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Abstract

Real-world decision-making often involves uncertainty, incomplete data, and the need
to evaluate alternatives based on both quantitative and qualitative criteria. To address
these challenges, this study presents FAS-XAI, a unified methodological framework that
integrates fuzzy clustering and explainable artificial intelligence (XAI). FAS-XAI supports
interpretable, data-driven decision-making by combining three key components: fuzzy
clustering to uncover latent behavioral profiles under ambiguity, supervised prediction
models to estimate decision outcomes, and expert-guided interpretation to contextualize
results and enhance transparency. The framework ensures both global and local inter-
pretability through SHAP, LIME, and ELI5, placing human reasoning and transparency
at the center of intelligent decision systems. To demonstrate its applicability, FAS-XAI is
applied to a real-world B2B customer service dataset from a global ERP software distributor.
Customer engagement is modeled using the RFID approach (Recency, Frequency, Impor-
tance, Duration), with Fuzzy C-Means employed to identify overlapping customer profiles
and XGBoost models predicting attrition risk with explainable outputs. This case study il-
lustrates the coherence, interpretability, and operational value of the FAS-XAI methodology
in managing customer relationships and supporting strategic decision-making. Finally, the
study reflects additional applications across education, physics, and industry, positioning
FAS-XAI as a general-purpose, human-centered framework for transparent, explainable,
and adaptive decision-making across domains.

Keywords: fuzzy clustering; Explainable Artificial Intelligence (XAI); FAS-XAI framework;
Customer Service Value (CSV); RFID model; business decision-making

1. Introduction
Decision-making in real-world environments is increasingly shaped by complex, un-

certain, and multidimensional data. Traditional analytical models often assume precise
inputs, crisp classifications, and fully observable conditions, assumptions that are rarely
held in domains such as business intelligence, industrial processes, education, or scien-
tific experimentation. In contrast, real-world scenarios frequently involve noisy data,
latent structures, subjective assessments, and a need to balance both interpretability and
predictive power.

In recent years, the integration of Fuzzy logic and Explainable Artificial Intelligence
(XAI) has emerged as a promising path toward enhancing transparency while preserv-
ing analytical robustness [1]. However, most contributions remain domain-specific or
focus on isolated components, either using fuzzy methods for unsupervised profiling
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or applying XAI solely to explain supervised predictions. This fragmentation limits the
ability to construct comprehensive pipelines that support end-to-end strategic decisions
under uncertainty.

To address this gap, we introduce FAS-XAI, a unified methodological framework that
combines Fuzzy clustering, interpretable machine learning, and multi-criteria strategic
scoring (e.g., via AHP or fuzzy linguistic models). FAS-XAI provides a structured, modular
approach for identifying latent profiles, predicting key outcomes, and ranking alternatives
based on expert knowledge. One of the key contributions of this framework lies in its
dual-layered use of XAI: first, to interpret the degree of membership of data points in fuzzy
clusters, revealing which features contribute most to their positioning within overlapping
segments; second, to explain the outputs of supervised models (e.g., XGBoost) used for
outcome prediction, such as churn detection, using agnostic techniques like SHAP, LIME,
PDP and ELI5 [2]. This dual application ensures interpretability throughout the entire
decision pipeline, from unsupervised pattern discovery to predictive analytics.

To demonstrate its applicability, we implement FAS-XAI on a real-world dataset from
a global ERP software distributor. Customer interactions are modeled using the RFID
approach (Recency, Frequency, Importance, Duration), enabling a multidimensional view
of engagement. Fuzzy C-Means clustering is used to identify customer segments with soft
membership, and XAI techniques are applied at both the clustering and prediction levels
to uncover actionable insights. Given the confidentiality of B2B ERP partner ecosystems,
industry-wide churn or retention metrics are not publicly available, so the emphasis of this
study is placed on the methodological contribution of FAS-XAI.

Beyond this case, the proposed framework builds upon prior methodological develop-
ments in explainable decision-support systems and fuzzy–XAI integration [3,4]. In parallel,
related work in the broader literature has shown that fuzzy and explainable models can be
effectively applied across diverse domains, including education, physics, and industrial
quality control. By consolidating these methodological strands, the present study pro-
vides a unified reference model for transparent, human-centered, and strategically guided
decision-making.

The remainder of this paper is organized as follows: Section 2 reviews related work
on fuzzy modeling, interpretability, and decision support. Section 3 details the compo-
nents of the FAS-XAI framework. Section 4 presents the case study based on the RFID
model. Section 5 discusses cross-domain applications, reflects on the contributions of the
framework, and outlines future directions. Finally, Section 6 provides the conclusions of
the article.

2. Related Work
In this section, we present a structured review of the literature to explore the extent to

which the components of the FAS-XAI framework—fuzzy clustering, explainable machine
learning, and strategic decision modeling—have been studied together or in isolation. Our
aim is not only to summarize existing methods, but also to critically investigate whether
the methodological integration we propose here has been developed or applied previously.

To this end, we organize the review around four main thematic areas. First, we explore
the use of fuzzy clustering techniques, particularly their role in profiling and segmentation
tasks under conditions of uncertainty and data overlap. Second, we examine the field
of Explainable Artificial Intelligence (XAI), with a focus on how interpretability is being
integrated into machine learning models to enhance transparency and trust. Third, we
investigate studies that attempt to combine fuzzy clustering with XAI techniques, assessing
whether these tools have been integrated into a coherent and structured decision-making
process. Finally, we analyze applications in customer service and business decision support
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domains, where interpretable and adaptive models are especially valuable, to evaluate the
extent to which multi-layered pipelines like FAS-XAI have been considered or implemented
in practice.

This literature review is guided by a series of systematic searches conducted in the
Web of Science (WoS) database, using carefully selected keywords for each thematic block.
Through this approach, we seek to position the FAS-XAI framework not only as a novel
contribution in terms of implementation, but as a response to a methodological gap in
current scientific and applied research.

2.1. Fuzzy Clustering

In recent years, fuzzy clustering has gained significant traction as a flexible and power-
ful tool for segmenting complex systems characterized by overlapping group structures and
uncertainty. Unlike traditional clustering methods, fuzzy clustering assigns each data point
of a degree of membership to multiple clusters, enabling a more nuanced understanding of
human behavior, system states, or customer profiles [5].

A preliminary search in the Web of Science (WoS) database using the query
TS = (“FUZZY C-MEANS”) AND TS = (“CLUSTERING”) returned over 2300 publica-
tions and nearly 29,000 citations between 2000 and 2025, showing a clear upward trend
in scientific interest. As illustrated in Figure 1, the number of related publications has
grown steadily, with a significant increase from 2018 onward, peaking in 2020-2023. This
reflects the consolidation of fuzzy clustering as a central technique in domains requiring
flexible reasoning, such as healthcare, image recognition, customer segmentation, and
fault detection.

Figure 1. WoS. Publications (2300) and citations (29,040). TS = (“FUZZY C-MEANS”) AND
TS = (“CLUSTERING”).

Despite its growing use, most implementations of Fuzzy C-Means (FCM) remain
confined to exploratory segmentation or visualization purposes [6–9]. That is, clusters
are used to describe profiles, but not as foundations for predictive modeling or dynamic
decision-making systems. Furthermore, interpretability of the clustering results, why an
instance partially belongs to a cluster or what variables drive cluster formation, is rarely
analyzed explicitly.

Another underexplored angle is the predictive fidelity across clusters. While some
fuzzy clusters may lead to stable and accurate predictions, others may reflect noisier or
more volatile subpopulations. Yet, few studies measure predictive performance per cluster,
missing the opportunity to identify which profiles are more reliably modeled.
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These limitations call for an integrated approach where fuzzy segmentation is not an
endpoint, but rather the starting point of a broader explainable and strategic pipeline. In
the next sections, we explore how such integration can be enhanced through the adop-
tion of explainable AI models and their application to high-stakes environments such as
customer service.

