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Abstract

This article presents an interpretable framework for customer segmentation and churn
risk detection, integrating fuzzy clustering, explainable AI (XAI), and strategic scoring.
The process begins with Fuzzy C-Means (FCM) applied to normalized RFM indicators
(Recency, Frequency, Monetary), which were then mapped to a 2-tuple linguistic scale
to enhance semantic interpretability. Cluster memberships and centroids were analyzed
to identify distinct behavioral patterns. An XGBoost classifier was trained to validate
the coherence of the fuzzy segments, while SHAP and LIME provided global and local
explanations for the classification decisions. Following segmentation, an AHP-based
strategic score was computed for each customer, using weights derived from pairwise
comparisons reflecting organizational priorities. These scores were also translated into the
2-tuple domain, reinforcing interpretability. The model then identified customers at risk of
disengagement, defined by a combination of low Recency, high Frequency and Monetary
values, and a low AHP score. Based on Recency thresholds, customers are classified as
Active, Latent, or Probable Churn. A second XGBoost model was applied to predict this risk
level, with SHAP used to explain its predictive behavior. Overall, the proposed framework
integrated fuzzy logic, semantic representation, and explainable AI to support actionable,
transparent, and human-centered customer analytics.

Keywords: RFM model; fuzzy C-Means clustering; 2-tuple linguistic representation; ana-
lytic hierarchy process (AHP); customer segmentation; explainable AI (SHAP, LIME); churn
prediction

MSC: 68T09; 68T37; 03E72; 62H30

1. Introduction
In an increasingly competitive and dynamic market environment, understanding

customer behavior is critical for ensuring sustained business growth, optimizing loyalty
programs, and reducing churn. Among the most widely used frameworks in this domain
is the RFM model (Recency, Frequency, Monetary), valued for its structured approach and
direct connection to transactional data. RFM allows companies to quantify how recently
and how often customers interact, as well as the financial value of those interactions,
providing a solid basis for segmentation and targeting strategies [1].

Despite its popularity, however, the classical RFM approach presents several limita-
tions. Traditional implementations often rely on rule-based scoring systems or discrete
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segmentations that fail to account for the vagueness and ambiguity inherent in human
behavior. Customers frequently exhibit overlapping characteristics that challenge binary or
crisp assignments. Moreover, the use of fixed thresholds and unweighted variables may
obscure strategic business priorities or subtle behavioral nuances.

To overcome these limitations, recent research has explored more flexible and inter-
pretable alternatives. Fuzzy logic, and in particular the Fuzzy C-Means (FCM) algorithm,
has emerged as a relevant alternative to traditional crisp clustering methods like K-Means
by allowing for partial membership between segments [2,3]. In parallel, the rise of ex-
plainable artificial intelligence (XAI), with techniques such as SHAP (SHapley Additive
Explanations) and LIME (Local Interpretable Model-Agnostic Explanations) has brought
much-needed transparency to complex machine learning models, especially in decision-
critical business contexts [4,5].

At the same time, linguistic modeling techniques such as the 2-tuple representation
have enabled more human-readable interpretations of numerical data [6]. These semantic
layers bridge the gap between algorithmic computation and managerial insight, particularly
when combined with scoring systems that reflect business priorities. Among such systems,
the Analytic Hierarchy Process (AHP) is especially notable for its ability to incorporate
expert judgments via pairwise comparisons, generating strategic weights for multi-criteria
evaluation [7].

Despite the growing use of these techniques individually, there remains a lack of
unified frameworks that combine fuzzy clustering, semantic modeling, explainable AI, and
strategic scoring within a coherent pipeline. Existing approaches rarely offer a transparent
and traceable path from raw behavioral data to actionable segmentation and prioritiza-
tion of customers, especially in contexts where customer churn must be detected and
mitigated proactively.

This paper addresses that gap by proposing a hybrid methodological framework that
integrates the following:

• Fuzzy C-Means clustering for behavioral grouping;
• 2-tuple semantic modeling for transforming RFM variables into interpretable linguis-

tic labels;
• SHAP and LIME for global and local model interpretability;
• AHP-based scoring for personalized customer ranking aligned with business strategy.

The proposed system allows for flexible and interpretable segmentation, as well as
classifying customers according to their transactional patterns and explaining the reasons
for each assignment. Furthermore, it helps to detect the risk of customer churn by combin-
ing fuzzy segmentation, behavioral markers (such as low recurrence with high spending),
and strategic scoring. This research, thus, provides a novel, interpretable and operational
framework for customer segmentation and retention that goes beyond static classification
and enables transparent, data-driven decisions.

The contributions are structured as follows: Section 2 reviews the state of the art,
analyzing prior work related to the methodologies adopted; Section 3 details the proposed
methodological model, including fuzzy clustering, scoring, and explainability; Section 4
presents a real-world case study based on a pet product retail store in Spain; Section 5
discusses the results obtained and outlines future lines of research; and finally, Section 6
summarizes the main conclusions and implications of the study.

2. Related Work
Although each of the techniques integrated into the proposed framework has been

previously studied in the context of customer analytics, existing approaches tend to treat
them in isolation. Most works use RFM as a starting point for customer scoring or clustering,
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yet they often fail to capture strategic priorities and behavioral uncertainty, or provide
interpretable justifications for their segmentations. In this section, the main lines of research
related to each methodological component are reviewed: RFM scoring, AHP prioritization,
fuzzy logic and 2-tuple representation, fuzzy clustering with FCM, and explainable AI,
highlighting their strengths, limitations, and the gap addressed by this study.

2.1. RFM Modeling for Customer Analysis

The RFM model is one of the most widely used approaches to measuring customer
behavior, mainly because of its simplicity and the fact that it is based on transactional
data that is easy to extract through any management application [8]. The model quantifies
customer value based on the recency of purchase (R), the frequency of purchase (F), and
the amount spent (M), providing a solid basis for segmenting customers and promoting
targeted marketing actions.

As shown in Figure 1, the number of studies indexed in Web of Science on this topic
has grown significantly since 2019, with a particularly steep increase between 2020 and
2023. This evolution is supported by several of the most recent and frequently cited works
included in Figure 1 [9–13], and reflects a broader shift toward data-driven customer
strategies in the retail, banking, and services sectors [14].

Figure 1. Publications (162) and citations (1478). TS = (“RFM” OR “Recency Frequency Monetary”)
AND TS = (“customer segmentation” OR “customer profiling”).

Nevertheless, most classical applications of RFM rely on fixed scoring rules or
percentile-based thresholds, which often fail to capture behavioral nuance or strategic
business priorities. While these methods offer operational simplicity, they impose rigid
segment boundaries and do not accommodate uncertainty or overlapping customer pro-
files. For example, two customers with similar spending may have very different purchase
intervals or recency patterns, differences that traditional RFM scoring schemes may obscure.

The current literature reflects this dichotomy: a strong foundation of RFM-based
segmentation approaches, but a growing demand for models that go beyond static classifi-
cation. In response, recent works have started to explore hybrid strategies that combine
RFM with machine learning techniques, fuzzy logic, or multi-criteria decision-making
methods [15,16]. This paper follows that direction, using the RFM as an interpretable and
behaviorally weighted input to a broader analytical pipeline.

2.2. Strategic Prioritization of RFM with AHP

The RFM model provides a solid basis for ranking customer behavior, but in most ap-
plications, the three components are usually given equal weights. In practice, organizations
often prioritize one dimension over the others based on their strategic objectives.
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To address this need for strategic differentiation, some studies have combined RFM
analysis with the Analytic Hierarchy Process (AHP) [17]. AHP is a multi-criteria decision-
making technique that translates expert judgment into weighted scores through pairwise
comparisons [7]. When integrated with RFM, it allows for a customized score to be obtained
for each client.

