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Abstract

Digital service environments generate extensive longitudinal behavioral data that can
reveal meaningful differences in how customers engage with services over time. This study
investigates customer heterogeneity through a multidimensional behavioral segmentation
approach that integrates service usage intensity, behavioral variability, temporal trajectories,
engagement, and relationship maturity, and examines whether the resulting segments differ
in observed purchase behavior. Using longitudinal customer data from a telecommuni-
cations service environment covering 2023-2025, billing and service usage records were
transformed into customer-level behavioral features. After data quality assessment and
preprocessing, 974 customers with sufficient behavioral histories and complete information
were included in the analysis. Cluster tendency was assessed using the Hopkins statistic,
while alternative clustering algorithms and cluster solutions were evaluated through inter-
nal validity criteria, stability analysis, resampling, and PCA-based robustness checks. A
three-cluster K-means solution yielded stable, balanced, and behaviorally interpretable seg-
ments. Purchase rates differed significantly across the segments (x2(2) = 9.783, p = 0.0075),
ranging from 22.18% to 33.43%. The findings indicate that rapidly increasing service usage
does not necessarily correspond to higher observed purchase rates; rather, established,
high-intensity multi-service engagement is associated with higher observed purchase rates.
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The rapid expansion of digital service ecosystems has fundamentally transformed
the ways in which firms observe, understand, and respond to customer behavior. Con-
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studies have accordingly examined customer engagement in immersive digital services,
customer responses to Al-enabled shopping technologies, and the relationships among
personalization, trust, privacy perceptions, and purchase intentions [1-3]. Collectively,
these developments reinforce the importance of deriving meaningful customer knowledge
from increasingly heterogeneous digital interactions.

Customer segmentation represents one of the principal analytical approaches for ad-
dressing such heterogeneity. By identifying groups of customers with similar characteristics,
segmentation can support differentiated customer management, personalized targeting,
and more efficient allocation of marketing resources. Clustering techniques have therefore
been extensively applied to customer segmentation across retail, electronic commerce, and
digital service settings. K-means, in particular, has remained a widely used approach for
identifying interpretable customer groups from behavioral and transactional data [4,5].
At the same time, comparative research has increasingly evaluated alternative clustering
methods rather than relying exclusively on a single algorithm, reflecting recognition that
segmentation outcomes can depend on both the representation of customers and the ana-
lytical method employed [6,7]. Earlier studies have similarly explored soft-clustering and
multi-stage clustering approaches to accommodate heterogeneous customer characteristics
and more complex segmentation structures [8,9].

Foundational segmentation research has established the importance of identifying het-
erogeneous customer groups on the basis of meaningful differences in needs, characteristics,
and behavior [10]. Other studies have integrated customer profiling, segmentation, and
predictive analytics to support direct-marketing decisions [11], while demographic and psy-
chographic information has been incorporated into customer profiling in mobile financial
services [12]. More recent work has extended this perspective through dynamic and longi-
tudinal approaches that use behavioral data to capture evolving customer patterns [13,14].
Particularly relevant to data-intensive mobile environments, Rodrigues et al. [15] demon-
strate how behavioral patterns derived from mobile-phone data can be combined with
clustering techniques to construct distinct user profiles. Their work illustrates the potential
of observed digital traces for revealing latent behavioral heterogeneity in mobile-service
environments. Taken together, these studies indicate a progression toward increasingly
data-rich representations of customers and highlight that the usefulness of segmentation
depends not only on the clustering technique employed but also on how customer behavior
is represented before clustering.

Despite these advances, an important analytical challenge concerns the temporal repre-
sentation of customer behavior. Segmentation based predominantly on static or aggregated
behavioral measures can conceal differences in how customer behavior develops over time.
Recent studies have therefore emphasized dynamic customer representations and time-
series-based clustering to capture evolving behavioral patterns that may be obscured by
conventional static segmentation approaches [16-18]. Two customers may exhibit similar
average levels of service usage while following substantially different trajectories: one may
maintain a relatively stable level of activity, whereas another may reach a comparable level
only after a period of rapid growth. Likewise, similar average expenditure may coexist
with markedly different levels of billing variability, and customers displaying comparable
current activity may differ substantially in the maturity of their relationship with the service
provider. Behavioral intensity alone may therefore provide an incomplete representation
of customer heterogeneity. Incorporating variability and temporal trajectories alongside
average behavioral levels offers an opportunity to distinguish customers not only according
to how intensively they use services, but also according to how consistently and in what
direction their behavior evolves over time [16-18].
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This issue is particularly relevant in telecommunications, which provides a rich empir-
ical setting for longitudinal behavioral analysis. Telecommunications service providers rou-
tinely generate repeated customer-level observations through billing activity, voice commu-
nication, mobile data consumption, messaging activity, and subscription histories, provid-
ing multiple behavioral signals for characterizing customer relationships over time [19,20].
Customer segmentation has long been recognized as an important analytical approach
in the telecommunications industry [19], while more recent research has extended this
perspective through machine-learning-based behavioral segmentation [20] and data-driven
dimensionality reduction and clustering approaches [21]. Research based on anonymized
mobile-phone records further demonstrates the potential of telecommunications-derived
behavioral traces for constructing multidimensional user profiles and uncovering heteroge-
neous patterns of customer behavior [15].

Beyond segmentation itself, temporal customer behavior may also contain commer-
cially relevant information. Recent electronic-commerce research has examined behavioral
dynamics for personalized marketing [22] and temporally informed customer represen-
tations for purchase prediction [23]. However, predictive modeling and behavioral seg-
mentation address different analytical questions. Whereas supervised models identify
variables that distinguish predefined outcomes, unsupervised segmentation seeks latent
configurations of customers independently of those outcomes. This distinction makes
it possible to examine whether behavioral profiles derived from longitudinal customer
activity are associated with commercially relevant outcomes.

Against this background, the theoretical problem addressed in this study is that
customer heterogeneity is often represented primarily through differences in the level or
composition of observed behavior, although longitudinal customer relationships may differ
simultaneously in behavioral intensity, variability, temporal trajectory, service engagement,
and relationship maturity. These dimensions capture complementary aspects of customer
behavior: intensity reflects the level of service use, variability its stability, trajectory its
direction of development, engagement the breadth and regularity of service interaction, and
relationship maturity the duration of the customer—provider relationship. The present study
therefore investigates customer heterogeneity through a multidimensional longitudinal
representation that integrates these dimensions using billing, voice, mobile data, messaging,
and subscription information. Purchase status is excluded from segment construction and
introduced only after the behavioral segmentation has been established, allowing the
commercial relevance of independently identified behavioral profiles to be assessed.

Methodologically, the study adopts a multi-stage validation strategy in which alterna-
tive clustering algorithms and cluster solutions are evaluated using complementary internal
validity criteria, repeated-initialization stability, resampling, and principal component anal-
ysis (PCA)-based robustness assessment. Purchase behavior is subsequently used as an
external outcome rather than as an input to segment formation. This design provides a
rigorous basis for identifying reproducible and behaviorally interpretable customer profiles
while preserving the distinction between behavioral segmentation and purchase outcomes.

Accordingly, the study addresses the following research questions:

RQ1. What distinct customer segments emerge from longitudinal patterns of digital
service usage, billing behavior, engagement, and customer relationship maturity?

RQ2. How do the identified customer segments differ in terms of usage intensity,
behavioral variability, and temporal trajectories?

RQ3. To what extent is behavioral segment membership associated with observed
customer purchase behavior?

This study makes three main contributions. First, it advances behavioral customer rep-
resentation by jointly incorporating behavioral intensity, variability, temporal trajectories,
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service engagement, and relationship maturity, enabling customers with similar average
activity levels to be differentiated according to behavioral stability and development over
time. Second, it strengthens the methodological basis of behavioral segmentation through
a multi-layer validation framework combining alternative clustering solutions, internal
validity measures, stability analyses, and PCA-based robustness assessment. Third, it main-
tains an explicit analytical separation between behavioral segment discovery and purchase
outcomes, enabling the commercial relevance of independently derived behavioral profiles
to be evaluated without using purchase information to define the segments. Collectively,
these contributions support a more dynamic and methodologically robust understanding
of customer heterogeneity in digital service environments.

The remainder of the paper is organized as follows: Section 2 presents the materials
and methods, including the dataset, data preprocessing, longitudinal behavioral feature
construction, clustering methodology, and validation framework. Section 3 reports the
empirical results, including cluster selection, segment characterization, robustness analyses,
and the external validation of the identified segments using purchase behavior. Section 4
discusses the findings in relation to the existing literature and elaborates on their theoret-
ical and managerial implications, limitations and directions for future research. Finally,
Section 5 concludes the study by summarizing its main contributions.

2. Materials and Methods
2.1. Data Source and Empirical Context

This study employed longitudinal customer data from a telecommunications service
environment to investigate behavioral heterogeneity and its association with purchasing
behavior. The original data comprised 1044 unique customers and were organized into
three complementary data sources: customer information, invoice records, and service-
usage records. The same 1044 customers were represented across all three sources, enabling
billing and service-usage behavior to be linked at the individual customer level.

The customer-level data were provided by the collaborating telecommunications
company under specific authorization for academic research. Before the data were made
available to the research team, direct personal identifiers were removed by the data provider.
The research team therefore accessed and analyzed only anonymized customer-level records
and had no access to directly identifiable personal information. The dataset was used
exclusively for the purposes of the present research.

The CUSTOMER dataset contained one record per customer and included the
anonymized customer identifier (CUSTOMER_ID), subscription date (SUBSCRIPTION_DATE),
and observed purchase status (PURCHASED). PURCHASED was a binary indicator repre-
senting the outcome of a customer contact in which a new product or service package was
offered (1 = the customer accepted and purchased the offered product or service package;
0 = the customer did not purchase). The behavioral records used for customer segmenta-
tion represented customer activity observed prior to this customer contact and the resulting
purchase decision. The available dataset did not include the specific type or monetary
value of the offered product or service package, the exact transaction date, or information
on additional purchases. Accordingly, PURCHASED was treated as an observed binary
purchase outcome rather than as an estimate of purchase propensity. Of the 1044 customers,
279 (26.72%) were classified as purchasers and 765 (73.28%) as non-purchasers.

The INVOICE dataset contained 24,946 invoice-level records and provided informa-
tion on invoice identifiers, billing dates, due dates, and billed amounts. The USAGE
dataset comprised 24,031 records describing customer service activity through voice us-
age (VOICE_TOTAL), messaging activity (SMS_TOTAL), and mobile data consumption
(DATA_TOTAL). Both billing and usage records covered the period from January 2023
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to October 2025, providing up to 34 months of longitudinal observations for individual
customers. Table 1 summarizes the structure and analytical role of the three original
data sources.

Table 1. Overview of the original data sources.

Data Unit of No. of No. of Main Analytical
Source Observation Records Customers Information Role
CUSTOMER Customer 1044 1044 Customer ID, subscription Relationship maturity and
date, purchase status external purchase outcome
INVOICE Invoice 24946 1044 Billing Perlod, due date, Longltudme.ll billing
bill amount behavior
USAGE Custorper—month / 24,031 1044 Voice, SMS, mobile Longitudinal se'rV1ce—usage
service record data usage behavior

The three data sources provide complementary dimensions of customer behavior.
Invoice records capture the monetary dimension of the customer relationship, whereas
voice, mobile data, and messaging records characterize patterns of service engagement.
Subscription history provides information on relationship maturity. Their longitudinal
structure makes it possible to represent customers not only in terms of average behavioral
intensity but also in terms of behavioral variability and temporal evolution, which are
central to the segmentation framework developed in this study.

A key methodological distinction concerns the role and temporal ordering of purchase
information. The PURCHASED variable was not included among the variables used to
construct the customer segments. Segment formation was based exclusively on behavioral
and relationship-related characteristics derived from customer activity observed prior to the
customer contact and resulting purchase decision. Purchase status was retained separately
and introduced only after the segmentation solution had been established, as an external
outcome for assessing whether independently identified behavioral profiles were associated
with differences in observed purchasing behavior. Thus, neither the purchase outcome
nor post-purchase behavioral information was used in cluster formation. This separation
prevents the purchase outcome from directly influencing cluster formation and allows the
commercial relevance of the resulting behavioral segments to be evaluated independently.

The overall methodological framework of the study is presented in Figure 1, illus-
trating the progression from longitudinal data preparation and behavioral feature engi-
neering to customer segmentation, robustness assessment, and external validation using
purchase behavior.

2.2. Data Preprocessing and Monthly Panel Construction

A systematic preprocessing procedure was applied before constructing the customer-
level behavioral features. The objective was to harmonize the invoice and usage records
at a common customer-month level, while preserving the longitudinal structure of the
data and avoiding multiple observations for the same customer and billing period. Data
quality checks were first performed separately for the CUSTOMER, INVOICE, and USAGE
datasets to examine customer coverage, duplicate observations, missing values, temporal
coverage, and the distributions of the principal behavioral variables.

https://doi.org/10.3390/jtaer21090333


https://doi.org/10.3390/jtaer21090333

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 333 6 of 28

(1) Data Source and Empirical Context O
[ —

CUSTOMER - INVOICE - USAGE g
1044 customers ———

Jan 2023-Oct 2025 b

\
(2) Data Preprocessing & Monthly Panel

Data-quality assessment @
Sentinel-value treatment —
Customer-month aggregation =

Data integration
e

24,099 customer-month observations

\
(3) Longitudinal Behavioral Feature Engineering

Intensity - Variability - Trajectory
Engagement - Relationship maturity

11 behavioral features

\/
(4) Analytical Sample & Data Transformation

26 months history - N = 1025

Complete cases - N = 974 0aag
Yeo-Johnson transformation

Z-standardization D D D

974 x 11 feature matrix

I

(5) Cluster Tendency, Segmentation & Validation

Hopkins cluster tendency
K-means - Ward - GMM
Candidate solutions: K = 2-8
Internal validation
Stability & robustness assessment

Final three-cluster solution

\
(6) External Validation Using Purchase Behavior

PURCHASED withheld from clustering
Cluster-specific purchase rates & lift
Chi-square test - Cramér's V
Pairwise proportion tests

Figure 1. Overall methodological framework for longitudinal behavioral customer segmentation and
external purchase validation.

The invoice data required particular attention because multiple invoice records could
occur for the same customer within the same billing month. Of the customer-month
combinations represented in the invoice data, 369 contained more than one invoice, with
the number of invoices in these affected customer-months ranging from 2 to 36. These
observations were retained because multiple invoice records could reflect billing adjust-
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ments or other within-month billing activity rather than duplicate customer observations.
Accordingly, invoice records were aggregated at the customer-month level by summing
valid BILL_AMOUNT values within each combination of CUSTOMER_ID, BILL_YEAR,
and BILL_ MONTH. The number of invoice records contributing to each customer-month
was also retained during panel construction as an auxiliary indicator of within-month
billing multiplicity.

An additional data-quality check identified 30 invoice records with an exact BILL_AMOUNT
value of —100,000. All 30 occurred in March 2023 and involved 30 different customers.
Moreover, each affected customer-month contained at least one additional invoice record.
The concentration of an identical extreme negative value within a single billing period
was inconsistent with the broader distribution of billed amounts and was therefore treated
as a sentinel or non-substantive system value rather than a valid monetary observation.
These 30 values were converted to missing values before monthly invoice aggregation.
Other negative billing amounts were not automatically removed, as the data alone did not
provide sufficient grounds for treating all negative amounts as invalid observations.

As a sensitivity analysis, the complete preprocessing, feature-engineering, and K = 3
clustering procedure was repeated after entirely excluding these 30 invoice records rather
than treating their BILL_AMOUNT values as missing. The analytical sample remained
unchanged (N = 974), the Silhouette coefficient was virtually unchanged (0.1475 vs. 0.1488
in the main analysis), and cluster assignments showed very high agreement with the main
solution (ARI = 0.9876), indicating that the treatment of these observations had negligible
influence on the segmentation results.

The usage data were similarly harmonized at the customer-month level. Although
the USAGE dataset was predominantly monthly in structure, 27 customer-months con-
tained two usage records. Because these records contained different voice, SMS, and/or
mobile-data values rather than exact duplicate observations, they were consolidated at
the customer-month level. Monthly totals were calculated separately for voice, SMS, and
mobile-data activity, resulting in a single usage observation for each customer and month.
Missing usage values were preserved during this stage rather than automatically inter-
preted as zero activity, because the source data did not establish that an absent value
necessarily represented non-use.

Following these procedures, the monthly invoice and usage datasets contained 24,091
and 24,004 customer-month observations, respectively. They were subsequently merged us-
ing the common keys CUSTOMER_ID, BILL_YEAR, and BILL_MONTH. The resulting lon-
gitudinal panel contained 24,099 unique customer-month observations for 1044 customers,
with no remaining duplicate customer-month combinations. Customer-level subscription
dates and purchase-status information were then linked from the CUSTOMER dataset. The
resulting panel covered the complete study period from January 2023 to October 2025 and
served as the basis for the subsequent construction of longitudinal behavioral features.

Table 2 summarizes the principal preprocessing decisions and the resulting data
structure.

Table 2. Description of the original datasets and variables.

Preprocessing Stage Result Treatment

Original invoice records 24,946 Initial invoice-level data
Customer-months with >1 invoice 369 Aggregated at customer-month level
Maximum invoices in one customer-month 36 Included in monthly aggregation

Exact —100,000 bill values 30 Converted to missing before aggregation
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Table 2. Cont.

