core technical
characteristics analyzed in the study. The final dataset included 373 unique vehicles. All
variables used in the analysis had full coverage in the manufacturers’ catalogues. A detailed
description of the structure of individual variables is presented in Table 2.

Table 2. Descriptive statistics of technical variables.

Variable Mean Median Standard
Deviation

Coefficient
of Variation Minimum Maximum

Price 61,156 44,447 53,440 0.874 16,447 459,106
EngPwr 235 190 140 0.599 63 925

Acc 7.967 8.000 2.434 0.306 2.500 17.10
CurbWgt 1746 1658 393 0.225 921 3085
VehLen 4560 4542 320 0.070 3670 5469

TrunkCap 466 450 138 0.297 130 916

Particular attention should be paid to the variable Price, whose mean (EUR 61,156)
and median (EUR 44,447) differ substantially, indicating strong right-skewness. This is
the result of the presence of expensive luxury vehicles, which raise the average level even
when only the basic equipment versions of each model are considered. This phenomenon
will be discussed in more detail in the subsequent parts of the article. Price was excluded
as a variable in the clustering procedure but was used for comparing the obtained groups.
Therefore, in the further analysis, it was treated as a dependent variable in statistical tests
to verify whether the technical clustering also differentiates price levels.

In the context of variable selection for cluster analysis, the level of variability is of
particular importance. According to recommendations in the literature (see [48]), a variable
should have a coefficient of variation (CV) above 0.1. In the dataset, only vehicle length
(VehLen, CV = 0.070) did not meet this criterion. Nevertheless, the variable was retained
due to its potential segmentation value—as even minor variations in vehicle length may
correspond to distinct vehicle segments or categories. To assess the strength of relationships
between variables, Pearson’s and Spearman’s correlation coefficients were applied. All
analyzed characteristics were quantitative, which justifies the use of these methods. The
results of the analysis are presented in Figure 1 (Pearson correlation on the left, Spearman
correlation on the right).
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Figure 1. Correlation map of the relationships between variables.

The analysis of Pearson’s and Spearman’s correlation coefficients indicates a high
degree of consistency between the results obtained with both methods. The technical
variables of vehicles are moderately or strongly correlated, which aligns with theoretical
expectations and industry knowledge—higher engine power is usually associated with
greater curb weight, faster acceleration, and larger vehicle dimensions. The only exception
is trunk capacity, which shows no significant correlation with engine power or acceleration.
This suggests that it provides distinct informational value, which may enhance group
separability in the clustering analysis.

Euclidean distance was used as the metric between observations, which is the standard
approach for numerical data subjected to prior standardization. This preprocessing step
was necessary to ensure that all variables contributed equally to the distance calculations,
regardless of their original measurement scales, and to prevent attributes with larger nu-
merical ranges from disproportionately influencing the clustering outcome. For clustering,
the k-means algorithm was selected due to its high computational efficiency, interpretability
of results, and widespread application in market and marketing analyses. This method
minimizes within-cluster variance and maximizes the distance between cluster centroids,
enabling effective differentiation of observations.

To assess the robustness of the results, an alternative analysis was also conducted
using the k-medoids algorithm. Unlike k-means, k-medoids does not rely on averages
but on actual observations as cluster representatives (medoids), rendering it more robust
to the influence of outliers. Comparing both approaches allows for an evaluation of
whether the obtained partition is not merely the result of the specific characteristics of a
single algorithm.

The optimal number of clusters was determined based on an integrated analysis
of different criteria, with a minimum of three groups assumed in order to capture real
differences between vehicle types. In addition, the mean silhouette coefficient was used
as a measure of clustering quality, and the Adjusted Rand Index (ARI) was calculated to
assess the consistency of assignments between k-means and k-medoids. a high degree of
concordance would suggest the reliability and robustness of the clustering solution.

In the next stage, the distinctiveness of the clusters was examined with respect to
the technical variables included in the clustering procedure. First, a classical analysis
of variance (ANOVA) with post hoc tests was applied. Before conducting ANOVA, its
assumptions were verified. The normality of distributions was tested using the Shapiro–
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Wilk test, and the homogeneity of variances was assessed with Levene’s test. When the
assumptions were not satisfied, the nonparametric equivalent of ANOVA, the Kruskal–
Wallis test, was used. Subsequently, effect sizes were also examined using epsilon squared
(ε2) and eta squared based on the H statistic (η2) to evaluate the strength of the observed
differences between clusters. For post hoc analyses of this test, Dunn’s procedure with
Bonferroni correction was applied. In all statistical tests, the significance level was set
at 0.05.

The final stage involved comparing clusters according to fuel type. This made it
possible to assess whether a given cluster was dominated by electric, gasoline, diesel, or
LPG-powered vehicles. To visualize the partition, principal component analysis (PCA) was
applied, reducing the dimensionality to two components and identifying price outliers.
Vehicles were classified as overpriced or underpriced if their price deviated from the cluster
mean by more than two standard deviations. In the subsequent analysis, specific models
belonging to these outlier groups were identified, and their fuel type was determined.
The significance of mean price differences between EVs and non-EVs within the specified
clusters was tested using a permutation test.

All analyses were performed using R version 4.4.2, ensuring reproducibility and
transparency of the research process, using the following packages: cluster (v. 2.1.6),
factoextra (v. 1.0.7), NbClust (v. 3.0.1), rstatix (v. 0.7.2), car (v. 3.1.3), mclust (v. 6.1.1), and
corrplot (v. 0.95). The full research procedure is presented in Figure 2.

 

Figure 2. Research procedure.

4. Results
The selection of the optimal number of clusters was carried out using a set of 23 dif-

ferent diagnostic methods implemented in R version 4.4.2. The application of multiple
independent indicators mitigates the limitations inherent in individual criteria and allows
the number of clusters to be chosen based on the majority rule. Figure 3 also presents
the values of the Dindex and the second difference as additional elements supporting
the decision.

Among all the methods applied, as many as 9 indicated that the optimal number
of clusters was 3. No alternative solution was supported by more than four methods,
further reinforcing the predominance of the three-cluster configuration. Therefore, the
three-cluster solution was selected as optimal based on majority voting across the applied
validity indices.

The results of the Dindex and second difference analyses also support this choice—after
the third cluster, the decrease in Dindex values slows considerably, and the second dif-
ference approaches zero. This suggests that further increasing the number of groups
fails to yield a substantial enhancement in clustering performance. At three clusters, the
Dindex drops most sharply and the second difference peaks, indicating three distinct
market segments.
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Figure 3. Optimal number of clusters analysis.

Applying the k-means enabled the assignment of observations into the following
clusters: cluster 1–140 vehicles, cluster 2–151 vehicles, and cluster 3–82 vehicles. For the
alternative partition using the k-medoids method, the cluster sizes were 130, 151, and
92, respectively. The quality of classification was evaluated using the mean silhouette
coefficient, which reached 0.303 for k-means and 0.291 for k-medoids, indicating moderate
separation. Nevertheless, the quality of the partition was further assessed through the
differentiability of clusters with respect to technical characteristics. A detailed comparison
of cluster sizes and quality indicators for both algorithms is presented in Table 3.

Table 3. Cross-tabulation of Cluster Assignments: k-means vs. k-medoids.

k-medoids

1 2 3

k-means
1 130 10 0
2 0 140 11
3 0 1 81

A comparison of the results obtained using the k-means and k-medoids methods indi-
cates a high degree of convergence between the two approaches. The Adjusted Rand Index
(ARI) reached 0.8297, confirming a strong consistency in the assignment of observations
to the same clusters. Figure 4 presents the percentage distribution of fuel types within
individual clusters, shown separately for each method.

In both cases, the same pattern was observed—the highest share of electric vehicles
(EVs) appeared in cluster 3, while the lowest was recorded in cluster 1. This reflects a high
degree of consistency in cluster composition across both algorithms.

The next step involved analyzing differences between clusters with respect to the
technical variables used in the grouping process. The Shapiro–Wilk test showed that only
the variable CurbWgt (curb weight) followed a distribution close to normal (p-value = 0.258
for k-means, p-value = 0.142 for k-medoids), whereas all other variables did not meet this
condition (p-value < 0.05). Levene’s test additionally confirmed the lack of homogeneity
of variances across all variables (all p-value < 0.05). Since the key assumptions were not
satisfied, the nonparametric Kruskal–Wallis test was applied for both the k-means and
k-medoids solutions. In addition to significance testing, effect sizes (ε2 and η2) were also
calculated to assess the strength of the observed differences. The detailed results are
presented in Table 4.
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Figure 4. Cluster characteristics by fuel type.

Table 4. Results of Cluster Differentiation for Included Variables.

Variable
k-means k-medoids

Statistic p-Value ε2 η2 Statistic p-Value ε2 η2

Price 224.729 p < 0.001 0.602 0.599 237.384 p < 0.001 0.636 0.633
EngPwr 240.833 p < 0.001 0.645 0.642 259.962 p < 0.001 0.697 0.693

Acc 196.875 p < 0.001 0.527 0.524 208.369 p < 0.001 0.558 0.555
CurbWgt 233.098 p < 0.001 0.625 0.621 250.995 p < 0.001 0.673 0.669
VehLen 230.294 p < 0.001 0.617 0.614 232.472 p < 0.001 0.623 0.620

TrunkCap 173.257 p < 0.001 0.463 0.460 135.713 p < 0.001 0.361 0.359

The results of the Kruskal–Wallis tests clearly indicate that, for each of the analyzed
variables, there are statistically significant differences between clusters, regardless of the
clustering algorithm applied. This validates the efficacy of the clustering procedure and
the internal coherence of the resulting groups. Importantly, the effect size measures demon-
strate that the differences are substantial: for all variables except TrunkCap, cluster member-
ship explains more than 52% of the variance, indicating very strong effects. The explanatory
power is particularly high for EngPwr, CurbWgt, and VehLen. From the perspective of
pricing, the results also suggest that the clusters differ significantly in terms of vehicle
prices. To further deepen the analysis, Dunn’s post hoc tests with Bonferroni correction
were performed. The results are presented in Table 5.

Table 5. Pairwise comparisons of variables between clusters.

Variable Group 1 Group 2
k-means k-medoids

Statistic p-Value p-adj Statistic p-Value p-adj

Price
1 2 8.056 p < 0.001 p < 0.001 7.805 p < 0.001 p < 0.001
1 3 14.893 p < 0.001 p < 0.001 15.395 p < 0.001 p < 0.001
2 3 8.208 p < 0.001 p < 0.001 8.798 p < 0.001 p < 0.001

EngPwr
1 2 7.284 p < 0.001 p < 0.001 7.529 p < 0.001 p < 0.001
1 3 15.509 p < 0.001 p < 0.001 16.123 p < 0.001 p < 0.001
2 3 9.492 p < 0.001 p < 0.001 9.798 p < 0.001 p < 0.001
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Table 5. Cont.

Variable Group 1 Group 2
k-means k-medoids

Statistic p-Value p-adj Statistic p-Value p-adj

Acc
1 2 −4.985 p < 0.001 p < 0.001 −5.336 p < 0.001 p < 0.001
1 3 −13.974 p < 0.001 p < 0.001 −14.343 p < 0.001 p < 0.001
2 3 −9.903 p < 0.001 p < 0.001 −9.948 p < 0.001 p < 0.001

CurbWgt
1 2 9.688 p < 0.001 p < 0.001 9.409 p < 0.001 p < 0.001
1 3 14.851 p < 0.001 p < 0.001 15.678 p < 0.001 p < 0.001
2 3 6.768 p < 0.001 p < 0.001 7.638 p < 0.001 p < 0.001

VehLen
1 2 11.643 p < 0.001 p < 0.001 10.673 p < 0.001 p < 0.001
1 3 13.848 p < 0.001 p < 0.001 14.636 p < 0.001 p < 0.001
2 3 4.08 p < 0.001 p < 0.001 5.422 p < 0.001 p < 0.001

Trunk Cap
1 2 13.135 p < 0.001 p < 0.001 11.623 p < 0.001 p < 0.001
1 3 4.979 p < 0.001 p < 0.001 6.175 p < 0.001 p < 0.001
2 3 −6.186 p < 0.001 p < 0.001 −4.154 p < 0.001 p < 0.001

All analyzed technical features showed statistically significant differences between
clusters, which confirms both the validity of the segmentation and the appropriateness
of the variable selection. It is particularly noteworthy that the variable VehLen, which
exhibited the lowest CV, also demonstrated statistically significant differences across
groups. This suggests that even minor variations in vehicle length contribute meaning-
fully to cluster differentiation. Significant differences were also observed for the variable
Price, which—although not included in the clustering process—serves as a significant
discriminant across clusters. The distribution of vehicle prices across clusters is illustrated
in Figure 5.

Figure 5. Distribution of vehicle prices by cluster.

In both methods (k-means and k-medoids), a clear concentration of observations can
be seen in the first two clusters. Prices exhibit an ascending pattern across clusters—cluster
1 consists of the least expensive vehicles, cluster 2 represents the mid-range segment, while
cluster 3 includes the most expensive cars. The price distributions within each cluster show
right-skewness, indicating the presence of individual observations with substantially higher
prices than the average. This intra-cluster variation supports the use of the ±2 standard
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deviation threshold as a valid criterion for identifying price outliers as the criterion for
identifying “overpriced” or “underpriced” vehicles is justified.

