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Abstract

Online shopping is expanding rapidly in emerging European markets, yet many consumers
still combine digital channels with offline verification. This study asks whether the resulting
heterogeneity among young consumers is genuinely complex or reducible to a simpler
structure. Drawing on technology-acceptance and perceived-risk perspectives, it analyses
survey data from 457 Romanian university students, of whom 269 were routed to eight
attitudinal items on online smartphone purchasing. The questionnaire was distributed to
students at two Romanian universities through institutional email and faculty social media
accounts, yielding a non-probability convenience sample; no probability-based selection
procedure was applied. After examining the dimensionality and reliability of the items
through exploratory factor analysis, K-means clustering was used to segment respondents,
and the solution was checked against hierarchical clustering. Two segments emerged:
cautious, lower-online-orientation consumers, who report lower perceived convenience,
speed, price advantage, and overall use of online purchasing, and online-oriented adopters,
who view digital channels as efficient and convenient. Rather than many fine-grained
segments, the data point to a dominant behavioural axis, namely overall orientation
towards online purchasing. The findings provide evidence consistent with a parsimonious
two-segment account of consumer heterogeneity in a rapidly developing digital market, and
they suggest differentiated omnichannel strategies: confidence-building and risk-reduction
measures for cautious consumers and experience optimisation for digital adopters.

Keywords: consumer segmentation; online purchasing; e-commerce; omnichannel behaviour;
K-means clustering; smartphone purchasing; Romania; digital consumer behaviour

1. Introduction
Smartphones have become the primary gateway to digital markets, particularly for

younger consumers in emerging economies, who increasingly treat the mobile channel
as their default route to information and purchase [1,2]. Online channels enable rapid
information search, price comparison, and convenient purchasing, suggesting a progres-
sive shift towards fully digital consumer journeys. However, despite these technological
advances, hybrid purchasing behaviour, which combines online information search with
offline verification, remains widespread in many emerging digital markets.

This persistence of hybrid behaviour may reflect a tension between rapid technological
diffusion and continuing concerns about trust in online transactions [1]. While consumers
increasingly rely on digital platforms for information, concerns related to product quality,
delivery reliability, and post-purchase support continue to shape purchasing decisions. As
a result, consumer heterogeneity in emerging markets may not require a highly fragmented
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explanation but may instead reflect a more parsimonious structure shaped chiefly by how
consumers weigh the uncertainties of online purchasing against its convenience.

Existing empirical work on smartphone purchasing and omnichannel behaviour doc-
uments the coexistence of extensive online information search with offline verification
strategies [3,4]. Evidence from Romania confirms similar patterns among young con-
sumers [5]. Young adults often read online reviews, participate in social media discussions,
and use price comparison platforms, but then visit physical outlets to test devices and to in-
teract with sales staff before they decide whether to buy online or offline. Regression-based
analyses can identify determinants of online purchase intention, yet they do not uncover
whether the underlying population is segmented into relatively homogeneous groups that
combine attitudes and verification strategies in systematically different ways.

For managers, understanding such heterogeneity is important when designing tar-
geted marketing strategies, allocating resources between online and offline channels, and
assessing the medium-term potential of mobile commerce in the youth segment. Retailers
and smartphone vendors need to know whether all young consumers will gradually con-
verge towards a similar pattern of predominantly online purchasing, or whether distinct
groups with stable preferences for different channel combinations are likely to persist. The
answer has direct implications for investments in physical retail networks, online service
quality, and communication strategies.

This paper makes three contributions, spanning both academic and managerial di-
mensions. It moves beyond variable-centred approaches by identifying empirically distinct
consumer segments in smartphone purchasing rather than estimating average effects across
the whole sample. It situates the question in Romania, an emerging digital market where
rapid technological adoption coexists with uneven institutional trust and persistent re-
liance on offline verification. And it offers segment-specific managerial implications for
omnichannel retailers and smartphone vendors, showing that the young consumers studied
here do not form a homogeneous group in their attitudes towards online purchasing. To
pursue these aims, the study applies K-means clustering to survey data from Romanian
university students and interprets the resulting segments through the literature on trust,
perceived risk, and omnichannel behaviour. Where prior segmentation studies often re-
port multiple fine-grained consumer groups, this study asks instead whether consumer
heterogeneity in this context can be represented by one dominant behavioural axis, namely
overall orientation towards online purchasing.

The Romanian case is well suited to this question. Online shopping has expanded
rapidly from a low starting point: the share of internet users buying online rose from 17%
in 2014 to about 60% in 2024, one of the steepest increases in the European Union, even
though Romania remains below the EU average of 77% [6]. National data show the same
youth-led pattern, with roughly 86% of internet users aged 16 to 34 purchasing online,
against lower shares in older groups [7]. Recent studies of young Romanian consumers
confirm that adoption is shaped not only by convenience but also by trust and perceived
risk: hedonic motivation, trust, and social influence jointly drive the intention to continue
using mobile commerce [1], and perceived usefulness and ease of use channel the effect of
digital familiarity on online purchase intention among Generation Z [2,8]. What this body
of work does not yet establish is whether the heterogeneity of these young consumers is best
described by many fine-grained segments or by a dominant behavioural axis, accompanied
by a weaker verification dimension. The present study addresses that gap by examining
the context-specific expectation that, among Romanian university students who are open to
buying their next smartphone online, attitudinal heterogeneity will be organised primarily
around a dominant online-purchasing orientation, accompanied by a weaker information-
seeking and verification dimension, rather than by multiple independent dimensions.
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Accordingly, the study addresses two research questions. RQ1: How can Romanian
university students who intend to buy their next smartphone online or are undecided about
the purchase channel be segmented based on their verification strategies, perceived benefits
of online purchasing, social influence, and actual use of online channels? RQ2: What are
the main attitudinal and behavioural characteristics of the resulting segments in terms of
online purchasing orientation and information-seeking and verification behaviour? Beyond
these empirical questions, the study also pursues an interpretive objective, drawing out the
theoretical and managerial implications of the segments for omnichannel strategy in an
emerging digital market such as Romania.

2. Literature Review and Theoretical Background
The diffusion of online retailing has substantially altered consumer decision processes.

In the traditional model, information search, evaluation of alternatives, and purchase
took place largely in physical stores and through interpersonal communication. With
the rise of e-commerce and mobile technologies, information search and evaluation have
increasingly moved online, whereas the purchase decision can occur either online or offline.
Empirical studies on Southern Europe, Latin America, and East-Central Europe show
that the main perceived benefits of online shopping are convenience, lower prices, and
broader assortments, whereas barriers are associated with perceived risk and institutional
trust [9,10].

Research on trust in electronic commerce [11,12] integrates trust constructs into
technology-acceptance frameworks and demonstrates that trust in platforms and ven-
dors enhances perceived usefulness and purchase intention. These findings are consistent
with established technology acceptance frameworks, which emphasise the role of perceived
usefulness and ease of use in shaping adoption behaviour [13]. Trust is typically concep-
tualised as a belief in the integrity, benevolence, and competence of the online vendor
or platform.

Empirical evidence across different market contexts further reinforces these theoret-
ical insights. Cross-market studies confirm that trust remains a central determinant of
e-commerce outcomes, while its antecedents vary with institutional context and prior
marketplace experience [14]. Platform-level design choices also play an important role, as
greater transparency in recommendation systems enhances perceived fairness and increases
consumer trust [15]. When trust is sufficiently high, consumers are more willing to disclose
personal data, accept delivery delays, and engage in online transactions [16]. Conversely,
perceived risk can offset these positive effects and lead consumers to reject otherwise
efficient online channels, particularly in emerging markets where institutional trust is still
developing [17,18]. Prior research further shows that perceived risk remains a key barrier
to online purchasing, affecting both initial adoption and repurchase intentions [19]. Recent
cross-category evidence also confirms that multiple behavioural drivers, including trust,
perceived value, and contextual factors, jointly influence online purchase intentions [20].

Other contributions highlight that consumers respond to uncertainty by intensifying
information search, especially through user reviews and social recommendations. Online
rating systems, discussion forums, and influencer content on social media enable potential
buyers to access the experiences of a large number of previous customers at almost no
cost. This can substantially reduce perceived uncertainty about product quality and seller
reliability, yet it also creates new challenges such as information overload, fake reviews,
and biassed evaluations. Consumers must therefore develop heuristics to interpret and
filter information, for example by focusing on detailed qualitative reviews, paying attention
to the dispersion of ratings, or giving more weight to sources perceived as independent and
expert. This is consistent with prior research showing that online reviews and electronic
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word-of-mouth play a critical role in reducing uncertainty and shaping purchase decisions
in digital environments [21].

Institutional economics provides a complementary macro-level explanation for hybrid
behaviour. In environments where enforcement mechanisms and consumer protection
are perceived as weaker, consumers rely more on personal experience, offline verification,
and social networks. Formal institutions, such as legal frameworks for distance selling,
dispute resolution mechanisms, and effective supervision of online platforms, interact with
informal institutions like norms of fair dealing and reputational sanctions. Together, they
shape aggregate levels of trust in digital markets and thereby influence the distribution
of consumer types in the population. Emerging markets often feature rapid technological
adoption in a context where institutional changes lag behind, which may sustain mixed
online–offline purchasing patterns.

In the smartphone and mobile commerce domain, prior studies show that high per-
ceived risk depresses mobile purchase intentions even when convenience is high, whereas
accumulated positive online experience strengthens trust and willingness to buy. Evidence
from O2O-based mobile shopping applications further shows that information quality and
service quality strengthen perceived privacy protection and satisfaction, which then im-
prove customer loyalty, underlining the importance of trust-related service cues in mobile
commerce [22]. Smartphones are relatively expensive and technically complex products,
which increases the salience of perceived risk. Consumers may worry about receiving
a device with hidden defects, inadequate battery performance, or incompatibility with
local networks. At the same time, smartphones are at the centre of an ecosystem of digital
services, apps, and accessories that are often accessed or purchased online. This combina-
tion of risk and ongoing digital engagement makes the category particularly suitable for
studying hybrid behaviour.

Previous studies in electronic commerce have applied segmentation approaches to
identify distinct consumer profiles based on online behaviour and attitudes, while re-
lated omnichannel research highlights how consumers combine channels in the decision
process [3,4]. Segmentation seeks to divide heterogeneous markets into relatively ho-
mogeneous groups of consumers that can be targeted with tailored value propositions.
Traditional segmentation approaches rely on a priori criteria such as demographics or prod-
uct usage intensity. In contrast, data-driven methods such as K-means clustering derive
segments from patterns in the data, typically using behavioural or attitudinal variables. In
the context of online consumer behaviour, clustering has been used to identify, for example,
heavy online buyers, reluctant adopters, and information seekers. Applying this logic to
smartphone purchasing in Romania allows us to derive segments that are grounded in
actual response patterns rather than imposed by the researcher.

Studies focusing on younger consumers emphasise that so-called digital natives or
members of Generation Z have grown up with constant access to the internet and social
media and therefore tend to take the technical possibility of online shopping for granted.
However, they are not necessarily uncritical adopters; rather, they evaluate digital channels
through the lens of usability, aesthetics, and peer approval. For smartphone purchasing,
they often rely on video reviews, unboxing content, and recommendations from influencers,
which complement traditional written reviews. These patterns underline the importance of
examining not only whether consumers use online channels, but also how they use them
and which sources of information they deem credible.