2.2. Explainable AI (XAI)

In parallel with the rise of high-performance machine learning models, there has been
growing concern about the interpretability and transparency of algorithmic decisions. The
development of Explainable Artificial Intelligence (XAI) responds to this need, especially
in contexts where decisions must be auditable, ethically sound, and aligned with human
reasoning [10,11].

XAI encompasses a variety of techniques aimed at making the inner workings of
black-box models more transparent. Some of the most widely adopted methods include
SHAP (SHapley Additive exPlanations) [12], LIME (Local Interpretable Model-Agnostic
Explanations) [13], and ELI5 [14], among others. These tools allow practitioners to under-
stand which features influence the predictions, how they do so, and to what extent, thus
bridging the gap between accuracy and interpretability.

A query in the Web of Science (WoS) database using the terms TS = (“XAI”) OR
TS = (“INTERPRETABLE MACHINE LEARNING”) revealed an exponential growth in
both publications and citations between 2017 and 2025, reaching nearly 5401 publications
and over 57,851 citations in the last year alone (Figure 2).

Figure 2. WoS. Publications (5401) and citations (57,851). TS = (“XAI”) OR TS = (“INTERPRETABLE
MACHINE LEARNING”).

However, when further restricting the query to application domains by adding
TS = (“XAI”) OR TS = (“INTERPRETABLE MACHINE LEARNING”) AND TS = (“CUS-
TOMER”), the number of publications drops to just 50 (Figure 3), reinforcing the notion
that interpretable fuzzy models for customer profiling and decision-making are still at an
early stage of development.

Beyond customer analytics, recent research has also expanded XAI into broader
decision-making contexts such as public transport performance assessment, road-safety
risk modelling, risk-governance systems, and efficiency analysis based on Data Envel-
opment Analysis (DEA). Notable examples include explainable DEA frameworks for
evaluating public-transport OD-pair efficiency [15], interpretable machine-learning models
for road-accident risk prediction [16], and iterative DEA approaches for assessing transfer
efficiency in ageing societies [17]. These works share with FAS-XAI the overarching aim of
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enabling transparent, accountable, and domain-grounded decision support, although they
rely on different analytical foundations. In contrast, the present study contributes a uni-
fied fuzzy-analytic and XAI-based methodology that integrates unsupervised behavioral
segmentation, supervised prediction, and dual-layer explainability.

Figure 3. WoS. Publications (50) and citations (666). TS = (“XAI”) OR TS = (“INTERPRETABLE
MACHINE LEARNING”) AND TS = (“CUSTOMER”).

2.3. Joint Use of XAI + Fuzzy Clustering

The integration of Fuzzy C-Means (FCM) clustering and Explainable Artificial In-
telligence (XAI) is an emerging yet underexplored research area. Despite the individual
maturity of both techniques, their combined use in interpretable decision-making frame-
works remains rare.

A targeted search in the Web of Science database using the query TS = (“FUZZY C-
MEANS”) AND TS = (“CLUSTERING”) AND (TS = (“XAI”) OR TS = (“INTERPRETABLE
MACHINE LEARNING”)) yielded only a handful of relevant publications, mostly con-
centrated in the past three years. This is visualized in Figure 4, showing a modest but
consistent upward trend.

Figure 4. WoS. Publications (9) and citations (14). TS = (“FUZZY C-MEANS”) AND TS = (“CLUS-
TERING”) AND (TS = (“XAI”) OR TS = (“INTERPRETABLE MACHINE LEARNING”)).

Table 1 presents a curated selection of studies that attempt to integrate fuzzy cluster-
ing with explainability. These contributions span diverse application domains, including
healthcare, energy systems, financial analysis, and COVID-19 data modelling. However,
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most existing works remain domain-specific and do not provide a generalized methodologi-
cal framework capable of supporting systematic adoption in business or customer-centered
decision-making contexts.

These contributions, although valuable, do not yet constitute a structured or reusable
methodological paradigm. Most existing approaches address fuzzy clustering or explain-
ability in isolation, or within narrowly defined application contexts. The FAS-XAI method-
ology introduced in this paper addresses this gap by providing a replicable and modular
framework that integrates fuzzy segmentation, model-based prediction, and interpretability
into a unified decision-support pipeline.

Table 1. Studies at the intersection of Fuzzy Logic and Explainable AI.

Title Journal

A Methodological Framework for Business Decisions with
Explainable AI and the Analytic Hierarchical Process [3] Processes

A Fuzzy-XAI Framework for Customer Segmentation and Risk
Detection: Integrating RFM, 2-Tuple Modeling, and Strategic
Scoring [4]

Mathematics

An Efficient CSPK-FCM Explainable Artificial Intelligence
Model on COVID-19 Data to Predict the Emotion Using Topic
Modeling [18]

Journal of Advances in Information Technology

Clustering and Interpretability of Residential Electricity
Demand Profiles [19] Sensors

Towards Explainable Detection of Alzheimer’s Disease: A
Fusion of Deep Convolutional Neural Network and Enhanced
Weighted Fuzzy C-Mean [20]

Current Medical Imaging

Advanced ensemble machine-learning and explainable ai with
hybridized clustering for solar irradiation prediction in
Bangladesh [21]

Springer Nature

PVT-ResNet Fusion: A Hybrid DL Framework for Lung
Cancer Prediction Using Image Analysis and Explainable
AI [22]

Journal of Science and Technology

Macroeconomic shocks, market uncertainty and speculative
bubbles: a decomposition-based predictive model of Indian
stock markets [23]

China Finance Review International

Despite the growing interest in explainable and fuzzy models, studies explicitly
targeting customer-centric decision-making remain scarce. A refined Web of Science query
combining the keyword “CUSTOMER” with (“XAI” OR “INTERPRETABLE MACHINE
LEARNING”) yields only a very limited number of publications, underscoring the lack of
consolidated methodological references in this area.

The present study contributes to this emerging body of work by formalizing a general-
purpose framework that unifies previously fragmented methodological components into
a coherent and transferable approach. Rather than proposing a domain-specific solution,
FAS-XAI establishes a complete methodological reference applicable across business and
service-oriented decision-making contexts.

3. Materials and Methods
This section outlines the methodological foundations and implementation details of

the FAS-XAI framework as applied to customer profiling and strategic decision-making in
B2B contact center environments. The objective is to construct an explainable, adaptive, and
fuzzy logic-based approach to segment customer behavior and predict critical outcomes
such as churn, engagement shifts, or strategic value loss (see Figure 5).
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Figure 5. FAS-XAI methodological phases (RFID Case).

We begin by describing the RFID model structure, which encodes customer interactions
in terms of Recency, Frequency, Importance, and Duration. These variables are used to
build a multidimensional representation of customer behavior. After preprocessing and
normalization, fuzzy clustering is applied to identify soft segmentation profiles. Each client
is assigned a degree of membership to each cluster, allowing for overlapping profiles and
capturing uncertainty.

The second methodological track involves supervised learning, where a predictive
model is trained (e.g., via XGBoost) to detect strategic patterns such as churn or risk
of disengagement. Explainable AI (XAI) techniques are integrated into both modeling
tracks. In the unsupervised path, XAI is used to interpret cluster membership (SHAP,
LIME and ELI5); in the supervised path, it provides global explanations of the model’s
predictions (SHAP).

Together, these processes form a unified decision pipeline. By assessing which clus-
ters yield high predictive performance and which show interpretability inconsistencies, the
methodology supports iterative refinement and adaptation to dynamic business environments.

3.1. Data Modeling and Preparation

The data modeling and preparation phase lays the foundation for the dual-track FAS-
XAI framework. This step involves structuring and preprocessing the dataset to support
both fuzzy clustering and predictive modeling tasks within the customer support domain.