Preprocessing Stage Result Treatment

Customers affected by —100,000 values 30 Retained in the dataset

Monthly invoice observations after aggregation 24,091 One record per customer-month
Original usage records 24,031 Initial usage data

Customer-months with >1 usage record 27 Aggregated at customer-month level
Monthly usage observations after aggregation 24,004 One record per customer-month
Final merged monthly panel 24,099 Invoice—usage outer alignment
Unique customers 1044 All original customers retained
Duplicate customer-months in final panel 0 —

Observation period Jan. 2023-Oct. 2025 Maximum of 34 months

2.3. Longitudinal Behavioral Feature Engineering

Following the construction of the monthly panel, the longitudinal records were trans-
formed into customer-level features for behavioral segmentation. The feature-engineering
strategy was designed to capture multiple dimensions of customer behavior rather than re-
lying solely on cumulative or static measures of service usage. Specifically, the customer rep-
resentation incorporated five complementary dimensions: behavioral intensity, behavioral
variability, temporal trajectory, service engagement, and relationship maturity. Features
were derived from billing, voice, mobile-data, messaging, and subscription information.

Behavioral intensity was represented by the mean monthly level of the corresponding
activity over each customer’s observed history. For customer i, the mean of a behavioral

1\ &
= () g

where x;; denotes the behavioral value observed for customer i in month ¢, and T; denotes

variable was calculated as

the number of available monthly observations for that customer. Accordingly, BILL_MEAN,
VOICE_MEAN, and DATA_MEAN_GB represented average monthly billing amount, voice
usage, and mobile-data consumption, respectively. Mobile-data usage was converted to
gigabytes before customer-level feature construction to improve interpretability. These
features characterize the typical level of activity exhibited by each customer during the
observation period. Means were calculated using only the available non-missing monthly
observations for the corresponding behavioral variable. Missing customer-month values
were excluded from the calculation and were neither imputed nor interpreted as zero.
Behavioral variability was quantified using the coefficient of variation (CV), which
expresses within-customer dispersion relative to the corresponding average level of activity.
For customer i, the coefficient of variation was calculated as
5i

Xi

where s; denotes the standard deviation of the customer’s available monthly observations
and ¥; denotes the corresponding mean. This procedure produced BILL_CV, VOICE_CV,
and DATA_CV. The CV was preferred to absolute dispersion because customers differed
substantially in their overall levels of billing and service consumption. Consequently, these
features capture relative behavioral stability or fluctuation while accounting for differences
in activity intensity. CV calculations similarly used only available non-missing monthly
observations. At least two valid observations were required, and the CV was treated
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as undefined when the corresponding customer-specific mean was zero. No additional
near-zero threshold was imposed. For billing, the exact —100,000 sentinel values identified
during preprocessing were excluded, whereas other negative billing values were retained
as observed.

To incorporate the temporal evolution of customer behavior, customer-specific linear
trends were estimated for billing, voice usage, and mobile-data consumption. For each
customer, the available monthly observations were ordered chronologically and represented
using the following linear trend:

Xip = o + Pit + €

where x;; denotes the behavioral value for customer i at observation ¢, «; is the customer-
specific intercept, t represents the sequential order of the available customer-month ob-
servations after chronological ordering, B; is the estimated temporal slope, and ¢;; de-
notes the residual term. The resulting slope coefficients were retained as BILL_SLOPE,
VOICE_SLOPE, and DATA_SLOPE_GB. Positive slope values indicate an increasing be-
havioral trajectory, negative values indicate a declining trajectory, and values closer to zero
indicate comparatively stable behavior over time. These trajectory features complement
the intensity measures by distinguishing customers who may exhibit similar average levels
of activity but different directions of behavioral development. Slopes were estimated
separately for each behavioral variable using its available non-missing observations, with
at least three valid observations required. Missing values were not replaced by zero, and
unobserved months were not artificially inserted into the series. Accordingly, the slope
index reflects the chronological sequence of available observations rather than elapsed
calendar-month distance across gaps.

Messaging behavior was represented differently because SMS records exhibited sub-
stantially greater sparsity than the other service-usage dimensions. Missing SMS obser-
vations were not automatically interpreted as zero consumption because the source data
did not establish that missing values necessarily represented non-use. Instead, messaging
engagement was represented through SMS_ACTIVE_RATIO, defined for customer i as

Aj
SMS_ACTIVE_RATIO; = T
where A; denotes the number of observed months in which SMS activity was recorded
and T; denotes the total number of observed customer-months for the customer. Thus,
SMS_ACTIVE_RATIO reflects the regularity with which SMS activity was represented in
the observed records rather than assuming that missing SMS observations corresponded to
zero usage.

Finally, relationship maturity was represented by TENURE_MONTHS, calculated
as the number of months between each customer’s subscription date and the cus-
tomer’s last observed month in the longitudinal panel. This dimension complements
the behavioral measures by distinguishing relatively recent customer relationships from
longer-established ones.

Before defining the final clustering specification, alternative representations of the be-
havioral dimensions were examined, including median values and recent-period averages.
Preliminary feature diagnostics revealed substantial redundancy between several of these
measures and their corresponding mean-based representations. To avoid overrepresent-
ing particular behavioral dimensions in the clustering process, redundant measures were
excluded from the final feature set. The resulting customer representation consisted of
11 features, summarized in Table 3.
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Table 3. Longitudinal behavioral features used for customer segmentation.

Behavioral
Dimension

Feature

Operational
Definition

Interpretation

Relationship maturity

TENURE_MONTHS

Months between subscription
date and the customer’s last
observed month

Duration of the observed
customer relationship

Bllhng BILL_MEAN Mean monthly billed amount Typical billing level
intensity

Billing SD of monthly bill/mean o e
variability BILL_CV monthly bill Relative billing instability
B1u1ng BILL. SLOPE Linear slope of monthly billed D'1r.ect10n and rate of
trajectory amount over time billing change

You:e . VOICE_MEAN Mean monthly voice usage Typical voice-service usage
intensity

V01.ce N VOICE_CV SD of monthly voice Relatl\./e variability in voice
variability usage/mean voice usage behavior

Vo%ce VOICE_SLOPE Linear slope. of monthly voice DIFeCtIOI‘l and rate of
trajectory usage over time voice-usage change

pata . DATA_MEAN_GB Mean monthly mobile-data Typical mgblle-data
intensity usage in GB consumption

Dat.a N DATA_CV SD of monthly data Relative v:arlablhty in data
variability usage/mean data usage consumption

Da.ta DATA_SLOPE_GB Lmear.slope of mqnthly data Direction and rate of
trajectory usage in GB over time data-usage change
Messaging SMS_ACTIVE_RATIO Pr.oportlon of observeq months Regularity of SMS
engagement with recorded SMS activity engagement

Together, these features provide a multidimensional representation of longitudinal cus-
tomer behavior that distinguishes behavioral level, relative variability, temporal evolution,
service engagement, and relationship maturity.

2.4. Analytical Sample and Data Transformation

To ensure that the longitudinal features reflected a sufficient behavioral history, cus-
tomers were required to have at least six months of observed records in the constructed
monthly panel. Of the original 1044 customers, 1025 (98.2%) satisfied this criterion and
were considered eligible for the main analysis. The six-month threshold was selected to
reduce the influence of extremely short customer histories while retaining the large majority
of the available sample and allowing variability- and trajectory-based features to be esti-
mated from repeated observations. Sensitivity to the minimum observation threshold was
examined by repeating the complete preprocessing and K = 3 clustering procedure using
minimum histories of nine and twelve observed months. The nine-month specification
retained 966 customers and produced virtually identical cluster separation (Silhouette =
0.1489) and very high agreement with the six-month solution among common customers
(ARI = 0.9882). Under the more restrictive twelve-month threshold, the analytical sam-
ple decreased to 644 customers; the Silhouette coefficient remained comparable (0.1551),
whereas assignment agreement with the six-month solution decreased to ARI = 0.5014.
These results indicate that the segmentation was stable to a moderate increase in the eligi-
bility threshold, while a substantially more restrictive observation requirement altered the
composition of the analytical sample and the resulting individual cluster assignments.
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The availability of the 11 clustering features was subsequently examined within the
eligible sample. Missingness was concentrated primarily in the mobile-data-derived vari-
ables: DATA_ MEAN_GB contained 44 missing observations, DATA_CV contained 49, and
DATA_SLOPE_GB contained 51. No missing observations were present for the remaining
clustering features. Given the limited extent of missingness, a complete-case approach was
adopted, resulting in a final analytical sample of 974 customers, corresponding to 95.02% of
the eligible sample and 93.30% of the original customer population. Of these customers, 272
(27.93%) had a positive purchase status and 702 (72.07%) had a negative purchase status.
Table 4 summarizes the analytical sample construction.

Table 4. Construction of the final analytical sample.

Stage N Retention from Original Sample (%)
Customers in the original dataset 1044 100.00
Customers with >6 months of observed history 1025 98.18
Final complete-case analytical sample 974 93.30

Note: The final analytical sample represents 95.02% of customers meeting the minimum six-month
observation criterion.

Before clustering, the distributions and pairwise associations of the candidate be-
havioral features were examined to identify distributional irregularities and potentially
redundant representations. The preliminary feature set included alternative measures
such as medians and recent-period averages. Strong associations were observed among
several measures representing the same underlying behavioral dimension, particularly
between mean, median, and recent-period measures of billing, voice usage, and mobile-
data consumption. To avoid disproportionately weighting particular behavioral dimen-
sions through highly overlapping variables, the final feature space was restricted to the
11 variables defined in Table 3.