An additional strand of literature examines omnichannel strategies, in which firms
deliberately integrate online and offline channels to provide seamless customer journeys.
Building on the customer journey perspective, omnichannel research conceptualises con-
sumer behaviour as a sequence of interrelated phases across channels rather than a single de-
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cision event. The customer journey perspective highlights that consumer decision-making
unfolds across multiple touchpoints, spanning both online and offline environments [23].
A recent systematic review shows that omnichannel buying should be understood as a
sequence of phases (search, evaluation, transaction, fulfilment, and post-purchase interac-
tion) rather than as a single, uniform journey across channels [24]. Recent empirical work
has identified distinct omnichannel customer segments, including webroomers and show-
roomers, characterised by different combinations of search and purchase channels [25,26].
Complementary evidence from systematic reviews further highlights that these patterns are
driven by trade-offs between convenience, perceived risk, and information availability [27].

Research in this area shows that consumers value the flexibility to search, order, pay,
and receive support in different channels according to their situational constraints and
preferences. For example, some customers may prefer to order online but pick up in store,
while others may start their search in a physical outlet and complete the purchase on a mo-
bile device after further consideration at home. The effectiveness of such strategies depends
on the degree of integration between channels in terms of assortments, pricing, information
systems, and organisational incentives. Recent research also shows that showroomers
and webroomers are not homogeneous: regulatory orientation helps distinguish these
consumers, and one segment is prone to adopt both behaviours, making cross-channel
heterogeneity a legitimate basis for segmentation [28].

Recent empirical work further underlines the importance of segmentation and trust-
related mechanisms in digital consumer markets. Bauerova et al. [29] identify distinct
profiles of online grocery shoppers in Central Europe, while Stefko et al. [30] extend
technology-acceptance models to mobile shopping and confirm the role of customised
offers and price benefits. Mazurek et al. [31] complement these demand-side perspectives
by proposing an improved weighted online rating system that mitigates review-related
biases, thereby enhancing the informational infrastructure of e-commerce platforms.

Three broad explanations compete in this literature. Technology-acceptance models,
including the TAM and UTAUT families, treat online purchasing as a function of perceived
usefulness, ease of use, and related beliefs and predict adoption well [1,8]. Trust and insti-
tutional accounts locate the decisive factor in the buyer’s confidence that platforms, sellers,
and enforcement mechanisms will perform as expected, which matters most where formal
institutions are still consolidating [32]. Omnichannel and customer-journey research, in
turn, models behaviour as a sequence of search, evaluation, and purchase steps distributed
across channels and typically yields multi-segment, channel-defined typologies such as
webroomers and showroomers [33,34]. Each account is informative, yet each is built to
explain either the drivers of adoption or the richness of channel combinations; few studies
directly examine whether, in an emerging-market student population, this heterogeneity
might collapse onto a dominant orientation accompanied by a weaker verification dimen-
sion. The present study takes the technology-acceptance and perceived-risk vocabulary
as its proximate language while testing this more parsimonious possibility empirically.
Figure 1 summarises this conceptual framing.

Unlike prior studies that typically identify multiple consumer segments in digital en-
vironments, the present study investigates whether consumer heterogeneity among young
consumers in an emerging digital market is organised mainly around one behavioural axis,
namely their overall orientation towards buying online.
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Figure 1. Conceptual and analytical framing of the indicators used to identify consumer segments.
The figure distinguishes a dominant online-purchasing orientation from a weaker information-
seeking and verification dimension. It is interpretive and non-causal and does not represent a tested
structural model.

3. Materials and Methods
This study investigates smartphone purchasing behaviour among young consumers

in an emerging digital market context. To address the research objective, two research
questions and an interpretive objective are formulated.

3.1. Research Questions

Against this background, the paper addresses the following research questions.

RQ1: How can Romanian university students who intend to buy their next smartphone online
or are undecided about the purchase channel be segmented based on their verification strategies,
perceived benefits of online purchasing, social influence, and actual use of online channels?

RQ2: What are the main attitudinal and behavioural characteristics of the resulting segments in
terms of online purchasing orientation and information-seeking and verification behaviour?

Beyond these two empirical questions, the study pursues an interpretive objective:
to draw out the theoretical and managerial implications of the identified segments for
understanding consumer heterogeneity and for designing omnichannel strategies in an
emerging digital market such as Romania.

3.2. Data Collection and Sample

The empirical analysis uses data from an online questionnaire conducted in Decem-
ber 2024 among students at S, tefan cel Mare University of Suceava and Dunărea de Jos
University of Galat,i. The study used a non-probability convenience sampling approach.
At the University of Suceava, the questionnaire was sent by email to all students through
their institutional email addresses, while at the University of Galat,i it was posted on the
social media accounts of several faculties. No probability-based selection procedure was
applied. The questionnaire did not request any identifying information. Participation was
voluntary and anonymous, and respondents were informed about the academic purpose
of the study and the approximate time required to complete the questionnaire. Prior to
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the main data collection, the questionnaire was pre-tested with a group of approximately
25 university students in November 2024. Participants completed the instrument, and a
short debriefing was used to check whether the items were understood consistently and
as intended. On the basis of this feedback, the wording of several items was refined to
improve clarity, including the item on the intended purchase channel for the respondent’s
next smartphone. Pre-test participants were instructed not to take part in the main survey,
and their responses are not included in the final sample.

The full descriptive sample includes 457 responses. The eight smartphone-specific
attitudinal items used for clustering were administered, by questionnaire design, only to
the subgroup of respondents whose intended purchase channel for their next phone was
either online or not yet decided (n = 269, 58.9% of the full sample). These items concern
attitudes towards buying online and were therefore meaningful only for respondents who
intended to buy online or were undecided about the channel; they were not shown to those
who had already committed to buying in a physical store or on the second-hand market. All
269 cases were complete on the eight items, so the difference between the full sample and the
clustering subsample reflects this routing rather than the exclusion of incomplete responses,
and no further cases were lost to missing data. This dataset has also supported a separate
published analysis using a different method and research question (logistic regression
of channel choice) [5]. The present study differs in its analytic subsample, its method
(clustering), and its objective, with no overlap in dependent variables or conclusions.

The full descriptive sample was predominantly female and young, whereas the ana-
lytic subsample had a more balanced gender distribution and a broadly similar age profile.
Although the sample is not representative of the entire Romanian population, it is ap-
propriate for the exploratory objective of examining smartphone purchasing behaviours
among university students whose intended purchase channel was online or not yet decided.
Detailed characteristics of the full sample and the analytic subsample are reported below.
Table 1 presents the socio-demographic structure of the sample.

Table 1 shows that the sample is predominantly female and concentrated in younger
age categories, with most respondents reporting completed high school studies prior to
university and middle-to-lower household income categories.

Table 1. Sample characteristics (university students, N = 457).

Variable Category (Romanian/English) N %

Sex/Sex
Feminin/Female 300 65.6
Masculin/Male 157 34.4

Ultimele studii
finalizate/Completed

Studies

High school (completed prior to
university) 310 67.8

Licent,ă/Bachelor 112 24.5
Masterat/Master 28 6.1

Doctorat/PhD 5 1.1
S, coală profesională/Vocational 1 0.2
Lower secondary (gymnasium) 1 0.2

Household monthly income
(RON/EUR)

0–1999/0–402 123 26.9
2000–3499/402–703 65 14.2

3500–4999/704–1005 97 21.2
5000–6999/1005–1407 44 9.6
7000–9999/1407–2010 55 12.0

10,000–12,999/2010–2613 30 6.6
13,000–15,999/2613–3216 21 4.6
16,000–19,999/3216–4020 8 1.8

20,000+/above 4020 14 3.1
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Table 1. Cont.

Variable Category (Romanian/English) N %

Age (years) Age (years) | Mean = 23.5 | SD = 7.4 |
Min = 18 | Max = 64 457

Maximum intended price
(RON/EUR)

Mean = 3440/692 | SD = 2220/446 |
Min = 300/60 | Max = 20,000/4000 456

Source: own processing.

The full descriptive sample was predominantly female (65.6% female and 34.4% male)
and had a mean age of 23.5 years (SD = 7.4; range = 18–64). The analytic subsample used
for clustering comprised 269 respondents whose intended purchase channel for their next
smartphone was online or not yet decided. Of these respondents, 59.5% were female and
40.5% were male. Their mean age was 23.68 years (SD = 7.39; range = 18–56), and 80.7%
were under 25. The socio-demographic profile of the analytic subsample was broadly
consistent with that of the full descriptive sample.

A total of 457 responses were collected. One respondent indicated at the screening
question that they did not own a smartphone and was therefore not shown the smartphone-
specific items; consequently, these items and the maximum intended price are reported for
456 respondents. All 269 cases included in the clustering analysis were complete on the
eight clustering variables.

3.3. Measures and Variables Used for Clustering

Table 2 reports descriptive statistics for the attitudinal and behavioural variables used
in the analysis.

Table 2. Descriptive statistics for attitudinal and behavioural items (five-point bipolar response scales,
endpoints labelled 1 = ‘definitely no’, 5 = ‘definitely yes’).

Original Romanian Wording English Translation N Mean Standard Deviation

Telefonul este un simbol al statutului
social. Phone as status symbol. 456 2.45 1.24

Raportul calitate pret este cel mai
important in achizitia unui telefon.

Quality-price ratio most
important. 456 4.09 1.06

IOS este cel mai bun soft. iOS is the best software. 456 3.10 1.21

Android este cel mai bun soft. Android is the best software. 456 3.34 1.10

Multi oameni isi doresc o marca de
telefon scumpa, dar unii nu si-l permit.

Many want expensive brand
but cannot afford. 456 4.27 0.94

Posesorii de telefoane scumpe sunt snobi. Expensive phone owners are
snobs. 456 2.31 1.09

Indiferent de brand, cele mai importante
sunt caracteristicile tehnice ale

produsului.

Technical specs most important
regardless of brand. 456 4.42 0.88

Inainte de a achizitiona un telefon on-line
voi testa intr-un magazin fizic telefonul:

Will test phone in store before
online purchase. 269 3.21 1.39

Inainte de a achizitiona un telefon on-line
voi citi recenzii despre acesta:

Will read reviews before online
phone purchase. 269 4.54 0.93

On-line cred ca pot obtine un pret mai
bun pentru un telefon

Believe can obtain better price
online. 269 3.84 1.03
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Table 2. Cont.

Original Romanian Wording English Translation N Mean Standard Deviation

Este mai rapid sa cumpar on-line un
telefon mobil Faster to buy phone online. 269 3.73 1.22

Este mai comod sa cumpar un telefon
mobil on-line

More convenient to buy phone
online. 269 4.06 1.13

Toti prietenii mei au cumparat telefoane
on-line

All my friends bought phones
online. 269 2.58 1.02

Ma gandesc sa cumpar online pentru ca
am posibilitatea de retur produsului (14
zile minimum legal sau uneori mai mult)

Consider online due to return
policy. 269 3.04 1.27

Majoritatea cumparaturilor pe care le fac
sunt online Most purchases are online. 269 3.23 1.20

Note: The original Romanian wording is retained alongside the English translation to ensure transparency
regarding the measurement instrument. Source: own processing.

In the full descriptive sample, technical characteristics and the quality–price ratio
received the highest mean ratings. Within the analytic subsample, reading online reviews
received the highest mean rating, whereas social influence was comparatively weaker.
Only the eight smartphone-specific attitudinal items (n = 269) are used as input vari-
ables for the clustering procedure, while the remaining variables are used exclusively for
descriptive analysis.