Although the number of publications on this topic remains limited, several applied
studies have demonstrated the practical advantages of this hybrid approach in the retail,
banking, and tourism sectors [18]. The integration of RFM and AHP has shown consis-
tent academic interest over the last two decades. As illustrated in Figure 2, publications
combining both techniques have appeared regularly since 2005, with a marked increase in
citation impact from 2016 onward. This trend highlights the importance of complementing
transactional behavioral models with expert-based prioritization frameworks, especially
in industries where customer valuation must be closely aligned with organizational strat-
egy. This pattern is supported by the most recent and influential studies in the field, as
represented in references [19–22].

Figure 2. Publications (35) and citations (417). TS = (“RFM” OR “Recency Frequency Monetary”)
AND TS = (“Analytic Hierarchy Process” OR “AHP”).

In this paper, AHP is used as a complementary scoring mechanism for each customer
and applied after fuzzy segmentation and model interpretability. This allows for deriving
individual strategic scores that reflect the business relevance of each customer within its
respective segment.

2.3. Fuzzy Logic and 2-Tuple Linguistic Modeling

Fuzzy logic has long been used as a tool for modeling uncertainty and imprecision
in real-world decision-making. Unlike binary logic, it allows variables to adopt degrees
of membership in different categories, a feature particularly useful for modeling human
judgement, which rarely conforms to rigid thresholds. In the context of customer analysis,
fuzzy systems offer an elegant way to capture behavioral ambiguity, especially when
customer profiles overlap or evolve gradually.

Within this paradigm, the fuzzy 2-tuple linguistic fuzzy model introduced by Herrera
and Martinez has emerged as one of the most robust and interpretable approaches to
semantic representation [23]. Instead of reducing fuzzy evaluations to numerical values,
the 2-tuple model maintained the linguistic granularity of human input, while ensuring
consistency and computational accuracy. Each value is expressed as a pair (s, α), where s
is a linguistic term from a predefined set (e.g., Low, Medium, High), and α is a numerical
translation representing the deviation from the central term.
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Originally developed for linguistic decision making in multi-criteria problems, the
2-tuple model has gained wide application in areas such as educational assessment, recom-
mendation systems, environmental analysis, and expert systems. As shown in Figure 3,
research interest in this model has grown steadily over the last decade, with a peak in cita-
tions between 2018 and 2021, reflecting both its mathematical soundness and interpretive
appeal. This evolution is supported by several of the most representative and frequently
cited contributions, as reflected in references [24–27].

Figure 3. Publications (57) and citations (1419). TS = (“2-tuple” OR “two tuple”) AND TS = (“fuzzy
logic” OR “linguistic decision making”).

The approach presented in this paper integrates 2-tuple modeling to express the nor-
malized values of RFM indicators (Recency, Frequency, Monetary) in a five-level linguistic
scale (Very Low, Low, Medium, High, Very High), allowing both customers and analysts to
interpret patterns in terms closer to natural language.

2.4. Fuzzy C-Means Clustering for Customer Segmentation

Segmenting customers into groups that reflect behavioral patterns is a critical task
for tailoring communication strategies, loyalty and product offerings to specific profiles.
One of the most widely used techniques is the use of unsupervised algorithms, K-Means,
due to its simplicity and low computational cost [28]. But it offers a rigid grouping system,
which forces each customer to be classified into a single segment, oversimplifying reality,
especially in contexts where behavior overlaps or evolves over time.

Fuzzy clustering, and in particular the Fuzzy C-Means (FCM) algorithm, offers a more
nuanced alternative. Instead of assigning individuals exclusively to one group, FCM allows
for degrees of membership in multiple clusters. This partial membership provides a truer
reflection of customer variability and is especially important when behavioral patterns are
ambiguous or transition between segments [29].

Interest in applying FCM to customer segmentation has grown steadily in recent years.
As shown in Figure 4, the number of related studies has increased since the mid-2010s,
accompanied by a significant rise in citations, particularly between 2020 and 2023. This
trend is documented in some of the most influential and widely cited studies in the field,
as listed in references [30–34].

This study uses FCM to identify fuzzy behavioral segments based on normalized RFM
values. The objective is twofold: in addition to assigning customers to groups, it is essential
to understand the strength and nature of their affinity with each cluster. These degrees of
membership are interpreted using explainability tools, making the segmentation robust
and accessible to decision-makers.
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Figure 4. Publications (41) and citations (486). TS = (“Fuzzy C-Means” OR “fuzzy clustering”) AND
TS = (“customer segmentation”).

2.5. Explainable AI (SHAP, LIME) in Customer Behavior and Churn

As machine learning models become increasingly common in customer analytics, the
issue of interpretability has taken on a central role, especially in contexts where the results
affect strategic decisions. This is particularly relevant in claim prediction scenarios, where
simply identifying a customer as being at risk is insufficient unless the underlying reasons
for that prediction are also understood [35].

Explainable Artificial Intelligence (XAI) techniques [36], such as SHAP and LIME,
allow us to explore which variables contribute most to a particular classification and how
they interact in each individual case. Unlike traditional feature importance metrics, SHAP
and LIME provide explanations at both global and local levels, especially relevant in
customer-centric environments [37].

In recent years, there has been a clear increase in the number of studies applying
XAI to customer segmentation and churn detection [38–42], as shown in Figure 5. This
growing body of work reflects a clear shift toward models that incorporate explainable
AI (XAI) in customer segmentation and churn detection. Predictability, transparency, and
justification are increasingly prioritized, as organizations demand accurate predictions and
interpretable reasoning behind them. The ability to explain why a customer is assigned to
a specific profile or identified as at risk of churn, has become a fundamental requirement in
decision-making environments where data must inform action.

Figure 5. Publications (20) and citations (92). TS = (“Explainable AI” OR “XAI”) AND TS = (“customer
segmentation” OR “customer churn”).
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2.6. Toward a Unified Framework

Despite the increasing use of RFM models, fuzzy clustering, strategic scoring methods
like AHP, and explainable AI tools in isolation, there is a clear lack of integrated approaches
that bring all these components together into a coherent decision-making framework.
Most existing studies focus either on segmentation or churn prediction, but rarely both,
let alone through a process that incorporates fuzzy membership, semantic modeling,
and transparent evaluation. No work published to date proposes a production line that
performs customer segmentation using Fuzzy C-Means, interprets those profiles with
SHAP and LIME, and complements the analysis with a strategic scoring layer using AHP.
The present study addresses that gap by offering a methodological proposal that connects
behavior, segmentation, interpretability, and business relevance, while also identifying and
prioritizing potential churn cases through interpretable evidence.

To complement the state of the art and contextualize our methodological choices, we ac-
knowledge several limitations inherent to the selected techniques. Fuzzy C-Means (FCM) is
known for its sensitivity to initialization and dependence on the fuzzifier parameter, which
can affect cluster stability [2]. AHP, while valuable for incorporating strategic priorities,
relies on subjective expert judgment and may lead to inconsistency if not carefully vali-
dated [43]. SHAP and LIME, despite their interpretability benefits, can be computationally
demanding and may face scalability challenges, especially in real-time or high-dimensional
scenarios [44]. These limitations are considered in our design decisions and discussed in
the context of practical implementation.

3. Methodology
The methodological approach combines clustering, semantic modeling, and explain-

able techniques to build a transparent and operational segmentation pipeline. Unlike
traditional approaches that rely on rigid thresholds or black-box classifiers, the proposed
pipeline combines interpretability and flexibility at each stage of the analysis.