Because the clustering variables were measured on substantially different scales and
several exhibited skewed distributions, a Yeo-Johnson [22] power transformation was ap-
plied to all 11 clustering features prior to clustering. The Yeo—Johnson transformation was
selected because it can accommodate zero and negative values, which was particularly rele-
vant for the trajectory features, while reducing distributional skewness and the influence of
extreme observations. The transformation was performed without internal standardization.
Subsequently, all transformed features were standardized using z-score scaling to obtain
a mean of zero and a standard deviation of one. This two-stage preprocessing procedure
improved comparability across behavioral dimensions and prevented variables expressed
on larger numerical scales from dominating the distance-based clustering procedure. The
resulting standardized 974 x 11 feature matrix constituted the final input to the unsu-
pervised clustering analyses. The transformation parameters were estimated using the
complete analytical sample and were subsequently applied to the same sample before
clustering. After transformation and standardization, 69 of the 974 customers (7.08%) had
at least one feature with an absolute standardized value greater than 3. No additional
trimming or winsorization was applied at this stage.

2.5. Cluster Tendency and Clustering Strategy

Before applying the clustering algorithms, the tendency of the transformed behavioral
data to form non-random group structures was assessed using the Hopkins statistic [23].
This step was performed to determine whether the observed feature space exhibited
sufficient clustering tendency to justify subsequent segmentation. The Hopkins statistic
compares nearest-neighbor distances among observed data points with those obtained from
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artificially generated points distributed across the same feature space, with values closer to
1 indicating stronger departure from spatial randomness and greater cluster tendency.

To reduce dependence on a single random sample, the Hopkins statistic was estimated
repeatedly rather than from a single realization. In each iteration, 10% of the analytical
sample was randomly selected from the standardized feature matrix. An equal number
of artificial observations was generated independently within the observed minimum-
maximum range of each feature. Nearest-neighbor distances were then calculated for both
the observed and artificial points. The procedure was repeated across 20 random seeds, and
the mean, standard deviation, minimum, and maximum Hopkins statistics were recorded
to assess the consistency of the cluster-tendency evidence.

Following the cluster-tendency assessment, multiple unsupervised learning ap-
proaches were evaluated rather than selecting a clustering algorithm a priori. Three
clustering families with different underlying assumptions were considered: K-means clus-
tering, agglomerative hierarchical clustering with Ward linkage, and Gaussian mixture
modeling (GMM). K-means represents customers through distance-based partitioning
around cluster centroids, Ward hierarchical clustering progressively combines observations
while minimizing increases in within-cluster variance, and GMM provides a probabilistic
model-based representation in which the observed data are assumed to arise from a mixture
of underlying multivariate distributions. Comparing these approaches allowed the robust-
ness of the segmentation structure to be examined across alternative clustering paradigms.

All analyses were conducted in Python 3.12.7 using NumPy 1.26.4, pandas 3.0.3,
scikit-learn 1.5.1, SciPy 1.13.1, and statsmodels 0.14.2. Randomness was controlled through
explicitly specified random seeds. K-means clustering used k-means++ initialization,
the Lloyd algorithm, 50 initializations, a maximum of 300 iterations, and a convergence
tolerance of 10~%. Gaussian mixture models were estimated with full covariance matrices,
k-means initialization, 10 initializations, a maximum of 100 iterations, a convergence
tolerance of 1073, and covariance regularization of 10—°. Ward hierarchical clustering was
implemented using agglomerative clustering with Ward linkage and Euclidean distance. A
random seed of 42 was used for the principal clustering analyses.

For each algorithm, candidate solutions ranging from two to eight clusters (K = 2-8)
were estimated using the same transformed and standardized 11-dimensional behavioral
feature space. The candidate range was deliberately evaluated rather than imposing a
predetermined number of customer segments. Each solution was subsequently assessed
using complementary internal validation criteria and cluster-size diagnostics. Particular
attention was given to whether increasing the number of clusters produced meaningful
improvements in separation without generating excessively small or potentially unstable
customer groups. The subsequent validation procedures used to compare the candidate
solutions are detailed in Section 2.6.

2.6. Cluster Validation and Robustness Assessment

Candidate clustering solutions were evaluated using a multi-layer validation frame-
work designed to assess cluster separation, compactness, stability, and robustness rather
than relying on a single criterion. The evaluation combined three complementary internal
validation indices with repeated-initialization stability, subsampling-based reproducibility,
and principal component analysis (PCA)-based robustness assessment. This approach was
adopted because different validation criteria capture different properties of a clustering
solution and may therefore favor different numbers of clusters.

First, three commonly used internal validation measures were calculated for each
algorithm and each candidate solution from K = 2 to K = 8: the Silhouette coefficient,
Calinski-Harabasz index, and Davies—Bouldin index [24-26]. The Silhouette coefficient
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evaluates the extent to which observations are more similar to members of their assigned
cluster than to observations in neighboring clusters, with higher values indicating stronger
separation and cohesion. The Calinski-Harabasz index evaluates the ratio of between-
cluster dispersion to within-cluster dispersion, with higher values indicating a more distinct
partition. In contrast, the Davies-Bouldin index assesses within-cluster scatter relative
to between-cluster separation, with lower values indicating a more favorable clustering
structure. Cluster sizes were additionally examined to identify solutions that produced
disproportionately small groups.

Because internal validation indices alone do not establish whether a solution is repro-
ducible under changes in model initialization, the stability of the K-means solutions was
evaluated across repeated independent runs. Candidate solutions for K=2,K=3,and K=4
were each estimated 50 times using different random seeds, with 50 initial centroid configu-
rations evaluated within each run. Agreement among the resulting cluster assignments
was quantified by calculating the Adjusted Rand Index (ARI) for all pairwise combinations
of the 50 solutions [27]. ARI measures similarity between alternative partitions while cor-
recting for agreement expected by chance; values approaching 1 indicate highly consistent
cluster assignments. Because ARI is invariant to permutations of cluster labels, no manual
label alignment was required when comparing alternative cluster assignments.

A more stringent resampling-based stability analysis was subsequently conducted
to evaluate whether the identified cluster structures persisted when the analytical sample
was perturbed [28]. For each of the K = 2, K = 3, and K = 4 solutions, K-means clustering
was repeatedly estimated using random 80% subsamples of the analytical dataset across
100 repetitions. Cluster assignments obtained from each subsample were compared with
the corresponding reference solution for the same observations using ARI. The distribution
of ARI values across repetitions—including the mean, median, standard deviation, mini-
mum, and selected percentiles—was used to assess the reproducibility of each candidate
solution under changes in sample composition.

Finally, PCA-based robustness analysis was conducted to examine whether the cluster-
ing structure depended excessively on the original 11-dimensional feature representation.
PCA was applied to the transformed and standardized clustering features, and the number
of principal components required to retain approximately 85% of the total variance was
determined. The first seven principal components, which together accounted for approxi-
mately 85% of the variance, were retained. K-means solutions for K=2,K=3,and K=4
were then re-estimated in this reduced-dimensional space and evaluated using the same
internal validation indices. This analysis provided an additional assessment of whether
the principal clustering patterns remained observable after reducing feature redundancy
and dimensionality.

The final number of clusters was determined through the joint interpretation of inter-
nal validity, cluster-size adequacy, initialization stability, resampling stability, PCA-based
robustness, and substantive interpretability of the resulting behavioral profiles. No sin-
gle validation index was treated as a definitive selection criterion. Instead, preference
was given to a solution that provided a reproducible and behaviorally informative rep-
resentation of customer heterogeneity while avoiding unnecessary fragmentation of the
customer population.

Importantly, the final K = 3 solution was selected exclusively on the basis of the
unsupervised validation criteria and substantive interpretability described above, before
purchase-status results were examined. Purchase information therefore played no role in
determining the number of clusters or the final segmentation solution.
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2.7. External Validation Using Purchase Behavior

Following the identification and validation of the behavioral segments, their exter-
nal relevance was assessed using the binary purchase-status variable (PURCHASED). As
described in Section 2.1, the behavioral information used to construct the segments pre-
ceded the customer contact from which the purchase outcome was obtained. Because
PURCHASED was excluded from segment construction, this analysis provided an external
assessment of whether the independently derived behavioral profiles were associated with
differences in observed purchasing behavior.

For each identified cluster, the number and proportion of customers with positive
and negative purchase status were calculated. Cluster-specific purchase rates were then
compared with the overall purchase rate of the analytical sample. To facilitate interpretation
of the commercial relevance of each segment, purchase lift was calculated as the ratio
between the purchase rate within a given cluster and the overall purchase rate:

P(Purchased|Cluster = k)
P(Purchased)

Lift, =

where Lift; represents the purchase lift for cluster k. A value greater than 1 indicates
a purchase rate above the overall sample average, whereas a value below 1 indicates a
comparatively lower purchase rate.

The overall association between behavioral segment membership and purchase status
was evaluated using Pearson’s chi-square test of independence. Because statistical signifi-
cance alone does not indicate the magnitude of an association, Cramér’s V was additionally
calculated as an effect-size measure. This allowed the analysis to distinguish between
evidence of an association and the substantive strength of that relationship.