All attitudinal items are measured using five-point bipolar response scales with only
the endpoints labelled (1 = ‘definitely no’; 5 = ‘definitely yes’) and equally spaced interme-
diate positions, following a semantic-differential logic based on opposing endpoint anchors.
Because only the endpoints carried verbal labels, the response options were treated as
approximately interval-scaled, as is common for endpoint-anchored scales in multivariate
analysis [35]. Before clustering, the dimensionality and reliability of these eight items were
examined to confirm that they are suitable inputs for segmentation; this measurement
check is reported in Section 3.4. All eight items were retained for clustering in order to
preserve the interpretability of the resulting segments.

In addition to attitudinal variables, several socio-demographic variables (age, gender,
education, and household income) are included in the dataset and used to characterise the
sample descriptively. These variables were not used to derive the clusters. These variables
capture structural differences in resources and life stage that may influence the perceived
attractiveness and feasibility of online purchasing.

3.4. Dimensionality and Reliability of Attitudinal Items

Although the aim of this study is segmentation rather than scale development, the
eight smartphone-specific attitudinal items were first examined to confirm that they are suit-
able inputs for clustering and that their underlying structure is simple. This check addresses
two concerns raised in segmentation research: whether the items share enough common
variance to justify a structured solution, and whether that structure is parsimonious rather
than fragmented.

Sampling adequacy was satisfactory. The Kaiser-Meyer-Olkin measure was 0.767,
and Bartlett’s test of sphericity was significant (χ2 = 413.281, df = 28, p < 0.001), indicating
that the correlation matrix was suitable for factor extraction. All eight items had anti-
image measures of sampling adequacy above the 0.5 threshold (lowest = 0.515), so no item
was removed.
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An exploratory factor analysis (principal axis factoring with Promax oblique rotation,
chosen because the factors were expected to correlate) was then conducted as a dimen-
sionality check. Two factors had eigenvalues above unity (2.826 and 1.255; the third was
0.911). This two-factor solution was corroborated by parallel analysis [36]: the first two
observed eigenvalues exceeded their randomly simulated counterparts (2.826 vs. 1.261;
1.255 vs. 1.171), whereas the third did not (0.911 vs. 1.083). The two factors together
accounted for 35.2% of the variance and were only modestly correlated (r = 0.287), in-
dicating related but distinct facets rather than a single homogeneous construct or many
independent ones.

The first factor groups the six items reflecting the perceived convenience, speed, price
advantage, social influence, return policy, and overall share of online purchasing and
is interpreted as an online-purchasing orientation. The second factor grouped the two
information-search and verification items (reading online reviews and testing the device in
a physical store). The full pattern matrix, communalities, and factor correlation are reported
in Table 3.

Table 3. Exploratory factor analysis: pattern matrix loadings and communalities (principal axis
factoring, Promax rotation; n = 269).

Item Factor 1 Factor 2 Communality

Perceived convenience of online
purchasing 0.810 −0.041 0.639

Perceived speed of online purchasing 0.682 −0.119 0.433
Perceived online price advantage 0.585 0.215 0.461
Social influence (friends bought online) 0.517 −0.149 0.245
Share of purchases conducted online 0.495 0.003 0.245
Importance of return policy 0.449 0.047 0.216
Reading online reviews 0.104 0.612 0.422
Testing in store before online purchase −0.185 0.408 0.157

Note: Pattern matrix from principal axis factoring with Promax (kappa = 4) rotation. Loadings on the assigned
factor are shown in the corresponding column. Factor 1 = online-purchasing orientation; Factor 2 = information-
seeking and verification. The two factors are correlated (r = 0.287). KMO = 0.767; Bartlett’s test of sphericity
χ2 = 413.281, df = 28, p < 0.001.

Reliability was assessed appropriately for each factor. The six-item online-purchasing-
orientation factor showed adequate internal consistency (Cronbach’s α = 0.753). For the two-
item verification factor, Cronbach’s alpha is known to be biassed and is not the appropriate
statistic; the Spearman–Brown coefficient is recommended for two-item scales [37] and
was 0.359 (inter-item r = 0.219). The two verification indicators showed limited internal
consistency and are therefore not interpreted as a reliable composite scale. They were
retained as separate behavioural indicators in the clustering analysis.

To assess the stability of this structure within the analytic sample, the analysis was
repeated on two random split-half subsamples (n = 133 and n = 136). Both halves in-
dependently returned a two-factor solution, with the same six items defining the first
factor and the same two verification items defining the second, supporting the stability of
the structure.

Taken together, the results support a simple two-facet structure comprising a dominant
online-purchasing orientation and a weaker information-seeking and verification dimen-
sion. Because the two verification indicators showed limited internal consistency, they were
retained and interpreted individually rather than combined into a composite scale. This pro-
vides the measurement basis for the clustering analysis reported next, and it motivates the
study’s central question, namely whether respondent heterogeneity is likewise organised
along a dominant behavioural axis rather than a complex multidimensional structure.
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3.5. Clustering Procedure and Cluster Validation

The number of clusters was assessed for solutions ranging from k = 2 to k = 6 using
the within-cluster sum of squares (WSS), the average silhouette coefficient, the Calinski–
Harabasz index, and the Davies–Bouldin index [38–40]. Across these indices, the two-
cluster solution (k = 2) performed best: it yielded the highest silhouette coefficient (0.224),
the highest Calinski–Harabasz index (80.83), and the lowest Davies–Bouldin index (1.673)
among the candidate solutions. The average silhouette coefficient of 0.224 nevertheless
indicates limited separation between the clusters [41]. Accordingly, the solution is inter-
preted as exploratory rather than as evidence of strongly separated groups. The silhouette
is best read alongside the other indices rather than in isolation: each index captures a differ-
ent facet of cluster quality, and here the highest Calinski-Harabasz value and the lowest
Davies-Bouldin value among the candidate solutions both point to the same two-cluster
solution. The structure is consequently treated as exploratory and is corroborated below
by a robustness check against an alternative clustering algorithm. These cluster validity
indices are widely used in the literature to evaluate clustering solutions by balancing
within-cluster compactness and between-cluster separation [38–40].

