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Abstract

This paper addresses the challenge of segmenting consumer behavior in contexts charac-
terized by both numerical regularities and semantic variability. Traditional models, such
as RFM-based segmentation, capture the transactional dimension but neglect the implicit
meanings expressed through product descriptions, reviews, and linguistic diversity. To
overcome this gap, we propose a hybrid clustering algorithm that integrates numerical and
semantic distances within a unified scalar framework. The central element is a scalar objec-
tive function that combines Euclidean distance in the RFM space with cosine dissimilarity in
the semantic embedding space. A continuous parameter λ regulates the relative influence
of each component, allowing the model to adapt granularity and balance interpretability
across heterogeneous data. Optimization is performed through a dual strategy: gradient
descent ensures convergence in the numerical subspace, while genetic operators enable a
broader exploration of semantic structures. This combination supports both computational
stability and semantic coherence. The method is validated on a large-scale multilingual
dataset of transactional records, covering five culturally distinct markets. Results indicate
systematic improvements over classical approaches, with higher Silhouette scores, lower
Davies–Bouldin values, and stronger intra-cluster semantic consistency. Beyond numeri-
cal performance, the proposed framework produces intelligible and culturally adaptable
clusters, confirming its relevance for personalized decision-making. The contribution
lies in advancing a scalarized formulation and hybrid optimization strategy with wide
applicability in scenarios where numerical and textual signals must be analyzed jointly.

Keywords: hybrid clustering; scalarized optimization; numerical algorithms; gradient
descent; genetic algorithms

1. Introduction
In a digital landscape dominated by a continuous and massive accumulation of

transactional data, the central challenge for artificial intelligence applied to marketing
is no longer the collection of information but its transformation into contextual knowledge
and strategic action [1,2]. Traditional segmentation models, based on indicators such as
recency, frequency, and monetary value (RFM), provide a useful framework for describing
purchasing behavior [3]. However, they only capture the numerical dimension and rarely
manage to reflect the subtle intentions of the customer. In contemporary e-commerce,
purchases no longer represent only a history of quantifiable transactions but also express a
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semantic relationship between customer and product, a relationship influenced by language,
culture, and socio-economic context [4–6].

The tension between the numerical precision of data and the semantic richness of
implicit meanings highlights the need for models capable of interpreting information
simultaneously at both levels [7]. In an environment where products are defined by
detailed descriptions, reviews, and contextual metadata, omitting the semantic dimension
leads to incomplete and difficult-to-value segmentations [8,9]. In this context, the need for
an algorithmic formulation that combines, in a formal and controllable way, both observable
behaviors and the meanings associated with purchasing decisions is emerging [10–12].

In parallel, recent developments in the vector representation of natural language have
brought powerful tools for meaning modeling [13–15]. Architectures such as Sentence-
BERT, RoBERTa, or DistilUSE-multilingual can project linguistic expressions into a co-
herent semantic space capable of capturing contextual synonymy relationships, implicit
intentions, and subtle preferences [16–18]. These technologies allow the quantification of
relationships between texts in a flexible and robust way, independent of rigid codings or
obvious language barriers. Even so, in marketing research, the integration of these methods
with traditional behavioral models is still limited [19]. The two sources of information—
numerical and semantic—continue to be used separately, although their combined potential
is considerable.

Starting from this discontinuity, the present research aims to answer two major questions:
RQ1: How can a unified segmentation model be built that connects, in a formal

framework, the numerical structure of purchasing behavior and the latent semantics of
preferred products?

RQ2: To what extent can such a model generate coherent, culturally adaptable, and
relevant groupings for strategic decision-making in a context marked by linguistic diversity
and volatility of preferences?

In the specialized literature, unidimensional segmentations continue to be dominant,
either by focusing exclusively on traditional behavioral metrics or by using linguistic
models in isolation [20–23]. This paper proposes an integrative framework that brings
together numerical coherence and semantic expressiveness in a single formal formulation.
Unlike existing solutions, where behavioral vectors and textual embeddings are processed
separately or combined without precise control of their mutual influence, the presented
model allows the weighting between the two sources of information to be adjusted by
means of a continuous parameter.

The integration of distributed natural language representations into consumer
behavior segmentation models has become an intensely explored topic in recent re-
search. For example, Talaat et al. (2023) [24] combine BERT embeddings with the
DBSCAN algorithm to automatically detect thematic groupings in consumer reviews,
while Gustriansyah et al. (2020) [25] propose a dual-channel model in which RFM scores
are analyzed together with semantic vectors obtained through Sentence-BERT. Similarly,
Peker et al. (2017) [26] document a multimodal approach that integrates numerical and
textual variables in a common learning space for omnichannel retail. Although these contri-
butions indicate the growing interest in hybrid models, they still maintain a methodological
separation between the numerical and semantic components.

The present work differs from previous contributions in four major aspects. First,
it introduces a scalar objective function that allows for continuous adjustment of the
weight between the numerical and semantic components, providing flexibility in the
segmentation process. Second, the model is tested in a multilingual and cross-cultural
framework, which allows for verification of semantic robustness in various contexts. The
third novelty is the use of a hybrid optimization algorithm, which combines gradient
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descent with evolutionary mechanisms such as mutation and recombination to extend
the exploration capacity of the solution space. Finally, the proposed validation scheme
brings together established quantitative indicators, such as Silhouette and Davies–Bouldin,
with a qualitative analysis of semantic coherence performed manually. Together, these
components configure a methodological framework that overcomes the limitations of
existing studies and supports the development of segmentations adaptable to the linguistic
diversity and behavioral complexity of contemporary commercial environments.

The remainder of this paper is organized as follows: Section 2 reviews the related
literature on numerical and semantic approaches to segmentation. Section 3 describes the
proposed methodology, including the scalar objective function and hybrid optimization
strategy. Section 4 presents the experimental setup and results, followed by a discus-
sion of their implications. Finally, Section 5 concludes the paper, outlining contributions,
limitations, and directions for future research.

2. Literature Review
The rapid transformations of the digital environment have fundamentally changed the

way organizations analyze and model consumer behaviors [4,18]. E-commerce platforms,
which have become central infrastructures of commercial life, produce massive volumes of
data and require analytical methods capable of capturing both the pace and complexity
of interactions [6]. In this context, customer segmentation can no longer be reduced to
quantitative delimitations, since traditional models, focused exclusively on transactional
parameters, offer a uniform image of consumption and blur the real differences between
motivations, preferences, and contexts [3,8].

Purchasing behavior today goes beyond the simple frequency of transactions or their
monetary value and expresses a symbolic relationship between the customer and the
product, where each purchase reflects aspirations, identities, and semantic affinities [4,6].
Segmentation therefore becomes an exercise in articulation between the granularity of
data and the expressiveness of meanings, highlighting the need for methods capable of
capturing and interpreting the two dimensions simultaneously [27,28]. The connection
between transactional and semantic components not only expands the possibilities of
understanding the digital customer but also creates the premises for finer, more relevant,
and context-adapted commercial interventions.

2.1. RFM as a Classical Approach to Consumer Segmentation

The RFM model is one of the most widespread methods for evaluating the com-
mercial value of a customer, established due to its simplicity and demonstrated effi-
ciency in contexts where behavioral data is numerous but heterogeneous [29]. The three
dimensions—recency (R), frequency (F), and monetary value (M)—offer a concise but ag-
gregated representation of the interaction between the customer and the organization.
Initially applied in direct marketing and later extended to e-commerce, the model allows
for a rapid classification of customers based on transactional history.

The simplicity of the model has facilitated its integration into automated scoring,
recommendation, and segmentation systems, especially because it does not require textual
data, explicit profiles, or demographic variables [30,31]. However, operational efficiency is
accompanied by a significant loss of analytical granularity. Customers with numerically
similar shopping patterns can hide major differences in purchasing intentions, consumption
style, or cultural significance of the products they choose [27,31,32]. In this way, the model
omits the very dimensions that give depth to economic behavior.

In relation to the diversity of contemporary consumption, the RFM model fails to
capture the symbolic dimension of purchases. Every purchasing decision involves cognitive,
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affective, and contextual processes that cannot be reduced to raw numerical values [4,6,33].
The fundamental limitation lies in the lack of a mechanism through which the meaning
of the product is integrated into the customer’s representation. However, the universal
character of RFM metrics provides a solid starting point for the development of more
complex models, capable of including not only the frequency of interactions but also
their content [25,28]. Extended by semantic vectors, RFM can become the core of hybrid
representations, where the quantitative and symbolic dimensions complement each other.

2.2. Semantic Embeddings in Modeling Consumer Preferences

Recent advances in natural language processing have allowed a reconceptualization
of the way in which text can be represented mathematically [34–36]. Beyond traditional
frequency- or co-occurrence-based techniques, transformer models create projections of
linguistic expressions into high-dimensional latent spaces, where semantic relationships
can be quantified with remarkable accuracy [36,37]. Among the architectures currently
used in semantic analysis is Sentence-BERT, whose embeddings capture contextualized
meaning structures while preserving the metric properties necessary for tasks such as
clustering, similarity, or classification [16–18].

A significant advantage of embeddings is their ability to capture contextual equiv-
alences between apparently different expressions. Product descriptions from distinct
linguistic and cultural spaces can be analyzed in a unified framework, where meaning
does not depend exclusively on the lexicon but on semantic positioning in the corpus [35].
The resulting re-presentations capture both the local coherence of the text and the global
relationships between concepts, allowing the highlighting of latent structures difficult to
identify by explicit rule-based methods [37].

Embedding-based representation transforms the textual description of a product into
a numerical vector that can be directly integrated into a quantitative analysis framework.
Instead of predefined labels or manual coding, the model automatically extracts relevant
features, without requiring explicit supervision [38–40]. In this way, the semantic space
becomes accessible to optimization and segmentation algorithms, which can work with
dense and continuous representations, preserving the implicit meaning of the original
text [40,41]. The application of embeddings in customer segmentation opens up major
analytical perspectives. The preferences expressed through purchases are no longer viewed
exclusively quantitatively but also through the prism of the semantic congruence between
the customer profile and the universe of meaning of the consumed products [23,31,42].
The vectors obtained become the bridge through which semantics is converted into a
measurable form, and linguistic complexity is transformed into a computationally ana-
lyzable structure [27,43]. When numerical data derived from transactional vectors are
correlated with semantic embeddings, the result is a heterogeneous space where distances
no longer express a single metric but a subtle balance between behavioral regularity and
meaning compatibility.

2.3. Hybrid Clustering Approaches Integrating Numerical and Semantic Dimensions

Most clustering algorithms were designed to operate in a one-dimensional space—numeric,
binary, or categorical. In situations where heterogeneous variables are combined, as in the
K-Prototypes algorithm, the balance between the components becomes difficult to control,
and the results tend to be influenced by the dominance of one of the dimensions [44–46].
Direct integration of semantic embeddings into such structures can generate distortions,
since semantic vectors possess distinct geometric properties, derived from contextual
learning processes and not from empirical observation [38,47].
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To achieve coherent segmentation in a mixed space, a mechanism is needed to regulate
the relative contribution of each component within the objective function. The introduction
of the parameter λ provides a flexible tool through which the influence of semantic and
transactional distances can be adjusted according to the specifics of the analysis [48–50].
Such adjustment allows for the controlled exploration of the entire spectrum, from exclu-
sively numerical segmentation to clustering based predominantly on product semantics.

The merging of the two types of information must be performed under conditions
that maintain both topological consistency and algorithmic convergence. Integration into
a unified metric space involves not only the numerical aggregation of distances but also
their interpretative compatibility [20,22,28]. In order for the results to be computationally
stable and intelligible for human analysis, the objective function must be formulated in
such a way as to allow for the controlled exploration of solutions, without losing semantic
coherence or behavioral relevance [19,44].

Integrating the behavioral and semantic dimensions into a unified formal framework
requires the definition of an objective function that balances the contributions of the two
sources of variation in a controllable manner. The scalarization achieved through the
λ parameter allows for fine-tuning the weight between transactional and semantic dis-
tances, providing analytical flexibility in a composite space [31,45]. In this formulation,
segmentation is no longer just a projection of the frequency and value of purchases but also
becomes an expression of the meaning of consistency between the selected products and
the symbolic universe of the consumer [28,33,41].

The formulation of the objective function starts from the combination of two types
of distances: one derived from the RFM transactional vectors and the other from the
semantic embeddings. The two components are brought together in a flexible mathematical
structure, regulated by the λ parameter [25,28,51]. Extreme values of the parameter lead to
unidimensional scenarios, and intermediate ranges allow for the articulation of a balance
between numerical consistency and semantic coherence. In this way, segmentation is no
longer a rigid process but becomes an adaptable mechanism, capable of exploring the entire
spectrum of consumer behavior.

The objective function constructed in this manner is continuous and differentiable,
which makes it possible to use stable optimization strategies, either gradient-based or
through hybrid mechanisms [11,24]. Scalarization not only facilitates algorithmic conver-
gence but also provides an interpretable framework, where semantic tuning can adapt to the
analyzed context. This integration supports the formation of clusters that simultaneously
reflect transactional regularities and the latent dimension of meanings.

In the recent literature, deep clustering models, such as Deep Embedded Clustering,
Variational Deep Embedding (VaDE), or Deep Clustering with Convolutional Autoencoders
(DCEC), have demonstrated the ability to simultaneously learn latent spaces and clustering
structures [52–54]. However, their application involves complex parameterization, high
consumption of computational resources, and difficulties in interpretation. Furthermore,
the control over the weight between the numerical and semantic dimensions remains
limited, which reduces the adaptability of the results.

Comparatively, the mechanism formulated here introduces an adjustable balance
between the numerical and semantic signal, avoiding the complexity of difficult-to-explain
neural architectures. Explicit scalarization allows adaptation to varied linguistic contexts
and supports reproducible, understandable, and applicable segmentations in real business
scenarios [28,31,51]. The contribution consists of defining a scalar objective function with
parameter λ, testing it in a multilingual framework, and validating it through a combination
of quantitative metrics and qualitative assessments. In this way, the research proposes
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a model that overcomes the limitations of existing studies and strengthens the bridge
between numerical and semantic analysis in customer segmentation.

3. Materials and Methods
The paper aims to develop a behavioral segmentation mechanism that combines the

numerical signal of purchases with the semantic expression of preferences in a scalable and
controllable formulation. The motivation is not limited to improving the performance of
clustering metrics but aims to bring the analysis closer to the way people interpret con-
sumer behavior. Thereby, segments no longer represent just statistical groups but become
recognizable, intelligible, and strategically usable profiles in decision-making processes.

The first specific objective is to formulate a mathematical framework in which nu-
merical and semantic distances can be combined through a continuously parameterized
expression, maintaining interpretive coherence. To this end, a scalarized objective function
is introduced, dependent on an adjustable parameter, which allows the regulation of the
relative weight between the two components. Beyond formalism, the analysis also aims to
demonstrate the practical viability of an optimization strategy capable of identifying stable,
reproducible, and semantically consistent clusters in a composite metric space.

The proposed methodological contribution is based on the definition of a scalar ob-
jective function compatible with a hybrid optimization mechanism, which combines the
numerical precision of gradient descent with the heuristic flexibility of genetic algorithms.
The integration of the two components expands the space of the analyzed solutions and sup-
ports the identification of stable topologies directly correlated with the semantic coherence
and behavioral consistency of the examined customers.

3.1. Dataset Description

The analysis uses the Open e-commerce 1.0 dataset [55,56], published in Nature
Scientific Data (2024), which contains over 1.8 million transactions made by 5027 unique
customers on the Amazon platform between 2018 and 2022. The data is fully anonymized
according to GDPR and includes transactional information, behavioral metadata, textual
product descriptions, and contextual variables.

Each customer profile was built based on RFM (Recency, Frequency, Monetary Value)
dimensions, and each product is described by text in multiple languages. After data clean-
ing, 2300 unique product descriptions were retained, covering domains such as technology,
books, home & deco, lifestyle, and education. The descriptions were vectorized using the
distiluse-base-multilingual-cased-v1 (Sentence-BERT) model, generating 512-dimensional
embeddings. Five national subsets (USA, Germany, France, Italy, and Japan) were selected for
the experiment, each including approximately 1000 customers and a proportional volume
of transactions, totaling 5000 customers and over 100,000 purchases processed.

Table 1 presents the variables used in the analysis and their role in the model. The
structure of the dataset allows for the combined investigation of numerical behavior
and semantic preferences, constituting the empirical support for the proposed scalar
clustering mechanism.

Table 1. Structure of variables used in the analysis.

Variable Description Use in Model

Customer_ID Anonymized unique identifier
for each customer Aggregation per individual

Purchase_Timestamp Date and time of
each transaction Recency calculation
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Table 1. Cont.

Variable Description Use in Model

Product_ID Unique code associated with
each product Semantic vector linking

Product_Description Full product description
(natural language)

Semantic embedding
generation

Product_Category Product taxonomic label Semantic control (optional)

Price Individual monetary value of
the transaction Monetary value calculation

Quantity Number of units purchased Purchase volume
calculation

Language_Code
Language code of the
product description
(e.g., EN, DE, FR, ES, RO)

Cultural semantic
adaptation

Country_Code Geographic region associated
with the customer Cultural contextual control

Review_Score Subjective product rating
(1–5 stars)

Complementary
satisfaction analysis

Review_Text
Post-purchase textual
comment (optional, not all
have reviews)

Advanced semantic
analysis (exploratory)

Note: Only strictly necessary variables were used for model construction, but the rest may contribute to additional
explorations, external validation, or post-clustering interpretability.