Following the overall chi-square test, pairwise comparisons of purchase proportions
were conducted to determine which cluster pairs differed in their observed purchase rates.
Two-sample tests of proportions were applied to each pair of clusters. Because multiple
pairwise comparisons increase the probability of Type I error, the resulting p-values were
adjusted using the Holm procedure. Statistical significance was evaluated at an alpha level
of 0.05 after adjustment.

This external validation framework was intended to assess the criterion-related rel-
evance of the behavioral segmentation rather than to optimize the clusters for purchase
prediction. Accordingly, differences in purchase rates were interpreted as an external
characteristic of independently identified behavioral profiles, not as evidence that purchase
status contributed to their construction. This distinction preserves the unsupervised nature
of the segmentation while enabling its relationship with a commercially relevant customer
outcome to be evaluated.

3. Results
3.1. Cluster Tendency and Comparative Validation Results

Before estimating the customer segments, the transformed and standardized behav-
ioral feature space was assessed for cluster tendency. The Hopkins statistic produced a
mean value of 0.7904 across 20 repetitions, with a standard deviation of 0.0065 and values
ranging from 0.7753 to 0.8018. The consistently elevated Hopkins values indicated that the
customer data exhibited a clear non-random structure and therefore provided empirical
support for proceeding with cluster analysis.

Candidate solutions containing between 2 and 8 clusters were subsequently esti-
mated using K-means, agglomerative clustering with Ward linkage, and Gaussian mix-
ture modeling (GMM). Table 5 presents the corresponding Silhouette, Calinski-Harabasz,
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and Davies-Bouldin indices together with the minimum and maximum cluster sizes for
each solution.

Table 5. Internal validation results for alternative clustering algorithms and numbers of clusters.

Algorithm K Silhouette Iizlrlanti(slz_ 1]3):3;;: Cllllvs[ti;: N Cle; N
K-means 2 0.1587 198.3310 2.0665 454 520
Ward 2 0.0997 121.7798 24414 347 627
GMM 2 0.1071 83.4900 3.2597 400 574
K-means 3 0.1488 1615547 2.0874 293 352
Ward 3 0.1172 124.3251 22613 248 379
GMM 3 0.0885 94.4364 2.6840 297 367
K-means 4 0.1458 1437225 1.939 103 302
Ward 4 0.0834 108.7188 23436 183 347
GMM 4 0.0692 76.4003 3.2995 173 301
K-means 5 0.1320 131.4309 19161 92 259
Ward 5 0.0931 1004910 2,239 73 347
GMM 5 0.0653 63.6176 3.3202 78 287
K-means 6 0.1214 119.5467 1.9805 68 202
Ward 6 0.0802 95.0661 21721 73 199
GMM 6 0.0303 58.5782 3.3833 68 239
K-means 7 0.1199 109.3659 19144 57 173
Ward 7 0.0852 86.6300 2.0634 16 199
GMM 7 0.0293 52,3760 3.0545 10 226
K-means 8 0.1150 101.9818 1.8493 48 163
Ward 8 0.0894 80.7013 1.8983 6 199
GMM 8 0.0295 58.3162 2.9932 57 208

Across the candidate solutions, K-means consistently provided stronger internal val-
idation performance than the alternative clustering approaches, particularly in terms of
Silhouette and Calinski-Harabasz values. The two-cluster K-means solution achieved the
highest overall Silhouette coefficient (0.1587) and Calinski-Harabasz index (198.3310). In-
creasing the number of K-means clusters to three produced only a modest reduction in these
indices, with a Silhouette coefficient of 0.1488 and a Calinski-Harabasz value of 161.5547.
The three-cluster solution also produced highly balanced segment sizes, ranging from 293
to 352 customers, corresponding to approximately 30-36% of the analytical sample.

The Davies-Bouldin criterion exhibited a somewhat different pattern. Its lowest value
among all candidate solutions was obtained for the eight-cluster K-means solution (1.8493).
However, increasing the number of clusters progressively fragmented the sample: the
smallest K-means cluster decreased from 293 customers at K=3to 103 at K =4,92 at K =5,
and 48 at K = 8. Similar fragmentation was evident for the higher-order Ward and GMM
solutions, including minimum cluster sizes of only 6 and 10 customers, respectively, at
K=8and K=7.

Taken together, the comparative results identified K-means as the strongest candidate
algorithm, while the number of clusters required further evaluation. Although the two-
cluster solution provided the strongest performance on two internal indices, the three-
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cluster solution retained comparable internal validity while providing a more differentiated
and balanced representation of customer heterogeneity. Accordingly, K=2,K=3,and K =4
were subjected to the additional stability and robustness analyses reported in Section 3.2
before selecting the final segmentation solution.

3.2. Selection and Robustness of the Final Three-Cluster Solution

Following the comparative internal validation, the K-means solutions for K =2, K = 3,
and K = 4 were subjected to additional stability and robustness analyses. Repeated-
initialization analysis indicated a high degree of reproducibility across all three candidate
solutions. The two-cluster solution was perfectly stable across independent runs, with
a mean ARI of 1.0000. Stability also remained very high for the three- and four-cluster
solutions, with mean ARI values of 0.9887 and 0.9788, respectively. For K = 3, the median
ARI was 0.9941, with values ranging from 0.9509 to 1.0000, indicating that the three-cluster
structure was highly insensitive to changes in random initialization.

A more demanding assessment was provided by the 80% subsampling analysis, which
evaluated the extent to which cluster assignments were preserved when the composition of
the analytical sample was perturbed. As expected, the two-cluster solution exhibited the
highest stability, with a mean ARI of 0.9711 across 100 repetitions. The three-cluster solution
produced a mean ARI of 0.8752 and a median of 0.9051, with the 5th and 95th percentiles
equal to 0.7123 and 0.9631, respectively. The four-cluster solution yielded a slightly higher
mean ARI of 0.8861 but a lower median of 0.8908 and a substantially lower minimum value
of 0.4683. Thus, although the additional clusters introduced some sensitivity to sample
perturbation relative to K = 2, both K = 3 and K = 4 retained substantial reproducibility, with
the three-cluster solution exhibiting a comparatively consistent stability profile. The initial-
ization and resampling stability results for the three candidate solutions are summarized in
Table 6.

Table 6. Stability assessment of candidate K-means solutions.

Initialization Stability Resampling Stability
K Mean ARI Median ARI Min-Max Mean ARI  Median ARI  ARI 5th-95th Percentile
2 1.0000 1.0000 1.0000-1.0000 0.9711 0.9770 0.9239-0.9949
3 0.9887 0.9941 0.9509-1.0000 0.8752 0.9051 0.7123-0.9631
4 0.9788 0.9827 0.8973-1.0000 0.8861 0.8908 0.8319-0.9486

The robustness of the candidate solutions was further examined after reducing the
11-dimensional feature space using PCA. The first seven principal components explained
85.00% of the total variance. When K-means clustering was repeated using these seven
components, the internal validation results improved relative to those obtained in the
original feature space. The two-cluster solution again achieved the highest Silhouette coeffi-
cient (0.1875) and Calinski-Harabasz index (241.7760). However, the three-cluster solution
remained close, with a Silhouette coefficient of 0.1800 and a Calinski-Harabasz index of
201.6793, while maintaining balanced cluster sizes ranging from 290 to 350 customers.
The four-cluster solution achieved the lowest Davies—Bouldin value (1.6956), but again
contained a substantially smaller cluster of 103 customers. The corresponding PCA-based
internal validation results are presented in Table 7.

To clarify the additional behavioral differentiation provided by K = 3, the two-cluster
and three-cluster solutions were also compared directly. The K = 2 solution primarily
separated a higher-engagement group (N= 520), characterized by greater billing, voice
and data usage, messaging engagement, and positive usage trajectories, from a longer-
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tenure, lower-engagement group (N = 454). When moving to K = 3, the latter group
largely corresponded to Cluster 0, whereas the higher-engagement K = 2 group was further
differentiated between Clusters 1 and 2: 57.3% were assigned to Cluster 1 and 42.7% to
Cluster 2. Thus, the third cluster primarily revealed additional heterogeneity within the
broader higher-engagement group, separating an established high-intensity multi-service
profile from a shorter-tenure profile characterized by stronger positive usage trajectories.
As examined further below, however, the stability of this temporal distinction was partly
sensitive to observation-window length.

Table 7. Internal validation results for K-means solutions in the PCA-reduced feature space.

K Silhouette Calinski-Harabasz Davies Bouldin  Min. Cluster N Max. Cluster N
2 0.1875 241.7760 1.8448 458 516
3 0.1800 201.6793 1.8632 290 350
4 0.1776 183.2536 1.6956 103 306

Considering the validation evidence jointly, the three-cluster K-means solution was
retained as the final segmentation. The two-cluster solution provided the strongest sta-
tistical separation and stability, but represented a comparatively coarse partition of the
behavioral space. In contrast, moving from two to three clusters introduced an additional
behavioral distinction while preserving balanced cluster sizes, very high initialization stabil-
ity, substantial resampling reproducibility, and comparable performance after PCA-based
dimensionality reduction. Moving to four or more clusters provided no consistent improve-
ment across the validation criteria and increasingly fragmented the customer population.

Assignment agreement between the original-space and PCA-based K = 3 solutions
was also very high (ARI = 0.9583), indicating that the three-cluster structure was largely
preserved after dimensionality reduction. Figure 2 provides a two-dimensional visualiza-
tion of the final K = 3 assignments using the first two principal components, which together
explain 41.49% of the total variance. The visualization shows differentiated regions of
the behavioral space while also revealing substantial overlap, particularly near the cluster
boundaries. This pattern is consistent with the relatively low Silhouette coefficients and
indicates that the segments should not be interpreted as sharply separated or compact
customer groups.

Accordingly, the choice of K = 3 should be interpreted as a balance between statistical
adequacy, reproducibility, and behavioral differentiation, rather than as the numerical
optimum of any single internal validation index. The final three-cluster solution comprised
352 customers (36.14%), 329 customers (33.78%), and 293 customers (30.08%), respec-
tively. The behavioral characteristics distinguishing these three segments are examined in
Section 3.3.

The mean numbers of observed customer-months were 26.74, 27.98, and 14.26 for
Clusters 0, 1, and 2, respectively, with corresponding medians of 34, 34, and 11 months.
Given the shorter observation history of Cluster 2, an additional sensitivity analysis was
conducted to examine whether unequal observation histories influenced the segmentation.
A common window consisting of the six most recent observed customer-month records was
used for each customer in the original analytical sample. After reconstructing the behavioral
features using this fixed observation window, 963 customers had complete information
for all features. The resulting three-cluster solution produced a Silhouette coefficient of
0.1433, similar to that of the original three-cluster solution (0.1488). However, agreement
between the original and fixed-window cluster assignments was modest (ARI = 0.3083).
Cluster-specific retention rates were also heterogeneous: 87.5% of customers originally
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assigned to Cluster 0 remained together in the corresponding fixed-window grouping,
whereas the original Clusters 1 and 2 showed greater redistribution. These findings indicate
that the overall degree of three-cluster separation was similar under a common observation
window, but individual segment membership was sensitive to observation-window length.
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Figure 2. Two-dimensional PCA visualization of the final K = 3 customer segments. The first two
principal components explain 41.49% of the total variance.

3.3. Behavioral Profiles of the Identified Customer Segments

The final three-cluster solution produced three relatively balanced customer segments
comprising 352 (36.14%), 329 (33.78%), and 293 (30.08%) customers. Examination of the raw
feature distributions and standardized cluster centroids revealed distinct patterns across
relationship maturity, billing behavior, voice and mobile-data usage, temporal trajectories,
and messaging engagement.

The descriptive names assigned to the three clusters are interpretive labels based on
their dominant behavioral characteristics and are used to facilitate discussion; they should
not be regarded as objectively established customer categories.

Table 8 summarizes the raw means, medians and interquartile ranges (IQRs), together
with the standardized centroids of the 11 behavioral features across the three segments.
The within-cluster dispersion further indicates that the identified segments represent
overlapping behavioral profiles rather than sharply separated customer groups.

Cluster 0 (C0) was characterized primarily by long-established customer relationships
combined with relatively low service intensity. Customers in this segment had the highest
average tenure (91.39 months) but the lowest average billing amount (320.26), voice usage
(16,916.16), mobile-data consumption (4.78 GB), and SMS active ratio (0.349). Mobile-
data variability was also markedly higher than in the other segments (DATA_CV = 0.874;
standardized centroid = 0.823). The standardized profile therefore suggests a ma-
ture but comparatively low-engagement customer group, particularly with respect to
digital service usage. On this basis, Cluster 0 can be characterized as Established
Low-Engagement Customers.
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Table 8. Behavioral profiles and within-cluster dispersion of the final three-cluster solution.
Feature Co C0 Median C1 C1 Median C2 C2 Median Co C1 C2
Mean (IQR) Mean (I0QR) Mean (IOR) Centroid Centroid Centroid
TENURE_MONTHS 91386 (16312'52%%) 73.924 49.000 (79.000) 14.509 11.000 (1.000) 0.432 0.346 —0.907
287.159 555.074 365.655
BILL_MEAN (TRY) 320.260 (136.804) 689.979 (439.990) 398.561 (135.905) —0.621 0.728 —0.071
BILL_CV 0.469 0.437 (0.211) 0.604 0.540 (0.263) 0.267 0.239 (0.189) 0.098 0.625 —0.820
BILL_SLOPE 9.702 9.859 (6.593) 34.164 22.189 (29.918) 11.008 9.321 (9.495) —0.297 0.529 —0.237
VOICE_MEAN 13,679.653 30,897.261 22,023.818 B
(seconds) 16,916.15 (14,114.293) 35,194.64 (26,839.353) 25,844.37 (23,869.000) 0.527 0.516 0.054
VOICE_CV 0.460 0.391 (0.196) 0.395 0.352 (0.204) 0.393 0.348 (0.170) 0.217 —0.121 —0.125
—5.689 14.133 491.909
VOICE_SLOPE 26.296 (339.906) 56.713 (777.924) 777.682 (1527.861) —0.172 —0.209 0.442
DATA_MEAN_GB 4.775 4.055 (5.394) 26.030 21.033 (22.185) 22.943 18.533 (18.695) —0.960 0.605 0.474
DATA_CV 0.874 0.735 (0.547) 0.433 0.397 (0.197) 0.360 0.344 (0.203) 0.823 —0.316 —0.635
DATA_SLOPE_GB 0.049 0.012 (0.190) 0.194 0.087 (0.620) 0.765 0.609 (1.209) —0.250 —0.169 0.490
SMS_ACTIVE_RATIO 0.349 0.273 (0.428) 0.748 0.840 (0.411) 0.624 0.700 (0.553) —0.649 0.540 0.172

Note: IQR denotes the interquartile range. Centroids are reported in the transformed and standardized feature space used for clustering.
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Cluster 1 (C1) exhibited the highest overall levels of customer activity and mone-
tary engagement. Its members had the highest average billing amount (689.98), voice
usage (35,194.64), and mobile-data consumption (26.03 GB), together with the highest
SMS active ratio (0.748). Billing behavior was also distinguished by both greater relative
variability (BILL_CV = 0.604) and a stronger positive trajectory (BILL_SLOPE = 34.164).
Although these customers had long-established relationships with the provider (mean
tenure = 73.92 months), their defining characteristic was the consistently elevated intensity
of activity across multiple service dimensions. Cluster 1 was therefore characterized as
High-Intensity Multi-Service Customers.

Cluster 2 (C2) displayed a substantially different temporal profile. Customers in
this segment had by far the shortest average tenure (14.51 months) but already exhibited
relatively high voice usage (25,844.38), mobile-data consumption (22.94 GB), and messaging
engagement (SMS active ratio = 0.624). Most notably, Cluster 2 exhibited substantially
stronger positive trajectories in voice usage (VOICE_SLOPE = 777.68) and mobile-data
consumption (DATA_SLOPE_GB = 0.765) than the other two segments. At the same
time, billing and data variability were comparatively low. These characteristics indicate a
relatively recent customer group whose service engagement was developing rapidly over
the observed period. Cluster 2 was therefore characterized as Emerging High-Growth
Customers. Accordingly, the shorter observation histories of Cluster 2 should be regarded
as part of its empirical profile, while its strong positive trajectories should be interpreted
cautiously because the sensitivity analysis indicates that temporal segment membership is
partly dependent on observation-window length.

Overall, the three-cluster solution differentiated customers in terms of relationship
maturity, service-use intensity, behavioral variability, and temporal trajectory. Cluster 0
was characterized by longer tenure and comparatively low service usage, Cluster 1 by high
multi-service activity and relatively stable behavioral patterns, and Cluster 2 by shorter
tenure and strongly positive usage trajectories.

3.4. Association Between Behavioral Segments and Purchase Behavior

After establishing the three behavioral segments independently of purchase status, the
segments were compared in terms of observed purchasing behavior. The overall purchase
rate in the final analytical sample was 27.93%, corresponding to 272 purchasers among
974 customers. Purchase rates differed across the three behavioral segments, ranging from
22.18% to 33.43% (Table 9).

Table 9. Purchase behavior across the identified customer segments.

Not Purchase o .
Segment N Purchased, n Purchased, n  Rate (%) 95% CI Purchase Lift
Established Low-
Engagement Customers (Cluster 0) 352 97 255 27.56 23.15-32.45 0.99
High-Intensity Multi-Service 329 110 219 33.43 28.55-38.70 1.20
Customers (Cluster 1)
Emerging High-Growth Customers 65 228 2218 17.80-27.28 0.79
(Cluster 2)

Overall 974 272 702 27.93 - 1.00

Note: Purchase lift is calculated as the cluster-specific purchase rate divided by the overall purchase
rate. Values above 1 indicate an above-average purchase rate, whereas values below 1 indicate a
below-average purchase rate. The 95% confidence intervals for cluster-specific purchase rates were
calculated using the Wilson method.
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As an additional robustness analysis, a binary logistic regression was estimated to
examine whether the association between segment membership and purchase behavior
could be attributed to differences in customer tenure. With Cluster 0 as the reference
category, neither Cluster 1 (OR = 1.328, 95% CI [0.955, 1.846], p = 0.092) nor Cluster
2 (OR =0.768, 95% CI [0.517, 1.139], p = 0.189) differed significantly from Cluster O after
controlling for tenure. Customer tenure itself was not significantly associated with purchase
behavior (OR = 1.0003, 95% CI [0.9983, 1.0024], p = 0.767). These findings indicate that
differences in relationship duration do not explain the observed segment-level variation
in purchase behavior and further support interpreting the association as modest rather
than strong.

The High-Intensity Multi-Service Customers (Cluster 1) exhibited the highest purchase
rate, with 33.43% of customers having a positive purchase status. This corresponded to
a purchase lift of 1.20, indicating a purchase rate approximately 20% above the overall
sample rate. In contrast, the Emerging High-Growth Customers (Cluster 2) exhibited the
lowest purchase rate at 22.18%, corresponding to a lift of 0.79. The purchase rate among
Established Low-Engagement Customers (Cluster 0) was 27.56%, closely matching the
overall sample rate and producing a lift of 0.99.

The overall association between behavioral segment membership and purchase status
was statistically significant, x*(2) = 9.783, p = 0.0075. However, the corresponding Cramér’s
V of 0.100 indicated that the magnitude of the association was modest. Thus, although
purchase behavior was not distributed uniformly across the three independently derived
behavioral segments, segment membership was associated with only a limited degree of
differentiation in purchase status.

Pairwise comparisons provided further insight into the source of the overall association
(Table 10). After Holm correction for multiple comparisons, a statistically significant
difference was observed only between the High-Intensity Multi-Service Customers (Cluster
1) and the Emerging High-Growth Customers (Cluster 2). Their purchase rates differed
by 11.25 percentage points (33.43% vs. 22.18%; z = 3.115, Holm-adjusted p = 0.0055). The
difference between Clusters 0 and 1 (27.56% vs. 33.43%; adjusted p = 0.1913) and that
between Clusters 0 and 2 (27.56% vs. 22.18%; adjusted p = 0.1913) was not statistically
significant after adjustment.

Table 10. Pairwise comparisons of purchase rates with Holm correction.

Comparison Rate1 (%) Rate2(%) Difference (pp) z Raw p Holm-Adjusted p
Esggﬁs?iik;gﬁ‘ﬁ‘fggi‘l‘;evs 2756 33.43 5388 ~1666  0.0956 01913
ESta%ﬁi‘f;;g"ggﬁ?érgjﬁim VS 2756 22.18 5.37 1567 01172 0.1913
High-Intensity Multi Service vs. 33.43 2218 11.25 3115 00018 0.0055

Emerging High-Growth

Overall, purchase behavior differed significantly across the three behavioral segments,
although the magnitude of the association was modest. The largest difference was observed
between High-Intensity Multi-Service Customers and Emerging High-Growth Customers,
whose purchase rates differed by 11.25 percentage points.

4. Discussion
4.1. Interpretation of the Main Findings

The findings of this study demonstrate that meaningful customer heterogeneity can
be identified when longitudinal service behavior is represented through multiple com-
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plementary dimensions rather than through average activity levels alone. The final seg-
mentation distinguished three behaviorally coherent customer profiles—Established Low-
Engagement Customers, High-Intensity Multi-Service Customers, and Emerging High-
Growth Customers—that differed in relationship maturity, service-use intensity, behavioral
variability, temporal trajectories, and messaging engagement. These findings are consistent
with the broader customer-segmentation literature demonstrating that clustering can re-
veal heterogeneous customer structures from behavioral, transactional, demographic, and
service-related information [4-15]. Prior studies have applied K-means and alternative clus-
tering approaches across retail, e-commerce, direct marketing, fintech, and mobile-service
contexts [4-15], collectively illustrating that multidimensional customer representations can
provide a richer basis for profiling than undifferentiated aggregate customer populations.

The most important distinction in the present findings concerns the difference be-
tween behavioral intensity and behavioral development. High-Intensity Multi-Service
Customers exhibited the highest billing levels and the most intensive voice, mobile-data,
and messaging activity while also maintaining relatively mature customer relationships.
Emerging High-Growth Customers, in contrast, had substantially shorter relationships
but already displayed comparatively high service usage together with markedly stronger
positive trajectories in voice and mobile-data activity. Consequently, these two groups
might appear more similar if customer behavior were represented predominantly by av-
erage consumption, whereas their longitudinal profiles reveal fundamentally different
behavioral states: one reflects established intensive engagement, while the other reflects
rapidly developing engagement.

This distinction aligns closely with research emphasizing the temporal dimension
of customer behavior. Wang et al. [16] combined LRFMS-based customer characteristics
with multivariate time-series clustering to capture dynamic customer segmentation, while
Abbasimehr and Shabani [17] developed a time-series clustering methodology specifically
for analyzing changing customer behavior. Wilson et al. [18] similarly examined short
temporal behavioral sequences for customer segmentation. Beyond clustering itself, recent
studies have emphasized the analytical value of representing customer behavior dynami-
cally for personalization and real-time purchase-related analytics [29,30]. Together, these
studies indicate that customer behavior should not necessarily be conceptualized as a fixed
state and that temporal information can reveal differences that may be obscured by static
representations [16-18,29,30].

The present study complements this stream of research through a different but related
longitudinal representation strategy. Rather than directly clustering complete behavioral
sequences, each customer’s longitudinal history was transformed into an interpretable
feature space combining behavioral intensity, relative variability, and customer-specific
temporal trajectory, together with messaging engagement and relationship maturity. This
approach retains information about behavioral development while preserving direct in-
terpretability at both the feature and segment levels. The empirical distinction between
established intensive engagement and emerging behavioral growth demonstrates the value
of this representation: customers with comparatively high service activity could still be
differentiated according to whether that activity reflected an established behavioral pattern
or a rapidly developing one. The findings therefore complement dynamic and temporal
approaches in prior research [16-18,29,30] by demonstrating the usefulness of interpretable
longitudinal behavioral descriptors for customer segmentation.

The Established Low-Engagement Customers provide complementary insight into
the relationship between customer maturity and service engagement. Despite having
the longest customer relationships, these customers exhibited the lowest billing, voice,
mobile-data, and messaging activity, together with comparatively high variability in mobile-
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data consumption. Longer relationship duration therefore did not necessarily correspond
to more intensive or stable service engagement. This finding is particularly relevant to
telecommunications and mobile-service segmentation, where multidimensional customer
information has long been recognized as important for identifying heterogeneous customer
profiles [15,19-21]. Bayer [19] established the relevance of segmentation specifically within
telecommunications, while Sharaf Addin et al. [20] demonstrated the use of machine-
learning-based behavioral segmentation in a telecom context. Alkhayrat et al. [21] further
showed the relevance of dimensionality reduction and multidimensional representations
in telecom customer segmentation, and Rodrigues et al. [15] recently demonstrated how
behavioral patterns extracted from mobile-phone data can support differentiated profile
construction. Viewed alongside these studies, the present findings suggest that relationship
maturity is most informative when interpreted jointly with the intensity, stability, and
temporal development of observed service behavior.

The external validation results further demonstrate that the identified behavioral
heterogeneity has commercial relevance. Purchase rates differed significantly across the
three behavioral segments. High-Intensity Multi-Service Customers exhibited the high-
est purchase rate (33.43%), compared with 27.56% among Established Low-Engagement
Customers and 22.18% among Emerging High-Growth Customers. The overall association
was statistically significant but modest in magnitude, and the pairwise results showed that
the principal difference occurred between the High-Intensity Multi-Service and Emerging
High-Growth segments, whose purchase rates differed by 11.25 percentage points.

Although purchase rates differed significantly across the segments, the small effect
size (Cramér’s V = 0.100), overlapping confidence intervals, and tenure-adjusted analy-
sis indicate that segment membership provides only modest differentiation in purchase
behavior. The segments should therefore be interpreted as behavioral customer profiles
with complementary commercial relevance rather than as strong predictors of individual
purchasing decisions.

This result is particularly informative because both segments displayed compara-
tively high service activity. High current usage or rapid usage growth therefore did not
correspond to equivalent observed purchasing behavior. Previous customer analytics
research has connected customer profiling and segmentation with purchase behavior and
commercially relevant outcomes [5,10,11,30], while research in digital commerce has also
emphasized the importance of understanding heterogeneous customer responses, engage-
ment, personalization, and purchase-related behavior [1-3].

At the same time, the modest effect size is important for interpreting this relationship
appropriately. The segmentation should not be understood as a purchase-prediction model.
Rather, it identifies underlying behavioral heterogeneity that is subsequently shown to
have an association with purchase status. This distinction is consistent with the broader
analytical separation between customer profiling and outcome prediction: segmentation
seeks to uncover meaningful structures among customers, whereas predictive models are
optimized toward a predefined outcome [11,30]. Moreover, because the present analysis
is observational, the differences between segments cannot establish that tenure, service
intensity, variability, or behavioral growth causes purchasing behavior.

Overall, the findings address the three research questions by identifying distinct
longitudinal customer profiles that differ in behavioral intensity, variability, temporal
development, and relationship maturity, while also exhibiting differences in observed
purchase behavior. Taken together, the results suggest that customer heterogeneity in
longitudinal digital-service environments can be more comprehensively understood by
considering not only how much customers engage, but also how consistently their behavior
develops, how it changes over time, and how mature their service relationships are.
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4.2. Theoretical Implications

First, this study advances a multidimensional conceptualization of longitudinal cus-
tomer behavior by distinguishing behavioral intensity, variability, and trajectory. While
established segmentation research demonstrates the value of behavioral and transactional
information for identifying heterogeneous customer groups [4-15], dynamic customer
analytics increasingly shows that temporal information can reveal differences obscured
by static representations [16-18,29,30]. The present framework builds on this perspective
by representing not only the level of customer activity, but also its stability and direction
of development. These dimensions are related but not interchangeable: customers with
similar average activity may differ substantially in behavioral consistency or trajectory.
This provides an interpretable representation of temporal customer heterogeneity without
requiring complete behavioral sequences to be clustered directly.

The findings further show that relationship maturity provides important context
for interpreting these longitudinal behavioral patterns. Similar levels of service activity
represented different customer states depending on whether they reflected established high-
intensity engagement or shorter-tenure behavioral growth. Likewise, the longest customer
relationships did not necessarily correspond to the highest levels of service engagement.
Relationship maturity and behavioral engagement should therefore be treated as distinct
but complementary dimensions of customer heterogeneity. This extends multidimensional
perspectives in telecommunications and mobile-service segmentation [15,19-21] by show-
ing how behavioral level, stability, trajectory, engagement, and relationship maturity can
jointly characterize customer states.

Second, the study reinforces the conceptual separation between behavioral segmenta-
tion and outcome-oriented prediction. Purchase and monetary characteristics are frequently
incorporated directly into customer representations [5,10,11], while predictive customer
analytics explicitly optimize models toward purchase-related outcomes [30]. By excluding
purchase status from segment construction and introducing it only as an external vali-
dation criterion, the present framework treats behavioral heterogeneity and commercial
outcomes as related but analytically distinct constructs. Segmentation seeks to uncover
underlying structures in customer behavior, whereas predictive models are optimized
toward predefined outcomes. Maintaining this distinction allows the commercial relevance
of independently derived behavioral segments to be evaluated without defining those
segments through the outcome itself.

Third, the study contributes methodologically by adopting a multidimensional view
of cluster validity. Previous research has emphasized the comparison of alternative clus-
tering methods and validation criteria [6-9,21]. The present framework extends this ap-
proach by combining internal validity, cluster-size adequacy, repeated-initialization stability,
resampling-based reproducibility, PCA-based robustness, and substantive interpretability.
This supports the view that the selection of a customer-segmentation solution should not be
reduced to the optimization of a single numerical index, but should reflect the joint consid-
eration of statistical adequacy, reproducibility, parsimony, and behavioral interpretability.

Finally, the findings qualify the assumption that increasing service activity necessarily
represents a commercially stronger customer state. The Emerging High-Growth segment
exhibited strong positive usage trajectories but the lowest observed purchase rate, whereas
the High-Intensity Multi-Service segment showed the highest purchase rate. Although this
association was modest and should not be interpreted causally, it suggests that behavioral
growth and commercial response represent related but non-equivalent dimensions of
customer development. Thus, customer heterogeneity is better understood in terms of
behavioral state and development over the customer relationship rather than behavioral
magnitude alone.
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4.3. Managerial Implications

The findings provide practical implications for customer relationship management
in telecommunications and other digital service environments. Most importantly, the
identified segments can support differentiated customer-management strategies by dis-
tinguishing customers according to the nature and developmental stage of their service
relationship. Behavioral segmentation has similarly been proposed as a means of trans-
lating heterogeneous customer information into actionable groups for targeted customer
management [11,19,20].

For Established Low-Engagement Customers, the combination of long tenure and
relatively low service usage suggests a need to better understand the reasons for their
limited engagement. The available behavioral data do not indicate whether this pattern
is related to plan characteristics, secondary-line usage, customer preferences, or other
factors. Therefore, additional customer- or service-level information may be needed before
developing targeted strategies for this segment. Importantly, long tenure should not by
itself be interpreted as evidence of strong engagement.

For High-Intensity Multi-Service Customers, managerial attention may instead focus
on maintaining and developing an already broad service relationship. Their pattern of
engagement makes retention initiatives, loyalty programs, service bundling, and carefully
targeted cross-selling particularly relevant managerial options. Previous research has
emphasized the role of customer profiling and segmentation in supporting differentiated
marketing and sales strategies [5,10,11], while personalization research highlights the
importance of tailoring customer interactions to heterogeneous customer characteristics
and responses [1-3]. The present segmentation provides a behavioral basis upon which
such differentiated strategies could be developed.

The Emerging High-Growth Customers require a different managerial interpretation.
Their rapidly developing service behavior should not automatically be treated as equivalent
to established commercial engagement. Instead, this segment may represent an opportunity
for relationship-development strategies, including onboarding support, progressive service
introduction, and timely engagement designed to accompany the customer’s developing
usage pattern. The distinction is practically important because targeting customers solely
according to current usage intensity could lead managers to treat established intensive
users and rapidly developing customers as equivalent, despite their different relationship
stages and observed purchase patterns.

More broadly, the results support the use of trajectory-aware customer management.
Customer analytics systems could incorporate indicators of behavioral direction and stabil-
ity alongside conventional measures of current activity, enabling managers to distinguish
customers whose engagement is stable, increasing, declining, or highly variable. Such
information may help organizations determine not only which customers differ, but also
how their relationships are developing, thereby providing a more informative basis for
timing retention, engagement, cross-selling, and personalization initiatives.

Finally, behavioral segments should be regarded as decision-support tools rather than
deterministic indicators of future purchasing. The modest association observed between
segment membership and purchase status indicates that the segmentation can enrich com-
mercial customer understanding but does not provide a complete basis for individualized
marketing decisions. In practice, longitudinal segmentation can provide interpretable
customer profiles for strategic decision making, while supervised models can be used
when the objective is to predict a specific customer outcome [11,30-34]. The actionability
of these profiles could be further improved by combining behavioral information with
demographic, plan-level, or customer-feedback data.
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4.4. Limitations and Future Research

This study has several limitations that provide directions for future research. First, the
analysis was conducted within a single industry context—telecommunications—and using
data from one service environment. Customer usage patterns and relationship dynamics
may differ across industries, providers, and geographic markets; therefore, the specific
segment structure identified here should not be assumed to generalize directly to other
contexts. Future studies could apply the proposed framework across different industries
and service environments to assess its broader applicability.

Second, longitudinal behavior was represented through interpretable customer-level
measures of intensity, variability, and linear temporal trajectory. Although this represen-
tation facilitates behavioral interpretation, it may not fully capture non-linear, seasonal,
episodic, or abrupt behavioral changes. Future research could compare this approach with
non-linear trajectories, rolling indicators, change-point methods, sequence representations,
or direct time-series clustering.

Third, the analysis was limited to the behavioral and relationship variables available
in the underlying datasets, while purchase behavior was represented only by a binary pur-
chase outcome. The available data did not include product-level or monetary information,
detailed purchase histories, or additional customer characteristics such as demographics,
service plans, pricing, channel interactions, and satisfaction. Incorporating such informa-
tion in future research could provide a richer representation of customer heterogeneity and
enable a more comprehensive examination of the relationship between behavioral profiles
and commercial outcomes.

Finally, the framework identifies customer segments from their observed longitudinal
histories but does not explicitly model transitions between behavioral states over time.
Future research could construct customer representations across successive observation
windows to examine movement between segments and determine whether customers
systematically transition between low-engagement, emerging-growth, and established high-
intensity states. Such an extension would provide a more explicitly dynamic perspective
on customer relationship development.

5. Conclusions

This study investigated customer heterogeneity through a longitudinal behavioral seg-
mentation framework incorporating behavioral intensity, variability, temporal trajectories,
service engagement, and relationship maturity. Using longitudinal telecommunications
data, the analysis identified three distinct customer profiles: Established Low-Engagement
Customers, High-Intensity Multi-Service Customers, and Emerging High-Growth Cus-
tomers. The findings demonstrate that customer heterogeneity cannot be fully characterized
by average service activity alone.

By representing longitudinal behavior in terms of level, stability, and direction of
change, the proposed framework differentiated customers with similar levels of activity ac-
cording to their behavioral development and relationship maturity. The external validation
further showed that the independently derived segments differed in observed purchase
behavior, although the magnitude of the association was modest.

Overall, the findings support a shift from predominantly static or intensity-based
customer profiling toward a more trajectory-aware understanding of customer relationships.
Incorporating how consistently and in what direction customer behavior develops can
provide an interpretable basis for longitudinal customer segmentation and differentiated
customer relationship management.
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