The analytical procedure was documented to support reproducibility. The cluster-
ing analysis is based on 269 complete cases and eight smartphone-specific attitudinal
items measured on five-point bipolar response scales with only the endpoints labelled
(1 = “definitely no”; 5 = “definitely yes”). The items were treated as approximately interval-
scaled and standardised (z-scores) to eliminate scale effects. K-means clustering [42] was
estimated using Euclidean distance and the default SPSS initialisation of well-separated
cases. The number of clusters was evaluated using multiple cluster validity indices (WSS,
silhouette, Calinski–Harabasz, and Davies–Bouldin), as described above, all computed on
the standardised variables. Table 4 reports the cluster validity indices for k = 2 to k = 6.
Descriptive analyses, exploratory factor analysis, reliability analysis, hierarchical (Ward)
clustering, and K-means clustering were conducted in IBM SPSS Statistics 27. Parallel
analysis was performed in JASP (version 0.97.1). The cluster-validity indices (silhouette
coefficient, Calinski–Harabasz index, and Davies–Bouldin index) were computed in Python
(version 3.12.3) using scikit-learn (version 1.8.0), based on the standardised variables and
the cluster memberships exported from SPSS for each candidate solution. To assess the
potential influence of common method bias, Harman’s single-factor test was conducted by
constraining all eight items to load on one factor. This factor accounted for 35.3% of the vari-
ance, well below the 50% threshold conventionally taken to indicate a substantive common
method problem [43]. The result does not indicate that a single common factor dominates
the covariance structure, although common method bias cannot be completely excluded.

Table 4. Cluster Validity Indices for k = 2 to k = 6.

Cluster Number Within-Cluster Sum
of Squares (WSS)

Silhouette
Coefficient Calinski-Harabasz Index Davies-Bouldin Index

k = 2 1645.79 0.224 80.83 1.673
k = 3 1466.34 0.201 61.46 1.686
k = 4 1351.06 0.144 51.84 1.952
k = 5 1259.50 0.140 46.35 1.886
k = 6 1176.29 0.146 43.27 1.751

Note: Higher silhouette and Calinski-Harabasz values indicate better clustering, while lower Davies-Bouldin
values are preferred. Source: own processing.

K-means was selected as the primary exploratory method because it provides a trans-
parent partition of standardised continuous indicators. Ward’s hierarchical method was
subsequently used as an algorithmic robustness check. Because clustering solutions can be
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sensitive to the algorithm, the two-cluster solution was re-estimated using Ward’s hierarchi-
cal method [44] on the same standardised items, and the resulting partition was compared
with the K-means solution. The two methods classified 85.5% of respondents identically
(Cohen’s κ = 0.65), and the online-oriented segment was recovered almost exactly (173 of
175 cases). This convergence across a partitional and a hierarchical algorithm supports the
stability of the two-cluster structure, while the somewhat greater reassignment within the
cautious segment is consistent with its more diffuse character.

Although the primary focus of this paper is on segmentation rather than measurement
development, the attitudinal items were formulated with reference to established constructs
in the literature on online shopping, such as perceived usefulness, perceived ease of use,
trust, perceived risk, and subjective norms. The questionnaire was pre-tested to ensure
clarity and consistency of interpretation, and the order of items was designed to minimise
potential priming effects.

4. Results
As a first step, the optimal number of clusters was determined. Table 4 reports the

cluster validity indices for solutions with k = 2 to k = 6, confirming that the two-cluster
solution offers the best overall fit according to the silhouette and Calinski–Harabasz criteria,
while also achieving a low Davies–Bouldin index.

Table 5 reports the final cluster centroids (standardised values), providing the empirical
basis for segment interpretation.

Table 5. Final cluster centroids (k = 2, standardised values).

Variable Cluster 1 Cluster 2 η2

Testing phone in store before online purchase 0.1868 −0.1004 0.02
Reading online reviews −0.1862 0.1000 0.02

Perceived online price advantage −0.7616 0.4091 0.31
Perceived speed of online purchasing −0.7922 0.4255 0.34

Perceived convenience of online purchasing −1.0443 0.5609 0.59
Social influence (friends buying online) −0.5990 0.3218 0.19

Importance of return policy −0.5334 0.2865 0.15
Share of purchases conducted online −0.6604 0.3547 0.24

Note: Values are standardised z-scores. Positive values indicate above-average agreement relative to the total
sample. Cluster sizes: Cluster 1 (n = 94, 34.9%), Cluster 2 (n = 175, 65.1%). The final column reports η2

as a descriptive effect size for the separation between clusters on each item (small ≈ 0.01, medium ≈ 0.06,
large ≥ 0.14) [45]. Source: own processing.

Cluster 1 represents cautious, lower-online-orientation consumers, who report
markedly lower perceived convenience, speed, and price advantages of online purchasing,
as well as a lower share of online transactions. However, the two clusters differ only
marginally in review reading and in-store testing, indicating that verification behaviour is
not the principal basis of segmentation.

Cluster 2 represents online-oriented adopters, exhibiting consistently positive values
across most online-related variables. These consumers perceive online purchasing as
efficient, convenient, and socially supported, and they report a higher share of purchases
conducted online.

To convey the magnitude of the separation between segments on each item, effect
sizes (η2) were computed from the between- and within-cluster variation and are reported
in Table 5. These are descriptive measures of separation rather than inferential significance
tests, since the F values produced by a clustering procedure are inflated by construc-
tion and cannot be read as tests of equality of means. The pattern is clear. The two
information-verification items, in-store testing and review reading, show only small effects

https://doi.org/10.3390/jtaer21070230

https://doi.org/10.3390/jtaer21070230


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 230 13 of 19

(η2 = 0.02 each), indicating that verification behaviour does not meaningfully distinguish
the segments. By contrast, the six items reflecting online-purchasing orientation show
large effects, ranging from η2 = 0.15 for the return policy to η2 = 0.59 for perceived con-
venience. Segment membership is therefore structured primarily by orientation towards
online purchasing rather than by information-search or verification behaviour, which rein-
forces the interpretation of a dominant behavioural dimension accompanied by a weaker
verification dimension.