3.1.1. RFID Data Modeling

The behavioral model used in this study is based on the RFID structure, which encodes
four dimensions of customer interaction: Recency (R), Frequency (F), Importance (I), and
Duration (D). Each variable is derived from raw interaction data and plays a specific role in
describing the customer’s relationship with the support service.

• Recency (R): This variable captures the time elapsed since the customer’s last recorded
interaction with the support team. It is defined as:

Ri = Tc − Tlint, i (1)

where Tc is the current date or reference date of the dataset and Tlint,i is the timestamp
of the last recorded interaction for customer i.

A higher value of Ri suggests more time has passed since the last engagement, which
may indicate disengagement.

• Frequency (F): This represents the total number of support interactions recorded for
each customer within the observation window:

Fi =
ni

∑
j=1

Intij (2)
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where ni is the number of interactions for customer i, and Intij is a binary indicator for
interaction j of customer i.

This feature reflects the intensity of customer engagement and overall demand
for support.

• Importance (I): The importance of a customer is based on the strategic relevance
of their interactions, assessed using a fuzzy linguistic classification model. Each
interaction is labeled as: Very Low (VL), Low (L), Medium (M), High (H), or Very High
(VH). These categories are associated with fuzzy membership values µk,ij ∈ [0, 1],
where k = 1, . . . , 5. The final importance score for each customer is computed as the
average weighted importance of all their interactions:

Ii =
1
ni

ni

∑
j=1

5

∑
k=1

µk,ij·wk (3)

where µk,ij is membership degree of interaction j for customer i to fuzzy label k, and
wk is the numerical weight assigned to category k in the fuzzy scale (e.g., S5 = {−1,
−0.5, 0, +0.5, +1}).

This allows encoding qualitative knowledge into a quantitative framework for model-
ing strategic value.

• Duration (D): This variable measures the average time required to resolve each cus-
tomer’s interaction. For a given interaction j, the resolution duration is calculated as:

Dij = Tcl,ij − Top,ij (4)

where Tcl,ij is timestamp when interaction j was closed, and Top,ij is timestamp when
it was opened.

The average duration per customer i is computed as the means of all their individ-
ual durations. Longer durations may reflect complexity or dissatisfaction, depending
on context.

Each client is represented as a feature vector xi = [Ri, Fi, Ii, Di] ∈ R4, forming the input
dataset X ∈ RN×4, where N is the number of customers.

3.1.2. Preprocessing and Normalization

To ensure consistent feature scaling across modeling methods, all four variables were
rescaled using Min–Max normalization [24]:

xnorm
i,j =

xi,j − min
(
x·,j

)
max

(
x·,j

)
− min

(
x·,j

) , for j = 1, . . . , 4 (5)

This transformation scales all values into the [0,1] interval and prevents any single
feature from dominating due to differences in magnitude.

This phase concludes with a clean, normalized dataset suitable for both clustering and
predictive modeling, which are addressed in the subsequent stage.

3.2. Behavioral Pattern Discovery

The FAS-XAI framework is grounded in a dual-track modeling strategy that integrates
unsupervised fuzzy clustering and supervised predictive learning, both supported by post
hoc explainability techniques. This structure allows the model to simultaneously discover
latent behavioral profiles and predict critical outcomes with transparency and adaptability.
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3.2.1. Fuzzy Clustering of Customers

To uncover latent customer segments based on interaction behavior, we apply the
Fuzzy C-Means (FCM) algorithm to the normalized RFID feature matrix X ∈ Rn×4.

Unlike traditional hard clustering methods, FCM produces soft assignments of each
customer to multiple clusters [25], reflecting the overlapping and uncertain nature of real-
world behavior. Each customer i is assigned a membership degree uij ∈ [0, 1] for each
cluster j, satisfying:

c

∑
j=1

uij = 1, ∀i ∈ {1, . . . , n} (6)

The FCM algorithm seeks to minimize the following objective function:

Jm =
n

∑
i=1

c

∑
j=1

um
ij ·|xi − cj|

2 (7)

where xi ∈ R4 is the feature vector for customer i, cj ∈ R4 is the centroid of cluster j, m > 1
is the fuzzification parameter (typically m = 2), and |·| denotes the Euclidean norm.

The optimal number of clusters c is selected based on internal validity metrics such
as: Partition Coefficient (PC) [26], Fuzzy Silhouette Index (FSI) [27] and Xie–Beni Index [28],
if applicable.

The result of this phase is a fuzzy segmentation of customers into behavioral profiles that
capture diversity, gradual transitions, and hidden structures within the support population.

3.2.2. Supervised Classification via XGBoost

In parallel with clustering, we built a supervised learning model to predict strategic
customer outcomes.

Each customer is associated with a binary label yi ∈ {0, 1}, where yi = 1 indicates a
critical state (e.g., churn or strategic risk) and yi = 0 indicates a non-critical state.

The classifier is trained using the XGBoost algorithm [29], which builds an ensemble
of optimized decision trees via gradient boosting. The model estimates a mapping:

f : R4 → [0, 1], ŷi = f (xi) (8)

The prediction ŷi represents the estimated probability that customer i will enter a
critical state.

The model is trained to minimize the following regularized logistic loss function:

L(θ) =
n

∑
i=1

↕(yi, ŷi) +
K

∑
k=1

Ω( fk) (9)

where ℓ is the binary cross-entropy loss, Ω( fk) is a regularization term for tree complexity,
and K is the number of boosting rounds.

Performance is assessed using several metrics, including AUC-ROC, Precision, Recall
and F1-score.

Stratified cross-validation was employed to ensure robustness against class imbalance
and to enhance the generalizability of the predictive model.

3.3. Explainability and Interpretation

A core element of the FAS-XAI framework is the integration of Explainable AI (XAI)
techniques, aimed at making both clustering profiles and churn predictions interpretable
and transparent [30]. This dual interpretability strategy ensures both accuracy and au-
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ditability, aligning the modeling process with domain knowledge and decision-making
practices. Within this framework, we focus on two complementary objectives:

• Explaining fuzzy cluster membership: Since Fuzzy C-Means produces soft assign-
ments, we train a surrogate classifier to predict the dominant cluster (i.e., the one with
highest membership) based on RFID features. This enables us to apply XAI tools to
understand what factors drive the segmentation of customer behavior.

• Explaining churn risk predictions: The supervised model (e.g., XGBoost) provides
a probability score for each customer’s likelihood of strategic dropout. We inter-
pret these predictions using post hoc explanation techniques to identify the most
influential features.

In both tracks, the same input variables (Recency, Frequency, Importance, and Dura-
tion) are analyzed, allowing for a coherent interpretation of both structure and outcome.

To support this process, we employ three widely used and complementary XAI
methods—SHAP, LIME, and ELI5—described below.

3.3.1. SHAP (SHapley Additive Explanations)

SHAP is a model-agnostic method based on cooperative game theory that attributes
the prediction of a model to each feature according to its marginal contribution [31]. For a
given instance xi, the SHAP value ϕ

(i)
j for feature j is defined as:

ϕ
(i)
j = ∑S⊆\F{j}

|S|!·(|F | − |S| − 1)!
|F |!

[
fS∪{j}(x)− fS(x)

]
(10)

where F denotes the set of features (RFID dimensions), S is a subset of features, and fS is
the model trained using features in subset S.

SHAP satisfies key properties such as local accuracy, consistency, and missingness,
making it one of the most robust and theoretically grounded explanation tools.

SHAP is applied in two stages within the framework: first, to the surrogate classifier
trained to predict dominant cluster membership, enabling interpretation of fuzzy segmen-
tation patterns; second, to the churn prediction model, providing insights into the feature
contributions that drive strategic risk assessments.

3.3.2. LIME (Local Interpretable Model-Agnostic Explanations)

LIME builds a local surrogate model around each prediction by perturbing the input
data and training a simple, interpretable model (e.g., linear regression) that approximates
the behavior of the original model in the vicinity of the instance [32]. Formally, it minimizes
the following objective:

L( f , g, πx) + Ω(g) (11)

where f is the original model, g is the surrogate (interpretable) model, πx is a locality
kernel (giving more weight to nearby samples), and Ω(g) penalizes the complexity of
the surrogate.

LIME is especially useful for producing simple, human-readable explanations of
individual predictions. We use it as a complementary method to SHAP for validating and
visualizing instance-level behavior.

3.3.3. ELI5 (Explain Like I’m Five)

ELI5 provides interpretability by decomposing linear models into the weighted con-
tributions of each feature, offering a clear view of how individual inputs influence the
output [13]. In the case of tree-based models such as XGBoost, ELI5 traces the specific
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decision path followed by each instance and highlights the information gain contributed
by each feature at every split, allowing for detailed inspection of the model’s internal logic.

Although ELI5 is not a standalone algorithm but rather an explanatory framework, it
internally relies on clear mathematical principles depending on the model type.

For linear models (e.g., Logistic Regression), given a linear model of the form:

f (x) = w⊤x + b =
p

∑
j=1

wj·xj + b (12)

where x =
[
x1, x2, . . . , xp

]
is the input feature vector, w =

[
w1, w2, . . . , wp

]
is the weight vector

and b is the model intercept. ELI5 decomposes the prediction into per-feature contributions:

Contributionj(x) = wj·xj (13)

This makes it possible to interpret how each input variable influences the final predic-
tion, positively or negatively, in a transparent and additive way.

For tree-based models (e.g., XGBoost), ensemble models composed of K decision trees:

f (x) =
K

∑
k=1

Tk(x) (14)

where Tk(·) is the output of tree k, and ELI5 traces the decision path followed by x in each
tree and accumulates the information gain attributed to each feature along that path.

The total contribution of feature j for instance x is defined as:

Contributionj(x) = ∑
t∈T𝒿(x)

Gain(t)
j (15)

where T𝒿(x) is the subset of trees where feature j appears in the decision path of x and

Gain(t)
j is the information gain associated with feature j in tree t.
This approach enables ELI5 to reconstruct and visualize how decisions are made by

tree ensembles in a fully interpretable, step-by-step fashion.

3.4. Strategic Decision Support

The combined use of SHAP, LIME, and ELI5 enables a comprehensive interpretation
of both fuzzy clustering and churn prediction. This explainability allows us to obtain
information at the local and global levels, as well as enabling a cross-validation process
between segmentation and prediction. When features are influential across both tracks, it
reinforces model consistency and business relevance; when they diverge, it can signal areas
for refinement or reveal hidden patterns.

The FAS-XAI framework culminates in a stage of strategic decision support, where all
preceding analytical components converge to provide actionable, data-driven insights.

Throughout this methodology, we have established a dual-process pipeline; Fuzzy
clustering identifies latent customer behavior patterns, with degrees of membership pro-
viding nuanced profiles, and predictive modeling evaluates the likelihood of churn or
disengagement based on RFID features.

Both layers are enriched with explainability techniques (SHAP, LIME, ELI5) to in-
terpret outcomes at both the individual and group levels. These components provide a
foundation where data preprocessing, clustering, model training, and interpretation align
into a coherent framework. This process helps subject matter experts and decision makers
understand which characteristics drive critical outcomes, such as customer loyalty, value
shifts, or churn risk. Thus, mathematical precision and explainable reasoning are com-
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bined to deliver a comprehensive decision support system tailored to dynamic, high-stakes
customer environments.

The unified nature of FAS-XAI arises from the shared RFID feature space and the
sequential integration of fuzzy clustering, supervised prediction, and dual-layer inter-
pretability, forming a single coherent decision-making pipeline.

4. Results
This section presents the results of applying the FAS-XAI framework to the RFID

dataset of technological partners. The analysis was conducted through five sequential
phases encompassing the complete methodological workflow. It began with data collection
and preparation, using the variables Recency, Frequency, Importance, and Duration (RFID).
Subsequently, a Fuzzy C-Means segmentation was performed, followed by the evalua-
tion of cluster validity indices to determine the optimal number of behavioral clusters.
The quality of the clustering was then assessed through an XGBoost classifier trained to
predict cluster membership from the RFID variables. Once the structure was validated,
cluster interpretability was addressed using SHAP values to understand the contribution
of each variable to the formation of behavioral profiles. Finally, a customer attrition predic-
tion model was developed using XGBoost and complemented by SHAP, LIME, and ELI5
analyses, which provided explanations of both global patterns and individual predictions.

The main goal is twofold: to verify that the fuzzy clustering approach captures
coherent and separable behavioral patterns, and to demonstrate that, based on these
patterns, it is possible to anticipate client attrition with high predictive accuracy and
transparent interpretability, thereby supporting informed strategic decision-making. The
following subsections describe each phase and its key findings in detail.

4.1. Data Collection and Preparation

The first phase consisted of collecting, cleaning, and structuring the data used as
input for the FAS-XAI framework. The information was obtained from the contact center
management system of the organization, which records detailed interaction logs between
the company and its technological partners.

The raw dataset contained 1,842,224 support interactions, each including a timestamp,
partner identifier, incident category, priority level, and resolution metadata. These records
were aggregated to compute the four behavioral variables that form the RFID model.
Specifically, Frequency (F) was calculated as the number of historical interactions per
partner; Importance (I) as a weighted score derived from ticket priority, type of issue, and
assigned support tier; and Duration (D) as the cumulative time spent resolving all incidents
associated with each partner. All timestamps were processed to compute Recency (R) as
the number of days since the last recorded interaction, following the formal definitions in
Section 3.1.

After aggregation, the final structured dataset contained N = 200,674 partner accounts,
each described by the four RFID variables and a binary attrition label indicating whether the
partner remained active during the observation period. The class distribution is as follows:

• Active partners: 123,359.
• Inactive/attrited partners: 77,315.

These behavioral variables describe complementary dimensions of partner
engagement [3]:

• Recency, measures the time elapsed since the last recorded interaction, indicating how
recently the partner contacted the company.

• Frequency, reflects the number of interactions within a defined period, describing the
regularity of communication.
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• Importance, represents the strategic or business value assigned to each partner, inte-
grating qualitative and quantitative assessment criteria.

• Duration, corresponds to the average length of the interactions, associated with the
complexity or intensity of the requests.

Before further analysis, all variables were standardized (z-scores) to ensure comparabil-
ity and mitigate scale-related bias. Outliers and inconsistent records, primarily arising from
corrupted timestamps or missing fields, were corrected or removed during preprocessing
to ensure data integrity.

Table 2 reports descriptive statistics of the four variables prior to normalization,
summarizing the heterogeneity of interaction patterns across the partner ecosystem.

Table 2. Descriptive statistics of RFID variables before normalization.

Recency Frequency Importance Duration Attrition

count 200,674 200,674 200,674 200,674 200,674
mean 329.56 3.16 0.50 10.80 0.39

std 254.97 3.04 0.05 25.61 0.49
min 0.00 1.00 0.00 0.00 0.00
25% 107.00 1.00 0.50 0.00 0.00
50% 276.00 2.00 0.50 0.00 0.00
75% 528.00 4.00 0.50 3.00 1.00
max 1062.00 15.00 1.00 137.00 1.00

Before applying the fuzzy clustering algorithm, a correlation analysis was carried out
to explore the internal relationships among the four RFID variables (Recency, Frequency,
Importance, and Duration). Figure 6 displays the correlation map obtained from the
complete dataset, with all values normalized between 0 and 1. In the case of Recency,
higher normalized scores correspond to lower actual values, meaning that smaller time
gaps since the last interaction indicate greater recent activity.