3.2. Country Selection Criteria

Setting up an experimental framework capable of supporting the validation of a se-
mantic segmentation mechanism, applicable in real commercial contexts, required a careful
and reasoned selection of a subset of countries from the Open e-commerce 1.0 dataset. The
choice was not guided exclusively by numerical thresholds but by the desire to build a
heterogeneous sample, representative from a cultural and linguistic perspective, able to
highlight the robustness of the model in the face of variation in behavioral meanings.

The first filter applied referred to the empirical consistency of the data: only those
regions were retained in which the volume of transactions and the number of customers
allow the extraction of stable, reproducible, and statistically significant patterns. In the
absence of a critical mass, interpretations become fragile, and algorithmic aggregations risk
reflecting noise rather than structure.

In parallel, a criterion of deliberate cultural dispersion was introduced. The aim was
to outline a transnational ensemble in which differences in language, consumption habits,
and lexical expressiveness would put semantic vectorization mechanisms under pressure
and allow tests of coherence in the latent interpretation of preferences.

The third criterion targeted the degree of maturity of the national digital ecosystem.
Markets with consolidated commercial infrastructures and a stabilized digital culture
generate data that reflects authentic choices rather than technical constraints or logistical
distortions. In such a framework, observable behavior becomes a reliable indicator for
computational modeling.

Based on these considerations, five countries with deeply differentiated profiles were
included. The United States offers a high transactional density and an advanced digital
context, with behavioral and lexical diversity [57]. Germany exhibits a more algorithmically
predictable consumption style, while France introduces significant cultural variability in
product selection and descriptive register. Research on disparities in internet purchases
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across EU countries supports these cultural distinctions in consumption patterns [58]. Japan,
by its agglutinative nature and idiosyncratic acquisition structure, presents a technical
challenge for the semantic model. Italy completes this picture with an affective dimension
visible in seasonal choices, in sensitivity to aesthetics, and in the stylistic preferences
expressed in text.

The linguistic distribution—English, German, French, Japanese, and Italian—allows
testing whether multilingual embedding models can capture semantic nuances across
disjunctive lexical contexts. Though multilingual embeddings can reduce performance
gaps (e.g., English to Italian), consistency may suffer in specialized domains [59], particu-
larly when language representation is imbalanced [60–62]. By aggregating these features,
this validation framework transcends quantitative differences and enables a combined
evaluation of algorithmic performance on both numerical and cultural-semantic levels.

3.3. Processing RFM Variables

The RFM model offers a quantitative scheme established in the analysis of purchasing
behavior, through which the relationship between the temporality of purchases, the inten-
sity of interaction, and the economic value of each consumer is structured [3]. Through
three distinct dimensions—recency, frequency, and monetary—a three-dimensional re-
presentation is outlined capable of capturing both the regularity and the commercial impact
of each customer profile.

Recency is expressed by the distance in days between the last purchase and the final
date of the records in the data set, functioning as an indicator of the continuity of the
commercial relationship. Frequency reflects the degree of customer involvement, being
quantified by the total number of transactions recorded in a reference period. The monetary
component is derived from the sum of the expenses made by multiplying the quantity by
the price of each purchased item. Formally, this last dimension is expressed as follows:

Monetaryi = ∑ni
j=1 quantityij·priceij, (1)

where ni represents the number of transactions associated with customer i, and the product
of quantity and price indicates the value of each purchase.

To obtain a comparable representation, each of the three variables was subjected to a
Min-Max transformation, applied uniformly to the entire sample. The scaling formula is:

xnorm
i =

xi −min(x)
max(x)−min(x)

, (2)

This normalization step in the interval [0, 1] ensures the elimination of the dominance
of one component over the others and facilitates the numerical convergence of the algo-
rithms subsequently used in the segmentation process. In parallel, the extreme values were
treated statistically, in order to preserve the robustness of the aggregate distributions.

RFM vectors not only encode quantitative structures but open the way to an inter-
pretable typology of purchasing behavior. The resulting configurations can clearly delineate
consumer profiles at opposite extremes of commercial involvement: from customers with
isolated interactions, to loyal customers with recurring economic impact. Within this coher-
ent vector space, behavioral differences take on numerical contours, preparing the ground
for the integration of the semantic dimension and for the construction of a segmentation
that is not limited to statistics, but aspires to a deep contextual understanding.

3.4. Semantic Representation of Consumer Preferences

The integration of the semantic dimension into the advanced computational structure
allows the exploitation of textual descriptions of purchased products as a complementary
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source of behavioral information. For each customer, the descriptions associated with
purchased products were aggregated into a unified document, acting as a textual proxy of
the consumer preferences implicitly expressed through purchasing actions.

The semantic projection was performed using the pre-trained Sentence-BERT mul-
tilingual model, which generates contextualized vectors in the propositional space. The
dimensionality of the semantic vectors was set to d = 512, a value that reflects the archi-
tectural structure of the model and the desired balance between semantic granularity and
computational stability.

Each customer i is thus associated with two vector components:
x(1)i ∈ R3, result of the RFM model;

x(2)i ∈ R512, derived from the semantic aggregation of purchased products.
The composite representation is expressed by:

xi =
(

x(1)i , x(2)i

)
∈ R3× R512. (3)

The distance between a customer and the center of a behavioral group uj is defined by
a scalar function that combines two dissimilarity components:

d
(

xi, µj
)
= λ·

∥∥∥x(1)i − µ
(1)
j

∥∥∥2

2
+ (1− λ)·

(
1− cos

(
x(2)i , µ

(2)
j

))
(4)

where ∥·∥2
2 measures the difference in the transactional numeric space,

1− cos(·) expresses the semantic dissimilarity between the embedding vectors,
λ ∈ [0, 1] allows the relative adjustment of the influence of each dimension.
The resulting mathematical structure preserves formal coherence and derivability

properties, creating the necessary conditions for its inclusion in a stable and efficient algo-
rithmic optimization framework. The parametric tuning offered by λ allows the adaptation
of the interpretive granularity according to the cultural and linguistic specificity of the
analyzed context, contributing to a more nuanced and contextually anchored segmentation
of consumer behaviors. The overall workflow of the proposed methodology is summa-
rized in Figure 1, which illustrates the complete pipeline from data preprocessing to dual
representation, scalarized objective function, hybrid optimization, and evaluation.

3.5. Objective Function and Optimization Model

In the construction of a behavioral segmentation model that reflects not only the
intensity of commercial interaction but also the latent meaning of individual choices, it
became necessary to define an objective function that would allow the coherent articulation
of two epistemologically different dimensions: one quantifiable through RFM vectors
and the other derived from the semantic topology of purchased products. To this end, a
scalarizable expression of distance was formulated, conceived as a weighted sum of two
components—the Euclidean distance in numerical space and the cosine dissimilarity in
semantic space. This methodological integration gives the segmentation mechanism the
ability to capture both the transactional regularity and the symbolic context of consumption.

Mathematically, the total distance between a client i and the center of a cluster ck is
defined as follows:

D(λ)
i,k = λ·∥ri − rk∥2 + (1− λ)·(1− cos(si, sk)) (5)

where ri ∈ R3 represents the customer’s numerical vector, built on the three fundamental
dimensions of the RFM model: recency, frequency, and monetary value of transactions.
Complementarily, si ∈ R denotes the agreed semantic vector, obtained by embedding the
coding of the textual descriptions of the products purchased by the respective customer.
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The topological variation between these components is related to the center ck, which has
both a numerical centroid rk and a semantic centroid sk, characteristic for each cluster.

 

Figure 1. General framework of the proposed numerical–semantic segmentation methodology.

The parameter λ ∈ [0, 1] modulates the relative contribution of each component
to the objective function, providing contextual flexibility and cultural adaptability. A
value close to 1 privileges the numerical dimension, suitable in contexts where purchas-
ing behavior is predictable and regularized, while a low value brings the segmentation
closer to the semantic structure of interests, suitable in places with symbolic expression or
idiosyncratic preferences.

The formulation has not only instrumental value but also epistemological significance:
the Euclidean component expresses the quantitative deviation from the dominant behaviors
of a group, while the cosine dissimilarity quantifies the conceptual alignment or distance
from the semantic profile of that group. From the perspective of computational geometry,
the embedding vectors, being densely distributed in a latent space, do not respect the
traditional metrics of the Euclidean distance, which is why the use of cosine similarity
becomes a justified methodological choice for measuring semantic proximity.

