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Abstract

The increasing complexity of manufacturing processes demands accurate defect predic-
tion and interpretable insights into the causes of quality issues. This study proposes a
methodology integrating machine learning, clustering, and Explainable Artificial Intel-
ligence (XAI) to support defect analysis and quality control in industrial environments.
Using a dataset based on empirical industrial distributions, we train an XGBoost model
to classify high- and low-defect scenarios from multidimensional production and quality
metrics. The model demonstrates high predictive performance and is analyzed using
five XAI techniques (SHAP, LIME, ELI5, PDP, and ICE) to identify the most influential
variables linked to defective outcomes. In parallel, we apply Fuzzy C-Means and K-means
to segment production data into latent operational profiles, which are also interpreted
using XAI to uncover process-level patterns. This approach provides both global and local
interpretability, revealing consistent variables across predictive and structural perspectives.
After a thorough review, no prior studies have combined supervised learning, unsupervised
clustering, and XAI within a unified framework for manufacturing defect analysis. The
results demonstrate that this integration enables a transparent, data-driven understanding
of production dynamics. The proposed hybrid approach supports the development of
intelligent, explainable Industry 4.0 systems.

Keywords: Explainable Artificial Intelligence (XAI); defect prediction; manufacturing
quality control; mathematical evaluation XAI; ISO 9001 compliance

MSC: 68T20; 62P30

1. Introduction
In any industrial production process, quality management and quality control are

fundamental components, especially when dealing with perishable products or high-
precision manufacturing. Ensuring consistent quality is essential to guarantee product
safety, enhance customer satisfaction, and comply with quality regulations. In this respect,
international standards such as ISO 9001 provide an integrated framework for quality
management systems, with an emphasis on process monitoring, defect prevention, and
continuous improvement [1].

Across diverse sectors, from the food industry to porcelain and glass manufacturing,
the overarching goal is to deliver products that meet predefined quality thresholds while
minimizing production costs and waste. Based on direct observations from visits to
manufacturing plants in both the food and materials sectors, quality control efforts are
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focused on achieving minimum defect rates without incurring excessive sampling or
reprocessing costs. In these settings, sample-based inspections, through either physical
extraction or visual analysis, are key to monitoring the state of production in real time.

When systematically recorded and analyzed, such sampling data can support the
early detection of anomalies and inform decisions related to defect prevention and process
optimization. In recent years, the integration of machine learning (ML) into industrial
quality control systems has enabled predictive models that anticipate high-risk scenarios
using multidimensional process indicators [2,3]. However, the complexity and opacity of
many artificial intelligence models, particularly black-box or deep learning models, pose
significant challenges for trust, regulation, and practical deployment [4].

To address this, Explainable Artificial Intelligence (XAI) has emerged as a set of tech-
niques aimed at making black-box models more transparent and interpretable. By attribut-
ing predictions to input features, XAI helps stakeholders understand and validate model
behavior [5]. While XAI methods such as SHAP, LIME, and ELI5 are increasingly used in
domains like finance, human resources, and healthcare [6–8], comparative studies with a
formal and interpretable mathematical basis remain limited in the manufacturing field.

This paper presents a mathematically grounded evaluation of five XAI techniques,
SHAP, LIME, ELI5, PDP, and ICE, in the context of defect prediction in manufacturing.
The study uses the “manufacturing_defect_dataset.csv”, a structured dataset commonly
employed for benchmarking machine learning models in industrial scenarios. The dataset
reflects realistic manufacturing behavior by sampling from empirical distributions observed
in production systems, enabling the development of a robust and generalizable evaluation
framework while maintaining interpretability and domain alignment [9].

In addition to supervised defect prediction, we also apply Fuzzy C-Means clustering
to segment production conditions based on similarity in the process variables. Although
not strictly an XAI method, fuzzy clustering contributes to the overall interpretability
framework by enabling the analysis of latent operational profiles. These clusters are
subsequently interpreted using XAI, allowing for comparison between predictive and
structural explanations [10].

By combining industrial relevance with mathematical rigor, our goal is to contribute a
transparent, consistent, and interpretable methodology for quality control systems based
on AI, aligned with the operational and normative demands of modern manufacturing.
This framework, which integrates predictive modeling, fuzzy clustering, and explainabil-
ity, supports decision-making in quality management and provides a generalizable and
adaptable approach applicable to a wide range of industrial manufacturing scenarios.

The remainder of this paper is structured as follows: Section 2 provides a review of
the most relevant literature, organized into four key areas: deep learning for fault detection,
the integration of XAI into industrial applications, the use of fuzzy clustering for produc-
tion profiling, and the current lack of unified frameworks that combine these techniques.
Section 3 presents the dataset, the preprocessing steps, and the dual experimental design
involving supervised defect prediction and fuzzy clustering. It also introduces the com-
plete methodological framework of the study, including the mathematical foundations
and evaluation procedures applied to the explainability techniques. Section 4 reports the
experimental results and provides a comparative discussion of the explanatory value and
robustness of each method. Section 5 reflects the contributions, limitations, and potential
extensions of this work and proposes directions for future research. Finally, Section 6 offers
concluding remarks.
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2. Related Work
Recent advances in Artificial Intelligence (AI) and machine learning have led to signif-

icant progress in quality control and fault detection processes in industrial manufacturing.
Deep learning models have shown high predictive performance in identifying defects from
complex production data in domains such as electronics, automotive, and high-precision
manufacturing. However, these models often lack explainability and interpretability, which
are key in environments requiring traceability and regulatory compliance.

To overcome these limitations, Explainable Artificial Intelligence (XAI) techniques
have been developed and adapted to industrial contexts, enabling greater transparency
in model behavior and supporting informed decision-making by domain experts. In
parallel, fuzzy clustering methods such as Fuzzy C-Means (FCM) provide a complementary
approach by enabling segmentation of both intermediate and final product conditions.
These methods are particularly useful in processes characterized by degrees of membership,
where classifications are rarely binary or clear-cut [11,12].

This section reviews the state of the art across four dimensions relevant to our study:
first, deep learning approaches for fault detection in manufacturing; second, the integration
of XAI in industrial applications; third, conventional and fuzzy clustering for production
profiling and defect pattern discovery; and finally, the limited, but growing, body of work
attempting to combine these paradigms into a unified framework.

2.1. Deep Learning + Fault Detection + Manufacturing

Over the past decade, deep learning has become a leading approach to fault detection
in industrial manufacturing systems. Its ability to process non-linear and high-dimensional
data makes it particularly well suited to identify subtle patterns associated with quality
deviations in sectors such as electronics, automotive and precision engineering.

Scientific interest in the application of deep learning to manufacturing fault detection
has experienced steady growth since 2017. A preliminary search conducted in the Web of
Science (WOS) database reveals a total of 292 publications and over 5800 citations related
to this topic. This trend underscores the consolidation of deep learning as a key approach
for predictive quality assurance in industrial environments, as shown in Figure 1.

Figure 1. WOS publications (292) and citations. TS = (“deep learning”) AND TS = (“fault detection”)
AND TS = (“manufacturing” OR “industry” OR “production”).

Numerous studies have shown that the use of convolutional neural networks (CNNs)
and recurrent neural networks (RNNs) can effectively detect defects in production, all in real
time [13–19]. As these models grow in complexity, being black-box models, interpretability
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becomes a relevant need, especially in regulated environments where traceability and
interpretability are essential for compliance and operational validation.

This limitation motivates the integration of explainable AI methods, which will be
addressed in the following section.

2.2. Explainable AI (XAI) + Manufacturing

As machine learning and deep learning models become more widely used in industrial
applications, understanding the logic behind their predictions is critical for quality control,
regulatory compliance, and stakeholder confidence.

A review of the underlying literature related to this topic shows a clear upward
trend. The number of publications combining XAI with machine learning in manufacturing
contexts has grown since 2020, reaching a total of 226 publications and 2820 citations. The
year 2024 marked the peak, with almost 90 publications and more than 1200 citations,
confirming the strategic interest in interpretive AI for industrial quality systems, as shown
in Figure 2.

 

Figure 2. WOS publications (226) and citations. TS = (“explainable AI” OR “XAI”) AND
TS = (“manufacturing” OR “production” OR “quality control”) AND TS = (“machine learning”
OR “deep learning”).

This increase reflects a shift in industrial AI priorities from purely predictive accuracy
to transparent and defensible decision-making frameworks, especially in regulated or
high-risk environments [20–23]. However, despite the growing body of work, most XAI
applications focus exclusively on supervised learning, with limited exploration of its
potential in unsupervised or fuzzy modeling approaches, a gap that this paper aims
to address.

2.3. Fuzzy C-Means + Product Classification OR Quality

Fuzzy clustering methods, in particular Fuzzy C-Means (FCM), have a high ability to
model uncertainty and overlapping class boundaries in data [24]. Unlike rigid clustering
methods, FCM allows observations to belong to multiple clusters with varying degrees of
membership, making it particularly suitable for complex production environments where
process conditions are often ambiguous and continuous rather than discrete.

Despite its theoretical advantages, the application of FCM in production quality
measurement remains limited, as illustrated in Figure 3; the number of studies is limited
to a total of 68 publications and a total of 1293 citations. The first works on FCM date
back to 1990 [25], and its use in industrial contexts did not start to gain traction until after
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2015 [26]. Between 2019 and 2024, a small but steady stream of studies emerged [27–30].
This confirms a growing, albeit niche, interest in leveraging fuzzy methods to address
quality control challenges.

 

Figure 3. WOS publications (68) and citations. TS = (“fuzzy c-means” OR “fuzzy clustering”) AND
TS = (“product classification” OR “manufacturing”).

These works typically apply FCM to problems such as fault detection, condition moni-
toring, or process segmentation [31–33]. However, most studies use FCM as a standalone
tool for classification or clustering, without coupling it with explainable AI techniques. The
integration of FCM with modern interpretability frameworks remains virtually unexplored,
representing a methodological gap that this article seeks to address.

2.4. Joint Use of XAI + Fuzzy Clustering + ML in Industry

The use of methodologies related to explainable AI (XAI) and fuzzy clustering (FCM)
have been developed and tested in various studies, demonstrating their potential applica-
tion in manufacturing process environments, although both methodologies are typically
used independently. The combination of both technologies can help in classifying processes
and understanding interpretability mechanisms in supervised algorithms, but remains
unexplored. This is especially striking considering the growing need for interpretable and
adaptive AI systems in modern industrial environments, where uncertainty, variability,
and liability coexist.

To assess the current state of research, we conducted a comprehensive search of the
Web of Science database using the following combined query:

TS = (“explainable AI” OR “XAI”) AND TS = (“fuzzy c-means” OR “fuzzy clus-
tering”) AND TS = (“manufacturing” OR “industry”) AND TS = (“deep learning” OR
“machine learning”).

The search yielded no results, confirming that there are no published studies to date
that explicitly combine these four components within a single methodological pipeline.
This absence highlights a clear research gap and underscores the novelty of our proposed
framework, which integrates supervised defect prediction using machine learning (XG-
Boost), fuzzy clustering of production profiles (FCM), and explanation layers applied to
both processes using multiple XAI techniques.

The work presented in this paper contributes to bridging the gap between supervised
and unsupervised models and interpretability, allowing for a more comprehensive and
transparent approach to quality control in manufacturing.
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3. Materials and Methods
This section outlines the materials and methodological procedures implemented in

the proposed study. It includes a detailed description of the dataset used, the preprocessing
steps applied, and a dual framework for defect prediction and fuzzy classification in
manufacturing. The aim is to provide a transparent and replicable process that integrates
supervised learning, unsupervised clustering, and explanation methods under a unified
evaluation strategy.

We first introduce the dataset, which contains structured records of manufacturing con-
ditions and defect outcomes. Following this, we describe the data preparation procedures,
including normalization and partitioning for both predictive and clustering tasks.

The core of our methodology is built on two complementary tracks. The first involves
training a predictive model using the XGBoost algorithm to classify high- and low-defect
scenarios, followed by the application of several Explainable AI (XAI) techniques to in-
terpret the model’s decisions. The second track applies K-means and Fuzzy C-Means
clustering to segment production conditions into latent operational profiles. These cluster
assignments are subsequently used as targets in a supervised XGBoost classifier, whose out-
puts are interpreted using XAI techniques (SHAP and LIME) to reveal the most influential
features driving each profile.

Finally, we interpret the outputs of both modeling tracks using multiple XAI tech-
niques (SHAP, LIME, ELI5, PDP, and ICE), focusing on identifying consistent explanatory
patterns across predictive and clustering-based insights. While a formal mathematical
evaluation of explainability methods is left as future work, this dual approach supports a
transparent and interpretable understanding of quality-related factors in manufacturing, as
summarized in Figure 4.

Figure 4. Methodological workflow for interpretable defect analysis in manufacturing.

3.1. Dataset and Preprocessing

The dataset used in this study is a structured collection of 3240 observations related
to industrial manufacturing processes. It includes both operational and quality-related
variables, such as production volume, cost metrics, supplier performance, maintenance
activity, energy efficiency, and defect rates. The objective is to model and analyze how these
variables are associated with the presence or absence of product defects.

Let D =
{
(xi, yi)}N

i=1 denote the dataset used in this study, where each instance
xi ∈ R16 represents a 16-feature vector of production-related variables, and yi ∈ {0, 1} is
the binary label indicating whether the product is defective (1) or not (0).

The target variable “DefectStatus” exhibits a pronounced class imbalance, with 2723
defective samples (y = 1) and 517 non-defective samples (y = 0), representing 84.0%
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and 16.0% of the dataset, respectively. This imbalance was mitigated by using stratified
sampling and class-sensitive performance metrics during model training and evaluation.

3.1.1. Feature Normalization

To ensure compatibility across modeling techniques and the dominance of variables
due to scale differences, all numerical features were normalized to the unit interval [0, 1]
using Min-Max scaling:

xnorm
i,j =

xi,j − min
(
x·,j
)

max
(
x·,j
)
− min

(
x·,j
) , for j = 1, . . . , 16 (1)

This transformation was applied independently to each feature xj, where x·,j denotes
the vector of all values for feature j.

3.1.2. Partitioning Strategy

The dataset was partitioned as follows:

• Supervised learning (XGBoost): an 80/20 stratified split was performed to produce
training and testing sets Dtrain and Dtest, preserving the proportion of defective and
non-defective samples.

• Unsupervised learning (Fuzzy C-Means): the entire feature matrix X ∈ R3240×16 was
used for clustering, ignoring the target variable.

3.1.3. Dimensionality Check

To verify dimensional soundness, Principal Component Analysis (PCA) was applied
to X to verify that the majority of variance was distributed across multiple components
and to ensure there were no collinear or redundant features. PCA was used solely for
exploratory purposes and not as part of the modeling pipeline.

This preprocessing pipeline ensures that the dataset is ready for both supervised defect
prediction and fuzzy segmentation, maintaining integrity and mathematical validity across
all phases of the methodological framework.

3.2. Dual Modeling Framework

This section describes the two complementary modeling tracks developed in this
study: (1) supervised learning for defect prediction, and (2) unsupervised fuzzy clustering
for production profile discovery. Both approaches use the same input features, previously
normalized and preprocessed, but pursue distinct objectives, predictive classification and
structural segmentation, respectively.

3.2.1. Supervised Defect Prediction (XGBoost)

To predict defective outcomes, we trained a binary classification model using
the Extreme Gradient Boosting (XGBoost) algorithm [34]. Formally, given a dataset
D = {(xi, yi)}N

i=1, where xi ∈ R16 and yi ∈ {0, 1}, XGBoost builds an ensemble of classi-
fication trees that approximate a function f : R16 → [0, 1], mapping input features to a
predicted probability of defect:

ŷi = σ

(
K

∑
k=1

fk(xi)

)
, fk ∈ F (2)

where σ(·) is the logistic sigmoid function and F is the space of classification trees. The
final prediction is thresholded (e.g., at 0.5) to produce a binary outcome.
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The model is trained to minimize the regularized binary cross-entropy loss as follows:

L(θ) =
N

∑
i=1

l(yi, ŷi) +
K

∑
k=1

Ω( fk) (3)

where l is the logistic loss, and Ω( fk) is a regularization term penalizing the complexity of
each tree.

Model parameters such as learning rate, tree depth, and number of estimators were
tuned via cross-validation. Performance metrics included AUC-ROC, accuracy, precision,
recall, and F1-score to address the class imbalance in the dataset.

3.2.2. Unsupervised Fuzzy Clustering (Fuzzy C-Means)

In parallel with supervised learning, we applied two unsupervised clustering algo-
rithms, Fuzzy C-Means (FCM) and K-means, to identify latent operational profiles within
the manufacturing data. These techniques allow the segmentation of production instances
based solely on process variables, excluding the defect label.

