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Abstract—Accurately forecasting the long-term viability of
firms in the highly regulated and competitive health-care sector is
critical for investors, managers, and policymakers. Conventional
machine-learning methods often struggle to reconcile predictive
power with transparency, while standard clustering techniques
provide limited insight with high-dimensional, noisy business
data.

This paper introduces Fuzzy Vertex-Feature Clustering (FVFC),
a novel framework that couples fuzzy-set theory with a ver-
tex—feature representation to discover interpretable survival
patterns. FVFC embeds firms into a simplex, whose vertices
correspond to survival classes, using Jensen—-Shannon divergence
to capture non-linear relationships among financial, innovation,
and operational indicators. A fuzzy Fk-nearest-neighbor -clas-
sifier then refines class-membership probabilities, and Kernel
Principal Component Analysis maps the high-dimensional space
to an interactive 3-dimensional visualization. To bridge the
interpretability gap, the framework integrates a large language
model that generates natural-language explanations.

The main contribution in Al lies in combining fuzzy-set theory,
divergence-based embeddings, and automated natural-language
explanations to achieve interpretable survival prediction.

Tests on 27,166 Italian pharmaceutical and medical-device
companies, plus three public benchmarks, show FVFC attains
state-of-the-art performance, with weighted F-measure of 0.969
+ 0.006 while preserving human-readable logic. Compared with
tree ensembles and gradient boosting, FVFC delivers comparable
or better accuracy, markedly improves minority-class recall, and
provides stakeholders with 3-D plots and narrative justifications.
The proposed framework offers a transparent, domain-adaptable
decision-support tool that can enhance strategic planning and
risk management across the health-care industry.

Index Terms—Fuzzy Vertex Feature Clustering, Fuzzy k-
nearest neighbors, Artificial Intelligence in survival prediction,
Health sector company survival analysis, Explainable Artificial
Intelligence and decision support

I. INTRODUCTION

The health sector represents a fundamental pillar for global
economic and social stability, significantly impacting public
health and technological progress. However, organizations in
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the health sector have to operate under challenging conditions
that are characterized by high-level competitiveness, regulatory
constraints, and resource scarcity. These challenges emphasize
the importance of understanding survival dynamics to enable
stakeholders to make informed decisions that ensure the sus-
tainability of operations.

The prediction of health sector companies’ survival requires
the analysis of intricate, often nonlinear relationships among
various business attributes, such as financial well-being, mar-
ket stance, and technological proficiency. Conventional pre-
dictive models, although efficacious in specific scenarios,
often grapple with achieving a balance between accuracy
and interpretability. The development of explainable artificial
intelligence (XAI) underlines the importance of developing
systems that are not only accurate but also explain their
predictive capabilities [1], [2].

Fuzzy prediction methods represent a potentially power-
ful tool for survival prediction due to their ability to natu-
rally handle uncertainty through fuzzy membership functions,
which often results in higher interpretability than traditional
hard-label prediction methods. Despite their advantages, these
methodologies face significant challenges in achieving high
levels of interpretability and visualization when dealing with
high-dimensional, nonlinear business data.

A. Challenges

Despite recent progress, the prediction of survival probabil-
ities for health sector enterprises still faces three operational
challenges:

o Interpretable clustering: Existing techniques, such as
k-means and hierarchical clustering, are not suitable for
nonlinear and high-dimensional data of firms and often
do not provide easily interpretable results [3], [4].

« Explainability: High-performing models are often black
boxes, and this restricts the ability to trust and use the
model for decision-making [5], [6].

« Visualization: Lack of informativeness of simple two-
dimensional plots does not allow stakeholders to grasp
complex structures. [7].



To overcome the drawbacks of the existing predictive mod-
eling techniques, the present work proposes a novel predictive
modeling framework with the following features:

1) Fuzzy Vertex-Feature Clustering (FVFC): a
divergence-based embedding approach that projects
firms onto a simplex space and provides interpretable
fuzzy class membership scores.

2) Fuzzy K-Nearest Neighbors (Fuzzy KNN) refine-
ment: a neighborhood-based module that refines mem-
bership scores to improve the robustness of the predic-
tion approach [8].

3) Interactive 3D visualization: a Kernel PCA-based
module that projects the embedding space onto a three-
dimensional space.

4) Natural-language explanations: an LLM-based mod-
ule that provides a concise summary of the prediction
rationale based on membership scores and nearest neigh-
bors, useful for non-technical stakeholders.

To support interpretability, the proposed framework couples
the FVFC prediction with an interactive 3D view (Kernel PCA)
and a text explanation module. For each queried company, the
system highlights its location in the embedding space, its near-
est neighbors, and the resulting class-membership scores, and
it generates a concise natural-language rationale conditioned
on these quantities. The interface and explanation workflow
are described in Section V.

This paper is organized as follows: section II analyzes the
related work, section III discusses the employed methods,
section IV provides and discusses the experiments and results,
section V describes the graphical framework, conclusions are
given in section VL.

II. RELATED WORK

Fuzzy systems have been able to achieve widespread ac-
ceptance in survival analysis and risk prediction due to their
potential to address uncertainty through soft membership func-
tions, which may lead to an improvement in interpretability
over hard decision models. Past studies on fuzzy and hybrid
models for healthcare-related prediction include fuzzy wavelet
neural networks [9], fuzzy neural networks with support vector
machine learning [10], and fuzzy min—max models [11]. These
models were used in critical survival analysis, such as in
acute decompensated heart failure patient mortality prediction
[12], and were discussed in comprehensive reviews of various
intelligent decision support models [13]. Fuzzy deep learning
and recurrent fuzzy neural networks were also used in critical
and dynamic environments, which demonstrates the flexibility
of fuzzy/hybrid models in learning [14]-[16].

Interpretability is another significant factor to consider
when working on high-stakes problems. Methodological work
emphasizes the need to ensure human interpretable Al and
argues for the use of fuzzy models to support this [17],
[18]. Complementary lines of research study explainable Al
techniques that help interpret complex models [7] and rule-
extraction strategies that translate learned behavior into more
accessible forms [19]. Interactive visualization and fuzzy Al

have also been explored to support exploratory analysis and
healthcare-oriented decision support where robustness and
interpretability are crucial [20], [21].

Despite these advances, previous work has generally fo-
cused on fuzzy prediction models, explainable AI models,
and interactive visualization models individually, while rarely
integrating these models to produce a workflow that can
produce both an interpretable geometric representation and
stakeholder-level explanations for high-dimensional tabular
data.

III. METHODS

A. Framework Overview
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Fig. 1. End-to-end overview of the proposed FVFC framework. From an input
feature matrix, FVFC computes a divergence-based simplex embedding and
fuzzy memberships, which are refined by fuzzy KNN. Kernel PCA provides
an interactive 3D view of the embedding, while an LLM produces a concise
natural-language rationale from memberships and nearest neighbors.

Trilateration for Position

Probabilty Assignment

Figure 1 shows the proposed workflow. The FVFC frame-
work starts with the feature matrix and then proceeds to create
an interpretable simplex representation through the follow-
ing steps: building class vertices, computing centroids, and
measuring dissimilarities to centroids using Jensen-Shannon
divergence. Each company is then located through the trilat-
eration step, which yields fuzzy membership scores. To make
the model more robust to noisy and imbalanced data, fuzzy
K-Nearest Neighbors is used to refine the fuzzy membership
scores. To make the model interpretable, the high-dimensional
space is reduced to three dimensions through Kernel Princi-
pal Component Analysis, allowing interactive exploration of
proximity relations. Additionally, a large language model is
used to create a concise textual rationale.

B. Dataset and Preprocessing

The dataset includes 27,166 Italian companies in the phar-
maceutical industry and medical device manufacturing, labeled
by operational status. Features span financial, innovation, and
operational indicators (e.g., profit margins, total assets, patent
counts, market attractiveness, and IP efficiency).

A standard preprocessing pipeline was applied: (i) removal
of records with missing/invalid labels; (ii) feature-name clean-
ing; (iii) separation of numerical and categorical variables;



(iv) median imputation for missing numerical values and
encoding for categorical variables; (v) z-score standardization
of numerical features; and (vi) consolidation into a single
modeling matrix. The resulting label distribution is highly
imbalanced: Issued (11,258), Lapsed (1,801), Retired (19), and
Pending Transfer (18). Given the extreme scarcity of the last
two categories, Retired and Pending Transfer were excluded
from subsequent experiments.

C. Fuzzy Vertex-Feature Clustering (FVFC)

The enhanced FVFC algorithm represents an extension of
conventional fuzzy clustering methods. It achieves this by inte-
grating relationships between vertices and features, and by em-
ploying the Jensen-Shannon divergence as a means to calculate
distances. This methodology is designed to encapsulate the
intricate relationships present in data of high dimensionality,
all the while ensuring that the results remain interpretable. This
approach aims to capture the complex relationships in high-
dimensional data while maintaining interpretability, which is
crucial for practical applications in the health sector where
decisions need to be transparent and understandable.

1) Simplex Generation: The algorithm begins by generating
simplex vertices in a d-dimensional space. For C' classes (clus-
ters), a simplex with C' vertices is constructed. If C' < d + 1,
standard simplex vertices are used; otherwise, vertices are
placed uniformly (e.g., vi, = (cos(27k/C),sin(2nk/C),0)).

2) Feature Centroids Computation: For each class ¢ €
{1,2,...,C}, the feature centroid p, is computed by averag-
ing the feature vectors of all samples belonging to that class:

o= O n

where NV, is the number of samples in class c.

3) Normalization: To ensure that feature vectors represent
probability distributions, each feature vector x; and centroid
1, is normalized using the ¢; norm:
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4) Jensen-Shannon Divergence: The Jensen-Shannon di-
vergence (JSD) is employed as a symmetric measure of
divergence between two probability distributions. For each
sample X;, the JSD to each class centroid fi. is computed:
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where M; = 3(X; + f1.) is the average distribution and
D (P||Q) =), Pjlog (%) To ensure numerical stability,
small values are clipped to a minimum positive value €.

5) Trilateration for Position Mapping: The distances ob-
tained from the JSD are used to map each sample into the
simplex space by solving a trilateration problem. For each
sample ¢, the position p; is found by minimizing the residuals
between the calculated distances and the actual distances in
the simplex space:

c
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This nonlinear least squares problem is solved using opti-
mization techniques such as the Levenberg-Marquardt algo-
rithm.

6) Probability Assignment: After mapping samples to po-
sitions in the simplex space, probabilities of class membership
are assigned based on the inverse of the Euclidean distance to
each vertex:

1
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These probabilities are normalized to ensure they sum to
one across all classes for each sample:
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D. Fuzzy K-Nearest Neighbors Classification

A(i,c)
PF(VFC =

(6)

To enhance classification performance, the fuzzy KNN al-
gorithm is integrated. [22] Fuzzy KNN extends the traditional
KNN by assigning membership degrees to each class instead
of hard labels.

1) Membership Degree Calculation: For a sample x;, the
distances to all training samples are computed. The K nearest
neighbors are identified, and their distances d;; and class labels
y; are used to compute the membership degree of x; belonging
to class c:

Eje./\ﬂ 5(yj,C) ((f_/(#l))
i
1
Zje./\/i (d?j/(m—l)>

where N; denotes the set of K nearest neighbors of sample
i, 6(y;,c) is the Kronecker delta function, and m > 1 is the
fuzziness parameter controlling the influence of the distance.

) (7
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E. Combined Classification Decision

The final class membership probabilities are obtained by
combining the outputs from the FVFC and fuzzy KNN com-
ponents using a weighted average:

P(ivc)

combined — aPl-g\l/lg% + (1 - a)ui67 ®)
where o € [0, 1] is a weighting parameter balancing the
contributions of FVFC and fuzzy KNN.
The final predicted class for sample x; is determined by:

combined

U; = arg max plo )

F. Visualization Using Kernel Principal Component Analysis

To facilitate interpretability and exploration of complex
relationships, Kernel PCA is employed to project high-
dimensional data into a three-dimensional space suitable for
visualization.



1) Kernel PCA Transformation: Kernel PCA extends tra-
ditional PCA by using kernel functions to capture nonlinear
structures. The cosine kernel is selected for its ability to
measure the similarity between data points based on the angle
between vectors:

T
k’(XZ‘,Xj) = L

= (10)
1%l

The kernel matrix K is constructed, and eigenvalue de-
composition is performed to obtain the principal components.
The transformed coordinates for sample ¢ are given by z; =
(zi1, Zi2, Zig)T, corresponding to the top three eigenvectors.

2) Interactive  Visualization: ~ An interactive three-
dimensional graphical representation is created, wherein
each data point is positioned according to its transformed
coordinates, represented as z;. Clusters are visualized utilizing
convex hulls or mesh surfaces, offering a geometric depiction
of class boundaries. Interactive elements are incorporated,
enabling users to hover over individual points to access
detailed information, thereby enhancing interpretability.

G. Integration of Large Language Models for Explainability
and User Interface Design

In order to improve the interpretability of classification
results for non-technical stakeholders, a large language model,
namely Qwen 2.5 7B [23], is leveraged to produce a natural
language explanation of the FVFC classification results.

For each classified company, feature values, predicted class
probabilities, and information from the nearest neighbors are
assembled into a structured prompt and sent to the LLM via
the OpenAl API. The explanation process can be expressed
as the mapping &(f,c*,N) = LLM(P(f,c*,N)), where f
denotes the feature vector, c* the predicted class, and A the
neighborhood information.

The user interface supports interactive inspection of each
prediction by collecting company inputs through numeric
fields, projecting the instance into a 3D space via FVFC and
Kernel PCA, and visualizing clusters and nearest neighbors in
a Plotly 3D scatter plot. The provided explanation is displayed
along with the visualization, allowing users to understand the
classification results in a concise narrative form based on
memberships and neighborhood comparisons.

H. Label Mapping Using the Hungarian Algorithm

To evaluate the clustering performance, cluster labels are
mapped to true class labels using the Hungarian algorithm
[24]. Given the confusion matrix C = [¢;;], where ¢;; repre-
sents the number of samples in true class ¢ assigned to cluster
J, the optimal mapping minimizes the overall misclassification.

1) Optimization Problem: The assignment problem is for-
mulated as:

c C
m}gxg E PijCij,

i=1j=1

Y

subject to:

c c
Zpij =1, Zpij =1, py€{0,1}, (12)
i=1 j=1

where P = [p;;]| is a permutation matrix representing the
assignment of clusters to true classes.

2) Solution: The Hungarian algorithm efficiently solves
this linear assignment problem, yielding the optimal mapping
between cluster labels and true class labels.

1. Algorithm Complexity Analysis

The preprocessing stage runs in O(np) for n samples and p
features. FVFC requires O(nCp) to compute Jensen—Shannon
divergences to C centroids, while fuzzy KNN membership
refinement scales as O(nNp) for distance evaluation against
N training instances. Kernel PCA has O(n?p) kernel con-
struction and O(n?) eigendecomposition cost and is applied
only for visualization; similarly, the LLM module is used only
for interpretability.

IV. EXPERIMENTS
A. Experimental Setup

The experiments performed are multiclass classification
tasks on various datasets in order to stress the capabilities
of the proposed technique in various settings. Their scores are
benchmarked against state-of-the-art machine learning tech-
niques such as Decision Tree (DT), Random Forest (RF), XG-
Boost [25], k-Nearest Neighbors (KNN), and Linear Support
Vector Machine (LSVM). For all the tests in all experiments,
the model’s hyperparameters reported in Table I have been
used. The tests were performed using 10-Fold cross-validation
to ensure models’ robustness. Mean values of the weighted F1
score and their standard deviation have been reported in Table
II and Tab III.

TABLE 1
HYPERPARAMETER SETTINGS FOR METHODS AND MODELS

Method/Model Hyperparameter Value

Number of Clusters Number of Classes

Number of Neighbors 5
FVFC Fuzziness Parameter (m) 2.0

Weighting Factor (alpha) 0.7
Decision Tree  Criterion Gini
Random Forest quber of Estimators IQO‘

Criterion Gini

Number of Classes Unique Class Count

XGBoost Eval Metric logloss
KNN Number of Neighbors (k) 5
Linear SVM Kernel Type Linear

B. Performance Evaluation of Proposed Framework

The findings from the experiments illustrate the effec-
tiveness of the improved Fuzzy Vertex-Feature Clustering
(FVFC) method, which is particularly useful for forecasting
the longevity of firms in the healthcare industry. Table II offers



TABLE II
CLASSIFICATION RESULTS FOR BENCHMARK MODELS

Model W-F1 C0-F1 C1-F1

FVFC 969 + .006 969 + .004 .881 = .020
DT 963 + .005 979 + .003 .867 = .020
RF 967 + .004 982 + .002 874 + 016
XGB 971 + .003 984 + .002 .894 + .015
KNN 934 + .007 964 + .004 748 + .023

LSVM 797 = 016 925 +.007 .000 + .000

TABLE III

CLASSIFICATION RESULTS ACROSS MODELS AND DATASETS

Dataset Model  Accuracy F1 Time(s)
FVEC 978 +.006 .978 + .006 36.52
DT 970 £ .009 .970 £ .009 00.76
Cervical Cancer [26] RF 976 £ .007 .976 + .007 10.55
XGB 973 £.007 .973 £ .007 08.67
KNN 971 £.009 .971 +.009 00.13
LSVM 955 +.020 .955 +.020  00.73
FVEC 969 +.031 .969 + .031 12.59
DT 952 £.025 952 £+ .025 00.33
Breast Cancer [27] RF 962 +.030 .962 +.030  06.10
XGB 971 £.032 971 +£.032 01.85
KNN 965 +.026 .965 + .026 00.07
LSVM 961 +.022 .961 £ .022 00.17
FVFC 953 +.060 .952 + .062 00.08
DT 933 + .052 .932 +.052 04.26
Iris [28] RF 947 £ .058 .945 +£.060 01.14
XGB 940 +.047 .939 +.048 00.09
KNN 952 +.052 .952 + .054 00.07
LSVM 947 £ .058 .945 +£.060  01.77

an extensive analysis comparing multiple machine learning
algorithms, emphasizing the subtle differences in performance
among various classification methods.

1) Model Performance Metrics: The FVFC approach, as
proposed, attained a weighted Fl-score of 0.969 =+ 0.006,
thereby establishing its competitive standing amidst contem-
porary machine learning techniques. Furthermore, the model’s
performance was robust across various classes, with partic-
ularly strong results for the dominant class (Class 0) and
consistent performance for the minority class (Class 1).

Upon conducting a comparative analysis, it becomes evident
that various algorithms exhibit nuanced performance attributes.
XGBoost emerged with the highest weighted Fl-score of
0.971£0.003, achieving a slight superiority over the proposed
FVFC method. This marginal difference suggests that both
methods are highly competitive, with XGBoost having a
slight edge in this particular context. The Random Forest and
Decision Tree models displayed similar performance levels,
with weighted F1-scores of 0.967 4+ 0.004 and 0.963 = 0.005,
respectively. Conversely, the Support Vector Machine (SVM)
demonstrated the poorest performance, attaining a weighted
Fl-score of 0.797 £ 0.016. This notably lower score indicates
that SVM may not be well-suited for datasets with complex,
nonlinear relationships, such as the one under consideration.

C. Class-Specific Performance

An examination of class-specific Fl-scores provides valu-
able insights into the predictive abilities of the models under
consideration. Notably, across all models evaluated, the pre-
dominant class, designated as Class 0, consistently achieved
F1-scores surpassing 0.96, which attests to a strong predictive
capacity for the majority class. In contrast, the performance
for the minority class, Class 1, displayed more intricate
variations. Specifically, the FVFC methodology attained an
F1-score of 0.881 with a standard deviation of 0.020, thereby
demonstrating the model’s efficacy in tackling the complexities
associated with class imbalance.

D. Generalizability and Cross-Dataset Validation

Table III offers a thorough assessment of the FVFC ap-
proach across various datasets, thereby illustrating its gen-
eralizability and robustness. In the context of the Cervical
Cancer dataset, the FVFC method achieved the highest ac-
curacy rate of 0.978 with a standard deviation of 0.006,
outpacing conventional machine learning models. