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ABSTRACT
Modeling customer preferences in heterogeneous markets

remains challenging because choices are shaped simultaneously
by product characteristics, overlapping consideration sets, and
social context. This study develops a data-driven framework for
customer preference modeling using multiple network represen-
tations of increasing dimensionality and demonstrates it through
a case study of EV consideration and purchase behavior in the
U.S. vehicle market. Integrating new-car buyer survey data, ve-
hicle attribute data, and customer-reported social-network infor-
mation, the study compares three buyer segments: non-EV buy-
ers, non-EV buyers who considered EVs, and EV buyers. The key
contribution is a systematic comparison of unidimensional, bi-
partite, and multidimensional networks within the same EV pref-
erence setting, showing how each representation reveals differ-
ent aspects of market structure. Within the analyzed dataset, EV
consideration and purchase were more strongly associated with
powertrain-related vehicle attributes than with baseline demo-
graphics. Across network representations, the three buyer groups
exhibit distinct structures: non-EV buyers remain broad and an-
chored by traditional vehicles, non-EV buyers who considered
EVs are the most structurally heterogeneous and occupy an inter-
mediate position between non-EV-only and EV-purchasing seg-
ments, and EV buyers are the most concentrated around a nar-
row EV-centered core. The findings show that increasing network
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dimensionality does not simply add detail, but changes what be-
comes visible about the market—from product-level competition,
to customer-level decision sets, and to socially embedded own-
ership structure. These results demonstrate the value of multi-
representation network modeling in identifying associations and
structural patterns in heterogeneous EV consideration and pur-
chase behavior.

Keywords: U.S. Vehicle Market, Electric Vehicles, Cus-
tomer Preferences, Data Visualization, Network Modeling.

1 INTRODUCTION
As shown in Figure 1, the global vehicle market has under-

gone a significant structural shift over the past decade, driven by
the rapid growth of electric vehicles (EVs). In 2024, global elec-
tric car sales exceeded 17 million, representing more than 20%
of new passenger car sales worldwide [1]. This growth trajectory
highlights a fundamental transition in the automotive industry,
where EVs are no longer a niche technology, but a central com-
ponent of the modern vehicle market. A similar trend has been
observed in the United States, where the adoption of EVs has ac-
celerated in recent years. U.S. EV sales increased from well be-
low 2% of new vehicle sales in the late 2010s to more than 10%
of the total light-duty vehicle sales in 2024 [1]. Although tradi-
tional vehicles continue to constitute the majority of the market
in absolute volume, the rapid expansion of EV sales has begun to
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FIGURE 1: Growth of electric vehicle sales in the U.S. and glob-
ally over the past decade (data source: [1]). In this study, follow-
ing prior definitions [2], we classify vehicles based on whether
they could be charged from the electric grid. “EV” denotes
battery-electric vehicles (BEVs); “Plug-In” denotes plug-in hy-
brid electric vehicles (PHEVs); “Hydrogen” denotes fuel-cell
electric vehicles (FCEVs); and “Traditional” denotes non-plug-
in vehicles including gasoline/diesel ICEVs and non-plug-in hy-
brids (e.g., HEVs and mild hybrids) whose batteries are charged
via the engine and regenerative braking rather than from the grid.

influence vehicle design strategies, manufacturing investments,
charging infrastructure development, and public policies.

Despite strong aggregate growth, the adoption of EVs re-
mains highly heterogeneous. Customers differ in terms of the ve-
hicles they consider, the attribute trade-offs they prioritize (e.g.,
purchase price, operating cost, driving range, and charging ac-
cess), and how social context and information exposure shape
their final purchases [3]. Importantly, these decisions do not oc-
cur in isolation: vehicles compete through overlapping customer
consideration sets, and preferences can be shaped by interper-
sonal influence and information diffusion. Consequently, market
outcomes emerge from coupled interactions among customers,
products, and social environments rather than independent, one-
shot choices [4–6].

A large body of research explains EV adoption using be-
havioral and economic decision-making frameworks, most com-
monly the Theory of Planned Behavior (TPB) and rational choice
perspectives [7–11]. Across studies, adoption outcomes are typi-
cally associated with (i) attitudes toward expected outcomes, (ii)
perceived behavioral control, such as affordability and feasibility
of daily use, and (iii) subjective norms reflecting perceived ex-
pectations from peers [11, 12]. Empirical findings consistently
identify purchase price and total cost considerations, driving
range, charging availability, and performance attributes as key
drivers of EV consideration and purchase behavior [7, 10, 13–
15]. A complementary stream emphasizes values and beliefs
(e.g., pro-environmental attitudes and perceived environmental
benefits) [16, 17], while also documenting an attitude-behavior

gap in which favorable environmental beliefs do not reliably
translate into adoption [10, 18, 19]. This gap is often attributed
to competing priorities and uncertainty about real-world usabil-
ity, including charging convenience and everyday mobility con-
straints [7, 18, 20]. Together, prior work strongly suggests that
EV adoption is shaped by both attribute trade-offs and social
context. Methodologically, however, much of the literature re-
lies on regression, discrete choice models, or intention-based
survey frameworks that treat consumers as largely independent
decision-makers [7, 13, 15, 21]. Social influence is commonly
acknowledged, but it is often operationalized via aggregated
proxies (e.g., perceived norms or neighborhood averages) rather
than being modeled explicitly as a relational structure connecting
customers and products [12, 22]. As a result, conventional ap-
proaches provide limited insight into how co-consideration pat-
terns among vehicles, heterogeneity across customers, and in-
terpersonal connections jointly structure market competition and
adoption outcomes.

Network representations address this limitation by directly
modeling the relationships among entities [5, 6, 23]. These
representations include unidimensional vehicle co-consideration
networks, bipartite customer–vehicle networks with considera-
tion and purchase links, and multidimensional networks that si-
multaneously capture connections such as customer–customer
social ties, customer–vehicle purchase relations, and vehicle–
vehicle associations [23, 24]. This family of representations
has been used to study customer–product systems, including co-
consideration behavior and competition structure; however, im-
portant gaps remain. Existing network-based studies typically
adopt a single representation, such as a unidimensional vehicle
competition network or a multidimensional preference network.
Consequently, comparatively little work systematically evalu-
ates how analytical conclusions change as network dimension-
ality increases, or what information is gained or lost when mov-
ing from vehicle-only networks to customer–vehicle and socially
embedded representations [23, 24]. In addition, social influence
is frequently represented using inferred or simulated customer–
customer ties (e.g., constructed from demographic or attitudinal
similarity) rather than observed social connections, which can
blur the distinction between homophily and interpersonal influ-
ence and may distort the relational pathways through which in-
formation and preferences propagate [25]. Together, these gaps
limit our ability to assess how representation choices shape infer-
ence about competition structure and heterogeneous EV consid-
eration and purchase patterns, motivating a systematic compari-
son of network models with different dimensional structures.

This study addresses these gaps by developing a data-driven
customer preference modeling framework that integrates com-
plex networks with different dimensions. We demonstrate the
framework using a new-car buyer survey dataset that directly
measures both consideration sets and customer-centered social
contexts. Specifically, the survey records each buyer’s consid-
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ered vehicle models (up to five), the final purchased model (one),
demographic characteristics, and a customer social-network (up
to ten social contacts), including “who-knows-who” connections
among the listed people. The survey also records purchase in-
formation within the social-network (i.e., whether a buyer’s so-
cial contacts purchased specific vehicle models), enabling an ex-
plicit representation of social exposure related to vehicle choice.
We merged these survey records with a vehicle attribute dataset
and performed data processing steps, including cleaning, stan-
dardization, filtering, and merging, along with exploratory vi-
sualizations (distributions and correlations) to characterize both
customer and vehicle attributes.

Building on these data, we developed and compared three
network representations of the customer–vehicle market system:
(1) a unidimensional co-consideration network in which nodes
are vehicle models and an edge indicates that two models are
co-considered by at least one customer; (2) a bipartite customer–
vehicle network with customer nodes and vehicle-model nodes,
where one type of customer–vehicle link indicates consideration
and a distinct set of links indicates purchase; and (3) a multidi-
mensional network integrating (a) people nodes (customers and
their social contacts), (b) vehicle model nodes, and (c) multiple
relation types, including person-person “knowing” ties (from the
“who-knows-who” survey responses) and person-vehicle pur-
chase ties (purchases by customers and by their social contacts
as reported in the survey). For each representation, we con-
ducted network analysis and visualization (e.g., degree distribu-
tions, density, clustering/transitivity, and community structure)
to characterize the competition structure and customer hetero-
geneity across different modeling granularities. In particular,
we categorize buyers into three behaviorally grounded segments
based on their self-reported survey responses: (1) non-EV buy-
ers: buyers who only consider traditional vehicles and purchase
a traditional vehicle; (2) non-EV buyers who considered EVs:
buyers whose consideration set includes both traditional vehi-
cles and EVs but who ultimately purchase a traditional vehicle;
and (3) EV buyers: buyers who only consider EVs and purchase
an EV. These segments allow us to connect network structure
to heterogeneous EV consideration and purchase outcomes and
to examine whether different representations highlight different
structural patterns across buyer types. The main research ques-
tions addressed are: (1) RQ1: What are the differences among
customer groups with varying EV consideration and purchase be-
haviors? (2) RQ2: What information is captured by network
representations with different dimensions (unidimensional, bi-
partite, and multidimensional)?

The remainder of the paper is organized as follows. Sec-
tion 2 describes the proposed research framework and associated
measurements. Section 3 introduces the case study and presents
the results across representations and customer segments, fol-
lowed by a discussion (Section 4) and conclusions (Section 5).

2 RESEARCH FRAMEWORK
Figure 2 summarizes the proposed data-driven customer

preference modeling framework. The framework integrates two
complementary components. First, an attribute-level analysis is
conducted to characterize how product specifications and cus-
tomer characteristics relate to consideration and choice outcomes
(Steps 1–3). Second, a network modeling component constructs
complex network representations at multiple levels of dimen-
sionality (Steps 4–6). Rather than treating products and cus-
tomers as independent observations, this component conceptu-
alizes the vehicle market as an interconnected system in which
attribute-based tradeoffs are jointly shaped by relational struc-
tures, such as co-consideration among products and social expo-
sure among individuals. This combined approach is designed for
markets where customer choices reflect both trade-offs among
observable attributes and the structure of attention, exposure, and
competition within the market. Details of each step are provided
below.

2.1 Step 1 - Data sources and inputs
The first step is to identify the data required to represent

a market as both an attribute space and relational system. The
framework requires two complementary inputs: (1) behavioral
records, encompassing consideration and choice information that
identifies which competing alternatives each customer evaluated
and ultimately selected, and (2) product attributes, capturing the
design and positioning variables (e.g., vehicle price, size, and
fuel economy) that drive customers’ trade-offs. Behavioral data
are typically sourced from existing stated-response surveys or
revealed preference records. Product specifications can be com-
piled from technical databases and standardized catalogs. In ad-
dition, customer characteristics and context variables, such as
demographics, stated preferences, and social-context indicators,
are incorporated to enable network representations that include
customer heterogeneity and interpersonal exposure.

2.2 Step 2 - Data preprocessing and integration
The second step transforms raw customer and product data

into a consistent analytic dataset suitable for both attribute-based
analysis and relational modeling. This process typically includes
cleaning the data by resolving free-text entries, correcting obvi-
ous misspellings, and harmonizing naming conventions. For ex-
ample, customer-reported product names may appear in slightly
different forms due to abbreviations, spacing, punctuation, cap-
italization, or incomplete text; therefore, these entries must be
normalized before reliable matching is possible. The prepro-
cessing stage may also include removing administrative or non-
analytic fields, checking for duplicate records, and excluding ob-
servations with implausible or internally inconsistent data. Next,
a unified identifier is constructed to enable a reliable link between
alternative products reported by customers and the product spec-
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FIGURE 2: Overview of the data-driven customer preference modeling framework, showing how customer and product inputs are
transformed through data processing, network construction, network analysis, and interpretation across multiple dimensions.

ification database. In practice, this identifier is a standardized
key built from the product attributes most necessary for match-
ing, such as year, make, and model in a vehicle-market applica-
tion, or brand, model, and product generation in other settings.
Once standardized identifiers are established, the customer and
product tables are merged so that the observed consideration and
choice outcomes can be connected to the corresponding product
attributes. Records that cannot be linked because of incomplete
information, unmatched product names, or missing product cov-
erage in the reference database are either excluded or handled
through an explicit missing-coverage strategy, such as retain-
ing them with missing attribute fields or imputing missing val-
ues using methods such as mean or regression-based imputation.
Finally, customers are partitioned into behaviorally meaningful
segments (e.g., based on consideration and purchase outcomes)
to support subgroup comparisons in downstream statistical anal-
ysis and network construction.

2.3 Step 3 - Exploratory visualization and statistical
association analysis

Step 3 characterizes patterns in product attributes and cus-
tomer behavior using visualization and statistical association
measures. To quantify the correlations among variables with
different measurement scales, we applied association measures
based on the variable type. For continuous-continuous pairs
(e.g., vehicle price, power, fuel economy), we used Pearson’s
correlation coefficient [26]. For categorical-categorical pairs
(e.g., product class, market segment, customer-group outcomes,
and demographic categories), we use Cramér’s V based on the
contingency-table chi-squared statistic [27]. For categorical-
continuous pairs (e.g., relationships between product class or
segmentation and variables such as price or fuel economy), we
use the correlation ratio (η), which compares between-group

variation to total variation [28]. Detailed mathematical formula-
tions of these metrics are provided in Appendix A. Collectively,
these analyses establish a consistent, mixed-type baseline for in-
terpreting segment differences in the product attribute space and
motivate the subsequent relational modeling steps.

2.4 Step 4 - Network construction
Network models provide a flexible way to represent

customer–product relations at different levels of structural de-
tail. Prior work in customer preference and product competition
modeling has explored multiple network representations, includ-
ing unidimensional, bipartite, and multidimensional structures,
to capture how market outcomes emerge from interdependent re-
lations rather than isolated observations [5, 6, 23, 25, 29, 30].
In Step 4, the integrated dataset is converted into network rep-
resentations. As shown in Figure 3, depending on the dimen-
sion, nodes may include products, customers, and, when avail-
able, social-context entities; edges encode observed relations
such as co-consideration, consideration, purchase, or social ties.
In particular, (1) a unidimensional (product co-consideration)
network summarizes competition or association among products
using aggregated customer attention. Nodes represent products,
and an undirected edge between two products indicates that they
were co-considered by at least one customer, consistent with co-
consideration competition networks in previous studies [29, 30].
(2) A bipartite (customer–product) network preserves disaggre-
gated interactions by modeling customers and products as dis-
tinct node sets, with edges connecting a customer to each alter-
native they considered and/or purchased [6, 31, 32]. Compared
with unidimensional projections, the bipartite form retains which
customers link to which products, enabling analysis of heteroge-
neous consideration sets and allowing consideration-stage and
purchase-stage relations to be distinguished when those edge
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FIGURE 3: Overview of the network analysis workflow across
representations and customer groups.

types are encoded separately. (3) A multidimensional (multi-
layer) network integrates multiple node and edge types simul-
taneously, allowing customer–product relations to be studied
together with additional relational contexts such as customer–
customer social ties or social-network entities [23, 25]. This
representation is used when preserving multiple relation types is
necessary to examine how product associations and social con-
text jointly structure observed behavior. Together, these con-
structions provide complementary encodings of the same un-
derlying market system, ranging from aggregated product-level
competition to customer-level interactions and socially embed-
ded ownership structure.

2.5 Step 5 - Network analysis and segment-level com-
parison

Step 5 evaluates the constructed networks with respect
to two complementary research questions. First, holding the
network representation fixed, network measures are compared
across customer segments to examine how differences in consid-
eration and purchase behavior are reflected in relational market
structure. Second, holding the customer segment fixed, network
measures are compared across unidimensional, bipartite, and
multidimensional representations to evaluate how dimensionality
changes the information retained by the model. This comparison
helps identify the extent to which higher-dimensional represen-
tations preserve, enrich, or transform information about market
relationships. To systematically compare the structures, we used
measures such as degree, density, clustering coefficient, giant-
component percentage, average path length, and betweenness
centrality. These measures capture different aspects of relational
organization, and their interpretation depends on the representa-

tion being analyzed. Appendix B summarizes the measurements
used in this study, along with their definitions and interpretations
for market analysis.

2.6 Step 6 - Interpretation and study outputs
The final step synthesizes findings from attribute-based anal-

ysis and network analysis to interpret behavioral differences
across customer groups and to evaluate what is gained or lost as
network dimensionality increases. The results connect observed
customer segment differences to both product attributes and rela-
tional structure, providing insight into how product consideration
and purchase outcomes emerge from combinations of trade-offs,
shared associations among products, and social-context effects.
This synthesis directly supports the study’s objectives: under-
standing heterogeneity in customer behavior and assessing how
unidimensional, bipartite, and multidimensional network repre-
sentations provide complementary perspectives on the product
market system.

3 CASE STUDY
This section applies the proposed framework to the U.S. ve-

hicle market case study to address the two aforementioned re-
search questions, with particular emphasis on electrified power-
trains and observed patterns of EV consideration and purchase
behavior.

3.1 Step 1 - Data sources and inputs
In this study, we use two primary datasets: a new-car buyer

survey dataset and a vehicle attribute dataset. The survey dataset
was collected as part of our previous research project through an
egocentric survey administered by Qualtrics. The survey was
launched on March 6, 2023 and conducted through June 26,
2023, targeting new-car buyers across the United States who re-
ported purchasing a new vehicle within the previous 12 months.
The final survey sample includes 2,283 respondents, divided into
three respondent types based on EV consideration and purchase
behavior. The dataset contains respondent demographics, their
purchased vehicle, up to five considered alternatives, feature-
importance rankings, attitudes toward EVs, and social-network-
related information. In this study, we specifically use respon-
dents’ reported social networks, including up to ten individuals
in each network, whether those individuals know one another,
and the vehicle models they own, to characterize potential in-
terpersonal influence. The vehicle attribute dataset, compiled
through prior research [4], contains 1,891 vehicle models and
their associated attributes, such as price, powertrain, fuel econ-
omy, driving range, market segment, and brand. Together, these
tabular datasets provide the behavioral and product-attribute in-
formation needed to analyze customer preferences, consideration
and purchase outcomes, and market structure.
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3.2 Step 2 - Data preprocessing and integration
The customer survey and vehicle attribute datasets were pre-

processed and integrated to match customer-reported vehicles
with standardized vehicle records. The original survey sample
included 2,283 respondents, categorized into three groups based
on their self-reported survey responses: 765 non-EV buyers, 755
non-EV buyers who considered EVs, and 763 EV buyers. In the
survey data, non-analytic fields, including timestamps, response
identifiers, and administrative metadata, were removed. Free-
text vehicle responses, such as “Other” entries and misspellings,
were manually corrected, and standardized vehicle identifiers
were constructed from the year, make, and model fields for pur-
chased, considered, and social-network vehicles. These stan-
dardized identifiers were used to align customer-reported vehicle
records with the vehicle attribute table, allowing vehicle-level
information such as vehicle type, segmentation, fuel economy,
horsepower, engine size, estimated battery range, fuel tank ca-
pacity, and price to be appended where corresponding records
were available.

After integration, additional vehicle-type filtering and con-
sistency checks were applied. Hydrogen/fuel-cell and plug-in
vehicles were excluded because their counts were too small to
support meaningful comparison and to maintain consistency with
the EV-versus-traditional focus of the analysis. The remaining
vehicles were classified into two powertrain categories: tradi-
tional and electric vehicles. During the cleaning process, 124
consideration entries were removed because they duplicated the
purchased vehicle, and 55 entries were removed because the re-
ported year–make–model combinations were invalid or inconsis-
tent with actual production records. These exclusions reduced
the intermediate sample to 2,179 respondents.

A second screening step was then applied to ensure consis-
tency between each respondent’s survey-based EV outcome label
and the observed vehicle records. Respondents were excluded
when their recorded purchased or considered vehicles contra-
dicted their self-reported group. For example, respondents who
reported themselves as EV buyers were removed if their pur-
chased vehicle was coded as a traditional vehicle. After this
consistency screening, 1,469 respondents remained for network
modeling: 756 non-EV buyers, 257 non-EV buyers who consid-
ered EVs, and 456 EV buyers. Because each network repre-
sentation required different observed vehicle relationships, the
final analytic sample varied by network type. The unidimen-
sional network required both a purchased vehicle and at least
one considered vehicle, whereas the bipartite network required
only a purchased vehicle. The multidimensional network was
constructed from purchased vehicles only, as it captures own-
ership and social-network structure rather than consideration-
stage alternatives. Respondents were not excluded for lacking
social-network contacts, but contacts without an associated vehi-
cle were omitted. After these representation-specific filters were
applied, the cleaned analytic table was converted into node and

edge lists for each network representation. These node and edge
lists defined the final network datasets used in the subsequent
analyses.

3.3 Step 3 - Exploratory visualization and statistical
association analysis

Figure 4 presents a mixed-measure heatmap summarizing
correlations among vehicle attributes and customer variables.
This analysis establishes an attribute-level baseline before con-
structing the network representations. In this analysis, vehi-
cle type denotes the powertrain category (traditional or EV),
while segmentation denotes body or market class (e.g., SUV,
sedan, hatchback). The heatmap highlights strong associations
among physically related vehicle variables and EV-related clas-
sification variables. For example, price is strongly correlated
with horsepower (r = 0.96) and moderately correlated with en-
gine displacement (r = 0.62), while fuel economy is strongly
associated with vehicle type (η = 0.98), customer group (η =
0.98), and fuel type (η = 0.98). Because several variables are
closely related by construction, especially vehicle type, fuel type,
fuel economy, and the EV-based customer-group definition, the
strongest associations are interpreted as descriptive evidence of
attribute-level separation rather than as independent causal ef-
fects.

The more relevant pattern for this study is that EV con-
sideration and purchase outcomes are more strongly differenti-
ated by powertrain-related and performance-related vehicle at-
tributes than by baseline demographic variables. The customer-
group variable shows stronger associations with fuel economy
(η = 0.98), fuel type (V = 0.71), horsepower (η = 0.72), and
price (η = 0.71) than with demographic variables such as age
(V = 0.34), gender (V = 0.19), education (V = 0.21), marital
status (V = 0.22), and income (V = 0.26). Occupation shows
a moderate association with customer group (V = 0.46), but
the overall pattern remains that technical vehicle attributes are
more strongly associated with EV consideration and purchase
outcomes than baseline demographics. To assess the stability
of these selected associations, bootstrap confidence intervals and
permutation tests were computed for the vehicle-attribute, EV-
classification, customer-group, brand, and demographic relation-
ships discussed above. The tested relationships had permutation-
test p-values below 0.001 after false-discovery-rate adjustment,
and the bootstrap 95% confidence intervals supported the same
overall interpretation [33, 34]. Certain estimated-battery-range
cells are left blank because battery range is only observed for
EV models, while engine displacement and fuel tank capacity
are not meaningfully defined for those EV observations. These
attribute-level patterns motivate the subsequent network analy-
sis, which examines whether differences across buyer groups are
also reflected in relational structures of consideration, purchase,
and socially embedded ownership.
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FIGURE 4: Correlation heatmap of vehicle attributes and customer demographics.

3.4 Step 4 - Network construction

In this section, the integrated customer–vehicle dataset
is transformed into network representations to capture rela-
tional patterns in vehicle consideration and purchase behav-
ior. Each representation was constructed from corresponding
node and edge lists. In the unidimensional network, vehi-
cle nodes were connected through purchased–considered and
considered–considered vehicle pairs. In the bipartite network,
customer nodes were connected to purchased and considered ve-
hicle nodes. In the multidimensional network, customers, social-
network contacts, and purchased-vehicle nodes were connected
through ownership links and reported person–person social ties.
Although constructed separately, these representations are an-

alytical projections of the same underlying customer–vehicle–
social relational data. Separating them helps isolate what is
gained or lost when moving from product-level competition, to
customer–vehicle decision sets, to socially embedded owner-
ship structure. The resulting node and edge lists were used for
network-metric computation and were exported to Gephi for vi-
sualization using a Fruchterman–Reingold force-directed layout.

We first visualize the full sample under the unidimensional,
bipartite, and multidimensional representations shown in the bot-
tom row of Figure 3. These full-sample visualizations highlight
how different network dimensions preserve different aspects of
the same customer–vehicle system. We then illustrate variation
across customer segments using the multidimensional represen-
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tation. The rightmost column of Figure 3 shows the correspond-
ing networks for non-EV buyers, non-EV buyers who considered
EVs, and EV buyers.

3.4.1 Network visualization across different net-
work dimensions The unidimensional, bipartite, and mul-
tidimensional network representations are respectively given in
Figure 5, 6, and 7. Figure 5 shows the overall unweighted unidi-
mensional co-consideration network. This representation aggre-
gates customer decisions into product–product relationships, em-
phasizing competitive overlap among vehicles. The network dis-
plays a clear core–periphery structure where many vehicles oc-
cupy a shared comparison space, while others reside in smaller,
niche clusters. Although EVs comprise a clear minority of
the vehicle nodes (9.75% EV vs. 90.25% traditional), their
deep embedding within the network suggests they regularly en-
ter mainstream cross-shopping consideration sets. In this un-
weighted representation, a node’s degree denotes its breadth of
competition, measured by the number of unique alternatives co-
considered by customers. Notably, the 2022 Tesla Model X ex-
hibits the highest connectivity (84 links), therefore, functioning
as a central anchor that spans a wide variety of alternatives and
links EV choices to many traditional competitors.

FIGURE 5: Unidimensional co-consideration network of all cus-
tomer groups (# of nodes: 769, # of links: 2322).

Figure 6 shows the overall bipartite network, in which cus-
tomers and vehicles form two distinct node sets and edges record
observed customer–vehicle relationships. Unlike the unidimen-
sional projection, this representation preserves which customers
are linked to which vehicles, including both purchased and con-

FIGURE 6: Overall bipartite network linking customers to ve-
hicles included in their observed decision sets (purchased and
considered). Customers are colored by segment and vehicles by
powertrain type; the ego neighborhood of the highest-degree ve-
hicle (2022 Tesla Model Y; degree = 170) is highlighted.

sidered vehicles. As a result, it reveals heterogeneity in ob-
served decision-set size and makes it possible to distinguish ve-
hicles that repeatedly appear across many customers’ decision
sets. The prominence of the Tesla Model Y in this graph illus-
trates that some EV models attract attention from multiple buyer
types. More importantly, the bipartite representation shows that
the same vehicle can play different roles across customers, serv-
ing as a purchased vehicle for some and a considered alternative
for others. Thus, relative to the unidimensional network, the bi-
partite form shifts the analysis from product-level competition to
customer-level attachment to alternatives.

Figure 7 presents the overall multidimensional network,
which integrates customers, their social-network contacts, pur-
chased vehicles, and vehicles owned by those contacts. In con-
trast to the first two representations, this network does not model
consideration-stage alternatives; instead, it preserves ownership
embedded in the social context. The resulting structure is denser
and more layered because it combines purchase ties with in-
terpersonal relationships. In this setting, vehicle centrality no
longer indicates co-consideration breadth or customer attention
alone, but rather how strongly a vehicle is embedded within the
broader ownership and social system. The prominence of Tesla
vehicles (2022 Tesla Model Y with 158 links is the vehicle node
with the highest degree, followed by the 2022 Tesla Model X
with 96 and the 2021 Tesla Model Y with 53) in this network
indicates that some EVs are not only salient in decision sets but
also central within socially embedded ownership patterns. Be-
tweenness centrality provides a complementary view by identi-
fying nodes that bridge less-connected parts of the network. The
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FIGURE 7: Overall multidimensional network integrating cus-
tomers, social-network contacts, and purchased vehicle nodes.
Node colors distinguish customers, social-network contacts, tra-
ditional vehicles, and EV models. The ego neighborhood of the
highest-degree vehicle (2022 Tesla Model Y, degree = 158) is
highlighted.

Ford F150 illustrates this distinction: although Tesla models have
the highest degree, the Ford F150 has the third-highest between-
ness centrality (0.085), suggesting that traditional vehicles can
still play important bridging roles in the broader ownership net-
work.

Taken together, these three representations provide comple-
mentary views of the same market. The unidimensional network
highlights product-level competitive overlap, the bipartite net-
work preserves customer-level links to purchased and considered
vehicles, and the multidimensional network reveals socially em-
bedded ownership structure. Therefore, increasing network di-
mensionality does not simply add detail; it changes the substan-
tive meaning of centrality and the type of market organization
that becomes visible.

3.4.2 Network visualization across different cus-
tomer segments The multidimensional networks for non-
EV buyers, non-EV buyers who considered EVs, and EV buy-
ers are respectively presented in Figure 8, 9, and 10. Figure 8
shows the multidimensional network for the non-EV buyers seg-
ment. This network is composed primarily of non-EV customers,
their social-network contacts, and purchased vehicles, and it ex-
hibits a broad, relatively diffuse structure. Multiple small so-
cial clusters are distributed across the network, while the inte-
rior remains connected through repeated links among customers,
their contacts, and commonly owned traditional vehicles. The
most connected vehicle is the 2022 Ford F150 (degree = 17), fol-
lowed by the 2022 Chevrolet Equinox (15) and 2022 Honda CRV

FIGURE 8: Multidimensional network for the non-EV buyers
segment. Node colors distinguish customers, social-network
contacts, traditional vehicles, and EV models. Labels highlight
the vehicles with the highest degree in the segment.

FIGURE 9: Multidimensional network for the non-EV buyers
who considered EVs segment. Node colors distinguish cus-
tomers, social-network contacts, traditional vehicles, and EV
models. Labels indicate the vehicles with the highest degree and
highest betweenness centrality in the segment.

(13). The same general pattern appears in betweenness centrality,
where the 2022 Ford F150 also ranks first (0.0787), followed by
the 2022 Chevrolet Equinox (0.0621) and 2022 Chevrolet Silver-
ado 1500 (0.0550). This alignment indicates that mainstream tra-
ditional vehicles serve both as common ownership anchors and
as bridges connecting otherwise separated customer and social-
network neighborhoods.

Figure 9 presents the multidimensional network for non-EV
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FIGURE 10: Multidimensional network for the EV buyers seg-
ment. Node colors distinguish customers, social-network con-
tacts, traditional vehicles, and EV models. Labels highlight the
dominant EV model hubs in the ownership-centered social net-
work.

buyers who considered EVs. Compared with the non-EV buy-
ers network, this graph is smaller and structurally more hetero-
geneous. Traditional vehicles still dominate, but EV nodes are
present and dispersed throughout the network rather than isolated
in a separate region. In this segment, the vehicles with the high-
est degree and highest betweenness are not the same. The 2021
BMW X3 has the highest degree (7), followed by the 2022 Ford
F150 and 2021 Ford Bronco Sport (both 6). However, the 2022
Ford Escape has the highest betweenness (0.1359), followed
by the 2022 Ford F150 (0.1255) and 2020 Chevrolet Equinox
(0.1156). This indicates that the most frequently linked vehicles
are not necessarily those that connect the network most strongly.
In addition, in this segment, some traditional vehicles appear to
function less as dominant hubs and more as structural bridges
across customer and social-network neighborhoods. Relative to
the non-EV buyers network, this distinction suggests a more dif-
ferentiated and fragmented ownership structure, in which vehicle
prominence depends not only on the number of direct owner-
ship ties but also on a vehicle’s position within the broader social
structure.

Figure 10 shows the multidimensional network for EV buy-
ers. In contrast to the other two segments, this network is highly
concentrated around a small number of dominant EV hubs. The
2022 Tesla Model Y is the most central vehicle, with degree 157
and betweenness 0.4625, followed by the 2022 Tesla Model X
(92, 0.2922) and the 2021 Tesla Model Y (51, 0.2055). Several
star-like local structures are organized around these Tesla mod-
els, indicating that many customers and their social-network con-
tacts are linked through a narrow set of repeated EV ownership

anchors. Unlike the other segments, the close alignment between
degree and betweenness suggests that the same EV models dom-
inate both direct ownership ties and the principal bridging posi-
tions in the network.

Comparing the three multidimensional networks reveals
clear differences in ownership and social embedding across cus-
tomer groups, thereby contributing to RQ1. The non-EV buyers
network is broad, traditional, and relatively diffuse, with main-
stream traditional vehicles serving as both hubs and bridges. The
non-EV buyers who considered EVs network remains centered
on traditional vehicles, but it is more fragmented and structurally
differentiated, with EVs present in the ownership-centered struc-
ture without becoming the dominant anchors. In contrast, the
EV buyers network is strongly centralized around a small set of
Tesla models that organize much of the observed customer and
social-network connectivity.

3.5 Step 5 - Network analysis and comparison across
network dimensions and customer segments

Table 1 summarizes the structural properties of the networks
across dimensions and customer segments. As a sensitivity
check, random perturbation tests were conducted by removing
5%, 10%, and 20% of nodes and edges over 100 repeated trials
and recomputing the key network metrics. Retention was mea-
sured as the percentage of trials in which the original segment-
level ordering or interpretation remained unchanged. The low-
est observed retention rate across the primary findings was 87%,
with most tested patterns retained in nearly all trials. These re-
sults suggest that the main segment-level patterns are not driven
solely by a small number of individual nodes or reported ties.

In the unidimensional case, the overall network is large (769
nodes and 2,322 links) and highly connected, with 95.45% of
nodes in the giant component, indicating substantial overlap in
mainstream comparison sets. Segment-level patterns differ no-
tably. The non-EV buyers network contains 501 nodes and
1,150 links, but only 85.23% of nodes are in the giant compo-
nent, and its average path length within that component is the
largest (4.57), suggesting a comparatively fragmented structure.
The non-EV buyers who considered EVs network is similar in
size (459 nodes and 1,115 links) but has a larger giant compo-
nent (93.90%) and a higher clustering coefficient (0.72), indi-
cating more tightly interconnected local neighborhoods of co-
considered vehicles. The EV buyers network is much smaller
(45 nodes and 89 links) and fully connected, with the shortest
average path length (3.33). Its higher density (0.090) should be
interpreted in light of its much smaller node set, since density is
sensitive to network size.

In the bipartite networks, customers and vehicles form dis-
tinct node sets, and an edge indicates that a customer included a
vehicle in the observed decision set, either as purchased or con-
sidered. Under this definition, average customer degree repre-
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TABLE 1: Summary of network measurement results.

sents the average observed decision-set size. The non-EV buyers
who considered EVs segment has the largest decision sets on av-
erage (3.35 vehicles per customer), compared with non-EV buy-
ers (2.05) and EV buyers (1.17). This indicates that the interme-
diate segment has the broadest set of linked alternatives in the bi-
partite representation. The vehicle-side average degree, reported
as average customer reach, shows the opposite pattern. Vehicles
in the EV buyers network have the highest average reach (8.9
customers per vehicle), compared with 2.80 for non-EV buyers
and 1.88 for the intermediate segment. Thus, although EV buy-
ers are linked to fewer vehicles on average, those vehicles are
shared across more customers, indicating a more concentrated
vehicle space. Consistent with this pattern, the EV buyers bi-
partite network also has the highest density (0.020), though this
measure should be interpreted cautiously because it depends on
the relative sizes of the two partitions.

The multidimensional networks reveal additional differ-
ences in scale and organization. The non-EV buyers segment is
the largest across all three node categories, with 756 customers,
1,313 social-network nodes, and 1,095 purchased-vehicle nodes.
The EV buyers segment also includes many customers (456),
but far fewer purchased-vehicle nodes (114) and social-network
nodes (192), indicating concentration around a narrower set of
vehicles. The non-EV buyers who considered EVs segment is in-
termediate in size, but its structural properties are distinct. Most
notably, the non-EV buyers who considered EVs segment com-
bines the highest average degree for customers (3.19) and social-
network nodes (4.12), and the highest social-subnetwork cluster-
ing coefficient (0.67). These values indicate the strongest local
social cohesion among the three segments. At the same time, this

segment has the lowest giant-component share (63.60%), imply-
ing that the overall network is more fragmented into relatively
tight local groups rather than a single dominant connected struc-
ture.

The other two segments depart from this pattern in differ-
ent ways. The non-EV buyers network has a larger giant com-
ponent (88.75%) and moderately high social-subnetwork clus-
tering (0.59), suggesting a broad shared core linking the tradi-
tional ownership and social structure. The EV buyers network
also has a high giant-component share (90.16%), but it has by far
the lowest social-subnetwork clustering coefficient (0.14) and the
fewest social-network contacts per customer (0.42). This sug-
gests that the EV buyers network is globally connected but so-
cially less clustered, with cohesion arising more from repeated
attachment to shared vehicle hubs than from dense social tri-
angles. This interpretation is supported by the average degree
of purchased-vehicle nodes, which is much higher for EV buy-
ers (5.69) than for non-EV buyers (1.89) or non-EV buyers who
considered EVs (1.30). Likewise, 7.29% of buyer-social contact
ties in the EV buyers segment share the same purchased vehi-
cle, compared with 1.45% for non-EV buyers and 1.07% for the
intermediate segment. Together, these patterns indicate that EV
buyers exhibit a narrower but more ownership-concentrated form
of social overlap.

3.6 Step 6 - Interpretation and study outputs
The combined results suggest that EV consideration and

purchase patterns are not simply a matter of replacing a tradi-
tional vehicle with an EV. Instead, the three buyer groups dif-
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fer in how broadly they compare vehicles, which vehicles an-
chor their decision sets, and how purchased vehicles are embed-
ded within the reported social-network structure. Section 3.3
shows that EV consideration and purchase outcomes are more
strongly associated with powertrain-related attributes, especially
fuel economy, vehicle type, and fuel type, than with demographic
variables. The network results refine this interpretation. In the
unidimensional representation, the non-EV buyers who consid-
ered EVs segment shows the strongest cross-type mixing and the
highest local clustering, indicating that EV consideration broad-
ens and restructures the competitive field even when an EV is not
ultimately purchased. In the bipartite representation, the same
segment exhibits the broadest observed decision sets, confirming
that these customers attach to the widest range of alternatives. In
the multidimensional representation, however, this intermediate
group becomes the most socially cohesive at the local level while
also being the most fragmented globally, suggesting that EV con-
sideration without purchase is associated with many tight but rel-
atively separate local ownership and social neighborhoods rather
than one unified market structure. Taken together, these patterns
indicate that the intermediate segment is not simply a group of
EV considerers who ultimately purchased non-EVs. Within the
observed market structure, this segment is the most heteroge-
neous: EVs enter its consideration sets and network neighbor-
hoods, but traditional vehicles remain the primary anchors of fi-
nal purchase and ownership structure. In this sense, the segment
occupies a structurally intermediate position between non-EV-
only buyers and EV buyers, reflecting EV engagement that has
not translated into EV purchase within the observed dataset.

A second major interpretation is that network dimension-
ality reveals different forms of centrality and, therefore, dif-
ferent aspects of market organization. In the unidimensional
co-consideration networks, EV models, especially Tesla vehi-
cles, are highly central despite representing a minority of vehicle
nodes, indicating that they serve as comparison anchors within
the broader competitive field rather than simply reflecting mar-
ket share. In the bipartite networks, this prominence is clari-
fied from the customer side: EV-engaged segments show that a
relatively small set of EV models occupies structurally impor-
tant positions in observed decision sets, highlighting repeated
customer attachment rather than only product–product overlap.
The multidimensional analysis adds a different interpretation by
embedding purchased vehicles within the customer and social-
network structure. At the full-market level, EV models represent
a small share of vehicle nodes, but some occupy disproportion-
ately central positions in socially embedded ownership patterns.
This pattern is strongest in the EV buyers segment, where the
network is organized around a small number of dominant Tesla
hubs that rank highly in both degree and betweenness. The EV
buyers segment also shows much higher purchased-vehicle-node
degree and buyer-social-contact same-vehicle overlap than the
other groups, indicating that EV buyers are linked to fewer but

more widely shared vehicles and are more likely to be socially
connected to others who own the same model. By contrast, the
non-EV buyers and non-EV buyers who considered EVs net-
works remain anchored primarily by traditional vehicles. In the
intermediate segment, the mismatch between the highest-degree
and highest-betweenness vehicles further shows that the vehi-
cle most frequently linked is not necessarily the most important
structural bridge. Taken together, these results show that vehicle
prominence depends on representation: a vehicle may be central
as a comparison anchor in co-consideration space, a repeatedly
shared option in customer decision sets, or a hub or bridge in a
socially embedded ownership structure, and these roles are not
equivalent.

4 DISCUSSION
The results provide two main implications for the research

questions of this study. Regarding RQ1, the findings suggest that
buyer groups with different EV consideration and purchase out-
comes differ not only in the vehicles they select, but also in how
those vehicles are positioned within consideration, purchase, and
socially embedded ownership structures. Non-EV buyers remain
anchored around traditional vehicles, non-EV buyers who con-
sidered EVs exhibit the most heterogeneous structure, and EV
buyers concentrate around a smaller set of EV-centered hubs. Re-
garding RQ2, cross-dimensional comparison reveals that vehicle
prominence depends heavily on the network representation. A
vehicle may act as a co-consideration anchor in a unidimensional
network, a frequently shared option in a bipartite network, or a
structural bridge in a multidimensional social network. Thus,
these representations yield complementary insights rather than
interchangeable views.

These findings also offer practical value for market analysis
and decision support. For manufacturers, co-consideration net-
works can identify benchmark vehicles and competitive neigh-
borhoods, showing which models customers compare and where
EVs enter the competitive set. The non-EV buyers who con-
sidered EVs segment is especially useful from this perspec-
tive because it highlights cases where EVs enter consideration
but do not translate into EV purchase. This structure can help
manufacturers identify product-positioning gaps, competitive al-
ternatives, or customer segments where EV interest exists but
final purchase remains anchored to traditional vehicles. For
policymakers and infrastructure planners, these preference pat-
terns should be interpreted alongside charging-access conditions,
since product preference and network structure alone do not fully
capture infrastructure-related barriers to EV purchase. For cus-
tomers, market analysts, and decision makers, the framework
compares vehicles by both attributes and their roles in broader
decision and ownership networks.

Several limitations should be acknowledged when interpret-
ing these results. First, the study is based on a cross-sectional
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survey collected during a single time period. As a result, the
analysis captures customer preferences, EV consideration, and
network structure as a static snapshot rather than as an evolv-
ing process. The framework therefore cannot directly examine
how vehicle competition, customer segments, or social exposure
change over time, nor can it determine whether observed network
positions precede or follow purchase outcomes.

Second, part of the dataset is self-reported, including con-
sidered vehicles and social-network vehicle information. This
introduces the possibility of recall error, incomplete reporting,
and misclassification. Although substantial preprocessing, clean-
ing, and consistency screening were applied, the resulting net-
works still depend on respondents’ ability to accurately report
both their own decision sets and aspects of their social environ-
ment. This limitation is especially relevant for the multidimen-
sional network, which reflects reported social context rather than
directly observed interpersonal influence. Additionally, the re-
ported social-network ties may omit strong or weak relationships
that were not captured by the survey, meaning that the network
should be interpreted as a reported social context rather than a
complete map of interpersonal influence.

Third, the current analysis does not incorporate direct
charging-infrastructure measures into the attribute or network
models, such as public charger density, charger reliability, dis-
tance to charging stations, or regional charging access. This
scope limitation is critical because charging access can influence
both EV consideration and its translation into purchase. As a
result, the findings should be interpreted as describing patterns
in vehicle attributes, customer–vehicle relations, and reported
social-network structure, rather than as a complete explanation
of all factors shaping EV purchase behavior.

Finally, the preprocessing rules required for consistent net-
work construction reduced the final sample and, in some cases,
narrowed particular customer groups. The unidimensional, bi-
partite, and multidimensional networks also use different inclu-
sion rules, resulting in non-identical analytic samples. In ad-
dition, the network analyses preserve vehicles at the standard-
ized model level rather than aggregating nodes by make, model
family, or market segment. This choice retains the specific al-
ternatives reported in customer consideration and purchase de-
cisions, but it does not directly examine how broader brand-
level or segment-level groupings would change the observed net-
work structure. Plug-in vehicles were also excluded to focus on
EV versus traditional comparisons. While this improves inter-
pretability for the present study, it omits an intermediate electri-
fication category that may play an important role in real-world
electrification pathways.

5 CONCLUSION
This research developed a data-driven framework for analyz-

ing heterogeneous customer preferences in the U.S. vehicle mar-

ket using unidimensional, bipartite, and multidimensional net-
work representations. By integrating customer survey data, vehi-
cle attribute data, and reported social-network information, the
study examined how EV consideration and purchase behavior
vary across customer groups and how different network repre-
sentations reveal different aspects of market structure. The ex-
ploratory analysis showed that EV consideration and purchase
outcomes are most strongly associated with powertrain-related
vehicle attributes, while demographic effects are comparatively
weaker at the aggregate level.

The case study further suggests that EV purchase behav-
ior is associated with a structural reorganization of the observed
customer–vehicle system rather than a simple one-to-one substi-
tution from a traditional vehicle to an EV. For RQ1, holding net-
work representation fixed, the three buyer groups are structurally
distinct: non-EV buyers remain broader and more strongly an-
chored by traditional vehicles, non-EV buyers who considered
EVs form the most structurally heterogeneous intermediate seg-
ment, and EV buyers are the most concentrated around a nar-
row EV-centered core. For RQ2, increasing network dimen-
sionality does not simply add more detail to the same picture;
instead, it changes the kind of information that becomes visi-
ble about the market system. The unidimensional representation
highlights product-level competitive overlap, the bipartite rep-
resentation preserves customer-level attachment to alternatives,
and the multidimensional representation reveals how purchased
vehicles are situated within a broader social environment. In
this sense, the same market can appear competition-centered,
customer-centered, or socially embedded depending on which
relational structure is retained.

Methodologically, the main contribution of this study is
the systematic comparison of multiple network dimensions
within the same EV customer-preference setting using observed
customer-centered social-network information. More broadly,
the study advances a relational perspective on customer prefer-
ence modeling by showing that product competition, customer
heterogeneity, and social embedding can be analyzed within a
common framework. Future work can extend this framework in
several directions. One direction is to connect the descriptive net-
work patterns identified here to explanatory and predictive mod-
eling by combining network-derived features with customer and
vehicle attributes to estimate conditions associated with EV con-
sideration, purchase, or non-purchase outcomes. A second direc-
tion is to conduct more formal local-structure analysis, such as
network motif or recurring-neighborhood analysis, to identify the
dominant small-scale building blocks in each representation. A
third direction is to expand the framework to include additional
powertrain categories, especially plug-in hybrids, and to apply
the same multi-representation approach to other product mar-
kets in order to distinguish vehicle-market-specific findings from
more general principles of socially embedded customer choice.
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A Appendix A: Mathematical equations for correla-
tion calculation
For continuous–continuous pairs (e.g., vehicle price, power,

fuel economy), we use Pearson’s correlation coefficient,

rXY =
∑

n
i=1(xi − x̄)(yi − ȳ)√

∑
n
i=1(xi − x̄)2

√
∑

n
i=1(yi − ȳ)2

, (A1)

where xi and yi are the ith paired observations of variables X and
Y , x̄ and ȳ are sample means, and n is the number of non-missing
paired observations used for that specific variable pair [26]. Pear-
son coefficients range from −1 to +1 and retain directionality.

For categorical–categorical pairs (e.g., product class, mar-
ket segment, customer-group outcomes, and demographic cate-
gories), we use Cramér’s V based on the contingency-table chi-
squared statistic,

V =

√
χ2

n min(r−1,c−1)
, (A2)

where χ2 is Pearson’s chi-squared statistic computed from the
r× c contingency table, r and c are the number of row and col-
umn categories, and n is the total number of observations con-
tributing to the table [27]. Cramér’s V ∈ [0,1] measures associa-
tion strength without sign.

For categorical–continuous pairs (e.g., how product class or
segmentation relates to price or fuel economy), we use the corre-
lation ratio (η), which compares between-group variation to total
variation,

η
2 =

∑
K
k=1 nk(ȳk − ȳ)2

∑
n
i=1(yi − ȳ)2 , η =

√
η2, (A3)

where Y is the continuous variable, G is a categorical grouping
variable with K levels, nk is the number of observations in group
k, ȳk is the group mean, ȳ is the overall mean, and n is the total
number of observations [28]. The statistic η ∈ [0,1] quantifies
the strength of association (no directionality).

B Appendix B: Summary of network measurements
used in this work
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TABLE B1: Summary of network metrics used for market analysis.

Network metric and short
definition

Equation Interpretation in market analysis

Number of Nodes and Links
Number of entities and rela-
tionships in the network. |V |= number of nodes, |E|= number of links

where V is the set of nodes and E is the set of links.

These metrics describe the scale of a networked market
system. In a vehicle-market context, for example, a larger
number of vehicle nodes would indicate a broader product
space, while a larger number of links would indicate more
observed competition, overlap, or interaction among enti-
ties. Comparing node and link counts across groups helps
reveal whether one market segment is broader, more con-
centrated, or more fragmented than another.

Degree / Average degree
Degree is the number of direct
links of a node. Average de-
gree summarizes connectivity
across all nodes.

ki = ∑
j

ai j

k̄ =
1
|V | ∑

i∈V
ki

For a simple undirected one-mode graph,

k̄ =
2|E|
|V |

where ki is the degree of node i, ai j = 1 if nodes
i and j are connected and ai j = 0 otherwise, |V | is
the number of nodes, and |E| is the number of links.

Degree measures the breadth of direct competition or at-
tachment. In a vehicle-market example, a vehicle with
high degree would be linked to many alternatives or many
customers and therefore occupy a broad market position.
Average degree summarizes how connected the market is
overall. Higher values indicate broader overlap among al-
ternatives or stronger concentration of customer attention
around particular products.

Density
Fraction of possible links that
are realized.

For a simple undirected network,

D =
2|E|

|V |(|V |−1)

For a bipartite network with node sets U and W ,

Dbip =
|E|

|U ||W |

where D is density, |E| is the number of links, |V | is
the number of nodes, and |U | and |W | are the sizes
of the two node partitions.

Density measures how saturated a network is with ob-
served links. A high-density network indicates that many
possible competitive or relational ties are realized, sug-
gesting a tightly interconnected structure. A low-density
network indicates a sparser structure with fewer overlaps
and more selective comparison, interaction, or ownership
patterns.

Clustering coefficient
Tendency of a node’s neigh-
bors to also connect to each
other.

For node i,

Ci =
2ei

ki(ki −1)
and the average clustering coefficient is

C̄ =
1
|V | ∑

i∈V
Ci

where Ci is the clustering coefficient of node i, ei is
the number of realized links among the neighbors
of node i, ki is the degree of node i, and |V | is the
total number of nodes.

Clustering measures local cohesion. In a vehicle-market
context, a vehicle with high clustering would lie in a
tightly connected neighborhood where its competitors are
also linked to one another. More generally, high cluster-
ing often reflects a cohesive market segment or localized
comparison group, whereas low clustering suggests that a
node connects across less tightly knit neighborhoods.
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TABLE B2: Summary of network metrics used for market analysis (continued).

Network metric and short
definition

Equation Interpretation in market analysis

Giant component percent-
age (GC%)
Share of nodes belonging to
the largest connected compo-
nent.

GC% =
|VGC|
|V |

×100

where |VGC| is the number of nodes in the largest
connected component and |V | is the total number
of nodes in the network.

This metric measures whether the network is organized
around one dominant connected structure or many smaller
disconnected pieces. A high giant-component percentage
indicates that most nodes belong to one main competitive
or relational system. A lower value suggests fragmenta-
tion, meaning that multiple relatively separate market re-
gions, customer neighborhoods, or product communities
coexist.

Average path length
Average shortest-path dis-
tance between node pairs.

L =
1

N(N −1) ∑
i̸= j

d(i, j)

where L is average path length, d(i, j) is the
shortest-path distance between nodes i and j, and
N is the number of nodes in the connected compo-
nent being analyzed.

Average path length measures how far apart nodes are in
the network. A lower value means that products, cus-
tomers, or social contacts can be connected through fewer
intermediaries, indicating a more compact structure. A
larger value suggests a more diffuse network. In market
terms, shorter paths imply that entities are more closely
tied within the overall competitive or relational system.

Betweenness centrality
Number of times a node acts
as a bridge along the shortest
path between two other nodes.

BC(v) = ∑
s̸=v̸=t

σst(v)
σst

where BC(v) is the betweenness centrality of node
v, σst is the number of shortest paths between nodes
s and t, and σst(v) is the number of those paths that
pass through node v.

Betweenness captures brokerage or bridging importance.
For example, a vehicle with high betweenness may not
have the most direct links, but it may connect otherwise
separate parts of the market. More generally, a high-
betweenness node can link different customer neighbor-
hoods, product groups, or social clusters that would oth-
erwise be weakly connected.
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