Fuzzy C-Means (FCM) enables each observation to belong to multiple clusters with
varying degrees of membership uij ∈ [0, 1], providing a soft partitioning of the input
space [24]. The algorithm minimizes the following objective function:

Jm =
N

∑
i=1

C

∑
j=1

um
ij |xi − cj|

2 (4)

where

• cj ∈ R16 is the centroid of cluster j,
• m > 1 is the fuzzifier parameter (we set m = 2),
• ||·|| denotes the Euclidean norm.

The FCM alternates between updating the membership matrix U =
[
uij
]

and the
cluster centroids cj until convergence. The number of clusters C was selected by maximizing
the Partition Coefficient (PC) and the Fuzzy Silhouette Index (FSI), ensuring stability
and interpretability.

K-means, by contrast, produces a hard partition of the dataset by assigning each
observation to the nearest cluster centroid. It minimizes intra-cluster variance and was
used to validate and complement the fuzzy results.

Both clustering strategies offer alternative structural views of the manufacturing
process. These clusters were later interpreted with XAI methods and compared to the
supervised classification results to evaluate alignment between structural segmentation
and defect-driven predictions.

3.3. Explainability Layer

To increase the transparency and accountability of the predictive and clustering models,
we implemented a layer of post hoc explainability using five techniques from the Explain-
able Artificial Intelligence (XAI) domain as follows: SHAP, LIME, ELI5, PDP and ICE.

This explainability layer was independently applied to both components of the frame-
work. In the supervised track, it was used to analyze the contribution of each input feature
to the XGBoost classifier’s prediction of defect likelihood, enabling model auditing and
the validation of learned decision rules against domain knowledge. In the unsupervised
track, the same techniques were employed to interpret the clustering results, identifying
the features that most strongly influence the degree of membership of each instance to
the discovered clusters. Thus, explainability serves a dual purpose: it supports both the
auditing of the predictive model and the characterization of latent production profiles,
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enhancing the practical relevance of the framework for quality control and operational
decision-making.

Each XAI technique provides distinct perspectives on feature relevance.

3.3.1. SHAP (Shapley Additive Explanations)

SHAP is an additive feature attribution method grounded in cooperative game theory.
It quantifies the contribution of each input feature to a specific prediction by computing
Shapley values, originally formulated to fairly distribute payouts among players cooperat-
ing in a coalition [35].

Given a model f : Rn → R , and a feature index j ∈ {1, . . . n}, the SHAP value ϕj for
feature j is defined as

ϕj = ∑
S⊆N\{j}

|S|!(|N| − |S| − 1)!
|N|! [ f (S ∪ {j})− f (S)] (5)

where N is the set of all features and S ⊆ N represents a subset of features not including j.
This expression computes the average marginal contribution of feature j across all possible
subsets S, ensuring fairness in feature attribution as derived from cooperative game theory.

SHAP satisfies the following three key properties desirable in explanation models:

• Local accuracy (additivity):

f (x) = ϕ0 +
n

∑
j=1

ϕj (6)

where ϕ0 is the expected value of the model over the background dataset.

• Consistency: if a model changes such that a feature’s contribution increases or remains
the same regardless of other features, its SHAP value will not decrease.

• Missingness: if a feature is missing in all coalitions (not used in the model), its SHAP
value is zero.

In practice, SHAP is often computed using approximations to reduce the exponential
computational cost of evaluating all feature coalitions.

3.3.2. LIME (Local Interpretable Model-Agnostic Explanations)

LIME is a post hoc interpretability method designed to explain the predictions of any
black-box model by approximating it locally with an interpretable surrogate model. The
central idea is to perturb the input data around a target instance and learn a simpler model
that mimics the behavior of the original model in that local neighborhood [36].

Given a black-box model f : Rn → R and an instance x ∈ Rn, LIME constructs a local
surrogate model g ∈ G, where G is a class of interpretable models (e.g., linear regressions
or decision trees), by minimizing the following objective function:

L( f , g, πx) + Ω(g) (7)

where L( f , g, πx) is a local fidelity loss function that measures how close g approximates f
in the vicinity of x; πx(z) is a proximity kernel that defines the locality around x, assigning
higher weights to samples z close to x; Ω(g) is a regularization term enforcing the simplicity
(e.g., sparsity) of the surrogate model g.

A typical form of the loss is the weighted squared error:

L( f , g, πx) = ∑
z∈Z

πx(z)( f (z)− g(z))2 (8)
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Here, Z is a set of perturbed samples generated around x, often by randomly modify-
ing feature values. LIME thus seeks an interpretable model g that approximates f well in
the region defined by πx.

LIME is model-agnostic, which means that it can be applied to any classifier or
regressor without the need to access the model’s internal parameters or gradients. However,
it has several limitations, including the following:

• Instability: small perturbations in x or the sampling process can lead to different
explanations.

• Sensitivity to kernel width: the choice of πx (often exponential or Gaussian) heavily
influences the local behavior.

• Approximation error: g may fail to capture complex interactions present in f, especially
in high-dimensional spaces.

Despite these limitations, LIME remains a widely used tool for gaining insight into
individual predictions, particularly in domains requiring transparency for regulatory or
ethical reasons.

3.3.3. ELI5 (Explain Like I’m Five)

ELI5 is an interpretability library designed to provide human-readable explanations
for machine learning models, particularly those based on decision trees and linear classifiers.
It offers practical tools to de-compose model predictions into feature-level contributions,
enabling both global and local interpretability [37].

For linear models such as Logistic Regression, ELI5 computes the contribution of each
feature directly from the model coefficients as follows:

Contributioni(x) = wi · xi (9)

where wi is the weight (coefficient) associated with feature i, and xi is the value of feature i
in the input instance x.

The model’s prediction is then given by

(x) = σ

(
n

∑
i=1

wixi + b

)
(10)

where σ is the sigmoid activation function and b is the model intercept. ELI5 explicitly
displays the contribution of each term wixi, enabling users to understand how each feature
influences the final decision.

For models like XGBoost, ELI5 uses a method called “decision path tracing”. This
approach tracks the specific path that an instance follows through a decision tree and
aggregates the information gain contributions of each split.

The local contribution of feature j is computed as follows:

Contributionj(x) = ∑
t∈Tx

Gt
j (11)

where Tx denotes the set of trees traversed by the instance x, and Gt
j is the information

gained attributed to feature j in tree t.
This mechanism enables the estimation of marginal contributions of each feature to

the individual prediction f (x), even in complex ensemble architectures. ELI5 offers high
compatibility with widely used machine learning models such as XGBoost, LightGBM, and
scikit-learn. Its explanations are straightforward and easily understood by human users,
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and it provides detailed visualizations that support both local (instance-level) and global
interpretations of model behavior.

ELI5 provides a practical, accessible, and technically effective tool for understanding
machine learning model behavior, especially in production environments where trans-
parency and auditability are essential.

3.3.4. PDP (Partial Dependence Plots)

Partial Dependence Plots (PDPs) are a global interpretability technique used to vi-
sualize how one or more input variables influence the average model prediction, while
marginalizing the other variables. PDP offers an aggregated perspective of model behav-
ior [38].

Let f (x) denote the trained predictive model, where x =
(
x1, x2, . . . , xp

)
represents

the input features. For a specific feature xs, the partial dependence function is defined
as follows:

PD(xs) = Ex\s

[
f
(

xs, x\s

)]
(12)

where x\s denotes all variables except xs, and the expectation is computed over the distri-
bution of the dataset.

In practice, this expectation is approximated empirically by

P̂D(xs) =
1
N

N

∑
i=1

f
(

xs, x(i)\s

)
(13)

This involves replacing the value of feature xs with a fixed value across all observations
and averaging the resulting predictions.

PDPs are typically visualized as a curve showing PD(xs) on the y-axis against varying
values of xs on the x-axis. For two variables, a 3D surface or heatmap can be generated to
show joint effects.

PDPs are particularly effective in detecting non-linear relationships between input fea-
tures and model predictions, offering insight into the marginal average effect of individual
variables. As a model-agnostic technique, they are applicable to both interpretable and
black-box architectures. PDPs assume that the feature under analysis is independent of the
remaining input variables, an assumption that may not be held in real-world scenarios and
can lead to misleading interpretations. Moreover, when used in a univariate manner, they
fail to capture feature interactions, which are often critical in complex models. Additionally,
the presence of multicollinearity may obscure the true marginal effects, complicating the
interpretation. Despite these limitations, PDP is a tool that helps to visualize the overall
behavior of models, especially in the context of auditing, interpretability, and validation of
complex predictive systems.