The strongest differences between clusters (Figure 2) are observed for perceived
convenience, speed, and price advantages, indicating that perceived efficiency of online
purchasing plays a central role in shaping segment membership. Importantly, differences
are consistently aligned in the same direction across the six online-purchasing-orientation
variables, reinforcing the interpretation of a dominant behavioural dimension.

Figure 2. Standardised cluster centroids for the two-segment solution across the eight attitudinal
items (n = 269). The two verification items show little separation between clusters, whereas the
online-orientation items separate the segments strongly.

The comparison of the two clusters highlights a clear structural divide between con-
sumers reporting lower perceived convenience, speed, price advantage, and overall use
of online purchasing and those reporting higher evaluations and greater use of online
channels. This indicates that the primary dimension of heterogeneity is the degree of
online-purchasing orientation.

5. Discussion
5.1. Main Finding

Among the Romanian students studied here, the clusters differ above all in how
readily respondents complete purchases online. Rather than revealing many finely differ-
entiated segments, the findings support a parsimonious two-cluster structure that contrasts
cautious, lower-online-orientation consumers with online-oriented adopters. This con-
trasts with the more differentiated multi-segment structures frequently reported in prior
segmentation research.

5.2. Theoretical Implications

These results indicate that, in emerging digital markets, consumer heterogeneity rests
on a basic divide between consumers who are more ready to complete purchases online
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and those who remain less ready to do so. The pattern is consistent with lower confidence
in online purchasing among the cautious segment, although it should be stressed that
trust and perceived risk were not measured through dedicated multi-item scales and are
inferred here from the convenience, speed, price, and verification indicators. While some
consumers adopt online purchasing as the default option, others remain less ready to
complete transactions through online channels.

Interestingly, both segments display similar levels of engagement with online reviews,
suggesting that the key difference lies not in information acquisition but in the transition
from information to transaction.

Theoretically, the results argue for joining technology acceptance models with in-
stitutional and trust-based approaches. Online-oriented adopters can be interpreted as
consumers for whom perceived usefulness and ease of use dominate residual risk concerns.
In contrast, the cautious segment is distinguished primarily by lower evaluations of the
convenience, speed, and price advantages of online purchasing and by a lower reported
share of online transactions. The similarity between the segments in review reading and
in-store testing suggests that the main divide concerns transaction readiness rather than
information acquisition.

Importantly, the findings suggest that cautious online-purchasing orientations may
not be merely transitional for a substantial segment of consumers. Longitudinal research is
nevertheless required to assess their stability over time. This contributes to the literature by
offering a more nuanced interpretation of digital adoption processes in emerging economies,
where technological diffusion may outpace institutional trust development.

Taken together, these findings suggest that, in emerging digital markets, consumer seg-
mentation may be governed by a limited number of fundamental behavioural dimensions
rather than by increasingly complex multi-segment structures. This contrasts with the more
differentiated structures frequently reported in prior segmentation studies and highlights
the value of parsimonious theoretical models in rapidly developing digital markets.

5.3. Comparison with Prior Literature

These findings can be compared directly with segmentation studies in other markets.
The two-segment structure echoes typologies found among students elsewhere: in a study
of Turkish university students, cluster analysis distinguished enthusiastic from suspicious
and reluctant online shoppers, with privacy and security concerns separating the cautious
groups [46], a pattern consistent with the cautious segment identified here. Evidence
from Latin America points the same way, with Brazilian non-shoppers clustering into
reluctant and disbelieving groups, including consumers who must physically see a product
before trusting a purchase [47]. In more mature European markets the structure is typically
richer: German showrooming research separates loyal from competitive forms tied to price
consciousness [48], and a Spanish-Italian study of supermarket shoppers identified as
many as seven behaviour-based segments, several of which disengaged from the online
channel over time [49]. The comparison suggests that the cautious-versus-online divide
observed here is a recurrent feature of digital consumer behaviour, but that its reduction to
a dominant behavioural dimension is more pronounced in this emerging-market student
population than in mature markets, where finer segmentation tends to appear.

The segmentation results are also consistent with broader research on the digital
divide, which highlights disparities in digital skills and access as potential drivers of
unequal participation in online markets [50]. Although all respondents in the sample
had internet access, prior research suggests that differences in digital skills, confidence,
and support networks may contribute to divergent trajectories of online engagement.
Online-oriented adopters may be better positioned to benefit from digital markets because
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they report greater convenience and readiness to transact online. Cautious, lower-online-
orientation consumers, in contrast, may experience greater transaction-related uncertainty,
although the specific psychological and technical mechanisms underlying this orientation
were not directly measured in the present study.

At the same time, the segmentation results also resemble typologies identified in
more mature e-commerce markets. Research on online shopping in North America and
Western Europe frequently distinguishes between heavy online buyers, pragmatic users
who weigh costs and benefits, and reluctant adopters who participate only when necessary.
The two clusters identified in this study can be interpreted as local variants of these more
general types, shaped by the specific economic and institutional conditions of the Romanian
market. The convergence hints that certain dimensions of heterogeneity in digital consumer
behaviour may be robust across countries, even if their relative prevalence differs.

By explicitly positioning the Romanian case within this broader international literature,
the present study contributes to a more nuanced understanding of how global trends
in digital commerce interact with local institutional contexts. The results indicate that
policy measures aimed at strengthening consumer protection, improving the quality and
transparency of online services, and fostering digital literacy are likely to support not
only higher overall adoption, but also a more equitable distribution of benefits from
digital markets.

5.4. Managerial Implications

The identified segmentation structure has direct implications for smartphone vendors,
mobile operators, and e-commerce platforms targeting young consumers in emerging
digital markets. In the Romanian context, online shopping has expanded rapidly from
a low base but remains below the EU average [6]. Because smartphones are relatively
expensive and technically complex products, retailers serving the student population exam-
ined here should combine digital efficiency with visible safeguards and accessible offline
support. This means pairing fast and convenient online purchasing with transparent return
procedures, reliable delivery and tracking, clear technical information, and opportunities
for in-store verification or assistance.

For online-oriented adopters, firms should prioritise frictionless digital experiences,
including intuitive interfaces, fast delivery, reliable order tracking, personalised offers, and
strong social proof mechanisms. These consumers already perceive digital channels as effi-
cient and convenient, so managerial efforts should focus on reinforcing speed, convenience,
and overall user experience.

For the cautious segment, the priority is to strengthen confidence and reduce
transaction-related uncertainty. Retailers should combine transparent return procedures,
clear product information, visible consumer protection guarantees, and the possibility of
in-store verification or omnichannel support. For this segment, the main challenge is not
awareness of digital channels but lower readiness to complete transactions online.

Across all segments, investing in trustworthy online environments remains essen-
tial. This includes secure payment systems, reliable logistics, transparent communication,
and visible responsiveness to customer feedback. Firms that actively manage verified
reviews and collaborate with reputable partners can strengthen trust across different
consumer segments.

From a policy-oriented perspective, improving digital literacy and providing clear
guidance on secure online shopping could reduce perceived risk, particularly among more
vulnerable consumers. At the same time, policy interventions should recognise that not
all consumers aspire to fully digital consumption patterns and that maintaining access to
high-quality offline options remains important for inclusive digital transformation.
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These findings imply that firms should not assume a gradual convergence of all
consumers towards fully digital purchasing. Instead, strategic differentiation remains
necessary, as a substantial segment may remain less ready to complete purchases entirely
online and may benefit from offline-supported options.

These implications directly reflect the underlying segmentation structure, which is
primarily driven by differences in online purchasing orientation rather than by multiple
independent behavioural dimensions.

6. Limitations and Future Research
The study is subject to several limitations. The segmentation was conducted only on

respondents who were open to an online purchase, namely those whose intended channel
for their next smartphone was online or not yet decided; consumers already committed to
buying in a physical store or on the second-hand market were excluded by questionnaire
design, so the cautious segment is defined within a population already receptive to online
purchasing. The sample consists predominantly of students and therefore reflects the
attitudes of younger, more digitally connected consumers. The results may not generalise
to older age groups or to rural populations with different access to online infrastructure and
different life experiences with technology. Future research could replicate the analysis using
broader, nationally representative samples that include older consumers and individuals
from less urbanised regions in order to assess the stability of the identified segments.

The clustering approach relies on self-reported attitudinal data. In addition, trust
and perceived risk were not measured through dedicated multi-item scales; they are
treated as interpretive constructs inferred from the behavioural and perceptual indicators,
and future work could incorporate validated trust and risk measures. While such data
provide valuable insights into perceptions, intentions, and subjective evaluations, they are
also susceptible to biases such as social desirability and recall errors. Combining survey
responses with behavioural data from transaction logs, clickstream records, or mobile
app usage statistics would allow for a more precise validation of segments and for the
identification of discrepancies between stated intentions and actual behaviour. In addition,
the present segmentation is validated using internal cluster validity indices and substantive
interpretability rather than external behavioural criteria. Future research could extend the
analysis by linking segment membership to objective behavioural indicators, such as actual
online purchase histories or clickstream data, in order to further validate and refine the
identified clusters.

In addition, the analysis focuses on one emerging European market. Although Ro-
mania shares several characteristics with other countries in the region, such as rapid
digitalisation and evolving institutional frameworks, there are also context-specific features
related to income distribution, urban–rural divides, and historical experiences with formal
institutions. Cross-country comparisons with other emerging markets in Europe and be-
yond would clarify whether the identified segments are specific to Romania or reflect more
general patterns in the digital transformation of consumer behaviour.

Lastly, the primary segmentation relies on K-means and on a particular set of variables,
although the two-cluster structure was corroborated using Ward’s hierarchical method.
Future research could explore the robustness of the segmentation by applying alternative
approaches, such as model-based clustering, latent class analysis, or fuzzy clustering, and
by experimenting with different combinations of attitudinal, behavioural, and contextual
variables. Integrating qualitative methods, such as in-depth interviews or focus groups,
could also enrich the interpretation of clusters and shed light on the subjective meanings
that consumers attach to online and offline channels.
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7. Conclusions
This study identifies a parsimonious two-segment structure among Romanian uni-

versity students whose intended purchase channel was online or not yet decided. The
segments differ primarily in their overall orientation towards online purchasing: cau-
tious, lower-online-orientation consumers represent 34.9% of the analytic sample, while
online-oriented adopters represent 65.1%. Verification behaviour plays only a secondary
differentiating role. The findings suggest that cautious online-purchasing orientations may
not be merely temporary within the population examined, although longitudinal research
is needed to assess their stability over time. For some respondents, online channels already
represent the default option, whereas others use them more selectively for information
search, price comparison, and purchasing. These patterns support differentiated omnichan-
nel strategies aligned with consumers’ readiness to complete transactions online. Overall,
the study suggests that, at least among digitally active young consumers in an emerging
market, digital transformation does not eliminate heterogeneity but reshapes it along a
dominant behavioural dimension. Within this population, the findings point to the value of
more parsimonious frameworks for analysing consumer heterogeneity, particularly where
institutional conditions and consumers’ readiness to transact online vary. Whether the
same parsimony holds for older, rural, or less digitally engaged consumers remains an
open question for future research; for the student population studied here, simplicity rather
than complexity appears to capture the structure of heterogeneity more faithfully.
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