The process begins with the extraction and normalization of RFM variables (Recency,
Frequency, Monetary), which were used to characterize customer behavior. These variables
were then mapped to a five-level linguistic scale using the 2-tuple fuzzy model, adding a
semantic layer that enhances interpretability while maintaining mathematical precision.

Next, Fuzzy C-Means (FCM) clustering was applied to identify latent behavioral
segments. Rather than assigning each customer to a single group, FCM generated degrees
of membership across clusters, allowing for overlapping and hybrid profiles to emerge.
The resulting centroids were then interpreted both numerically and linguistically, and
representative customers were selected for further analysis.

To evaluate the internal consistency of the clustering, a supervised classifier (XGBoost)
was trained to predict cluster membership based on RFM inputs. Explainable AI techniques,
specifically SHAP and LIME, were used to interpret the model’s decisions and assess the
explanatory power of each variable in defining customer profiles.

Following this, the Analytic Hierarchy Process (AHP) was introduced to derive a
global strategic score for each customer. Based on pairwise comparisons reflecting business
priorities, AHP assigned different weights to the RFM components. These scores were then
transformed into 2-tuple expressions and compared to the clustering results, allowing for
alignment or contrast between fuzzy groupings and strategic valuation.

Finally, the model was extended to identify potential churn cases. Customers with
low Recency, high Frequency and Monetary value, and low AHP scores were flagged as
at risk. A classification model was built to validate this behavior, and explainability tools
were applied once again to support actionable insights.
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This section details each of these steps, from data preparation to modeling and inter-
pretability, outlining how they combine into an integrated, explainable decision support
system (Figure 6).

Figure 6. Methodological workflow for customer segmentation and churn prediction.

3.1. Data Processing

The data processing phase served as the foundation of the proposed methodology.
Its objective was to transform raw transactional information into structured, normalized
variables that are both interpretable and analytically useful. This step was anchored in the
RFM model.

From the transaction dataset, three behavioral indicators were calculated for each
customer:

Variable Selection

• Recency (R): the number of days since the customer’s most recent purchase;
• Frequency (F): the total number of purchases made within a defined period;
• Monetary (M): the cumulative monetary value of all purchases.

For each customer i, the behavior vector was constructed:

ri = (Ri, Fi, Mi) (1)

Normalization and Scaling

Since RFM variables operate on different scales, min.–max. normalization was applied
to ensure comparability between dimensions:

x(j)
i =

x(j)
i − min

(
x(j)
)

max
(
x(j)
)
− min

(
x(j)
) , j ∈ {R, F, M} (2)

This yielded a normalized behavioral vector:

ri
(norm) =

(
PercentRecencyi , PercentFrequencyi , PercentMonetaryi

)
(3)

Normalization prepares the data for fuzzy analysis and semantic interpretation in the
subsequent stages.

Linguistic Transformation Using 2-Tuple Model

To introduce an interpretable semantic layer, each normalized value was translated
into a five-level linguistic scale:

S = {Very Low, Low, Medium, High, Very High} (4)
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Each normalized score x(j)
i ∈ [0, 1] was mapped to a linguistic term using the 2-tuple

fuzzy linguistic representation model, which expresses the value as

(s, α), s ∈ S, α ∈
[
−0.5

g
,

0.5
g

)
(5)

where g = |S| − 1 = 4, and α is the symbolic translation representing the deviation from
the closest linguistic label.

The choice of a five-level linguistic scale was based on literature, suggesting that
this granularity offers a good trade-off between interpretability and expressiveness in
managerial contexts [6,23].

This transformation preserves the mathematical fidelity of the data while adding
interpretability that is essential for expert-based decision-making and customer analysis.

3.2. Clustering
3.2.1. Fuzzy Clustering

Once the normalized RFM variables were prepared and semantically mapped, the
next step was to identify latent customer segments based on behavioral similarity. To this
end, we applied Fuzzy C-Means (FCM) clustering, an unsupervised learning technique
that allows for each data point to belong to multiple clusters with varying degrees of
membership [16].

FCM generates a membership matrix that reflects the partial affiliation of each cus-
tomer to each cluster. This feature is especially valuable in customer analytics, where
behavioral boundaries are often diffused.

The FCM algorithm minimizes the following objective function:

Jm =
N

∑
i=1

c

∑
k=1

um
ik · |xi − ck|2 (6)

where

• N is the number of customers;
• c is the number of clusters;
• xi ∈ Rn is the vector of normalized RFM variables for customer i;
• ck is the centroid of cluster k;
• uik ∈ [0, 1] is the membership degree of customer i to cluster k;
• m > 1 is the fuzzification coefficient, typically set to m = 2.

The fuzzification coefficient was set to m = 2, a common and empirically stable value
in FCM applications. This choice was validated by testing values between 1.8 and 2.5, and
observing consistent cluster structures and silhouette scores.

The degrees of membership were updated iteratively using

uik =

 c

∑
j=1

(
|xi − ck|
|xi − cj|

) 2
m−1
−1

(7)

Each cluster centroid was recomputed as a weighted average

ck =
∑N

i=1 um
ik · xi

∑N
i=1 um

ik

(8)
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The algorithm iterates between the membership and centroid updates until conver-
gence, typically measured by the change in the objective function or the centroids being
below a given threshold.

The result of the FCM algorithm is

• A set of fuzzy centroids {c1, . . . , cc};
• A membership matrix U = [uik] ∈ RN×c.

These values were retained for the interpretability phase, where both the centroids and
customer memberships were analyzed linguistically. Customers were assigned a dominant
cluster (the one with the highest membership), but the full fuzzy profile was preserved for
later semantic analysis.

3.2.2. Evaluation Clustering Model

Selecting the appropriate number of clusters and validating their structure are essential
to ensure that the segmentation process reflects meaningful behavioral patterns. In the
context of fuzzy clustering, evaluation involves both structural and interpretability aspects.
In this study, the internal validation index was applied, Silhouette Coefficient, to assess the
quality and coherence of the fuzzy partition.

The Silhouette Coefficient evaluates how similar an object is to its own cluster com-
pared to other clusters [45]. For each customer i, the silhouette score is defined as

s(i) =
b(i)− a(i)

max{a(i), b(i)} (9)

where

• a(i) is the average distance between i and all other points in the same cluster;
• b(i) is the minimum average distance between i and all points in the nearest differ-

ent cluster.

The overall silhouette score was the mean of all individual scores:

S =
1
N

N

∑
i=1

s(i) (10)

The silhouette score ranges from −1 to 1. Higher values indicate better-defined, more
coherent clusters.

Although the silhouette score was originally designed for crisp clustering, it can be
applied to fuzzy clustering by assigning each point to its most dominant cluster (i.e., the
one with the highest membership degree).

To determine the optimal number of clusters c, the FCM algorithm was executed for a
range of values (e.g., c = 2 to c = 6), and both validation indices were computed. The best
value of c was selected based on the following criteria:

• Maximize the Silhouette Coefficient;
• Ensure interpretability: the chosen number of clusters must allow for meaningful

segmentation that can be explained in the business context.

In the case study developed in Section 4, both K-Means and FCM were tested for
several values of c, and the validation metrics were analyzed. The results confirmed that
FCM with c = 4 offered a good balance between intra-cluster compactness and inter-cluster
separation, while also aligning well with the behavioral diversity observed in the data.

The fuzzy membership degrees and centroids obtained were retained for the next
stage, where linguistic interpretation and explainability were applied.
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3.3. Interpretability

Understanding the reasoning behind the assignment of customers to behavioral clus-
ters is essential for ensuring transparency and enabling actionable strategies. While Fuzzy
C-Means (FCM) provides degrees of membership, it does not offer a clear explanation
of why a given customer exhibits affinity to a particular segment. To address this limita-
tion, Explainable Artificial Intelligence (XAI) tools, SHAP and LIME, were incorporated to
interpret the clustering structure from a supervised modeling perspective.

To bridge unsupervised clustering with explainability techniques, we trained a super-
vised classifier, XGBoost, to predict the dominant cluster (i.e., the cluster with the highest
membership degree) using the normalized RFM variables as features, Equations (2) and (3).

The model’s high accuracy (as demonstrated in Section 4) confirmed that the clusters
identified by FCM were reproducible and separable in the RFM feature space. Once trained,
this classifier served as the basis for explainability.

3.3.1. SHAP (SHapley Additive Explanations)

SHAP values are computed to assess the global and local contribution of each variable
to the classification output [4]. For each prediction, SHAP assigns an additive value to each
feature, reflecting how much it pushes the prediction toward or away from a given cluster.

Formally, for a given prediction f (x), the SHAP decomposition is

f (x) = ϕ0 +
M

∑
j=1

ϕj (11)

where

• ϕ0 is the model’s expected value;
• ϕj is the SHAP value for feature j.

These values are visualized using summary plots and force plots, which provide
insight into the most influential features across the entire dataset or for a specific customer.

3.3.2. LIME (Local Interpretable Model-Agnostic Explanations)

LIME complements SHAP by generating local surrogate models that approximate the
classifier’s behavior in the vicinity of a given instance [5]. For each customer xi, LIME fits
a simple, interpretable model g∗ that mimics the complex classifier f in a neighborhood
N (xi):

g∗ = argmin
g∈G

[L ( f , g, πxi ) + Ω(g)] (12)

where

• L is a loss function measuring the fidelity of g to f ;
• πxi defines the neighborhood weighting;
• Ω(g) penalizes complexity.

This approach helps decision-makers understand why a specific customer has been
assigned to a cluster, based on simple, human-readable rules derived from local approxi-
mations.

3.4. AHP Scoring

While fuzzy clustering enables the identification of behavioral patterns among cus-
tomers, it does not account for the strategic priorities of the business. Two customers with
similar purchase behaviors may not have the same relevance from a managerial perspec-
tive. To address this limitation, we incorporated the Analytic Hierarchy Process (AHP) as
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a complementary scoring mechanism that assigns an individual strategic value to each
customer based on weighted RFM criteria.

AHP is a multi-criteria decision-making technique introduced by Saaty [7], which
relies on expert judgment to construct a pairwise comparison matrix. In this context, the
goal is to assign relative importance to the three RFM dimensions: Recency, Frequency,
Monetary.

A decision maker provides pairwise comparisons of aij for all combinations of criteria
i, j, where

A =

 1 a12 a13
1/a12 1 a23
1/a13 1/a23 1

 (13)

The weight vector w = (wR, wF, wM) is obtained by calculating the principal right
eigenvector of matrix A:

A · w = λmax · w (14)

where λmax is the maximum eigenvalue of A.
The consistency index (CI) and consistency ratio (CR) are computed to ensure the

reliability of the judgments:

CI =
λmax − n

n − 1
, CR =

CI
RI

(15)

where

• n = 3 is the number of criteria;
• RI is the random index, e.g., RI = 0.58 for n = 3.

A consistency ratio CR < 0.1 is generally considered acceptable.
Once the weight vector w is computed, each customer’s RFM vector is scored according to

AHP_Scorei = wR · x(R)
i + wF · x(F)

i + wM · x(M)
i (16)

where x(j)
i ∈ [0, 1] are the normalized RFM values for customer i.

This results in a strategic score in the range [0, 1], where higher values indicate cus-
tomers that better align with the company’s defined priorities.

To improve interpretability, the AHP score is also mapped to the five-level 2-tuple
linguistic scale:

Scorei → (s, α), s ∈ {VL, L, M, H, VH} (17)

where

• s is the nearest linguistic label to the score;
• α is the symbolic translation indicating the deviation from the central value of the label.

This semantic representation allows managers to easily interpret the strategic impor-
tance of each customer beyond numerical scoring.

By comparing the AHP score with the FCM cluster assignment, we can assess the
following:

• Whether high-value customers (strategically) fall within high-intensity behavioral
clusters;

• Potential mismatches between observed behavior and business-defined importance.

This dual-layer perspective supports more nuanced decisions, allowing for both
profile-based actions (via clustering) and priority-based interventions (via AHP scoring).
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3.5. Explainable Churn Prediction

The final stage of the proposed framework addresses a common and critical challenge
in customer management: identifying clients at risk. While segmentation and scoring
provide a multidimensional view of customer behavior and strategic value, they must
ultimately support actionable insights. This section outlines how the outputs of the previous
phases, fuzzy clustering, AHP scoring, and semantic interpretation can be leveraged to
detect and explain churn risk.

Based on empirical analysis and business logic, a customer is at potential risk if they
meet the following combined conditions:

• Low Recency (i.e., the customer has not purchased recently);
• High Frequency and Monetary values (indicating prior engagement and eco-

nomic value);
• Low AHP Score (reflecting strategic devaluation based on company-defined priorities).

To facilitate classification, Recency is used to label each customer as

Recency_Statusi =


Active, i f x(R)

i > 0.75

Latent, i f 0.4 < x(R)
i ≤ 0.75

Likely Churn, i f x(R)
i ≤ 0.4

(18)

When combined with high F and M values, and a low AHP score, the segment Likely
Churn identifies a profile of dormant customers who were previously valuable but are
currently disengaged.

To validate and automate the detection process, an XGBoost classifier is trained using
the RFM variables as features and the churn risk label as the target. The classifier achieved
high performance, confirming that behavioral features are sufficient to distinguish at-
risk customers.

This step closes the loop of the proposed methodology by moving from descriptive seg-
mentation to predictive intervention, supporting human-centered decisions through both
semantic and statistical justification, and enabling proactive actions such as personalized
offers, loyalty incentives, or follow-up communication with high-risk customers.

4. Case Study and Results
4.1. Dataset Description

The dataset used in this study originates from a retail store specialized in pet-related
products operating in Spain. The data reflect real customer interactions, encompassing
transactions over a complete one-year period. The dataset covers a complete calendar
year, from 1 January to 31 December 2023, allowing for seasonally representative customer
behavior analysis. To ensure anonymity and data protection compliance, all personal
identifiers were removed, and the data were processed solely at the behavioral level using
transactional variables.

The initial database consisted of 40,677 customer records for a total of 1,217,148
transactions. After applying cleaning procedures, such as removing incomplete entries,
standardizing date formats, and filtering customers with at least two purchases to ensure
behavioral consistency, a final sample of 33,523 unique customer profiles was retained
for analysis.

Table 1 summarizes the descriptive statistics of the three RFM variables used for
profiling. These variables were normalized to a [0, 1] range and semantically transformed
using a five-level 2-tuple scale to allow for interpretability and alignment with the fuzzy
modeling approach employed in subsequent stages.



Mathematics 2025, 13, 2141 14 of 28

Table 1. Descriptive statistics of RFM variables for the 33,523 customer profiles.

Statistics Monetary Frequency Recency

Count 33,523.00 33,523.00 33,523.00
Mean 234.18 10.07 143.19

Std 274.64 9.63 106.64
Min −576.80 1.00 0.00
25% 41.85 2.00 48.00
50% 126.57 6.00 122.00
75% 324.35 15.00 230.00
Max 1467.94 40.00 358.00

Table 2 shows a representative sample of five customer profiles after the normalization
and semantic transformation of RFM variables using the 2-tuple model. For each case, the
normalized percentage values of Recency, Frequency, and Monetary (ranging in [0, 1]) are
accompanied by their corresponding fuzzy linguistic representations. These expressions
combine a linguistic label (e.g., VL—Very Low, VH—Very High) and a symbolic deviation,
capturing the nuance within each interval. This dual representation enhances interpretabil-
ity, allowing business analysts to associate behavioral patterns with meaningful categories.

Table 2. Normalized and fuzzy (2-tuple) representations of RFM model.

Customer Percent_Recency Percent_Frequency Percent_Monetary R_2tuple F_2tuple M_2tuple

10,089 0.333786 0.954628 0.890732 (L, 0.084) (VH, −0.045) (VH, −0.109)
10,588 0.488799 0.076873 0.031859 (M, −0.011) (VL, 0.077) (VL, 0.032)
11,034 0.075426 0.904245 0.889747 (VL, 0.075) (VH, −0.096) (VH, −0.11)
11,574 0.373087 0.207604 0.375235 (L, 0.123) (L, −0.042) (M, −0.125)
11,723 0.583883 0.076873 0.145706 (M, 0.084) (VL, 0.077) (L, −0.104)

For instance, customer 10089 is identified as having a low Recency (i.e., purchased rela-
tively recently), but very high Frequency and Monetary value, placing them among the most
active and valuable segments. In contrast, customer 10588 shows very low Frequency and
spending, combined with a medium Recency, suggesting a low-engagement or potentially
dormant profile. These contrasts highlight the descriptive power of fuzzy semantics over
purely numerical classification.

Figure 7 reveals a strong positive correlation between Frequency and Monetary value
(r = 0.75), indicating that more frequent customers tend to generate higher revenue. Con-
versely, Recency shows weak negative correlations with both Frequency (r = −0.25) and
Monetary value (r = −0.23). This inverse relationship, based on the convention that lower
Recency indicates more recent activity, suggests that customers who purchased more
recently tend to be more engaged and more valuable.

These relationships help contextualize both the clustering and churn prediction tasks,
particularly in identifying customers with high historical value but recent disengagement,
which are critical cases in retention strategies.
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Figure 7. Correlation matrix; RFM model.

4.2. Cluster Profiles

To determine the most appropriate number of customer segments for the fuzzy clus-
tering stage, we applied two complementary techniques: the elbow method [46] and the
Silhouette coefficient [45]. The elbow method captures diminishing returns in compactness,
while the Silhouette coefficient quantifies cohesion and separation. Using both helps bal-
ance interpretability and structural validity, especially in fuzzy clustering where overlap
between segments is expected.

First computed the within-cluster sum of squared errors (WCSSs) for values of k
ranging from 1 to 19. The results were plotted to identify the point where the marginal
gain in clustering quality significantly drops, the so-called elbow point. As shown in
Figure 8, there is a marked inflection at k = 4, after which the improvement in intra-cluster
compactness becomes less significant. This suggests that four clusters may provide a
reasonable balance between under- and over-segmentation.

Figure 8. Number of clusters; elbow method.

As a complementary approach to the elbow method, Figure 9 presents the average
Silhouette Coefficient obtained for different values of k (from 2 to 6). This metric quantifies
how well each data point fits within its assigned cluster compared to other clusters. Higher
values indicate more cohesive and better-separated clusters.
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Figure 9. Number of clusters; Silhouette method.

Just like the elbow method, this technique helps identify the optimal number of
clusters. While the highest Silhouette value was observed for k = 2, further interpretation
suggests that this configuration may not capture the diversity of customer profiles required
for effective segmentation strategies.

After reviewing both configurations, the elbow method with k = 4 provides a better
balance between cohesion, interpretability and strategic segmentation of customer typolo-
gies. The four-cluster model captures key patterns such as inactive users, stable buyers and
high-value loyal customers, allowing for more targeted and effective marketing actions.

Once the Fuzzy C-Means algorithm was applied, each customer was assigned a degree
of membership to each cluster, rather than a single hard label. This allows us to identify
overlapping behaviors and potential transitions between segments over time.

Table 3 presents the centroid-aligned cluster assignment along with the fuzzy mem-
bership degrees for the first five customers in the dataset. These values reflect the strength
of association with each cluster, offering a nuanced interpretation of customer positioning
across segments.

Table 3. Fuzzy cluster membership degrees for the first five customers.

Customer Cluster_FCM %Cluster_0 %Cluster_1 %Cluster_2 %Cluster_3

10,089 3 0.042802 0.025435 0.121633 0.810130
10,588 1 0.364265 0.505453 0.078514 0.051768
11,034 3 0.047339 0.023567 0.071197 0.857897
11,574 0 0.837035 0.089516 0.043208 0.030241
11,723 1 0.221777 0.687498 0.057584 0.033141

Such fuzzy partitions are particularly useful for identifying borderline profiles, which
may require tailored interventions or more flexible marketing strategies than strictly de-
fined groups.

The centroids obtained from the Fuzzy C-Means algorithm summarize the average
behavior of each cluster across the RFM dimensions. To enhance interpretability, we
translated these numeric values into 2-tuple linguistic representations, which provide both
a qualitative descriptor (e.g., low, high) and a symbolic translation indicating the deviation
from the central value of the linguistic term.

Table 4 displays the normalized RFM centroid values for each of the four clusters,
alongside their corresponding 2-tuple approximations. This hybrid representation facili-
tates a more intuitive understanding of customer segments for decision-makers without
sacrificing numerical accuracy.



Mathematics 2025, 13, 2141 17 of 28

Table 4. Fuzzy cluster centroids.

#Customers Cluster CRecency CFrequency CMonetary CR_2tuple CF_2tuple CM_2tuple

7937 0 0.304069 0.316502 0.313132 (L, 0.054) (L, 0.067) (L, 0.063)
8574 1 0.773419 0.195468 0.198944 (H, 0.023) (L, −0.055) (L, −0.051)
8232 2 0.691267 0.666233 0.667036 (H, −0.059) (H, −0.084) (H, −0.083)
8780 3 0.230602 0.808758 0.805514 (L, −0.019) (H, 0.059) (H, 0.056)

The following strategic profiles were derived from the centroids:

• Cluster 0—Passive or Occasional Buyers

RFM profile: Moderate Recency, low Frequency, low Monetary value.
These customers purchase sporadically and show limited engagement.
Strategic action: Design reactivation campaigns or low-threshold offers to increase
visit frequency.

• Cluster 1—Recent but Uncommitted

RFM profile: Very high Recency, low Frequency, low Monetary value.
Likely to be new or trial customers with minimal follow-up activity.
Strategic action: Implement onboarding and retention strategies, such as personalized
product suggestions and follow-up messaging.

• Cluster 2—High-Value Loyalists

RFM profile: high Frequency, Monetary, and Recency.
These are the most engaged and profitable customers.
Strategic action: Prioritize through loyalty programs, exclusive offers, or early access
initiatives to reinforce brand attachment.

• Cluster 3—Dormant Champions

RFM profile: Low Recency, very high Frequency and spending.
Previously high-value customers who may be at risk of churn.
Strategic action: Launch targeted win-back campaigns using previous purchase history
or personalized incentives to restore engagement.

This multidimensional and fuzzy approach enables the identification of both high-
value segments and strategically fragile groups, allowing for differentiated, data-driven
interventions in customer lifecycle management.

4.3. Explanatory Insights with SHAP and LIME
4.3.1. Predictive Validation of Fuzzy Segments with XGBoost

To assess the coherence and learnability of the fuzzy clustering results, we trained a
supervised classification model using the well-established XGBoost algorithm [47]. The
model was configured to predict the cluster assignment (Cluster_FCM) based on the three
normalized RFM dimensions: Recency, Frequency, and Monetary Value.

XGBoost was selected for its strong predictive performance, robustness to multi-
collinearity, and suitability for non-linear patterns. Its native compatibility with SHAP and
LIME also facilitates integration into explainability-focused pipelines, making it ideal for
validating clusters and supporting transparent interpretation.

The dataset was split into training (80%) and testing (20%) subsets to evaluate general-
ization performance, with hyperparameters set as follows: learning rate = 0.1, maximum
depth = 3, and number of estimators = 100. The classifier was trained with a multiclass
objective (multi: softprob) suitable for the four-cluster configuration.
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The resulting model achieved an accuracy of 99.09% on the test set, indicating a
remarkably strong alignment between the RFM features and the learned cluster labels.
Table 5 presents the classification metrics for each segment.

Table 5. Precision, recall, and F1-score for each fuzzy cluster predicted by the XGBoost classifier.

Cluster Precision Recall F1-Score Support

0 0.99 0.99 0.99 1544
1 0.99 0.99 0.99 1723
2 0.99 0.99 0.99 1679
3 0.99 0.99 0.99 1759

The macro and weighted averages for precision, recall, and F1-score were also 0.99,
confirming that the model performs consistently across all clusters without bias toward
majority classes.

These results confirm that the fuzzy clusters are linearly separable with high relia-
bility using only three RFM dimensions. This further supports the internal validity of
the clustering process and justifies its use for downstream interpretability using SHAP
and LIME.

4.3.2. Global Feature Importance with SHAP

To enhance the interpretability of the supervised XGBoost model trained to predict
cluster membership, we applied SHAP (SHapley Additive exPlanations) to evaluate the
average contribution of each feature to the model’s output. The resulting summary plot
(Figure 10) displays the mean absolute SHAP value for each RFM feature across the four
predicted clusters.

 

Figure 10. Global SHAP feature contributions per cluster.

SHAP values offer an additive decomposition of the model’s decision process, enabling
both global feature importance and per-class attribution. In this case, the color bars
represent the cumulative impact of each variable on the prediction for each cluster (class),
revealing the role that Recency, Frequency, and Monetary value play in distinguishing
between customer profiles.

SHAP-Based Interpretation by Cluster:

• Cluster 0 (Passive or Occasional Buyers): The model relies most on Recency, followed
by Frequency. This is coherent with the cluster’s centroid profile (moderate Recency,
low Frequency and value), confirming that temporal separation plays a key role in
identifying these customers.

• Cluster 1 (Recent but Uncommitted): Recency and Monetary value are the dominant
features. This mirrors the centroid structure where customers have very high Recency
but low economic engagement, identifying them as new or trial users.
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• Cluster 2 (High-Value Loyalists): All three RFM features are highly influential, espe-
cially Monetary value and Recency. The centroid of this cluster shows high frequency
and spending, aligning with SHAP’s attribution and confirming this as the most
strategically important group.

• Cluster 3 (Dormant Champions): The dominant factor is again Recency, but from the
opposite end. These are customers who used to be very active but have not interacted
recently. The SHAP pattern supports the fuzzy segmentation and highlights the need
for reactivation strategies.

Overall, the SHAP explanations closely match the fuzzy cluster centroids, confirming
that the XGBoost model has captured the underlying behavioral patterns embedded in
the unsupervised segmentation. This coherence strengthens the validity of the combined
approach and provides transparent justification for subsequent strategic decisions.

4.3.3. Local Interpretability with LIME

To complement the global interpretation of feature contributions provided by SHAP,
we used LIME to generate local explanations for a representative customer from each cluster.
The goal was to validate the classifier’s decisions at the individual level, and to ensure
that predictions are not only accurate, but also semantically aligned with the RFM-based
profiles discovered during the fuzzy clustering phase.

Figures 11–14 shows the prediction probabilities and local explanation rules produced
by LIME for one customer in each cluster. These explanations are based on a linear
approximation of the model’s decision boundaries around each instance, highlighting the
most influential RFM features and their thresholds.

Figure 11. Local LIME explanations for fuzzy cluster 0.

Figure 12. Local LIME explanations for fuzzy cluster 1.

Figure 13. Local LIME explanations for fuzzy cluster 2.

Figure 14. Local LIME explanations for fuzzy cluster 3.
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The following interpretation summarizes each case:

• Cluster 0—Occasional Buyer: This customer had moderate Recency (0.38) and low
Frequency (0.21). LIME highlighted both as strong indicators for Cluster 0, aligning
with the profile of an infrequent but not dormant customer.

• Cluster 1—Recent but Low Engagement: The model classified this customer with
100% confidence into Cluster 1. LIME confirmed that this was due to high Recency
(0.64) but very low Frequency (0.08) and Monetary value (0.15). This pattern is typical
of new or uncommitted buyers.

• Cluster 2—High-Value Loyalist: LIME identified Recency > 0.75, Frequency > 0.47,
and Monetary value > 0.50 as the key decision rules. The input values supported this,
confirming the profile of a consistently active and profitable customer.

• Cluster 3—Dormant Champion: With a Recency of 0.12 and high Monetary value
(0.80), LIME attributed the classification to past value but recent inactivity, perfectly
matching the definition of a dormant high spender.

These local explanations validate the logic of the fuzzy segmentation, showing that
the supervised model accurately replicates the assignments while relying on coherent and
transparent feature combinations. They also enable individual-level interventions, such as
reactivation offers or loyalty incentives, tailored to each customer’s behavioral profile.

4.4. Strategic Scoring with AHP

To complement the fuzzy segmentation and enhance strategic decision-making, we
computed an AHP-based scoring system for each customer. The aim was to quantify the
relative strategic value of customers based on their RFM profile, integrating managerial
priorities into the assessment.

The Analytic Hierarchy Process (AHP) was used to define the relative importance
of the three RFM dimensions. Based on expert judgment, the following preference order
was established: Recency > Frequency > Monetary value. The pairwise comparison matrix
was developed in collaboration with a panel of three internal marketing and analytics
professionals. Their consensus reflects the company’s strategic emphasis on recent customer
engagement, favoring Recency over Frequency and Monetary in the AHP prioritization, as
shown in Equation (13) in Section 3.4: 1 2 3

1/2 1 2
1/3 1/2 1


From this matrix, the normalized principal eigenvector was calculated, yielding the

AHP weights: Recency (R): 0.540; Frequency (F): 0.297; Monetary value (M): 0.163. Consis-
tency Ratio CR = 1.0%.

These weights reflect a strategic emphasis on Recency of interaction, followed by
engagement frequency, and lastly by transactional value.

Each customer’s AHP score was computed as the weighted sum of their normalized
RFM values:

AHP Scorei = 0.540 · Ri + 0.297 · Fi + 0.163 · Mi

To improve semantic interpretability, each score was also translated into a 2-tuple
linguistic representation, providing a qualitative label and a symbolic translation com-
ponent. This hybrid representation facilitates clearer communication with non-technical
stakeholders. It is also worth noting that AHP-based outcomes may vary depending on the
selected criteria weights, indicating that sensitivity analysis could be a valuable direction
for future research.
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Table 6 presents the AHP scores and their 2-tuple equivalents for the five most repre-
sentative customers in each cluster.

Table 6. AHP scores and 2-tuple, five customers in each cluster.

Customer Cluster AHP_Score AHP_Score_2tuple R_2tuple F_2tuple M_2tuple

CL2200297005 0 0.537385 (M, 0.037) (M, 0.089) (H, −0.122) (L, 0.004)
CL0000663069 0 0.533952 (M, 0.034) (M, 0.089) (H, −0.094) (L, −0.067)
CL2100157511 0 0.530266 (M, 0.03) (M, 0.101) (M, 0.058) (L, 0.046)
CL2200212972 0 0.529033 (M, 0.029) (M, 0.095) (M, 0.058) (L, 0.061)
CL2200389725 0 0.527643 (M, 0.028) (M, 0.114) (M, 0.019) (L, 0.06)
CL0000018850 1 0.756649 (H, 0.007) (VH, −0.008) (M, 0.058) (L, 0.092)
CL2200247178 1 0.755446 (H, 0.005) (VH, −0.002) (H, −0.122) (L, −0.061)
CL2200013634 1 0.755076 (H, 0.005) (VH, −0.005) (M, 0.058) (L, 0.073)
CL2100359099 1 0.754776 (H, 0.005) (VH, −0.002) (H, −0.122) (L, −0.065)
CL2000982282 1 0.753110 (H, 0.003) (VH, −0.012) (M, 0.058) (L, 0.084)
CL2200483478 2 1.000000 VH (VH, −0.012) (VH, −0.002) (VH, −0.008)
CL2200041673 2 0.994955 (VH, −0.005) (VH, −0.008) (VH, −0.021) (VH, −0.016)
CL2300014703 2 0.989778 (VH, −0.01) (VH, −0.016) (VH, −0.032) (VH, −0.0)
CL0000392524 2 0.989467 (VH, −0.011) (VH, −0.016) (VH, −0.002) (VH, −0.055)
CL0000412492 2 0.989282 (VH, −0.011) (VH, −0.016) (VH, −0.021) (VH, −0.023)
CL2300356692 3 0.780117 (H, 0.03) (M, 0.106) (VH, −0.007) (VH, −0.036)
CL2200010282 3 0.773729 (H, 0.024) (M, 0.097) (VH, −0.026) (VH, −0.007)
CL2300288384 3 0.772610 (H, 0.023) (M, 0.099) (VH, −0.032) (VH, −0.01)
CL0000550697 3 0.770827 (H, 0.021) (M, 0.099) (VH, −0.038) (VH, −0.009)
CL2200237431 3 0.767832 (H, 0.018) (M, 0.089) (VH, −0.007) (VH, −0.05)

Below, we present one representative customer from each cluster, along with their
AHP score and strategic recommendations.

• Cluster 0—Passive or Occasional Buyers:

Customer ID: CL2200297005
AHP Score: 0.537 (M, 0.037)
RFM Profile: (Recency: M, Frequency: H, Monetary: L)
Cluster-level Strategy: Low priority; reactivation optional.
Personalized Action: Although this client shows high purchase frequency, the mon-
etary value is consistently low, suggesting price sensitivity or low-value baskets. A
possible tactic would be personalized cross-selling suggestions to increase cart value
or tiered discount campaigns to encourage incremental spending.

• Cluster 1—Recent but Uncommitted

Customer ID: CL0000018850
AHP Score: 0.757 (High, 0.007)
RFM Profile: (Recency: VH, Frequency: M, Monetary: L)
Cluster-level Strategy: Potential for loyalty development.
Personalized Action: This profile is ideal for a welcome-back or first-month engage-
ment campaign, possibly combining educational content (about the brand, offers, or
services) with small loyalty rewards to reinforce early-stage conversion. The key is to
increase touchpoints before disengagement occurs.

• Cluster 2—High-Value Loyalists

Customer ID: CL2200483478
AHP Score: 1.000 (Very High)
RFM Profile: (Recency: VH, Frequency: VH, Monetary: VH)
Cluster-level Strategy: Maximum priority; loyalty reinforcement.



Mathematics 2025, 13, 2141 22 of 28

Personalized Action: This client should be included in VIP or premium loyalty pro-
grams, with exclusive access to new products, birthday or anniversary incentives,
and possibly early renewal offers. Personalized communication through high-value
channels (e.g., app notifications, direct email) is recommended to maintain a strong
relationship and perceived value.

• Cluster 3—Dormant Champions

Customer ID: CL2300356692
AHP Score: 0.780 (High, 0.03)
RFM Profile: (Recency: M, Frequency: VH, Monetary: VH)
Cluster-Level Strategy: Reactivation of valuable profiles.
Personalized Action: This profile signals high past engagement but recent inactivity.
A reactivation campaign using personalized incentives (e.g., discount on favorite
products, win-back messages referencing past behavior) could be effective. It is critical
to act before complete disengagement occurs.

These representative cases illustrate how the AHP-enhanced segmentation framework
enables a dual-level strategy: it aligns marketing actions to cluster-wide behavioral logic,
while also delivering personalized communication plans based on individual scoring
and potential. This integrated approach strengthens the connection between data-driven
insights and business impact.

4.5. Churn Risk Analysis

As a preliminary step in identifying customers at risk of churn, we applied a rule-
based classification based on the normalized Recency score. Customers were segmented
into three behavioral categories:

• Active: Percent_Recency > 0.75. Customers who purchased very recently.
• Latent: Percent_Recency between 0.4 and 0.75. Customers with moderate Recency.
• Probable Churn: Percent_Recency < 0.4. Customers who have not purchased in a

long time.

This classification enables a quick behavioral overview of the customer base and aligns
with the temporal component of engagement, which is heavily weighted in the AHP model.
Table 7 shows the distribution of customers across these Recency categories.

Table 7. Distribution of customers by Recency-based status.

Status # Customers

Probable Churn 13,493
Latent 11,662
Active 8368

To assess the robustness of this rule-based segmentation and enable scalable detection,
we trained a binary XGBoost classifier to predict the Churn label (1 = probable churn,
0 = otherwise), using the following features: Percent_Recency, Percent_Frequency, Per-
cent_Monetary and AHP_Score.

The model achieved perfect classification performance on the test set:

• Accuracy: 1.00.
• Precision, Recall, F1-score: 1.00 for both classes.
• Confusion Matrix: No misclassifications.

These results demonstrate a strong alignment between the churn rule definition and
the input features, particularly highlighting the influence of Recency on the AHP Score.
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While this near-perfect performance is coherent with the deterministic nature of the churn
labeling, it should be interpreted with caution, as such results may not generalize to more
complex or dynamic churn scenarios.

To interpret the decision logic of the classifier, we applied SHAP. As illustrated in
Figure 15, Percent_Recency is by far the most influential variable, confirming that the model
prioritizes recent activity in determining churn risk.

 

Figure 15. Mean SHAP values indicating feature contributions to churn prediction.

While this outcome confirms a strong alignment between the input features and the
target label, it also reveals a potential limitation: the model may be reproducing the rule
itself rather than uncovering more complex or emergent behavioral patterns. The com-
paratively lower importance of AHP_Score and the other RFM components suggests that
Recency alone may suffice to explain churn behavior in this particular context, although this
may not generalize well to more dynamic or multi-factorial definitions of disengagement.

Although the dominance of Recency is expected, since it was embedded in both the
rule-based labeling and the AHP weighting, SHAP adds interpretive value by confirming
that the model’s decision logic is transparent, aligned with strategic priorities, and suitable
for future automated monitoring.

5. Discussion
The proposed approach enhances customer segmentation by ensuring interpretabil-

ity, personalization, and alignment with business priorities. The methodology enhances
traditional RFM models by introducing personalized scoring, semantic interpretability,
and local/global explainability, thus bridging the gap between technical robustness and
managerial applicability.

By embedding fuzzy logic and 2-tuple linguistic representations, the model captures
nuances in customer behavior that are often lost in conventional segmentation schemes.
Furthermore, the inclusion of AHP allows for the explicit weighting of business priorities,
offering a scoring system that is both data-driven and aligned with strategic objectives.

5.1. Summary of Results and Contributions

The combination of fuzzy clustering and AHP scoring enabled the identification of
interpretable and overlapping customer segments, confirmed through both supervised
classification (XGBoost) and local explanations (LIME). The clusters obtained, ranging from
passive buyers to loyal champions, showed semantic coherence and practical relevance.

The AHP is employed not as a data-driven statistical technique, but as a structured
decision-support method to reflect strategic business priorities. It complements explainable
AI by incorporating expert judgment into customer evaluation, offering a human-centered
scoring mechanism that enhances managerial alignment. Within this framework, the AHP
scoring layer enabled fine-grained prioritization by assigning individualized scores that
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complemented the cluster structure. This allowed for the design of targeted actions beyond
segment-level campaigns, such as the following:

• Personalized reactivation strategies for dormant champions (Cluster 3 with high past
value but low Recency);

• Loyalty reinforcement for high-scoring profiles (Cluster 2);
• Differentiated onboarding paths for recent but low-commitment clients (Cluster 1);
• And cross-selling or value-enhancement strategies for passive or occasional buyers

(Cluster 0), of which the frequency may indicate routine engagement but whose
spending levels remain low.

In addition, the application of rule-based heuristics and predictive modeling revealed
customer profiles at risk of churn. This analysis, based on Recency degradation and declin-
ing AHP scores, was confirmed by an XGBoost classifier with perfect accuracy, and further
validated through SHAP, which highlighted Recency as the dominant predictive factor.

Importantly, this work demonstrates how the AHP framework can evolve from a
global weighting tool into a mechanism for individual strategic assessment, supporting
personalized marketing, service tiering, and retention decisions.

5.2. Model Limitations and Opportunities for Improvement

While the proposed framework demonstrates robustness and strategic value, several
improvement areas can be explored to enhance its precision, adaptability, and scalability:

• Dataset-Specific Bias: The dataset used reflects a specific commercial context (Spanish
retail of pet products), which may introduce behavioral patterns that are not general-
izable. We encourage future validation in other domains (e.g., telecom, banking) to
assess portability and mitigate contextual bias.

• Weight sensitivity in AHP: The model relies on expert-defined weights for Recency,
Frequency, and Monetary dimensions. Although justifiable, this approach may intro-
duce subjectivity. Future iterations could incorporate data-driven weight optimization
(e.g., via entropy methods or sensitivity analysis) to validate or adjust expert judgment.

• Dynamic Recency modeling: The current model uses a static cut-off for Recency-based
churn prediction. In practice, customer inactivity may follow variable patterns de-
pending on segment or industry. Introducing time series-based or adaptive thresholds
could improve detection of behavioral shifts.

• Integration with qualitative signals: The model currently focuses on transactional
behavior. Extending the input features to include qualitative feedback, satisfaction
ratings, or sentiment analysis (e.g., from surveys or support interactions) could offer a
more holistic view of customer health and loyalty.

• Explainability versus complexity trade-off: While the framework prioritizes inter-
pretability, more complex models (e.g., neural networks or ensemble hybrids) could
improve predictive performance. A hybrid approach balancing performance and
transparency could be considered for high-stakes decision contexts.

• Operational deployment challenges: Finally, transitioning from analytical models
to real-time operational tools requires addressing integration with CRM platforms,
automated scoring pipelines, and user-friendly dashboards for business users.

• Risk of Overfitting: The exceptionally high accuracy observed in both clustering predic-
tion and churn classification models suggests a potential risk of overfitting. This may
be partly due to the deterministic nature of the Recency threshold used to label churn
and should be revisited using more sophisticated or longitudinal churn definitions.

These improvement lines do not challenge the validity of the current approach but
rather point to natural extensions that could further enhance its business value and adapt-
ability to diverse operational environments.
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5.3. Future Work

Building on the contributions of this study, several promising directions for future
research can be identified to extend the framework both conceptually and practically:

• Extension to alternative valuation models: The methodology developed here could be
adapted to work with broader customer valuation approaches such as the Customer
Engagement Value (CEV) model proposed by Kumar et al. [1]. These models consider
dimensions like customer influence, advocacy, and knowledge contribution, which
could be assessed through fuzzy linguistic variables and integrated into an extended
AHP structure.

• Incorporation of the RFID model: A key direction involves integrating the RFID model
(Recency, Frequency, Importance, and Duration), proposed by the author, to evaluate
customer profiles based on interaction data with the contact center [28]. This would
enrich the RFM framework with relational and experiential dimensions, enabling a
more complete picture of customer engagement beyond purchases.

• Real-time scoring and automation: The current model is designed for batch processing
and periodic analysis. Future work could focus on deploying the framework in real-
time environments, with dynamic updating of scores and segments as new behavioral
data arrives. This would be particularly useful in CRM systems or digital platforms
requiring immediate decision support.

• Cross-sector generalization: While this study used data from the retail sector, the
approach could be validated in other industries, such as telecom, banking, or e-
commerce. Testing the model under different customer life cycles and business rules
could help refine its generalizability and sector-specific adaptations.

• Integration with behavioral and attitudinal data: Finally, the model could be enriched
by incorporating data from customer surveys, satisfaction scores, or Net Promoter
Scores (NPS) [48]. Combining behavioral scoring with attitudinal indicators would
support a more comprehensive customer-centric strategy.

6. Conclusions
This study presents a novel, integrated methodology for customer segmentation and

strategic scoring that addresses the limitations of traditional RFM models by incorporating
fuzzy logic, AHP prioritization, and explainable artificial intelligence (XAI). Unlike classical
segmentation frameworks that rely on rigid clusters and fixed rules, our approach intro-
duces semantic flexibility, individualized strategic scoring, and behavioral transparency,
offering a more operationally meaningful representation of customer profiles.

The combined use of Fuzzy C-Means, 2-tuple linguistic modeling, and AHP-based
prioritization enables the detection of interpretable and behaviorally overlapping cus-
tomer segments, and also the fine-grained ranking of individual clients in accordance with
business priorities. This evolution from segment-level targeting to personalized strate-
gic assessment allows companies to tailor marketing actions, service tiers, and retention
strategies with a much higher level of precision.

A key advantage of the model lies in its explainability by design. Through the use of
SHAP and LIME, both global and local decision processes are made transparent, reinforcing
managerial trust and supporting informed, customized interventions. This focuses on
interpretability and alignment with strategic decision-making positions the framework as
a valuable tool not only in marketing but across various operational domains, including
customer service, loyalty management, and churn prevention.

In contrast with conventional approaches, the methodology supports multi-criteria
evaluation, accommodates fuzzy and relational dimensions, and is designed to evolve
toward real-time, adaptive customer intelligence systems. Its modular structure enables
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extensions into advanced scoring models such as Customer Engagement Value (CEV) and
the RFID model (Recency, Frequency, Importance, Duration), which incorporates customer
interaction data.

Furthermore, the proposed framework is grounded in a broader research trajectory
where Fuzzy C-Means and XAI techniques have proven effective across diverse domains,
including ethical decision-making, astrophysical classification, and business intelligence.
This consistent performance underscores the robustness and scalability of the methodology.

In this regard, the study contributes to a conceptual reference model for strategic and
interpretable customer analytics. Its design is generalizable across sectors such as retail,
banking, and telecommunications, enhancing its relevance as both a research instrument
and a practical decision-making tool.

Overall, this work advances the field of human-centered data science, offering a
powerful, explainable, and strategically aligned methodology for turning behavioral data
into actionable insights. By bridging methodological innovation and operational relevance,
it fosters a common language between data science and managerial decision-making.
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