3.3.5. ICE (Individual Conditional Expectation)

Individual Conditional Expectation (ICE) plots are a model-agnostic explainability
technique designed to provide instance-level visualizations of how changes in a single
input feature affect the prediction, while keeping all other features fixed. Unlike Partial
Dependence Plots (PDP), which average over the dataset, ICE plots retain the heterogeneity
of individual predictions, making them especially useful for identifying interactions and
non-linear effects in complex models [38].

Let f (x) denote the predictive model, where x =
(
x1, x2, . . . , xp

)
is a vector of p

input features. For a given observation x(i), the ICE function for the feature xs is defined
as follows:

ICE(i)(xs) = f
(

xs, x(i)∖s

)
(14)
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where x(i)\s denotes all features of instance i except for the feature xs, xs is varied across
its range while the remaining features are held fixed, and f (·) is the output of the trained
prediction function.

Each ICE curve corresponds to a single instance and shows the evolution of the
predicted outcome as a function of xs. When averaged across all N instances, ICE recovers
the PDP as follows:

PDP(xs) =
1
N

N

∑
i=1

ICE(i)(xs) (15)

This relationship highlights the individual-level granularity of ICE, in contrast with
the aggregated view provided by PDP.

ICE plots provide a granular, instance-level visualization of how model predictions
change when a single input feature varies while others remain fixed. By displaying one
curve per observation, ICE enables the detection of heterogeneous feature effects, non-linear
interactions, and potential outliers, insights often obscured in aggregated methods like PDP.
This approach preserves individual interpretability, is compatible with any black-box model,
and is particularly valuable in validating models across diverse subpopulations. However,
ICE plots can become visually complex in large datasets and rely on the assumption of
conditional independence, which may be violated when input features are highly correlated.
ICE is a powerful tool for exploring model behavior in high-stakes settings requiring
transparency and fairness.

3.3.6. Interpretation Strategy

The interpretability insights provided by the XAI techniques are used to support
two complementary objectives. First, we analyze the predictions made by the supervised
XGBoost classifier, aiming to identify which features most influence the likelihood of
defects. This facilitates model auditing and enhances trust in automated decisions. Second,
we apply interpretability tools to the clustering results, allowing us to characterize the
latent production profiles discovered by K-means and Fuzzy C-Means algorithms. By
interpreting the degree of membership of each instance to different clusters, we aim to
uncover relevant operational patterns and validate the consistency between predictive and
structural perspectives.

This dual interpretability approach ensures that both the classification of defect status
and the segmentation of production conditions are transparent, explainable, and aligned
with domain knowledge.

3.4. Comparative and Mathematical Evaluation (Conceptual Framework)

To support a future formal assessment of explainability methods in manufacturing,
we propose a mathematical evaluation framework structured around the following three
complementary axes: (1) consistency and convergence, (2) formal interpretability properties,
and (3) quantitative informativeness metrics.

While this framework is conceptually introduced in the present work, its numerical
implementation is left for future research. The current analysis focuses on qualitative
coherence between supervised predictions, clustering results, and explanation outputs,
laying the foundation for rigorous comparative validation in subsequent studies.
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3.4.1. Consistency and Convergence

Let ϕ(m)(x) ∈ Rp denote the attribution vector for instance x generated by explanation
method m. Given N samples {x(i)}N

i=1, we define the ranking consistency between two
methods m and m′ as the average Spearman correlation as follows:

H(ϕ) = −
p

∑
j=1

ϕjlog
(
ϕj
)

(16)

Additionally, intra-method stability is defined by adding small noise ε to the input
and computing the norm deviation as follows:

Stability =
1
N

N

∑
i=1

∣∣∣ϕ(m)
(

x(i)
)
− ϕ(m)

(
x(i) + ε

) ∣∣∣ (17)

3.4.2. Formal Properties

We also outline theoretical criteria for evaluating XAI methods:

• Additivity (e.g., SHAP)
• Local Fidelity (e.g., LIME)
• Implementation Invariance
• Feature Interaction Awareness

While qualitative in nature, these properties can be verified empirically through
regression tests (e.g., local surrogate fit R2) or by comparing explanation stability across
equivalent models.

3.4.3. Quantitative Metrics

A full benchmarking framework could be incorporated as follows:

• Entropy of feature attributions, as defined in Equation (16), is used to quantify the
concentration or dispersion of importance scores across features.

• Rank correlation (Spearman’s ρ) across methods and across perturbed inputs, as a
measure of coherence and robustness.

• Stability Index to evaluate resistance to minor input fluctuations.

S(m) =
1
N

N

∑
i=1

||ϕ(m)
(

x(i)
)
− ϕ(m)

(
x(i) + ε

)
|| (18)

This framework, though not yet fully implemented, provides a formal foundation for
future quantitative evaluation of XAI techniques in high-stakes, quality-critical manufactur-
ing contexts. It is important to note that the present framework does not address temporal
dynamics or system trajectories in a control–theoretic sense. The goal is not to model the
evolution of the manufacturing process over time, but rather to evaluate the consistency
and robustness of explanation outputs under controlled perturbations. While some of the
proposed metrics, such as entropy and explanation instability, may conceptually resemble
stability indicators (e.g., Lyapunov-like functions), they are applied in this study in a static,
non-dynamical context [39]. Future studies may explore these analogies within a formal
mathematical setting.

4. Results
This section presents the experimental results of the dual modeling framework, which

is applied to both defect prediction and production profile segmentation. The analysis
is structured in two parts, as follows: the first addresses supervised learning for defect
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classification, while the second explores clustering of manufacturing conditions. In both
tracks, explainability techniques are employed to analyze model outputs, assess feature
relevance, and evaluate consistency with domain knowledge.

4.1. Supervised Defect Prediction and Explainability

This subsection presents the performance results of the XGBoost classifier in predicting
defect status (binary target), followed by interpretability analysis using XAI techniques.
We evaluate classification accuracy, precision, recall, and AUC, and then examine the
relevance and consistency of feature attributions. The goal is to validate whether the
model’s decision-making aligns with plausible manufacturing logic.

4.1.1. Exploratory Data Analysis (EDA)

Before training any predictive or clustering model, a preliminary exploration of the
dataset was conducted to assess basic statistical properties, inter-variable relationships,
and potential redundancies. While EDA encompasses a wide variety of statistical and
visualization techniques, in this study we apply a focused EDA approach centered on
Pearson correlation analysis and heatmap visualization, as these allow a concise inspection
of the linear associations among process variables and their relation to defect occurrence.
This exploratory step helps identify which features might be most relevant for supervised
and unsupervised learning tasks and supports the later interpretability analysis by revealing
preliminary associations within the data.

The data used for the initial experiments is the open-access Manufacturing Defects
dataset [9]. The variables representing process parameters and defect indicators are detailed
in Table 1.

Table 1. Manufacturing Defects dataset features.

Features

ProductionVolume StockoutRate
ProductionCost WorkerProductivity
SupplierQuality SafetyIncidents
DeliveryDelay EnergyConsumption
DefectRate EnergyEfficiency
QualityScore AdditiveProcessTime
MaintenanceHours AdditiveMaterialCost
DowntimePercentage DefectStatus
InventoryTurnover StockoutRate

“DefectStatus” is the target variable, with a value of 1 if the product is defective and
0 otherwise. All features are numerical and represent key parameters from the manufac-
turing process. These include production metrics (e.g., “ProductionVolume”, “Produc-
tionCost”), quality indicators (e.g., “SupplierQuality”, “QualityScore”), efficiency metrics
(e.g., “EnergyEfficiency”, “WorkerProductivity”), and incident logs (e.g., “SafetyIncidents”,
“MaintenanceHours”). The dataset contains no missing or invalid entries, and all variables
have been validated and normalized for model compatibility.

Exploratory Data Analysis (EDA) was used to determine the most influential features
potentially associated with defect occurrence. Figure 5 presents a Pearson correlation
heatmap summarizing the linear relationships between variables. The full matrix is shown
(both upper and lower triangles) to maintain standard exploratory data analysis conven-
tions and facilitate visual inspection of pairwise relationships across all features.
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Figure 5. Correlation matrix for manufacturing attributes.

The following is a summary of the exploratory data analysis (EDA) results:

• The dataset is complete and well-structured, with no missing values or inconsistent
formats.

• The strongest positive correlations with the target variable (“DefectStatus”) are ob-
served for “MaintenanceHours” (0.30) and “DefectRate” (0.25).

• The strongest negative correlations with “DefectStatus” are “QualityScore” (−0.20)
and “ProductionVolume” (−0.13).

• Most variables exhibit low pairwise correlations, suggesting the presence of non-linear
or multivariate interactions, which supports the use of tree-based models and post
hoc interpretability techniques.

• No feature displays strong collinearity; all correlation values remain below 0.35,
indicating minimal redundancy and avoiding multicollinearity issues.

• Features with minimal variance or negligible association with the target may be
considered for exclusion or dimensionality reduction prior to training.

• Higher values of “MaintenanceHours” and “DefectRate” are consistently associated
with increased defect probability, while lower “QualityScore” is frequently linked to
defective outputs.

• “SafetyIncidents” and “WorkerProductivity” show weak direct correlation with “De-
fectStatus” but may exert influence through interactions within specific clusters, as
explored in later sections.

• Energy-related variables, such as “EnergyEfficiency” and “EnergyConsumption”,
display inverse correlations, validating their internal consistency and measurement
alignment.

4.1.2. Defect Prediction Using Machine Learning Models

To predict manufacturing defects, we conducted a comparative analysis of multiple
supervised learning algorithms. The models evaluated included Logistic Regression,
Support Vector Machines (SVM), K-Nearest Neighbors (KNN), Decision Tree Classifier,
Random Forest, Naive Bayes, and Extreme Gradient Boosting (XGBoost), among others.
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All models were trained using a stratified 80/20 train-test split, and performance was
assessed via 5-fold cross-validation. The evaluation metrics included accuracy, ROC AUC,
precision, recall, F1-score, Cohen’s kappa, and Matthews correlation coefficient (MCC).

As shown in Figure 6, the XGBoost classifier achieved the best overall performance,
with 95.37% accuracy, 88.26% AUC, 99.27% recall, 95.42% precision, 0.9730 F1-score, 0.8099
Cohen’s kappa, 0.8186 MCC, and a training time of 0.059 s.

Figure 6. ML models performance comparison for defect prediction.

All metrics (accuracy, AUC, recall, precision, F1, kappa, MCC, and inference time) are
computed on the test data after cross-validated training. Although tabular in format, the
figure is retained for consistency with the graphical outputs generated in Python 3.10.

Based on the comparative results, XGBoost was selected as the best-performing al-
gorithm, despite its black-box nature. As such, ensuring interpretability is relevant to
understanding the decision-making process behind defect classification. Prior to applying
explainability techniques, we fine-tuned the model’s hyperparameters to optimize perfor-
mance and mitigate class imbalance, as the distribution of defective versus non-defective
samples is skewed. This imbalance is illustrated in Figure 7.

Figure 7. Manufacturing defects (1 = yes; 0 = no).

Following the hyperparameter optimization and class balancing procedures, the fi-
nal XGBoost model demonstrated high predictive performance. The model was fine-
tuned using a focused grid search strategy, and the final hyperparameter configuration
included n_estimators = 150, max_depth = 6, learning_rate = 0.10, subsample = 0.85, col-
sample_bytree = 0.75, gamma = 0.5, reg_alpha = 0.3, and reg_lambda = 1.2. These values
were selected based on cross-validation performance prior to final testing.
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As shown in Figure 8, the confusion matrix reveals a strong capability to distin-
guish between defective and non-defective products. The model correctly classified 678
out of 681 defective samples (true positives), while misclassifying only 3 (false nega-
tives). For non-defective cases, 101 were correctly predicted (true negatives), with 28
misclassified as defective (false positives). This corresponds to a high recall for the mi-
nority class (recall = 0.9956), strong overall accuracy (accuracy = 0.9629), and excellent
F1-score (F1 = 0.9776), confirming the model’s capacity to generalize effectively beyond the
training data.

Figure 8. Evaluation of XGBoost predictions with balanced data.

From an operational standpoint, the classifier adopts a conservative bias toward defect
detection, prioritizing recall over precision (precision = 0.9603), which is often desirable
in high-risk manufacturing settings, where missing a defective product (false negative) is
more critical than over-inspecting a non-defective one (false positive). Most false positives
occur in borderline cases, where high values of “MaintenanceHours” or “DefectRate”
coincide with moderate “QualityScore”, suggesting the need for richer contextual features
(e.g., operator data, sensor logs) to further reduce ambiguity.

4.1.3. Interpretability

This section presents the results obtained using five prominent XAI techniques, SHAP,
LIME, ELI5, PDP, and ICE, applied to the trained XGBoost model. These techniques offer
complementary perspectives that enhance the model’s interpretability and contribute to a
more robust understanding of the underlying process conditions leading to defects.

SHAP
To gain a comprehensive understanding of how the XGBoost model differentiates

between defective and non-defective products, SHAP summary plots were generated for
both class 1 (defective) and class 0 (non-defective) predictions.

As shown in Figure 9, the most influential features are consistent across both classes,
“MaintenanceHours”, “DefectRate”, “QualityScore”, and “ProductionVolume”.

For class 1 (defective products), higher values of “MaintenanceHours” and “Defec-
tRate” are associated with large positive SHAP values, indicating a strong contribution
to the likelihood of defects. In contrast, higher values of “QualityScore” display nega-
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tive SHAP values, suggesting a protective effect by decreasing the predicted probability
of defect.

For class 0 (non-defective products), the pattern is symmetrical, as lower “Mainte-
nanceHours” and “DefectRate”, combined with higher “QualityScore”, contribute to lower
defect probabilities. The SHAP distributions for class 0 are more centered around zero
and exhibit lower variance, indicating that the model confidently identifies non-defective
products under more stable and predictable conditions.

This symmetry in feature contributions between classes confirms the internal consis-
tency of the model and highlights “QualityScore” as a key differentiator with a negative
impact on defect classification.

 

Figure 9. SHAP value distribution for class 0 and class 1.

LIME
LIME was used to generate local explanations for two instances as follows:

• Product 0 classified as defective with a predicted probability of 0.95.
• Product 200 classified as non-defective with a predicted probability of 0.93.

As shown in Figure 10, LIME produces a ranked list of feature contributions for each
individual prediction, based on local linear approximations of the XGBoost model.

In the defective case (left panel), the most influential features increasing the defect
probability are the following:

• “DowntimePercentage” = 0.88, with a strong positive contribution.
• “InventoryTurnover” = 0.41, and “MaintenanceHours” = 0.43, both with moderate effects.
• In contrast, “DefectRate” = 0.12 and “QualityScore” = 0.30 appear to have slightly

negative contributions, suggesting a minor mitigating effect on the prediction.

In the non-defective case (right panel), the main contributors to the low predicted
defect probability include the following:

• “QualityScore” = 0.88, showing a strong negative contribution (protective),
• “WorkerProductivity” = 0.37, and
• “AdditiveMaterialCost” = 0.89, both supporting the non-defect classification.

An interesting insight is the presence of “DowntimePercentage” as a high value (0.91)
in this second case as well. However, in this context, it contributes negatively to the
probability of defect, illustrating LIME’s local nature and how the effect of a variable can
shift depending on the surrounding feature values.
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This analysis confirms that LIME complements global interpretability techniques (e.g.,
SHAP) by providing instance-specific explanations, reflecting subtle interactions that drive
classification decisions on a local scale.

Figure 10. LIME explanations for two individual predictions.

ELI5
To extract a global ranking of feature importance from the trained XGBoost model,

we employed ELI5, which provides an interpretable weight for each variable based on its
contribution across all decision trees. These weights reflect the average impact of each
feature on model predictions, along with their associated standard deviations.

As shown in Figure 11, the top five most influential features identified by ELI5 are
“MaintenanceHours”, “DefectRate”, “QualityScore”, “ProductionVolume”, and “Additive-
MaterialCost”.

This ranking aligns with the results obtained from SHAP and LIME analyses, particu-
larly reinforcing the importance of “MaintenanceHours”, “DefectRate”, and “QualityScore”
as critical predictors of defective outputs. The relatively low importance of variables, such
as “DeliveryDelay”, “SafetyIncidents”, and “WorkerProductivity”, suggests a minor role in
the model’s global decision logic.

Moreover, the consistency between the rankings derived from ELI5 and other explain-
ability techniques enhances the trustworthiness of the model, indicating a stable internal
structure and confirming that its most decisive variables are also those most interpretable
and actionable from a quality management perspective.

Figure 11. Feature importance weights obtained from ELI5.
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PDP and ICE
To further understand the marginal effects of specific features on the model’s output,

we employed Partial Dependence Plots (PDP) combined with Individual Conditional Expec-
tation (ICE). These techniques visualize how variations in each feature affect the predicted
probability of defects, both on average (PDP) and across individual instances (ICE).

Figures 12 and 13 show the joint PDP–ICE curves for the two most influential variables,
“MaintenanceHours” and “DefectRate”.