The greatest variation is observed in clusters 1 and 3. In particular, the latter shows a
flattened distribution, where vehicles sharing comparable technical specifications exhibit
considerable price disparities. This can be interpreted as the effect of varying levels of
optional equipment or the influence of brand prestige. Figure 6 presents a two-dimensional
visualization of vehicle clusters obtained through PCA. The number of features was re-
duced to two principal components to ensure a clear presentation of results. In addition,
observations with prices deviating significantly from the average within their cluster
were highlighted.

Note. The axes represent the first two standardized principal components (PC1 and PC2), with the proportion of 
explained variance shown in parentheses. 

Figure 6. Distribution of cluster assignments with identified outliers.

The first two dimensions obtained from PCA explain nearly 85% of the total variance,
validating the appropriateness of dimensionality reduction for visualizing cluster separabil-
ity and enabling a clear interpretation of the results. The plot also reveals a clear separability
of the clusters, which further supports the quality of the segmentation obtained through
clustering analysis. In the PCA maps, bolded points indicate observations whose prices
deviate significantly from the cluster average. All of these cases fall into the overpriced
category—no underpriced vehicles were identified. A detailed list of these models, together
with their fuel type, is presented in Figure 7.

The comparative analysis shows that the k-means method results in fewer outlier
observations than k-medoids. Both approaches, however, identified the same vehicle
models, including the Maybach S, Mitsubishi ASX, and Range Rover SV SWB—all of which
belong to the luxury segment and naturally deviate in price from the rest of the market.

In neither case did EVs exceed the threshold of two standard deviations from the
cluster mean price, regardless of the clustering algorithm applied. This suggests that
entry-level versions of electric vehicles—despite their relatively high unit prices—feature
technical characteristics similar to combustion cars, which keeps their price levels aligned
with the average within a given segment. Table 6 presents the average prices of EVs
and non-EVs within clusters, along with the results of the permutation test assessing the
significance of these differences.
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Note. The axes represent the first two standardized principal components (PC1 and PC2). 

Figure 7. Identification of outlier observations within clusters by fuel type.

Table 6. Comparison of EV and non-EV mean prices within clusters.

Cluster

k-means k-medoids

EV Non-EV
Difference p-Value EV Non-EV

Difference p-Value
n Mean n Mean n Mean n Mean

1 40 36,473 100 32,512 3961 0.319 35 35,386 95 31,996 3390 0.451
2 50 50,033 101 48,654 1379 0.647 48 47,554 103 46,376 1178 0.590
3 42 90,799 40 171,794 −80,996 0.000 49 86,796 43 167,923 −81,127 0.000

In both clustering approaches (k-means and k-medoids), the differences in mean prices
between EVs and non-EVs are statistically insignificant in Clusters 1 and 2. However, in
Cluster 3, which groups cars with the best technical parameters, non-EVs are decisively
more expensive. This reflects the fact that the premium and thus the most expensive
vehicles in the market are still predominantly combustion cars.

5. Discussion
The pursuit of sustainability in the automotive sector is intrinsically linked to the

advancement of electric vehicles (EVs), which, as the present analysis demonstrates, exhibit
a high degree of technical similarity to fossil-fuel cars. Nevertheless, as emphasized by Veza
et al. [23] and Albrechtowicz [22], the achievement of genuine sustainability presupposes
that the electricity used for charging EVs is derived from renewable rather than fossil-based
energy sources. Absent such a transition, the environmental potential of EVs can only be
partially realized, as lifecycle emissions associated with fossil-generated electricity may
offset the benefits of no exhaust emissions during vehicle operation.

Price constitutes another important determinant, as it remains among the most influen-
tial factors shaping consumer purchasing decisions in the automotive market [44]. Although
EVs are commonly perceived as more expensive than their combustion counterparts—a
perception that frequently discourages adoption among average consumers [42]—the re-
sults of the cluster analysis only partially substantiate this assumption. Importantly, when
focusing on segments where EVs are available (i.e., excluding luxury models with limited
or no EV representation), the price differences become negligible. EV models occupy the
upper segments of the price distribution, yet none exceeded the threshold of two standard
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deviations from the mean price within their respective clusters. When technical specifi-
cations are considered, EV prices thus appear broadly aligned with those of combustion
vehicles of comparable design. This finding indicates that consumer perceptions may lag
behind actual market dynamics, underscoring the importance of clearer communication of
emerging cost parity by both manufacturers and policymakers.

These conclusions are consistent with findings by Kumar, Kalghatgi, and Agarwal [49]
who demonstrated that electric vehicles can be economically competitive with internal com-
bustion engine vehicles, particularly in high-usage segments. Their total cost of ownership
analysis revealed that, when comparing vehicles with similar functional characteristics,
EVs are not inherently more expensive, and that perceived cost disadvantages may be
overstated in public discourse. Both studies highlight the need for improved consumer
awareness and policy alignment to reflect the evolving economics of electric mobility.

These results may be interpreted as evidence of the progressive integration of EVs into
the mainstream automotive market, particularly within entry-level segments. Such inte-
gration is consistent with broader market trends that point to a narrowing cost differential
between EVs and conventional vehicles, especially in the compact and city categories [46,50].
In practical terms, this convergence suggests that EVs are no longer confined to a niche
market but are increasingly positioned to compete directly across the same categories
as combustion vehicles, offering consumers equivalent alternatives in terms of +perfor-
mance, usability, and design—except for the luxury segment, which remains dominated by
combustion vehicles.

Interestingly, despite the overall trend toward price convergence, premium models are
still predominantly combustion-powered. This highlights a lingering gap in EV availability
at the highest end of the market, which may reflect both technological constraints and
brand positioning strategies.

It should be noted, however, that consumer decision-making is not shaped by purchase
price alone. Environmental considerations—such as compliance with emission standards
and overall climate impact—are acquiring increasing importance [45]. While EVs are widely
promoted as environmentally superior solutions, their net ecological impact is critically
contingent upon the underlying electricity mix. Only when powered predominantly by
renewable energy sources can EVs be regarded as genuinely climate-neutral. In contexts
where fossil fuels continue to dominate energy production, the environmental benefits
of EVs may be considerably less pronounced than is often assumed [21,25,43]. This un-
derscores the necessity of aligning transport electrification with broader energy transition
strategies to maximize the environmental gains of EV adoption.

Taken together, the findings suggest that although EVs are becoming increasingly com-
petitive with combustion vehicles in both technical and economic terms, their widespread
adoption remains contingent upon supportive regulatory frameworks, expansion of
charging infrastructure, and coherent environmental policies. Moreover, consumer
perceptions—frequently shaped by outdated assumptions regarding both cost and ecolog-
ical performance—require targeted interventions, including transparent pricing mecha-
nisms, incentive schemes, and educational campaigns that emphasize the evolving compet-
itiveness and environmental advantages of EVs.

6. Conclusions
The common belief that electric vehicles are uniformly more expensive than combus-

tion models is not supported by our findings. In the mainstream of the market—entry-level
and mid-range offerings—EVs are priced competitively relative to comparable combustion
cars, pointing to an emerging price parity in segments most relevant for mass adoption.
At the top end, the pattern differs: the highest price brackets are largely occupied by com-
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bustion models, indicating that the very expensive cars tend to be combustion-powered
rather than electric. Taken together, these patterns suggest that while price remains a strong
differentiator, it does not uniquely sort vehicles by drivetrain.

These insights are relevant not only for academic inquiry but also for policymakers
and industry stakeholders shaping the future of sustainable mobility. For consumers, the
practical implication is that EV affordability increasingly depends on model choice and
specification rather than on the mere fact of being electric. To drive widespread adoption,
policymakers and industry should focus on mainstream segments—expanding availability
and enabling like-for-like comparisons—rather than targeting the premium tier.

The study has several limitations. It focused exclusively on baseline models, which
ensured comparability but restricted the ability to capture price variation arising from
optional equipment, special editions, or customized configurations. Including such variants
could artificially fragment clusters, as vehicles with identical performance might differ
only in interior features or trim levels—elements that enhance comfort but do not alter the
core function of mobility. Moreover, the analysis was conducted on a static cross-section
of the market, without accounting for changes over time, subsidy programs, operating
costs, or charging infrastructure, all of which significantly affect consumer perceptions and
market dynamics. While additional features expand the user experience, the essence of
a vehicle remains its ability to move efficiently and reliably—a principle that guided the
clustering approach.

Future research should build upon this analysis by incorporating alternative analytical
techniques, such as econometric modeling and methods robust to outliers, to enhance the
generalizability of findings. It would also be valuable to consider manufacturer-defined
segments to better reflect market realities and consumer expectations. Equally important is
situating such investigations within the broader context of evolving regulatory and environ-
mental frameworks, including climate neutrality targets, increasingly stringent emission
standards, and incentive schemes promoting the adoption of low-emission vehicles.
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