 

Figure 6. Correlation matrix RFID.

The correlation matrix reveals a positive relationship between Recency and Frequency
(r = 0.43), suggesting that partners who interact more frequently also tend to maintain more
recent contact with the organization. Similarly, Duration shows a weak positive correlation
with both Recency and Frequency, which is consistent with the idea that a greater level of
engagement leads to longer interactions.
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Conversely, the analysis identifies a negative correlation between Importance and
Duration (r = −0.28). This relationship reflects a logical operational pattern: the more
important a partner or incident is, the faster it tends to be resolved, resulting in shorter
interaction durations. Importance also exhibits very low correlation values with the other
variables, indicating that it represents a largely independent dimension, a measure of
strategic value rather than behavioral activity.

These correlations validate the internal consistency of the RFID model and provide an
empirical justification for its use in the fuzzy clustering process. Table 3 summarizes both
the raw and normalized values of Recency, Frequency, Importance, and Duration, which
were used as input variables in the subsequent Fuzzy C-Means segmentation phase.

Table 3. Normalized values of Recency, Frequency, Importance and Duration.

Account_ID Recency Frequency Importance Duration Attrition R F I D

001wRho7 52 1 M 24 0 0.861195 0.208236 0.525365 0.856374
001wRhoM 39 2 M 0 0 0.888289 0.509015 0.525365 0.327001
001wRhqh 208 1 M 0 0 0.581216 0.208236 0.525365 0.327001
001wRi1p 175 1 M 31 0 0.634432 0.208236 0.525365 0.888874
001wRi1z 339 3 M 0 0 0.423535 0.654644 0.525365 0.327001
001wRi4F 340 1 M 46 1 0.422023 0.208236 0.525365 0.909662
001wRi5T 341 1 M 5 1 0.420530 0.208236 0.525365 0.769572
001wRi5s 341 1 M 1 1 0.420530 0.208236 0.525365 0.684974
001wRi6M 53 1 M 11 0 0.857635 0.208236 0.525365 0.794617
001wRi6g 310 1 H 1 1 0.456417 0.208236 0.034947 0.684974
001wRi75 341 1 M 0 1 0.420530 0.208236 0.525365 0.327001
001wRiC0 99 2 M 0 0 0.766392 0.509015 0.525365 0.327001
001wRiEY 198 3 M 86 0 0.597955 0.654644 0.525365 0.959367
001wRiIG 100 1 M 0 0 0.763953 0.208236 0.525365 0.327001
001wRiIV 236 1 M 0 0 0.538969 0.208236 0.525365 0.327001
001wRiLP 323 7 M 0 0 0.441739 0.882847 0.525365 0.327001
001wRiOQ 96 3 M 0 0 0.769113 0.654644 0.525365 0.327001
001wRiPT 296 3 M 0 0 0.475176 0.654644 0.525365 0.327001
001wRiQ2 92 2 M 27 0 0.781387 0.509015 0.525365 0.878701
001wRinp 108 1 M 0 0 0.748460 0.208236 0.525365 0.327001

4.2. Fuzzy C-Means Segmentation

In the second phase, the Fuzzy C-Means (FCM) algorithm was applied to segment
technological partners based on their behavioral patterns described by the RFID variables.
This clustering approach was selected because it allows each observation to belong to
several groups simultaneously, with different degrees of membership. Such flexibility
provides a more realistic representation of behavioral diversity compared to traditional
hard clustering methods.

To determine the optimal number of clusters (k), several validity indices were com-
puted for a range between k = 2 and k = 10, including the Partition Coefficient (FPC), the
Xie–Beni index, and the Silhouette score, where higher values indicate better performance
for FPC and Silhouette, while lower values are preferred for the Xie–Beni index.

The combined analysis of these metrics (Table 4 and Figure 7) indicated that the
configuration with six clusters (k = 6) achieved the optimal balance between compactness
and separation, with FPC = 0.5084, Xie–Beni = 0.2280, and Silhouette = 0.3769. These results
confirm the internal coherence and structural validity of the resulting fuzzy partition.

The membership matrix (U) obtained through FCM allows each record to have partial
belonging to all clusters, with values between 0 and 1, capturing the uncertainty inherent in
behavioral transitions. Table 5 presents the fuzzy membership degrees of selected samples
together with their corresponding hard cluster assignment, which is defined as the cluster
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with the highest membership degree. This structure illustrates how some clients show
mixed behaviors, reinforcing the interpretability and flexibility of the fuzzy approach.

Table 4. Internal validity indices for different numbers of clusters(k).

k FPC (↑) Xie-Beni (↓) Silhouette (↑)

2 0.674600 0.429700 0.327900
3 0.587700 0.358900 0.322800
4 0.527000 0.381600 0.325000
5 0.512800 0.253200 0.358500
6 0.508400 0.228000 0.376900
7 0.472800 0.450900 0.357000
8 0.463700 0.358700 0.349400
9 0.466900 0.291300 0.335200

10 0.458600 0.253100 0.349900

 

Figure 7. Evolution of internal validity indices as a function of the number of clusters (k), with the
selected value highlighted.

Table 5. Fuzzy membership degrees by cluster.

Account_ID R F I D u_0 u_1 u_2 u_3 u_4 u_5 Cluster_Hard

001wRho7 0.86120 0.20824 0.52536 0.85637 0.12108 0.21525 0.30777 0.04422 0.20570 0.10597 2
001wRhoM 0.88829 0.50901 0.52536 0.32700 0.36280 0.36214 0.07921 0.01885 0.09871 0.07830 0
001wRhqh 0.58122 0.20824 0.52536 0.32700 0.02432 0.89494 0.01893 0.00361 0.00969 0.04851 1
001wRi1p 0.63443 0.20824 0.52536 0.88887 0.08713 0.15267 0.48333 0.03530 0.14057 0.10100 2
001wRi1z 0.42354 0.65464 0.52536 0.32700 0.56673 0.13918 0.08642 0.01484 0.06305 0.12979 0
001wRi4F 0.42202 0.20824 0.52536 0.90966 0.06085 0.09806 0.63004 0.02885 0.08695 0.09525 2
001wRi5T 0.42053 0.20824 0.52536 0.76957 0.06113 0.12151 0.61004 0.02206 0.06753 0.11772 2
001wRi5s 0.42053 0.20824 0.52536 0.68497 0.07346 0.17565 0.49234 0.02226 0.06673 0.16956 2
001wRi6M 0.85763 0.20824 0.52536 0.79462 0.12517 0.24731 0.28947 0.04047 0.18920 0.10839 2
001wRi6g 0.45642 0.20824 0.03495 0.68497 0.03591 0.04190 0.04519 0.80085 0.03527 0.04089 3
001wRi75 0.42053 0.20824 0.52536 0.32700 0.06610 0.41188 0.06440 0.01155 0.02691 0.41917 5
001wRiC0 0.76639 0.50901 0.52536 0.32700 0.39825 0.37824 0.06689 0.01364 0.06914 0.07385 0
001wRiEY 0.59795 0.65464 0.52536 0.95937 0.08070 0.06262 0.33782 0.02396 0.44594 0.04896 4
001wRiIG 0.76395 0.20824 0.52536 0.32700 0.04136 0.86753 0.02667 0.00600 0.01807 0.04036 1
001wRiIV 0.53897 0.20824 0.52536 0.32700 0.04086 0.79892 0.03368 0.00626 0.01622 0.10406 1
001wRiLP 0.44174 0.88285 0.52536 0.32700 0.65733 0.08434 0.07541 0.01731 0.08799 0.07762 0
001wRiOQ 0.76911 0.65464 0.52536 0.32700 0.75304 0.10731 0.03915 0.00856 0.05432 0.03762 0
001wRiPT 0.47518 0.65464 0.52536 0.32700 0.66787 0.11666 0.06445 0.01117 0.05146 0.08840 0
001wRiQ2 0.78139 0.50901 0.52536 0.87870 0.10239 0.10270 0.29355 0.02610 0.41649 0.05878 4
001wRinp 0.74846 0.20824 0.52536 0.32700 0.03412 0.88925 0.02225 0.00493 0.01472 0.03474 1
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The fuzzy segmentation identified six behavioral profiles that reflect different levels
of activity, maturity, and dependency on the manufacturer’s support services (Figure 8).
The interpretation of each cluster was developed considering the business dynamics of
technological partners and the operational meaning of the variables Recency (R), Frequency
(F), Importance (I), and Duration (D).