Figure 12. PDP for “MaintenanceHours” feature.

Figure 13. PDP for “DefectRate” feature.

• For “MaintenanceHours”, there is a clear positive non-linear relationship; once the
normalized value exceeds ~0.4, the predicted probability of defect increases steeply.
The ICE curves confirm this trend across nearly all instances, indicating consistent
model behavior.

• Similarly, for “DefectRate”, low values are associated with low predicted risk, but from
~0.6 onwards, the model output rises rapidly. The ICE variability slightly increases for
higher defect rates, suggesting greater sensitivity in that range.

These visualizations provide model-agnostic evidence of the monotonic influence of
these two variables, supporting the findings from SHAP, ELI5, and feature importance
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rankings. The combination of PDP and ICE thus reinforces the reliability and interpretability
of the model’s behavior regarding these key predictors.

4.2. Fuzzy Clustering and Profile Interpretation

In this section, we report the outcomes of the Fuzzy C-Means (FCM) clustering applied
to the production features, excluding the “DefectStatus” target label, to maintain a purely
unsupervised perspective. This segmentation aims to uncover latent operational profiles
within the dataset, potentially associated with quality-relevant process behaviors.

The resulting clusters are subsequently interpreted using the same Explainable AI
(XAI) methods employed in the supervised track, enabling the identification of dominant
variables within each group and allowing a consistent interpretability layer across both
modeling approaches. Finally, the discovered cluster profiles are compared against the
predicted defect probabilities, supporting a structural coherence analysis between unsu-
pervised groupings and supervised classifications. The choice of FCM is motivated by its
ability to model partial membership, which reflects the inherent ambiguity in real-world
production processes. Rather than increasing system complexity, fuzzy clustering enhances
interpretability by capturing gradual transitions and overlapping defect characteristics.

4.2.1. Cluster Optimization Using Silhouette Index

Before applying the Fuzzy C-Means (FCM) algorithm, we performed a preliminary
analysis to determine the optimal number of clusters (c). The “DefectStatus” variable was
excluded from this step to ensure a purely unsupervised perspective. All numerical features
were normalized using Min-Max scaling to the range [0, 1], to prevent scale dominance in
the clustering process.

To identify the best clustering configuration, we evaluated values of c from 2 to 10
using the Silhouette Index, a standard metric that quantifies the degree of cohesion within
clusters and separation between them. For each c, the silhouette score was computed from
the hard partitioning derived via a crisp K-means approximation of the fuzzy memberships.

This index was selected over other alternatives (e.g., Calinski–Harabasz, Davies–
Bouldin) due to its robustness and interpretability, especially in normalized, low-
dimensional settings like the present one. Unlike metrics that may favor excessive par-
titioning or require strong distributional assumptions, the silhouette score offers a more
intuitive and balanced measure of cluster structure, facilitating clearer decision-making in
unsupervised analysis.

The optimal number of clusters was selected as the one yielding the highest silhouette
score, ensuring a balance between intra-cluster compactness and inter-cluster separability.
As shown in Figure 14, the maximum silhouette value occurs at k = 2, suggesting that the
data is best structured around two main production profiles.

Figure 14. Silhouette Index values for different numbers of clusters.
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This two-cluster configuration will serve as the foundation for the FCM clustering
stage, enabling interpretability through soft membership degrees rather than binary assign-
ments, and setting the stage for subsequent structural analysis with XAI.

4.2.2. Fuzzy Partitioning and Cluster Profile Analysis

The FCM algorithm yielded a membership matrix that assigns each observation a
soft degree of belonging to each cluster. A hard label was then derived by assigning
each point to the cluster with the highest membership score, allowing comparison with
classification outcomes.

To interpret the resulting clusters, we analyzed the centroids derived from the fuzzy
partitioning. However, as illustrated in Figures 15 and 16, the profiles of both clusters were
nearly identical, with minimal variation across features. This limited contrast suggests that
the fuzzy segmentation did not capture meaningful operational heterogeneity. The lack of
distinct cluster identity may be attributed to the absence of strong latent structure within
the data when viewed through the lens of Euclidean distance and linear relationships.

Figure 15. Feature profiles for Cluster 0.

Figure 16. Feature profiles for Cluster 1.
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To validate this observation, we also explored the distribution of the “DefectStatus”
variable within each cluster, Figure 17. The results showed that both clusters contained
similar proportions of defective and non-defective samples, reinforcing the conclusion
that defect-related structure is not inherently discoverable through unsupervised cluster-
ing alone.

Figure 17. Distribution of the “DefectStatus” variable within each cluster.

This outcome contrasts with the high performance of the supervised XGBoost model
discussed in Section 4.1, which successfully identified defective instances with strong
accuracy. The model captured complex, non-linear interactions between features that
were invisible to clustering methods, such as the combined effect of “MaintenanceHours”,
“DefectRate”, and “QualityScore”. This highlights the advantage of supervised learning
supported by explainability tools in uncovering hidden quality patterns in industrial data.

These findings are consistent with previous studies noting that clustering algorithms
such as FCM or K-means often struggle to identify meaningful patterns when the data lacks
well-separated or linearly separable substructures, particularly in industrial environments
characterized by high-dimensional noise and intertwined variables [40,41]. As argued
in [42], in such contexts, supervised models enhanced with explainable AI offer a more
effective and interpretable approach to pattern detection and decision support.

Nevertheless, FCM provides a valuable framework for soft segmentation, and its
combination with explainable AI in subsequent steps enables the extraction of latent
process insights that transcend the limitations of traditional clustering techniques.

4.2.3. Clustering Based on K-Means (k = 3)

As a complementary approach to the fuzzy clustering strategy, we applied the classic
K-means algorithm to analyze the latent structure of the manufacturing dataset using a
hard partition into three clusters.

We selected the same input features used in the fuzzy model, excluding the target
variable “DefectStatus”. The data were standardized using z-score normalization, and
the K-means algorithm was applied with k = 3 and n_init = 10 to improve solution stabil-
ity. The resulting cluster assignments were then added to the dataset under the column
Cluster_KMeans.

The distribution of samples across the three clusters was relatively balanced:

• Cluster 0: 1066 samples
• Cluster 1: 1057 samples
• Cluster 2: 1117 samples
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To better understand the internal structure of each cluster, we computed the centroids
in both the original and normalized variable spaces. The normalized version (based on z-
scores) was used for visualization, enabling comparison across features with very different
ranges and variances.

PCA visualization, Figure 18, reveals a continuous spread of the data with partial
overlaps between clusters, consistent with the low Silhouette Score obtained (~0.056). This
indicates that while the clusters are not strongly separated in geometric terms, the K-means
algorithm is still capable of capturing underlying patterns in the data.

Figure 18. Cluster visualization with K-means (PCA).

To provide a clearer understanding of the cluster profiles, we created a grouped
bar chart showing the normalized centroids per feature and per cluster, Figure 19. This
visualization highlights variable-specific differences between clusters.

Figure 19. Normalized K-means centroids (z-score).

Key differences observed among the K-means clusters are as follows:

• Cluster 0 exhibits high values in “WorkerProductivity” and “QualityScore”, along
with low “StockoutRate”. This profile suggests an efficient and stable production
environment, likely characterized by effective resource utilization and fewer supply-
related disruptions.

• Cluster 1 is defined by the highest levels of “DefectRate”, “SafetyIncidents”, and
“EnergyConsumption”. These patterns indicate operational inefficiencies and potential
safety risks, pointing to a high-risk and resource-intensive segment.



Mathematics 2025, 13, 2436 25 of 33

• Cluster 2 displays a more balanced configuration, with above-average “EnergyEf-
ficiency” and low “DefectRate”. These traits are indicative of a sustainable and
quality-oriented production profile, potentially driven by well-calibrated processes
and controlled inputs.

These results support several conclusions:

• K-means can reveal meaningful operational distinctions even in high-dimensional
manufacturing datasets, especially when aided by post hoc interpretability tools.

• The identified clusters provide a foundation for intermediate labeling, which can be
further exploited in supervised tasks such as quality forecasting or process optimization.

• Compared with the FCM results (Section 4.2.2), K-means clustering demonstrates
greater internal contrast and operational differentiation, making it a more informative
tool for segment-based analysis in this case.

4.2.4. Cluster Membership Prediction with XGBoost and Explainable AI

To further explore the interpretability of the clusters obtained via K-means, we trained
a supervised classifier with the objective of predicting cluster membership based on the
original feature set. This strategy allows us to assess whether the clustering structure is
recoverable and explainable from the input data, and to evaluate which variables are most
influential in distinguishing between groups.

The methodology followed involved the following steps. First, the Cluster_KMeans
labels obtained from the unsupervised K-means process (with k = 3) were used as the target
variable for a supervised classification task.

XGBoost
An XGBoost classifier was then trained using the same set of standardized features

previously used in the clustering phase. The dataset was split into training and test
subsets using an 80/20 ratio to evaluate generalization performance. To enhance model
robustness, a manual fine-tuning of the XGBoost hyperparameters was conducted. The
final configuration used the following settings: n_estimators = 120, max_depth = 4, learn-
ing_rate = 0.15, subsample = 0.9, colsample_bytree = 0.8, gamma = 1.0, reg_alpha = 0.2, and
reg_lambda = 0.8. These values were selected through targeted experimentation based on
validation performance and were fixed prior to final model evaluation.

The model achieved high classification accuracy, as illustrated in Figure 20, where
the confusion matrix shows a strong correspondence between predicted and actual cluster
labels, with most instances correctly assigned to their respective groups.

Figure 20. Confusion matrix, membership of each cluster.
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The classifier correctly predicted 204, 194, and 205 samples for classes 0, 1, and 2,
respectively, resulting in an overall accuracy of 92.90%. Class-wise analysis reveals strong
performance across all categories, with macro-averaged precision of 0.9308, recall of 0.9307,
and F1-score of 0.9304, indicating excellent balance and robustness.

The highest recall was achieved for class 0 (0.9577), while class 2 showed the best
precision (0.9535), reflecting the model’s ability to discriminate subtle variations in defect
profiles. Most misclassifications involve confusion between classes 1 and 2, particularly
in borderline cases where a high “DefectRate” and “MaintenanceHours” coincide with
moderate values of “QualityScore” or other overlapping signals.

These findings suggest a potential gain from incorporating additional operational
features (e.g., shift patterns, sensor anomalies, operator logs) to refine class separation and
further reduce ambiguity in future iterations.

Global Explainability (SHAP)
To understand the general behavior of the model, we applied SHAP to estimate the

mean contribution of each feature to the model output:
We analyzed SHAP values separately by cluster, as shown in Figure 21.

Figure 21. SHAP values by cluster.

Cluster 0 is defined by high “SupplierQuality”, low “DowntimePercentage”, and
low “StockoutRate”, aligning with its centroid traits of high “WorkerProductivity” and
“QualityScore”. Altogether, these results indicate a highly efficient and stable production
environment with minimal disruptions and reliable inputs.

Cluster 1 is predominantly influenced by high “SafetyIncidents”, “EnergyConsump-
tion”, and “ProductionVolume”. These findings are fully aligned with the centroid profile,
which also revealed elevated “DefectRate” and operational inefficiencies. Together, these
indicators point to a risk-prone and resource-intensive cluster, potentially affected by lower
safety standards and suboptimal process control.

Cluster 2 is mainly characterized by high “EnergyEfficiency”, along with low “Down-
timePercentage” and “SafetyIncidents”. These patterns confirm the centroid-based inter-
pretation, where this cluster displayed a balanced operational profile with above-average
“EnergyEfficiency” and low “DefectRate”. Overall, Cluster 2 reflects a sustainable and
quality-oriented production segment, likely to benefit from well-controlled processes and
minimal disruptions.

Local Explainability (LIME)
To complement the global perspective, we applied LIME to individual instances, one

from each cluster, offering a fine-grained view of the decision logic behind each prediction,
as shown in Figure 22.
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Figure 22. LIME explanations for three individual predictions.

For the analyzed instance classified into Cluster 0, LIME confirms the dominance of
features such as high “SupplierQuality”, “WorkerProductivity”, and “QualityScore”, in line
with the global SHAP interpretation and centroid analysis. Despite the presence of some
values typically associated with Cluster 1 (e.g., “EnergyConsumption”, “SafetyIncidents”),
the model assigns the instance to Cluster 0 with high confidence (0.99), reinforcing its
identity as a stable and efficient production profile.

For the analyzed instance assigned to Cluster 1, LIME highlights the contribution
of high “SafetyIncidents”, “EnergyConsumption”, and low “EnergyEfficiency”, which
align closely with the global SHAP findings and centroid-based profile. The model assigns
this instance to Cluster 1 with full confidence (1.00), characterizing it as a risk-prone and
resource-intensive case, reflective of potential safety concerns and operational inefficiencies.

For the analyzed instance classified into Cluster 2, LIME highlights the impact of high
“EnergyEfficiency” and low “SafetyIncidents” as key factors supporting the model’s pre-
diction. The instance also shows moderate “ProductionVolume” and low “StockoutRate”,
which further reinforce the assignment. With a prediction probability of 1.00, this case is
clearly associated with Cluster 2’s sustainable and balanced production profile, character-
ized by efficient resource usage and process stability.

4.3. Summary and Final Remarks

The experimental analysis presented in this section has combined supervised learning,
unsupervised clustering, and explainable AI to uncover patterns, predict outcomes, and
interpret operational behaviors in manufacturing environments. The dual modeling frame-
work proposed, comprising defect prediction and process segmentation, has demonstrated
high predictive capacity, structural coherence, and interpretability.

In the first part (Section 4.1), a supervised approach was applied to predict defect
occurrence using several machine learning models. After comparative evaluation, the
XGBoost classifier emerged as the most effective, achieving 95.37% accuracy, high recall
for the minority class, and strong generalization. The use of SHAP, LIME, ELI5, PDP,
and ICE enabled a detailed understanding of the internal decision logic, consistently
identifying “MaintenanceHours”, “DefectRate”, and “QualityScore” as critical drivers of
defect classification. Local explanations further highlighted context-dependent feature
interactions, reinforcing the model’s transparency and trustworthiness.

In the second part (Section 4.2), unsupervised clustering methods were employed to
segment production profiles. While the initial Fuzzy C-Means (FCM) analysis revealed
limited separation and no clear alignment with defect labels, the alternative application
of K-means clustering (k = 3) provided more interpretable and operationally meaningful
groupings. Each cluster was associated with a distinct set of characteristics:

• Cluster 0: high efficiency and quality, with high “WorkerProductivity” and “Suppli-
erQuality”, and low “StockoutRate”.
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• Cluster 1: marked by inefficiency and risk, with high “SafetyIncidents”, “DefectRate”,
and “EnergyConsumption”.

• Cluster 2: balanced and sustainable, with above-average “EnergyEfficiency” and low
“DowntimePercentage”.

To test the internal validity of the cluster structure, a new XGBoost model was trained
to classify observations by cluster membership. The classifier achieved high accuracy, and
SHAP confirmed that the most relevant features for each cluster aligned with those identi-
fied by K-means centroids. LIME explanations of individual instances further corroborated
the semantic coherence of each profile.

Overall, the results demonstrate the strength of combining predictive modeling, un-
supervised learning, and explainable AI to develop interpretable frameworks for manu-
facturing quality analysis. Although a full mathematical benchmarking of explainability
methods was initially planned, we leave its formalization and quantification (e.g., entropy,
stability, and ranking convergence) for future work. Nevertheless, the consistency across
global (SHAP), local (LIME), and structural (clustering) interpretations provides a strong
basis for human-in-the-loop decision-making and quality assurance in industrial contexts.

5. Discussion and Future Works
5.1. Supervised Defect Prediction and Explainability

In regulated industrial environments, such as those operating under ISO 9001 or FDA
guidelines, model transparency is not merely desirable but essential. Explainability ensures
traceability in decision-making, supports audit readiness, and fosters operator trust, key
aspects for AI adoption in quality-critical domains.

The first part of our framework focused on the supervised classification of defective
products using the XGBoost algorithm. The model consistently outperformed all other
classifiers tested (Figure 6), achieving a remarkable accuracy of 95.37% with an AUC of
0.8826, recall of 0.9927, and a balanced precision (0.9542) and F1-score (0.9730). These
values suggest not only high discriminative power, but also robustness in handling the
class imbalance present in the dataset.

The confusion matrix further highlights the model’s reliability; out of 681 defective
items, only 3 were misclassified, and most non-defective samples were correctly labeled, as
shown in Figure 8. This outcome is particularly relevant in quality control contexts, where
minimizing false negatives is critical for operational safety and customer satisfaction.

Interpretation techniques were key to interpreting these results. For SHAP values,
Figure 9 shows that “MaintenanceHours”, “DefectRate”, and “QualityScore” were the
most influential features. “MaintenanceHours” and “DefectRate” made strong positive
contributions to the defective class, aligning with domain expectations. Conversely, higher
“QualityScore” values reduced the likelihood of being classified as defective, confirming its
protective effect.

These global insights were validated locally using LIME, which offered case-specific
justifications, Figure 10. The two analyzed instances illustrated the contrast between
defect and non-defect predictions, reaffirming the importance of process conditions
like “DowntimePercentage”, “InventoryTurnover”, and “QualityScore” in shaping the
classification decision.

Furthermore, ELI5 rankings, Figure 11, reinforced the SHAP conclusions, confirming
the central role of “MaintenanceHours” and “DefectRate”. PDP and ICE visualizations
(Figures 12 and 13) complemented these findings by demonstrating monotonic and non-
linear effects of these predictors. For instance, the sharp increase in defect probability
when “MaintenanceHours” exceeded a normalized threshold of ~0.4 suggested a critical
operational tipping point.
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5.2. Clustering-Based Segmentation and Interpretability

In the second part of the framework, we explored the unsupervised structure of the
dataset through two clustering strategies: Fuzzy C-Means (FCM) and K-means, aiming
to uncover latent operational profiles beyond the defect classification task. While FCM
revealed limited internal contrast between segments, the K-means model (with k = 3)
produced interpretable groupings aligned with plausible manufacturing configurations.

The centroid profiles obtained through K-means (Figure 19) revealed clear differentiat-
ing patterns.

Cluster 0 was associated with high “WorkerProductivity” and “QualityScore”, and
low “StockoutRate”, suggesting a highly efficient and stable production environment.

Cluster 1, on the contrary, exhibited high “DefectRate”, “SafetyIncidents”, and “Ener-
gyConsumption”, indicating a risk-prone, resource-intensive configuration with potential
process inefficiencies.

Cluster 2 represented a balanced segment with elevated “EnergyEfficiency” and low
“DowntimePercentage”, reflecting a sustainable, quality-oriented profile.

These operational identities were validated through a supervised XGBoost classifier
trained to predict K-means cluster labels. The high classification accuracy (Figure 20)
confirmed the recoverability of the cluster structure from the input variables. Moreover,
the use of SHAP values (Figure 21) allowed us to identify the main drivers for each group
as follows:

• Cluster 0: most influenced by “SupplierQuality”, “DowntimePercentage”, and “Stock-
outRate”, consistent with a lean and input-stable process.

• Cluster 1: dominated by “SafetyIncidents”, “EnergyConsumption”, and “Production-
Volume”, reflecting stress in production intensity and safety protocols.

• Cluster 2: defined by “EnergyEfficiency”, “DowntimePercentage”, and “SafetyInci-
dents”, capturing a scenario of optimized and controlled operations.

The LIME explanations (Figure 22) for individual predictions further reinforced these
patterns. For each analyzed instance, LIME confirmed that the features driving the local
decisions were in alignment with the global SHAP profiles and centroid characteristics.

These results provide empirical support for the coherence and consistency between
unsupervised segmentation and model-based explainability. Even though clustering op-
erates independently of the target variable, the emerging groupings showed meaningful
alignment with the patterns observed in the defect prediction task. Cluster 1 overlaps
substantially with the high-defect regions, while Clusters 0 and 2 appear more aligned with
efficient and defect-minimizing behaviors.

Therefore, the dual approach incorporated in this study helps us to determine action-
able subpopulations within the production environment, as well as ensuring interpretability
and reliability through complementary XAI techniques. This knowledge can serve as a basis
for specific interventions, such as preventive maintenance, supplier quality assessment or
energy optimization.

5.3. Future Work

Several avenues for extension and generalization emerge from this study:

• Integration of temporal data: incorporating time series from production lines could
enhance both prediction and segmentation capabilities, enabling dynamic monitoring
of quality drifts and transitions between operational states.

• Hybrid clustering approaches: combining fuzzy logic with supervised guidance, such
as semi-supervised learning or constrained FCM, may improve cluster separability
while preserving the benefits of soft membership.
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• Multimodal data fusion: enriching the model with additional modalities such as
maintenance logs (text), product images, or real-time sensor data could support a
more comprehensive and context-aware pipeline.

• Prescriptive analytics: moving beyond prediction, the identified clusters and explain-
ability outputs could inform prescriptive actions, such as maintenance scheduling,
energy optimization, or quality assurance policies.

• Deployment in real-time environments: validating the framework within streaming
architectures or digital twin systems would help test its scalability, responsiveness,
and operational feasibility in real-world settings.

• Implementation of the proposed XAI evaluation framework: while Section 3.4 intro-
duces a mathematically grounded evaluation structure for explainability methods, its
full implementation remains open. Applying these formal metrics will allow robust
benchmarking of interpretability, fidelity, and stability across techniques.

Ultimately, this work proposes a generalizable methodology for analyzing complex
manufacturing systems by integrating high-performance prediction, soft clustering, and
explainable AI. This hybrid approach supports both operational insight and actionable
decision-making, core requirements for intelligent, transparent, and adaptive Industry
4.0 systems.

5.4. Limitations

While the proposed framework demonstrated strong predictive performance, inter-
pretability, and structural coherence, several limitations must be acknowledged:

• Synthetic nature of the dataset: although the dataset is grounded in empirical indus-
trial distributions and reflects realistic operational dynamics, it remains synthetic.
Consequently, the generalizability of results to specific industrial environments should
be validated with real-world production data.

• Clustering assumptions and structure: the Fuzzy C-Means algorithm assumes spher-
ical geometry and Euclidean distance, which may not be well-suited for capturing
non-linear or intertwined relationships between process variables. This limitation
became evident in the minimal separation between clusters, especially when compared
to the supervised results.

• Absence of temporal or sequential data: the current approach is based on static
observations. In real manufacturing systems, quality deviations often emerge over
time. The integration of temporal data streams or event logs would enable more
dynamic and context-aware predictions.

• Interpretability remains qualitative: while a mathematical framework for evaluating
explainability was proposed, the actual application of quantitative metrics (e.g., at-
tribution entropy, ranking consistency, fidelity scores) remains a subject for future
work. At present, the interpretability analysis relies on visual coherence across XAI
techniques (SHAP, LIME, etc.), which though informative, is inherently subjective.

These limitations open opportunities for future research, particularly in extending
the methodology to real-time environments, being validated with industrial datasets, and
implementing the formal evaluation layer introduced in Section 3.4.

6. Conclusions
We proposed and validated a dual modeling framework that integrates supervised

learning, unsupervised clustering, and Explainable AI (XAI) to support quality control and
operational profiling in manufacturing environments.

In the first phase, we focused on defect prediction using the XGBoost algorithm. The
model achieved high performance (accuracy = 95.37%, recall = 99.27%) and demonstrated
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strong generalization. The application of five post hoc XAI techniques (SHAP, LIME,
ELI5, PDP, and ICE) enabled transparent interpretation of the decision logic. Key features
“MaintenanceHours”, “DefectRate”, and “QualityScore” consistently emerged as the most
influential, aligning with expert knowledge and validating the model’s interpretability.

In the second phase, unsupervised clustering was applied to the same input space.
While Fuzzy C-Means offered limited structural separation, K-means (k = 3) revealed three
meaningful clusters as follows: (i) efficient and high-quality (Cluster 0), (ii) risk-prone and
resource-intensive (Cluster 1), and (iii) balanced and sustainable (Cluster 2).

To validate consistency, we trained an XGBoost model to predict cluster assignments.
The classifier performed strongly, and SHAP and LIME analyses confirmed that the vari-
ables distinguishing clusters overlapped with those used in defect prediction. This semantic
coherence was further reinforced through convergence across global (SHAP), local (LIME),
and structural (centroid) interpretations.

A final cross-methodological analysis confirmed that features such as “DefectRate”,
“EnergyEfficiency”, “SafetyIncidents”, and “QualityScore” play an important role in
both modeling tracks. Their consistent relevance underscores the internal alignment of
the framework.

Although we have proposed a formal mathematical framework for XAI evaluation
(Section 3.4), its quantitative implementation remains as future work. Completing this
layer would further strengthen the robustness and theoretical soundness of interpretable
AI in industrial applications.

Overall, the results demonstrate that the combination of supervised prediction, unsu-
pervised clustering, and XAI provides a robust, interpretable, and actionable methodology
for manufacturing analysis. This hybrid framework supports both operational insight
and strategic intervention, contributing to the development of intelligent, transparent, and
adaptive systems aligned with Industry 4.0 principles.

Future research will extend this framework to real-time systems, multimodal data
(e.g., logs, sensors, and images), and prescriptive analytics to build resilient, explainable
solutions for complex production environments.
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