In addition, the continuity and derivability of this function with respect to the pa-
rameter λ allow for natural integration into an iterative optimization process, facilitating
both adaptation to the specifics of the data and convergence towards explainable solu-
tions. Through the mathematical balance established between the numerical and semantic
components, the hybrid objective function transcends the limitations of one-dimensional
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segmentation, providing a formal framework for modeling a consumer conceptualized not
only as a transaction generator but also as a contextual entity located in its own universe
of meanings.

Regarding the choice of the value of the parameter λ, it is not universally optimizable
but depends on the particularities of the data set and the objectives of the analysis. In the
present study, several values were tested (e.g., 0.1, 0.5, 0.9), and the final selection was made
based on the simultaneous maximization of the Silhouette and Davies–Bouldin indices
and manually assessed semantic coherence [63–65]. Hence, λ becomes an analytical and
interpretative tuning tool, adaptable to different contexts, and can be calibrated either em-
pirically or through cross-validation procedures. While this flexibility is a major advantage,
it also implies an additional step of contextual adjustment in future applications.

3.6. Algorithmic Fundamentals: Numerical Scalarization and Dual-Space Optimization

The integration of a scalarizable objective function into a behavioral segmentation
model requires a rigorous anchoring in the numerical optimization literature, especially in
the field of multi-objective optimization. The scalarization used in the proposed formulation
follows the tradition established in the works of Miettinen [63] and Deb [64], in which
the balance between divergent objectives is controlled by weighting parameters. In the
present context, the parameter λ regulates the relative importance of the Euclidean distance
(numerical) and the cosine dissimilarity (semantic) in a manner similar to weighted-sum
scalarization methods.

By formulating the objective as a linear combination between two distinct metric
components, a continuous, differentiable search space is created, favorable to gradient-
based optimization algorithms. Thus, the proposed model can be interpreted as a dual
extension of the classical K-Means paradigms, which adds a symbolic dimension to the
aggregation process. From a geometric point of view, the optimization problem is carried
out in a composite space with mixed topology, which justifies the use of a hybrid algorithmic
regime—directed descent in the numerical subspace and heuristic exploration (of the
genetic type) in the semantic subspace.

Such approaches are frequently encountered in evolutionary clustering and adaptive
optimization problems, in which heuristic components efficiently complement determin-
istic trajectories to avoid blockages in local minima [22,25,44,65]. In the present case,
scalarization not only modulates the objective function but also acts as a semantic control
tool, capable of regulating the interpretative granularity of the formed segments.

Therefore, the methodological integration between quantitative distances and sym-
bolic similarities goes beyond the level of a simple combination of metrics, providing a
solid formal framework for exploring latent consumption structures that could not be
highlighted by unidimensional techniques.

3.7. Optimization Algorithm

The optimization process built to minimize the scalar objective function involves a
sequence of independent steps, through which the configuration of the cluster centers
is continuously refined, in a hybrid framework that simultaneously capitalizes on the
differentiable geometry of the numerical space and the heuristic flexibility of genetic
algorithms. The algorithm begins with a statistical initialization, in which k initial centers
are randomly generated, each defined by two distinct components: a numerical vector
µ
(1)
i ∈ R3, associated with the RFM dimensions, and a semantic vector µ

(2)
i ∈ R512,

derived from the aggregation of textual embeddings. At the same time, the values of the
control parameters are established: the equilibrium scale λ ∈ [0, 1], the learning rate η, the
regularization coefficient ρ, the maximum number of epochs, and the stopping threshold ϵ.
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A methodological issue that requires clarification concerns the order in which the
two optimization mechanisms are applied. In the classical literature on memetic algorithms,
the evolutionary component typically precedes the local search stage. However, several
studies highlight the advantages of reversing this sequence by first employing gradient
descent to stabilize the numerical centers, followed by genetic operators to explore the
semantic space of solutions. This strategy has been reported, for instance, in memetic algo-
rithms for textual clustering, where integrating a local search step before the evolutionary
operators improved cluster quality and yielded more stable convergence [10]. In parallel,
the literature on multi-objective optimization indicates that weight-based scalarization func-
tions can be effectively combined with gradient-based updates to accelerate convergence,
even prior to the application of heuristic components [16]. Likewise, research applying
gradient descent before evolutionary mechanisms shows that this ordering reduces the
risk of entrapment in local minima and facilitates exploration of the global structure [66].
Accordingly, the decision to apply gradient descent prior to genetic operators is consis-
tent with these methodological recommendations, ensuring both numerical stability and
semantic diversity in the proposed algorithm.

In the next step, each client xi is associated with that cluster j for which the hybrid
support function d

(
xi, µj

)
reaches a local minimum. The assignment relation is formalized

by the binary variable zi,j, as follows:

zi,j =

{
1, i f j = argminjd

(
xi, µj

)
,

0, otherwise.
(6)

This distance function is defined as a scalarized combination of the Euclidean distance
in the RFM space and the cosine dissimilarity in the semantic space, thus capturing the
dual nature—quantitative and symbolic—of the relationship between the individual and
the center.

After assigning observations, the process continues with updating the centers, a stage
in which gradient descent is used to iteratively adjust the parameters and ensure numerical
convergence. The vectors µ

(1)
j are modified according to the rule:

µ
(1)
j ← µ

(1)
j − η·

∂J ρ
λ

∂µ
(1)
j

(7)

where J ρ
λ represents the scalarized and penalized objective function. Similarly, the semantic

vectors µ
(2)
j are updated by a parallel mechanism, but adapted to the partial derivatives of

the cosine component:

µ
(2)
j ← µ

(2)
j − η·

∂J ρ
λ

∂µ
(2)
j

(8)

with the derivatives obtained through the analytical formalism developed previously. In
this stage, the optimization occurs simultaneously in two vector spaces of different natures
but which interact through the defined objective function.

To prevent blockages in suboptimal regimes, an evolutionary phase is activated every
T epochs, in which a fraction of the existing centers is subjected to stochastic transformations
of the mutation type—modeled as controlled perturbations—and recombination, through
which two vectors are combined to generate new configurations. This strategy allows the
exploration of alternative regions of the solution space and contributes to maintaining the
structural diversity of the global configuration.
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The stopping criterion is based on the analysis of the variation in the centers between
successive epochs. If the Frobenius norm of the difference between the updated and
previous positions satisfies the relation:∥∥∥µ(t+1) − µ(t)

∥∥∥
F
< ϵ, (9)

the execution is considered convergent, and the process is interrupted. In the absence of
this condition, the assignment and update cycle are resumed until the established threshold
is satisfied or until the maximum number of epochs is reached.

The evaluation of the algorithmic complexity indicates that a complete optimization
cycle has the complexity:

O(nkd) +O(k(d + 3)) +O(TGA), (10)

where n represents the number of customers, k the number of clusters, d = 512 the size
of semantic embeddings, and TGA reflects the additional cost associated with genetic
operators. These formulations highlight the high potential for parallelization, either on
the size of observations or on that of centers, which makes the algorithm compatible with
efficient execution on large data sets.

Overall, the proposed algorithm transcends simple numerical optimization, man-
aging to integrate in a fluid way the symbolic dynamics of individual preferences and
the transactional structure of consumer behavior, and the hybrid architecture, coupled
derivative-evolutionary, underpins an adaptive and expressive segmentation process, faith-
ful to the complexity of the modeled phenomenon.

For comparative purposes, besides the proposed hybrid model, we implemented classi-
cal baselines—K-Means on RFM vectors and semantic-only clustering on embeddings—and
extended the evaluation with Gaussian Mixture Models (GMM) and Hierarchical Agglom-
erative Clustering, both widely used unsupervised segmentation techniques.

The stepwise functioning of the proposed hybrid optimization algorithm is outlined
in Figure 2, which details the iterative assignment, gradient-based updates, periodic evolu-
tionary operations, and convergence check.

In order to analyze the structural fidelity of the obtained segmentation, the evaluation
process integrated both established quantitative methods and indicators designed to reflect
the semantic consistency of the resulting groupings. The plurality of perspectives allowed
not only to quantify algorithmic performance but also to correlate the results with the
latent meanings of the input data. One of the fundamental indices used in the internal
evaluation was the Silhouette score, designed to simultaneously estimate internal cohesion
and separability between clusters.

For each observation i, the score is calculated as:

s(i) =
b(i)− a(i)

max{a(i), b(i)} (11)

where a(i) denotes the average distance between observation i and all other members of the
cluster to which it belongs, and b(i) represents the average distance from the members of
the nearest neighboring cluster. A score close to 1 indicates a clearly delimited structure,
while negative values signal potential allocation errors. For comparative purposes, the
average silhouette score at the complete set level was used for all methods analyzed.
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Figure 2. Algorithmic flow of the hybrid optimization under the scalarized objective.

A second quantitative benchmark was provided by the Davies-Bouldin index, which
expresses the ratio between internal cohesion and disjunction between clusters, as follows:

DB =
1
k

k

∑
i=1

max
j ̸=i

(
σi + σj

d
(
µi, µj

)) (12)

where σi and σj represent the internal dispersion of clusters i and j, and d
(
µi, µj

)
is the

distance between the centers of the two clusters. A low value of this index is associated
with a more efficient segmentation, in the sense of a clear differentiation between groups
and a compact aggregation within each cluster.

Beyond numerical consistency, special attention was paid to the semantic dimension
of segmentation. In order to capture the degree of internal symbolic coherence, a dedi-
cated indicator was introduced—the intra-cluster semantic consistency (SC j) calculated
according to the formula:

SCj =
1∣∣Cj
∣∣ ∑

xi∈Cj

〈
x(2)i , µ

(2)
j

〉
∥∥∥x(2)i

∥∥∥·∥∥∥µ
(2)
j

∥∥∥ (13)

where Cj is the set of customers associated with cluster j, and x(2)i and µ
(2)
j are the embed-

ding vectors corresponding to customer i and the semantic center.
Beyond the quantitative parameters, a qualitative assessment was performed on the

resulting profiles, focusing on the clarity and semantic consistency of the product descrip-
tions associated with each cluster. The analysis, carried out manually on a representative
subset of customers from several geographical contexts, aimed to establish to what ex-
tent segmentation generates recognizable, narratively coherent, and strategically relevant
groups for the application of differentiated marketing policies. In most cases, the identified
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segments proved interpretable in terms of recurring purchasing behaviors, recognizable
consumption styles, or common thematic preferences.

In order to establish the real contribution to the described algorithmic configuration,
the results were compared with two reference variants. The first variant uses the K-Means
algorithm applied exclusively to the RFM transactional dimensions, completely ignoring
the semantics of the products. The second variant assumes a clustering performed only
in the space of semantic embeddings, using the cosine distance as the sole aggregation
criterion. By reporting to these methodological extremes, the hybrid configuration pre-
sented here demonstrated a superior capacity to generate simultaneously compact, distinct,
and interpretable segments. Variations in the value of the parameter λ were systematically
analyzed to identify the equilibrium regions in which the semantic contribution maxi-
mizes cohesion without compromising numerical fidelity, and these analyses confirmed
the advantage of scalarization in capturing the complexity of consumer behavior.

In consequence, the evaluation of the quality of segmentation was carried out in a
multi-perspective framework, in which computational efficiency, geometric coherence,
and symbolic meaning were rigorously correlated, providing a robust validation of the
proposed model from both a theoretical perspective and direct application angles. Com-
pared to the reference variants—classical K-Means based solely on RFM variables and
clustering based exclusively on semantic embeddings—the proposed dual-space optimiza-
tion consistently outperforms both extremes. Through the explicit control of the balance
between numerical and semantic signals, the model achieves superior cohesion, separabil-
ity, and interpretability. This methodological integration constitutes the main novelty of
the study, positioning the approach as a reproducible and scalable alternative to existing
unidimensional or black-box deep clustering methods.

4. Results and Discussion
The central goal of the experimental set was to examine the methodological per-

formance of a segmentation system built on the integration of two distinct conceptual
dimensions: traditional numerical measurements, extracted from RFM data, and deep
semantic representations, derived through embedding techniques applied to textual de-
scriptions of purchased products. The analysis was oriented towards investigating the
differential contribution brought by the semantic component in shaping the grouping
structure, with an emphasis on the logical coherence of the segments formed but also on
the practical validity of these structures in real commercial contexts.

At the heart of the concerns was the exploration of the effect produced by the integra-
tion of the symbolic dimension on the granularity of segmentation, in correlation with the
stability of the model in multicultural contexts and with high behavioral diversity. Also,
special attention was paid to the evaluation of the interpretative potential of the resulting
segments in relation to their capacity to support strategic decisions in the sphere of dif-
ferentiated marketing. Therefore, the experimental design was built to allow a rigorous
examination, both from the perspective of algorithmic performance and from the angle of
commercial relevance of the identified segments.

To evaluate the comparative behavior of the proposed method in relation to estab-
lished alternatives, systematic experiments were conducted in which each segmentation
model was applied to the same data set in a controlled configuration. The experimental
design included three distinct clustering paradigms: K-Means applied exclusively to RFM
indicators, Gaussian Mixture Models (GMM) on RFM variables, a semantic-only variant
based on embeddings and cosine distance, hierarchical agglomerative clustering in the em-
bedding space, and the hybrid model introduced in this work, characterized by controlled
scalarization and iterative updating of centroids in both spaces.
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For each of these methods, three indicators were calculated to validate the quality
of the segmentation: the Silhouette score, the Davies–Bouldin index, and the average
level of intra-cluster semantic coherence. In addition, the average execution time was
recorded to evaluate the computational efficiency of each method. The summarized values
are presented in Table 2, obtained by averaging the results for all analyzed countries.
The analysis of the obtained values reveals a consistent superiority of the hybrid model
compared to both methodological extremes.

Table 2. Comparison of segmentation methods (averages across countries).

Applied Method Silhouette Score Davies–Bouldin
Index

Semantic
Coherence

Execution
Time (s)

K-Means
(RFM only) 0.41 1.38 0.44 1.2

GMM (RFM only) 0.45 1.31 0.46 1.6

Semantic-only
(embeddings) 0.36 1.72 0.61 4.5

Hierarchical
(embeddings) 0.39 1.55 0.64 7.8

Proposed hybrid
model 0.52 1.04 0.72 6.3

The analysis of the obtained values reveals a consistent superiority of the hybrid model
compared to both methodological extremes. The significant increase in the Silhouette score
indicates a more clearly defined cluster structure, with a pronounced internal cohesion and
a robust separability between groups. In parallel, the decrease in the Davies–Bouldin index
value reflects a reduction in the interference between segments and a better-controlled
internal dispersion. From a semantic point of view, the increased level of intra-cluster
coherence confirms the symbolic alignment of customers within each group, providing a
solid basis for relevant commercial interpretations.

Although the hybrid method involves a slightly higher execution time, this difference
is justified by the additional complexity of the dual optimization and the obvious benefits
in terms of segmentation quality. The integration of symbolic representations, along with
transactional dimensions, led to the formation of more homogeneous semantic structures,
without sacrificing numerical geometry or metric rigor. Overall, the experimental data
support the validity of the developed unified mechanism as a robust and scalable solution
for complex segmentation scenarios, where both observable behavior and latent meanings
of consumer choices need to be treated in a unified framework.

To verify the stability of the model in varied socio-cultural contexts, the methodology
was applied separately on data from five distinct countries: the United States, Germany,
France, Italy, and Japan. Each space provided a unique configuration of consumer be-
haviors, purchasing styles, and latent preferences, which allowed observing how the
numerical component and the symbolic structure of the data interact within the proposed
algorithmic architecture.

The country-specific insights discussed in the following subsections are not derived
directly from the raw dataset but are inferred from the semantic centroids of the clusters
generated by the proposed hybrid algorithm. Each conclusion reflects the dominant de-
scriptors associated with the centroid of a cluster in which customers from a given country
were statistically overrepresented. To ensure methodological robustness, these interpreta-
tions were validated through intra-cluster semantic coherence scores as well as through the
observed distributional patterns of customers across clusters. In this way, the subsequent
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descriptions of national consumer tendencies should be understood as outcomes of the
clustering process rather than as immediate properties of the underlying data.

In the North American commercial environment, the numerical behavior of customers
was distinguished by a high degree of regularity and predictability. The corresponding
patterns were identified through the centroid descriptors of clusters predominantly com-
posed of North American consumers, indicating that the observed regularity emerged from
the clustering structure rather than directly from raw frequencies. The frequency of pur-
chases and the recurrence in RFM patterns contributed to the formation of well-separated
segments in the numerical space. The semantic dimension completed this structure by
identifying a pronounced attraction for products in the fields of technology, reading, and
interior design. The synergy between these two dimensions led to a coherent segmentation,
both geometrically and symbolically.

In Germany, the distribution of customers revealed a marked preference for utilitar-
ian products, well-structured thematically. Evidence for this tendency comes from the
semantic centroid of the cluster most strongly aligned with German consumers, marked
by descriptors that emphasized practicality and thematic clarity. The semantic vectors
associated with the purchased items reflected a clear organization of interests, which
facilitated the formation of compact clusters with a high degree of differentiation. The cor-
relation between transactions and symbolic representations was one of the most balanced
in the entire geographical sample, which provided a favorable context for validating the
hybrid formalism.

In France, the RFM values presented a relatively low dispersion, which would have
made it difficult to obtain expressive segments in the absence of semantic components. The
profile was inferred from the centroid of clusters containing a significant proportion of
French consumers, which revealed preferences that could not be detected solely on the basis
of raw numerical values. However, the analysis of the embeddings allowed the identifica-
tion of subtle features in the preferences of customers oriented towards products with high
aesthetic content, decorative objects, personalized accessories, or cultural items. Semantic
granularity compensated for numerical homogeneity, generating segmentation structures
with high interpretative value in marketing oriented towards lifestyle and identity.

Italy represented a space in which semantic relevance manifested itself with partic-
ular clarity. The national profile was derived from the centroidal descriptors of clusters
dominated by Italian consumers, which consistently highlighted affinities for artisanal
and stylistic features. While the RFM values were generally moderate, the embeddings
associated with product descriptions revealed an affinity for artisanal goods, seasonal
objects, and gifts with a symbolic character. Without the intervention of the semantic
representation, the differentiation between customers would have remained difficult to
achieve. In contrast, the integration of the symbolic dimension allowed the formation of
segments with recognizable stylistic and cultural features, in accordance with the specifics
of Italian consumption.

In Japan, the performance of the semantic model was influenced by the cultural
and linguistic discrepancies between the available data and the training space of the
embeddings used. The national profile resulted from the semantic centroid of clusters
with a significant Japanese presence, though interpretability was partly constrained by
limitations in the embedding corpus. Although the clustering mechanism worked within
acceptable algorithmic parameters, semantic interpretability was affected by the fact that
local cultural meanings were not fully captured by the symbolic vectors, but the limitation
does not derive from the architecture of the model itself but from the nature of the pre-
existing corpus, calibrated in predominantly Western environments. The Japanese context
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thus signaled the need for additional linguistic adaptation, aimed at optimizing interpretive
consistency in distinct cultural spaces.

To provide a comparative quantification of these observations, Table 3 summarizes
the model performance for each country, based on the three evaluation dimensions used:
internal cohesion, separability, and semantic consistency.

Table 3. Hybrid model performance in each country analyzed.

Country Silhouette Score Davies–Bouldin
Index

Semantic
Coherence

USA 0.54 1.01 0.71
Germany 0.58 0.96 0.69

France 0.48 1.10 0.74
Italy 0.50 1.07 0.70

Japan 0.43 1.28 0.63

The transnational application of the model demonstrated remarkable structural stabil-
ity, with predictable variations depending on the cultural specificity of each market. The
simultaneous integration of transactional data and symbolic preferences proved effective
in generating segmentation structures that combine numerical relevance and semantic
expressiveness, without depending on a single reference culture. The results obtained
highlight the potential of the method to provide adaptive solutions sensitive to the cultural
complexity of consumer behavior.

A complementary direction aims to evaluate the resulting segments from the per-
spective of human interpretability and semantic consistency in different cultural contexts.
In this view, segmentation is not only an exercise in computational processing but also a
means of algorithmically translating complex behavioral realities. The ability to generate
intelligible groupings has the potential to support concrete decisions in personalized digital
marketing and, at the same time, to provide organizations with analytical tools adaptable
to the plurilingual and multicultural specificity of contemporary markets.

The application of the hybrid algorithm on the data set led to the emergence of seg-
mentation structures with high strategic relevance, in which customer behavioral profiles
can be easily interpreted and transformed into coherent operational decisions. The model
allowed a simultaneous articulation between the numerical dimension and semantic expres-
siveness, which generated a typology of clusters compatible with differentiated activation
and loyalty logics.

To strengthen the interpretability of the results, Table 4 provides a comparative syn-
thesis of the three most representative clusters identified, based on the average values
of the RFM indicators and intra-cluster semantic similarity, accompanied by a symbolic
characterization derived from the product descriptions.

Table 4. Hybrid model cluster profiles.

Cluster Recency (Days) Frequency Monetary (EUR) Semantic
Similarity

Dominant Semantic
Description

A 12 5.8 120 0.69 useful products, recurring purchases
B 94 1.2 330 0.71 decorative items, luxury products
C 6 1.0 52 0.66 books, educational content

The clearly separated cluster in the t-SNE map corresponds to one of the profiles in
Table 4 (high semantic coherence and distinct purchase intent), indicating that the hybrid
objective amplifies semantically consistent structure beyond what numeric-only patterns
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reveal. We stress that t-SNE is used solely for visualization; the quantitative improvements
are captured by Silhouette and Davies–Bouldin (Table 2). Simpler methods (K-Means,
GMM, Hierarchical) do recover partial separation but yield lower cohesion/separability
and reduced semantic consistency on average, confirming that the hybrid formulation adds
value beyond these baselines.

To highlight the geographical variations in the structure of behavioral segments,
Figure 3 illustrates the percentage distribution of customers in each cluster, separately for
each country analyzed. The visualization provides a complementary perspective on how
the typologies presented above manifest themselves in distinct cultural contexts.

 

Figure 3. Cluster distribution by country (% of clients per segment).

In order to strengthen the interpretative validity of the proposed hybrid analytical
framework, a two-dimensional projection of the segment distribution was generated, using
the t-SNE algorithm applied to the integrated numerical–semantic space [67]. Figure 4 high-
lights a clear separation between clusters, supporting the topological coherence induced by
the hybrid objective function and the robustness of the segmentation architecture.

Figure 4. Two-dimensional cluster projection using t-SNE.

One of the segments with high density in the structure is composed of customers who
demonstrate a constant purchase frequency, accompanied by a recent shopping history
and average values of transactional baskets. The semantic vectors corresponding to this
group indicate a preference for functional products with succinct descriptions and clearly
defined utility. From a strategic point of view, the configuration suggests a loyal audience
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with a well-established operational rhythm, which can be effectively targeted through sub-
scription programs, recurring offers, or loyalty mechanisms adapted to already stabilized
consumption cycles.

For the purpose of rigorous comparison with existing reference models in relation to
unidimensional approaches, Table 5 summarizes the scores obtained for the three tested
variants: exclusively numerical segmentation (KMeans on RFM), purely semantic seg-
mentation (KMeans on embeddings), and the scalar hybrid model. The results show that
the proposed model achieves superior performance both from a geometric perspective
(Silhouette, Davies–Bouldin) and from a semantic perspective, reflected by a significantly
higher conceptual coherence score.

Table 5. Comparative Performance of Segmentation Methods (RFM-only, Semantic-only, Hybrid).

Segmentation Method Silhouette Score Davies–Bouldin
Index

Semantic
Coherence

KMeans on RFM 0.42 0.89 0.12

KMeans on
Embeddings 0.36 1.05 0.39

Deep Embedded
Clustering (DEC) 0.47 0.82 0.44

Scalarized Hybrid
Model 0.58 0.67 0.61

To investigate the sensitivity of the architecture to the intermodal scalarization tuning,
Figure 5 shows the evolution of the Silhouette score with respect to variations in the param-
eter λ. A superior performance is observed around the value λ = 0.5, indicating a functional
balance between the traditional numerical metric and the latent semantic representation.

Figure 5. Influence of λ Value on Silhouette Score for the Hybrid Model.

Another structure identifiable by the model is characterized by low frequency but
with high monetary values per purchase. The semantic profile of these customers reveals
an attraction for products with significant symbolic charge, especially in the sphere of
decorative, artistic, or exclusive objects. Transactional behavior seems to follow a seasonal
calendar, associated with special events or luxury gifts. From the perspective of commercial
applicability, the segment can be successfully activated through emotionally oriented
campaigns, personalized narratives, and communication focused on the symbolic value of
the purchased objects.

A third relevant segment was outlined around customers with a single recorded
transaction, generally recent, with shopping carts oriented towards educational products,
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books, or exploratory resources. Semantic analysis indicates a predisposition towards
cognitive, informative, or personal discovery content. Although the numerical behavior
is limited, the resulting profile suggests a potentially emerging category in an incipient
phase of relationship with the commercial platform. An appropriate strategy for this
segment could include activation through thematic newsletters, recommendations based
on interests, and stimulating recurrence through editorial suggestions adapted to the
minimal purchase history.

Through the refinement with which these structures are identified and through their de-
gree of symbolic interpretability, the presented methodological system offers solid premises
for building differentiated marketing campaigns, in which each segment becomes a con-
textualized entity, not just a numerical aggregation. The internal coherence of each cluster,
in a double register—behavioral and semantic—facilitates not only classification but also
strategic action, opening up the possibility of commercial interventions with a high degree
of customization.

The scalarization parameter λ, which regulates the balance between numerical dis-
tances (in the RFM space) and semantic similarities (in the embeddings space), proves to
be a fine-tuning factor with direct implications on the quality and stability of behavioral
segmentation. By adjusting the value of λ ∈ [0, 1], the relative influence of each component
within the previously defined objective function is explicitly controlled. Thus, the model
becomes sensitive to semantic variations only to the extent that λ reduces the weight of the
Euclidean distance and amplifies the contribution of the type 1 metric—cosine similarity.

Experimental analysis has demonstrated that the interval λ ∈ [0.5, 0.7] corresponds
to an optimal region in which high values of the Silhouette Score and increased semantic
coherence between members of the same clusters are simultaneously obtained. In this area,
the model exhibits balanced behavior, capable of capturing both the transactional regularity
of purchases and the latent intention expressed through explicit preferences in product
descriptions. Although the topology of the semantic space is less rigid than the numerical
one, through appropriate weighting, the dominance of one dimension over the other is
avoided, thus preventing both semantic collapse (through numerical overrepresentation)
and contextual drift (by ignoring the RFM metric).

As λ exceeds the threshold of 0.8, the objective function tends to approach a pure nu-
merical expression, in which semantic distances are almost negligible. In this configuration,
the model converges to a clustering equivalent to applying K-Means in the RFM space,
thus losing the ability to differentiate behaviors that are apparently numerically similar but
symbolically and contextually distinct. The observations obtained in this scenario highlight
a drastic reduction in intra-cluster semantic variability and a degradation of the commercial
interpretability of the segments.

At the opposite pole, for values of λ < 0.3, the segmentation becomes unstable, with
a pronounced tendency to generate clusters significantly influenced by small lexical vari-
ations in the textual embeddings. In this area, numerical cohesion deteriorates, and the
Silhouette Score suffers notable decreases. From a decision-making point of view, the result-
ing structure is less predictive from an economic perspective, since the obtained groupings
reflect stylistic similarities of the text rather than robust patterns of transactional behavior.

Therefore, the parameter λ should not be viewed as a simple adjustment coefficient
but as an epistemological tool that modulates between two distinct forms of knowledge: a
quantitative one, expressible metrically, and a semantic one, emerging from latent spaces of
meaning. The model’s ability to generate coherent, stable, and actionable segmentations
depends essentially on the careful selection of this parameter, which must be contextually
calibrated, depending on the specifics of the market, the dominant natural language, and
the desired level of granularity in customer interpretation.
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The integration of numerical distances and semantic representations into a unified
model implies a computational regime significantly different from classical clustering
paradigms. In particular, the introduction of a high-dimensional semantic component, such
as in the case of transformer-type textual embeddings (d = 512), implies an extension of
the algorithmic complexity, which requires a careful assessment of the implicit costs and
the scalability in real-world contexts of use. In the proposed implementation, the iterative
optimization process involves evaluating the hybrid objective function for each individual
instance against all centroids, which implies a computational effort directly proportional
to the product of the number of clients, the number of clusters, and the size of the vec-
tors. However, the dual architecture of the algorithm—in which the centroid updating is
performed both by gradient descent in the numerical space and by symbolic adjustments
guided by genetic operators—introduces a convergence stabilization mechanism, which
reduces the number of epochs required to reach a consistent local optimum.

By intelligently parallelizing the calculations in the distance and centroid update
stages, the implementation managed to maintain an acceptable average execution time,
even in conditions of datasets with tens or hundreds of thousands of clients. In this sense,
the model proved compatible with distributed infrastructures, and the costs associated
with semantic vectorization can be isolated in a pre-process stage, avoiding redundancy in
subsequent iterations.

The integration of the semantic dimension in behavioral segmentation opens the
prospect of tools capable of reflecting not only consumption patterns but also the cul-
tural specificity of each analyzed context. Segmentation thus becomes a bridge between
algorithmic analysis and human interpretation, facilitating the construction of profiles
that can guide differentiated decisions and adapt to linguistic and cultural diversity [23].
In this way, the proposed model is not limited to providing statistical results but con-
tributes to the development of explainable and sustainable mechanisms for personalized
digital marketing.

5. Conclusions
The conceptual framework proposed in this study offers a methodological synthesis

between two complementary dimensions of consumer behavior: the numerical structure of
transactions and the symbolic expressiveness of implicit preferences. By formally integrat-
ing the two information registers, the constructed model allows for a segmentation that
transcends the limitations of strictly quantitative paradigms, bringing to the fore not only
the frequency and monetary value of purchases but also the semantic universe in which
they are inscribed.

The numerical structure was modeled through the classic RFM (Recency, Frequency,
Monetary Value) formalism, recognized for its ability to synthesize the customer–platform
relationship in transactional terms. This behavioral vector was, however, extended by
superimposing a symbolic component, obtained through semantic vectorization of product
descriptions. The embeddings generated with Sentence-BERT, in a multilingual version,
allowed for the projection of customers into a latent space of meanings, in which proximity
reflects conceptual affinities, not just similarities of numerical behavior.

The objective function built around this model is a scalar one, in which the parameter
λ modulates the relationship between Euclidean distances in numerical space and cosine
similarities in semantic space. This mechanism offers methodological flexibility and allows
for fine-tuning, depending on the specifics of the data set, the semantic intensity of the
descriptions, or the desired granularity in the commercial interpretation of the clusters.

By articulating these two dimensions in a single optimization framework, the study
contributes to the formulation of a methodology in which the meaning of behavior is
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recovered without sacrificing numerical rigor. The validation of the model was carried out
both on the formal dimension, by analyzing the objective function and evaluating internal
cohesion metrics, and by empirical testing in multicultural contexts, in which the model
was adapted differentially, but coherently, to the specifics of each market.

The contribution is a system that maps customers based on their actions and the
implicit meaning of their choices. Through this articulation between the quantitative
and the symbolic, the premises of a more nuanced, more adaptable, and more relevant
commercial segmentation for strategic decisions in the contemporary digital environment
are created.

The validation of the model led to a series of consistent findings, which confirm the
methodological robustness and semantic versatility in applied contexts. In direct com-
parisons with classical techniques—such as the K-Means algorithm applied exclusively
on RFM vectors or segmentation methods based on isolated semantic similarities—the
proposed configuration generated superior performances, both in terms of the internal
cohesion metric (Silhouette Score, Davies–Bouldin index) and in terms of conceptual homo-
geneity within segments. The resulting structure manages to capture both the transactional
regularities and the symbolic dimensions of consumer choices.

The systematic application of the model in five distinct national contexts—the United
States, Germany, France, Japan, and Italy—allowed the observation of a cross-cultural
algorithmic stability. In all these markets, behavioral segmentation reflected not only
recurring transactional patterns but also subtle variations in preferences expressed through
natural language. Linguistic diversity and cultural specificity did not negatively affect
the coherence of the segments, which indicates a high adaptability to local particularities
without requiring additional interventions in the basic structure of the model. In the model
architecture, the scalarization parameter λ stood out as a fine-tuning element with an
adaptive function. The ability to calibrate the relative influence of numerical distances and
semantic similarities allowed for a functional balance between geometric precision and
contextual relevance.

The application dimension strengthens the value of the contribution by empirically
validating the method on a set of real transactional data collected from five distinct cultural
contexts. The results obtained offer a new perspective on how linguistic meanings, specific
to each socio-economic environment, can be integrated into automated decision-making
processes without compromising the metric rigor of the analysis. Beyond the quantitative
performance, the proposed formulation allows a narrative reconstruction of the segments
so that the resulting groupings are intelligible and strategically usable in a multilingual
and dynamic commercial framework.

5.1. Theoretical and Methodological Implications

From a theoretical perspective, the proposed methodological construction introduces a
coherent two-dimensional framework for behavioral segmentation, in which transactional
numerical data are directly related to symbolic representations extracted from the linguistic
space. This algorithmic synthesis between the RFM structure and semantic embeddings
generates a reconceptualization of segmentation, not as an exclusively metric procedure,
but as a process of reconstructing consumption intention on two axes: quantifiable and
interpretable. Thus, segmentation is transformed into a tool for translating behavior into
meaning, with clear mathematical foundations and contextual articulation.

At the level of algorithmic construction, the model proposes a transparently formu-
lated objective function, in which numerical distances and symbolic similarities are scaled
by an adjustment coefficient, which allows for increased explainability in relation to group-
ing decisions. The variables involved do not operate in an opaque or isolated manner but
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are easy to track and interpret, which enhances the ability of specialists to understand the
internal logic of the segmentation process. In an era where the interpretability of machine
learning models is becoming a criterion for scientific validation, this feature provides a solid
direction for the integration between advanced computational techniques and practical
comprehensibility requirements.

By integrating modern methods from natural language processing—particularly em-
beddings obtained with the help of pre-trained neural networks—alongside established
concepts from analytical marketing, the model manages to articulate a space of intersection
between disciplines. This transgression of the traditional boundaries between data science
and behavioral economics offers not only a performant operational tool but also a new
epistemological perspective on how data can be read as expressions of meaning in the
digital context.

The hybrid structure developed here is not limited to the e-commerce sector. Its mod-
ular configuration makes it suitable for adaptations in domains where human behavior
is characterized simultaneously by measurable actions and expressive content. Relevant
examples include digital health, where patient interactions combine clinical metrics and
symptomatic descriptions; online education, where performance is intertwined with textu-
ally expressed motivation; or recommendation systems, where latent preferences can be
inferred from both sources. In all these cases, the model provides a formal framework in
which behavior becomes intelligible from both statistical and symbolic perspectives.

5.2. Practical Implications and Applications

The integration of the proposed model into the operational infrastructure of e-
commerce platforms opens up multiple possibilities for optimizing strategic and tactical
decisions. By aligning segmentation not only with transactional behavior but also with
latent preferences expressed symbolically, a substantial refinement of the targeting pro-
cess becomes possible. Communication campaigns can be directed to customers not only
based on the numerical history of purchases but also based on the implicit motivations
that support consumer choices, an aspect captured through the semantic structure of the
analyzed descriptions.

Regarding retention, the model contributes to building a personalized experience in
which product recommendations are not based exclusively on transactional similarities but
also include semantic dimensions of customer interest. Thus, a contextual activation, more
emotionally relevant, becomes possible, which contributes to strengthening the relationship
between the consumer and the platform. In this framework, personalization takes on a new
depth, being based on meaning, not just on frequency or value.

An additional benefit derives from the model’s ability to detect rare structures, which
may signal the existence of emerging communities or niche markets. The groupings
generated based on symbolic dimensions allow the identification of microsegments that
may escape detection in classical systems. These structures, even if numerically marginal,
may represent future sources of economic value by addressing specific preferences or
latent needs.

In addition, the model provides an efficient mechanism for filtering marketing actions,
preventing the allocation of resources to artificially constructed segments based on non-
contextualized RFM scores. By using a common semantic space between customers and
products, segmentation becomes more faithful to behavioral reality, and the resulting
campaigns have greater chances of relevance and impact.

Last but not least, the model’s architecture allows easy integration into existing busi-
ness intelligence systems due to the algorithmic scalability and the high degree of explain-
ability of the objective function. The interpretability of the results supports decision-making
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transparency and facilitates cooperation between technical teams and commercial decision-
makers. Overall, the proposed solution is compatible with the current requirements of the
digital ecosystem and offers viable premises for immediate adoption in dynamic commer-
cial environments.

5.3. Limitations of the Study

Despite the rigorous empirical validation and the high degree of methodological
adaptability, the proposed model involves a series of constraints that require attention for
a wider application or possible further developments. One of the most sensitive areas
is the dependence of the performance on the textual quality of the product descriptions.
In situations where the linguistic content is limited, generic, or subject to standardized
conventions, the model’s ability to extract significant semantic differentiations may be
diminished. The symbolic representations thus become less expressive, which reduces the
accuracy in the semantic clustering process.

Another limitation comes from the multilingual nature of the embeddings used. Al-
though pre-trained models, such as distiluse-base-multilingual, allow the simultaneous
processing of several languages, their performance is not uniform. Especially in the case of
non-Latin languages, such as Japanese, the ability to reflect cultural subtleties or specific
idiomatic expressions remains reduced. This imbalance affects the semantic coherence of
the generated segments, especially when the symbolic space is populated with instances
from linguistic registers significantly different from those used in the model training phase.

A relevant technical aspect concerns the computational cost of the system. Even if, in
the experimental context, the execution time was kept within reasonable limits, extending
the methodology to an industrial level—with frequent update requirements, possibly in a
near real-time regime—may raise scalability difficulties. Textual preprocessing, embedding
generation, and iterative optimization require considerable resources, and integration
into a continuous operational pipeline could impose compromises between performance
and speed.

At the same time, the proposed architecture is based on a static formulation of pref-
erences, treating the semantic behavior of the client as an aggregate projection, without
introducing a temporal component. Time evolutions of interests, seasonal variations, or
style transformations are not captured in the current form of the model. The lack of se-
quential memory—such as LSTM, GRU, or temporal attention mechanisms—limits the
possibility of anticipating the dynamics of preferences, which could be relevant in the
context of predictive scenarios or proactive personalization campaigns.

The optimal value of the scalarization parameter λ may vary depending on dataset
characteristics, particularly the homogeneity of semantic vectors. While empirically cal-
ibrated here, future work may explore automated tuning methods or cross-validation
strategies to generalize parameter selection. Furthermore, while the optimal value of
the scalarization parameter λ was determined empirically in the experimental context
presented, applying the method to other datasets, characterized by distinct semantic or
behavioral distributions, may require additional adjustments. The need for calibration
can be managed by systematic cross-validation strategies, capable of identifying optimal
configurations of balance between the numerical and symbolic dimensions of segmentation.

5.4. Future Research Directions

The expansion of the functionalities associated with the presented methodological
system can be achieved through a series of complementary directions, intended to deepen
both the analytical dimension and the practical utility in complex commercial contexts.
A first line of development concerns the integration of explicit feedback provided by
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users—ratings, textual comments, and reactions in the digital social space—in the process
of constructing semantic vectors. The incorporation of these expressive forms would allow
a more nuanced contextualization of behavior, adding attitudinal and affective valences to
the generated profiles.

Another relevant area of research is the use of specialized embeddings on the domain.
Pre-trained models, although useful in general scenarios, can be refined by fine-tuning on
data specific to industrial verticals, such as cosmetics, digital education, or fashion. This
customization would allow for a more faithful capture of semantic nuances and lexical
particularities, offering a superior granularity in the grouping process.

On the temporal axis, a direction with significant potential consists of the integration
of sequential architectures, which captures the dynamics of preferences over time. Models
such as recurrent neural networks or temporal transformers could allow for the anticipation
of behavioral transitions and the detection of seasonal patterns or changes in consumption
style. Such an extension would transform segmentation into an adaptive process, sensitive
to longitudinal variations in customer behavior.

The applicability of the model can also be extended to other types of relevant entities
in the commercial ecosystem. Segmentation can be oriented not only to users but also
to products, logistical routes, or post-sales strategies. Through this generalization, the
methodology becomes an extensible analytical framework, useful in mapping the entire
network of commercial interactions.

To support practical adoption in decision-making environments, a logical continuation
of the research is the design of an interactive interface intended for strategy and marketing
teams. Such a tool would allow not only real-time visualization of segments and adjustment
of scaling parameters but also assisted interpretation of the generated profiles. Through
such a platform, segmentation becomes not only intelligible but also directly actionable in
operational contexts.

Therefore, in the increasingly fragmented landscape of the contemporary digital
ecosystem, in which behavior evolves rapidly and often contradicts classical interpretation
models, a conceptual reconstruction of the way data is read, correlated, and understood
becomes necessary. This paper proposes a model that goes beyond the simple aggrega-
tion of transactional values, suggesting that, through careful formulation of the objective
function, mathematics can serve as a means of articulating meaning, not just as a tool for
quantitative separation.

The proposed methodology brings to the forefront the idea that segmentation should
not be reduced to a geometric problem but could be reimagined as an interface between
measurable behaviors and latent meanings. By integrating the semantic dimension into the
decision space, the model offers not only a formal optimization but also a bridge between
what is observable and what is interpretable. Thus, a perspective is outlined in which
algorithms do not just automate processes but contribute to a deeper understanding of the
logic behind individual choices.

The proposed numerical-semantic construction does not only pursue metric perfor-
mance but also reconfigures the objective of segmentation: from separation to comprehen-
sion, from procedural efficiency to contextual readability. In this sense, the result is not
just a better grouping but a mapping of meaning in which the meanings associated with
products, texts, and behaviors are brought to the forefront of the analysis.

This vision reflects a paradigm shift in the use of algorithmic tools in digital marketing
and in data science in general. It is not just about calculating faster or segmenting more
precisely, but about bringing more transparency, interpretability, and, ultimately, under-
standing to decision-making processes. At a time when artificial intelligence is redefining
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the boundaries of analysis, the present methodological proposal invites a rediscovery of
meaning through data, not just the mechanical exploitation of regularities.
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RFM Recency, Frequency, Monetary Value
BERT Bidirectional Encoder Representations from Transformers
RoBERTa Robustly Optimized BERT Pretraining Approach
DistilUSE Distilled Universal Sentence Encoder (multilingual model)
GDPR General Data Protection Regulation
t-SNE t-distributed Stochastic Neighbor Embedding
VaDE Variational Deep Embedding
DCEC Deep Clustering with Convolutional Autoencoders
DBSCAN Density-Based Spatial Clustering of Applications with Noise
K-Means K-Means Clustering Algorithm
LSTM Long Short-Term Memory (neural network architecture)
GRU Gated Recurrent Unit (neural network architecture)
USA United States of America
EN English
DE German
FR French
ES Spanish
RO Romanian
IT Italian
JP Japanese
λ (lambda) Scalarization parameter (weight between numerical and semantic distances)
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