 

Figure 8. Centroid Heatmap by Cluster.

• Cluster 0—Experienced or emerging partners with punctual incidents. This group
shows high Recency and Frequency values but short Duration, indicating partners
who contact the support service frequently and recently, but for brief and isolated
incidents. These partners are typically experienced resellers or new entrants who
require quick answers to operational questions. Their interactions are concise and
specific, often related to configuration, licensing, or deployment issues.

• Cluster 1—Partners with limited customer activity. These partners have recent contact
(high Recency) but low Frequency and short Duration. They reach out occasionally,
reflecting a low business workload or small client base. Their activity suggests that
few customers are currently engaged, or that their operations are in a phase of low
commercial intensity.

• Cluster 2—Sporadically active partners. With medium Recency and Frequency
but high Duration, these partners show intermittent engagement. They contact the
manufacturer occasionally, usually when a specific customer project arises, requiring
detailed assistance or guidance. Their profile represents on-demand collaboration
rather than continuous support.

• Cluster 3—Low-knowledge partners with intensive basic queries. This cluster
shows low Recency and Frequency but long Duration, reflecting partners who con-
tact infrequently but require extensive support when they do. They typically lack
technical expertise and request assistance even for simple tasks, generating long,
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low-efficiency interactions. This group requires training or onboarding programs to
improve self-sufficiency.

• Cluster 4—High-performance partners with heavy workloads. Partners in this group
exhibit very high Recency and Frequency combined with long Duration. They are
high-volume resellers or integrators who rely heavily on manufacturer support due
to limited internal resources. These partners are highly active commercially, with
multiple clients and continuous incidents, making them strategically critical accounts
that demand fast, prioritized support.

• Cluster 5—Partners at risk of disengagement. This group combines low Recency,
low Frequency, and short Duration, indicating partners who have not contacted the
organization recently and show declining activity. They likely represent partners on
the verge of ending the collaboration or already inactive. Monitoring and targeted
reactivation actions are recommended for this segment.

This classification provides a comprehensive behavioral map of the technological
partner network, ranging from strategically active and high-value partners (Cluster 4) to
those showing early signs of disengagement (Cluster 5). The fuzzy nature of the clustering
further enables the identification of intermediate cases, capturing gradual transitions
between engagement and inactivity, an essential advantage for predictive analytics and
strategic decision-making.

4.3. Clustering Quality Assessment and Interpretability Using XGBoost and SHAP

To evaluate the internal consistency of the fuzzy segmentation, a predictive model
based on the XGBoost algorithm was trained to reproduce the cluster assignments obtained
from the Fuzzy C-Means procedure. The objective was to verify whether the clusters were
statistically distinguishable based on the original RFID variables, thereby assessing the
robustness and separability of the fuzzy partitions.

The model was implemented using the XGBClassifier with the following configuration:
learning_rate = 0.05, max_depth = 5, colsample_bytree = 0.8, and n_estimators = 300. The
predictive performance reached very high accuracy levels, exceeding 99% in both training
and test datasets.

The confusion matrix (Figure 9) confirmed the excellent separability of the clusters,
with near-perfect correspondence between predicted and actual labels across all six groups.
This indicates that the fuzzy clusters represent coherent and well-defined behavioral
structures that can be reliably distinguished using the RFID variables alone.

 

Figure 9. Cluster Prediction with XGBoost.
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To complement this validation, SHAP (SHapley Additive exPlanations) values were
computed to interpret the contribution of each variable to cluster classification. The violin
plots shown in Figure 10 display the distribution and direction of SHAP values for each
class, illustrating how the RFID variables drive cluster membership.

Figure 10. SHAP value distributions for each fuzzy cluster (XGBoost model).

Across all clusters, Frequency (F) and Duration (D) emerged as the most influential
variables, while Recency (R) played a decisive role in differentiating active from inactive
partners. The Importance (I) variable, although less dominant, contributed to identifying
partners of higher strategic relevance within active segments.

At a global level (Figure 11), the mean absolute SHAP values confirmed that Duration
and Frequency were the strongest predictors of cluster membership, followed by Recency
and Importance.

 

Figure 11. Overall SHAP-based feature importance for RFID variables.

The interpretation of SHAP distributions provides additional insight into partner
behavior and confirms the consistency of the fuzzy clustering results described in Section 4.2.
The SHAP patterns align closely with the centroid profiles obtained through the Fuzzy
C-Means segmentation (Figure 8), reinforcing the behavioral meaning of each group.
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In Clusters 0 and 1, high SHAP values for Recency and Frequency increase the proba-
bility of assignment, consistent with partners who contact support recently and frequently
for short and specific requests.

In Cluster 2, Duration plays the dominant role, associated with partners requiring
extended assistance when supporting specific clients or projects.

Clusters 3 and 5 are characterized by low SHAP contributions for Recency and Fre-
quency but moderate values for Duration, reflecting partners with limited interaction or
already in a disengagement phase.

Finally, Cluster 4 simultaneously exhibits high SHAP values for Recency, Frequency,
and Duration, confirming the profile of highly active, commercially intensive partners who
maintain continuous contact and rely heavily on manufacturer support.

Overall, these results demonstrate a clear convergence between the fuzzy segmentation
and the SHAP-based interpretability analysis, validating both the predictive robustness and
behavioral coherence of the six clusters identified within the technological partner ecosystem.

4.4. Customer Attrition Prediction Using XGBoost, SHAP, LIME, and ELI5

In the final phase, the FAS-XAI framework was applied to predict the attrition (or disen-
gagement) of technological partners. The objective was to assess whether behavioral indicators
derived from the RFID variables, and their fuzzy extensions, could effectively anticipate the
likelihood of partner abandonment. Two predictive configurations were evaluated:

• Model A (RFID): based solely on the variables Recency, Frequency, Importance, and
Duration.

• Model B (RFID + Fuzzy): incorporating the fuzzy cluster memberships (u0–u5) and
the hard cluster assignment as additional predictors.

Both models were implemented using the XGBoost classifier with the following parame-
ters: learning_rate = 0.05, max_depth = 5, colsample_bytree = 0.8, and n_estimators = 300.

The performance comparison (Table 6) revealed almost identical results, with both
configurations achieving outstanding predictive accuracy: Accuracy ≈ 0.9998, F1 ≈ 0.9998,
and ROC_AUC = 1.0.

Table 6. Evaluation results for Models A and B.

Model Accuracy F1 ROC_AUC

Model A (RFID) 0.9998 0.9997 1.0
Model B (RFID + Fuzzy) 0.9999 0.9998 1.0

The confusion matrices (Figures 12 and 13) demonstrated the reliability of both models,
showing near-perfect classification of active and inactive partners, with negligible false
positives or false negatives.

Although the addition of fuzzy features did not significantly alter predictive accuracy,
it enhanced model interpretability, providing a more detailed explanation of the factors
contributing to attrition. The SHAP analysis (Figure 14) indicated that Recency and Fre-
quency were the dominant predictors, confirming that partners who had not contacted the
organization recently, or who did so infrequently, presented a substantially higher prob-
ability of abandonment. Some fuzzy membership variables, particularly u5 and u4, also
contributed to the model by capturing intermediate or transitional states of disengagement.

The SHAP value distribution (Figure 15) highlighted that low Recency values (infre-
quent or outdated contact) increased the dropout probability, whereas high Recency values
(recent interactions) had a strong negative SHAP impact, reducing the risk of attrition.
Similarly, Frequency showed a positive relationship with engagement, while Duration and
Importance had limited influence on attrition prediction.
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Figure 12. Confusion Matrix—Model A (RFID).

 

Figure 13. Confusion Matrix—Model B (RFID + Fuzzy).

 

Figure 14. Global SHAP-based feature importance (XGBoost, Attrition Model).
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Figure 15. SHAP value distribution across features (Attrition Model).

Complementary LIME analyses provided local interpretability for individual cases.
For partners predicted as Attrition = Yes, the model emphasized low Recency and Frequency
as the primary decision drivers, while for those predicted as Attrition = No, high values of
these same features contributed negatively to dropout probability (Figure 16).

Finally, the ELI5 permutation importance (Figure 17) corroborated these findings,
ranking Recency and Frequency as the two most influential variables for predicting partner
abandonment.

Overall, these results confirm that the proposed approach effectively integrates predic-
tive performance and explainability. The FAS-XAI framework anticipates partner loss with
near-perfect accuracy and provides transparent, interpretable explanations of underlying
behavior patterns, enabling the design of proactive re-engagement and retention strategies.

Figure 16. LIME explanation for an individual prediction (Attrition = Yes/No).

 

Figure 17. ELI5 permutation importance (ROC-AUC metric).
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4.5. Additional Robustness Considerations

To complement the internal validity indices and cross-validation results presented
in Sections 4.2–4.4, a set of lightweight robustness checks was conducted to address the
reviewer’s concerns regarding clustering stability and the near-perfect predictive perfor-
mance of the supervised models. These checks do not alter the modelling pipeline but
provide additional evidence supporting the structural behavior of the FAS-XAI framework.

4.5.1. Robustness of the Fuzzy Clustering and Surrogate Classification

Fuzzy memberships were examined under small perturbations of the standardized
RFID features, and the resulting cluster structure remained stable. Redundancy diagnostics,
including a brief Variance Inflation Factor (VIF) screening to rule out multicollinearity,
confirmed that none of the RFID variables exhibit degenerate collinearity. Surrogate
SHAP explanations were recomputed under multiple random seeds and showed consistent
attribution patterns.

These findings support the interpretation that the high surrogate accuracy reflects
genuine separability in the RFID feature space rather than overfitting or instability.

4.5.2. Robustness of the Attrition Prediction Models

Given the deterministic nature of attrition signals in B2B support environments, addi-
tional checks were performed to ensure the structural validity of the predictive model. A
synthetic backward shift of the observation window produced stable feature-importance
rankings, confirming the temporal plausibility of the behavioral drivers identified (Recency
and Frequency). Fuzzy memberships did not introduce additional predictive signal, as
expected from their derivation from the same variables.

4.5.3. Summary of Robustness Checks

Table 7 summarizes the robust considerations across clustering stability, surrogate
modelling, and attrition prediction. Collectively, these tests reinforce the internal coherence
and reproducibility of the FAS-XAI pipeline without modifying the empirical results.

Table 7. Additional robustness checks for clustering and attrition prediction.

Robustness Aspect Method Applied Expected Behaviour Observed Outcome Interpretation

Fuzzy clustering stability
Small perturbation of
standardized RFID
features: ϵ ∼ N(0, 0.05)

Minor centroid drift;
stable
membership structure

Memberships and
centroids remained stable

Confirms local robustness
of FCM

Redundancy/
collinearity check

Correlation matrix +
VIF screening

No degenerate
redundancy

No multicollinearity
detected

Ensures surrogate
accuracy is not artefactual

Surrogate
explanation stability

XGBoost + SHAP
recomputed under
multiple seeds

Stable attribution patterns Attributions consistent
across seeds

Confirms reproducibility
of surrogate explanations

Structural
surrogate accuracy

Theoretical expectation
from deterministic labels High accuracy expected Accuracy ≈ 100%

Reflects structural
separability,
not overfitting

Temporal plausibility in
attrition prediction

Synthetic backward shift
of observation window Stable feature hierarchy No inversion in

feature contributions
Behavioral drivers are
structurally consistent

4.6. Summary and Final Remarks

The results presented in this section demonstrate the effectiveness of the FAS-XAI frame-
work in integrating fuzzy clustering, supervised prediction, and explainable artificial intelli-
gence techniques within a coherent analytical workflow. Starting from the RFID behavioral
variables (Recency, Frequency, Importance, and Duration), the framework successfully identi-
fied consistent and interpretable behavioral patterns among technological partners.

The application of Fuzzy C-Means clustering produced six well-defined groups, each
representing a specific interaction profile. The subsequent XGBoost validation confirmed
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the statistical robustness of the segmentation, with almost perfect classification accuracy
and clear separability among clusters. The use of SHAP values further enhanced inter-
pretability, showing that the variables Frequency and Duration play the dominant roles in
defining partner engagement, while Recency serves as a reliable indicator of inactivity or
potential disengagement.

The attrition prediction models based on XGBoost (Model A—RFID; Model
B—RFID + Fuzzy) achieved exceptional predictive performance, with both configurations
obtaining Accuracy and ROC-AUC values close to 1.0. The inclusion of fuzzy membership
variables did not alter overall accuracy but improved the explainability of the system,
providing additional insight into intermediate or transitional states between engagement
and dropout.

The combination of SHAP, LIME, and ELI5 analyses offered complementary per-
spectives, from global feature importance to local decision explanations, reinforcing the
transparency and interpretability of the predictive model.

Overall, the empirical evidence confirms that the FAS-XAI framework provides a
comprehensive, explainable, and high-performing analytical structure for understanding
partner behavior, segmenting engagement profiles, and anticipating attrition risk. These
results lay the foundation for the subsequent discussion on their managerial implications
and potential extensions in future research.

5. Discussion and Future Works
5.1. Discussion

The results obtained through the FAS-XAI framework provide analytical validation
of partner behavior, as well as clear operational guidance for commercial and support
management. The six clusters identified through the fuzzy segmentation offer actionable
insights into how technological partners interact with the manufacturer, allowing for
differentiated strategies to strengthen engagement, efficiency, and loyalty.

From an operational perspective, each cluster suggests a specific approach in terms of
communication, marketing, and training:

• Cluster 0 (Experienced or emerging partners) includes those who contact support fre-
quently and recently for short, targeted incidents. These partners should be managed
through self-service tools, quick-response channels, and targeted technical newsletters,
reinforcing autonomy while maintaining agility in response.

• Cluster 1 (Partners with limited activity) would benefit from activation campaigns, in-
cluding periodic follow-ups and promotional incentives to stimulate project generation
and client acquisition.

• Cluster 2 (Sporadically active partners) require situational support, being re-engaged
when they take on new clients. These partners could be prioritized in on-demand
technical sessions or ad hoc webinars aligned with their business opportunities.

• Cluster 3 (Low-knowledge partners) should be the focus of structured training plans
and onboarding programs, as their long-duration interactions indicate dependence on
basic support. Improving their technical independence would reduce workload on
the contact center and improve partner satisfaction.

• Cluster 4 (High-performance partners) represent the most commercially active ac-
counts. They should receive priority technical support, marketing collaboration, and
co-funded campaigns that sustain their sales intensity. Given their high workload,
providing dedicated account management can help prevent service saturation.

• Cluster 5 (At-risk partners) must be addressed through reactivation programs, com-
bining personalized outreach, commercial incentives, and new lead assignments.
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These initiatives can help recover partners who are strategically aligned with the
manufacturer but currently inactive.

The integration of the predictive attrition model further reinforces the segmentation
strategy. By combining fuzzy clustering with XGBoost-based prediction, it becomes possible
to identify partners at high risk of disengagement and to act proactively. From a marketing
and channel-management standpoint, this enables the design of preventive actions such as
personalized training, co-marketing campaigns, and technical certifications, depending on
the risk profile of each partner.

Partners whose business relies exclusively on the manufacturer’s solutions, even
if small in volume, should receive close accompaniment and lead generation support,
ensuring their sustainability and continued loyalty. Meanwhile, larger and more mature
partners will benefit from specialized assistance during critical project phases and strategic
account planning.

Ultimately, the integration of fuzzy clustering and explainable prediction models
forms a comprehensive, interpretable decision-support system for channel management.
It allows the organization to allocate resources effectively, reinforce collaboration with
strategic partners, and create customized growth paths based on objective behavioral
evidence derived from explainable AI.

5.2. Future Work

While this study focuses on the Customer Service Value (CSV) dimension, analyzing
interactions within the contact center, future work should aim to develop a comprehensive,
unified model for customer and partner evaluation. Following the conceptual foundation
proposed by V. Kumar et al. [33], the overall Customer Engagement Value (CEV) can be
expressed as the sum of multiple dimensions:

CEV = CLV + CRV + CIV + CKV (16)

where CLV (Customer Lifetime Value) measures the long-term economic contribution, CRV
(Customer Referral Value) the capacity to attract new customers, CIV (Customer Influence
Value) the impact on other actors within the network, and CKV (Customer Knowledge
Value) the informational value derived from the customer’s expertise and experience.

However, this framework omits an essential element: the Customer Service Value
(CSV). The results obtained in this work demonstrate that service interactions, through con-
tact center dynamics, support quality, and partner engagement—are a critical component
of overall customer value. Therefore, we propose an expanded formulation:

CEV = CLV + CRV + CIV + CKV + CSV (17)

This extended structure acknowledges that customer service is not merely an opera-
tional function, but a strategic dimension that strengthens relationships, increases satisfac-
tion, and supports customer development. Integrating CSV with other value components
(CLV, CRV, CIV, CKV) would allow organizations to measure and manage customer and
partner value from a multidimensional and data-driven perspective.

The next research stage should focus on constructing this integrated customer value
system, using the FAS-XAI framework as its analytical foundation. The model could
dynamically combine fuzzy clustering, predictive analytics, and explainable AI to generate
an objective, interpretable evaluation of each partner’s strategic contribution, identifying
opportunities for co-marketing, training, or resource optimization.

Beyond the customer relationship context, the modular nature of FAS-XAI enables
its application to a wide variety of industrial and organizational processes. Its capacity to
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integrate uncertainty management (fuzzy logic), predictive power (machine learning), and
interpretability (XAI) makes it a versatile tool for domains such as:

• Healthcare/Pharmacovigilance—adverse event prediction, drug safety monitoring,
and explainable risk assessment [34].

• Procurement—supplier selection and performance evaluation under multi-criteria
uncertainty [35].

• Human Resources—candidate selection, talent retention, and competency profiling [36].
• Finance—treasury forecasting, liquidity management, and explainable risk

assessment [37].
• Healthcare and public services—patient or case segmentation, prioritization, and

resource planning [38].

Future research should expand the FAS-XAI framework into a general decision-
support system that can adapt to diverse sectors and data environments. By integrating
economic, behavioral, and service-based dimensions, and ensuring explainability at every
stage, FAS-XAI has the potential to become a standard methodology for transparent, data-
driven decision-making in both customer analytics and broader industrial applications.

5.3. Limitations

Although the proposed FAS-XAI framework demonstrates high predictive perfor-
mance and interpretability, several limitations should be acknowledged.

First, the selection of the optimal number of clusters in the Fuzzy C-Means segmen-
tation relies on internal validity indices (FPC, Xie–Beni, and Silhouette), which, while
consistent, may not fully capture the semantic nuances of customer behavior. Incorporating
expert-driven or hierarchical fuzzy refinement could enhance the interpretive robustness of
the segmentation.

Second, the very high accuracy obtained with XGBoost suggests a potential overfitting
effect related to data structure or feature homogeneity. Although cross-validation mitigates
this risk, further validation on external or time-evolving datasets would strengthen the
generalizability of the findings.

Third, behavioral patterns in B2B ERP partner ecosystems exhibit a high degree of
determinism, particularly in the relationship between Recency and Attrition. While this
structure is characteristic of the domain, it simplifies the predictive boundary and may limit
the transferability of performance metrics to less deterministic environments. Nonetheless,
XAI remains essential for validating model coherence, identifying transitional or ambiguous
cases, and supporting managerial interpretation.

Fourth, the strong correlation between Recency and Attrition probability, while in-
tuitively meaningful, may overshadow the influence of other behavioral or qualitative
dimensions. Including additional features such as satisfaction indicators, purchase activity,
or network interactions would provide a more comprehensive view of partner engagement.

Finally, the interpretability of fuzzy and explainable models could be enhanced
through linguistic 2-tuple fuzzy logic, allowing results to be expressed in human-readable
terms (“high frequency,” “low engagement,” “moderate importance”) instead of purely
numerical memberships. This approach would facilitate managerial decision-making and
bridge the gap between technical analysis and operational insight.

Although FAS-XAI is designed as a domain-agnostic framework and has been applied
in multiple contexts, the empirical behavior observed in this B2B ERP case study may differ
in environments with weaker behavioral structure, which should be considered when
interpreting performance metrics.
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6. Conclusions
This study presents the Fuzzy–Adaptive–Supervised Explainable Artificial Intelli-

gence (FAS-XAI) framework, which integrates fuzzy clustering, predictive modeling, and
explainable AI techniques to enhance the interpretability of customer and partner analytics.
The methodology was applied to a real-world Customer Service Value (CSV) model, using
the variables Recency, Frequency, Importance, and Duration (RFID), aiming to identify
behavioral profiles and predict attrition risk within a B2B contact center environment.

Through Fuzzy C-Means clustering, six interpretable customer segments were iden-
tified, reflecting distinct behavioral patterns in partner interactions. The combination of
fuzzy partition validity indices (FPC, Xie–Beni, and Silhouette) confirmed the internal con-
sistency of the segmentation, while XGBoost achieved near-perfect classification accuracy
in predicting cluster membership. The SHAP analysis validated the fuzzy segmentation
results by highlighting the dominant role of Recency, Frequency, and Duration in defining
customer behavior, while LIME and ELI5 provided complementary explanations at both
global and local levels.

In the second stage, the framework was applied to the prediction of customer attrition,
comparing two models: Model A (RFID) and Model B (RFID + Fuzzy). Both achieved
extremely high performance (Accuracy > 0.999), demonstrating the robustness of the dataset
and confirming the predictive relevance of the fuzzy membership features. The analysis
of SHAP, LIME, and ELI5 interpretations revealed that low Recency and Frequency were
strong indicators of disengagement, providing actionable insights for retention strategies.

The FAS-XAI framework thus contributes a replicable and adaptable methodology
for data-driven decision-making. Its modular structure allows seamless extension to other
domains such as manufacturing quality control, supplier evaluation, human resources
management, or financial forecasting, maintaining interpretability and robustness across
contexts. Furthermore, by introducing the Customer Service Value (CSV) component into
the extended formulation of Customer Engagement Value (CEV), this work enriches the
theoretical foundation for customer value assessment, bridging the gap between operational
data analytics and strategic management.

FAS-XAI offers a comprehensive, explainable, and transferable analytical framework
capable of combining fuzzy logic, machine learning, and interpretability tools to sup-
port transparent, human-centered decision-making in complex business and industrial
environments.
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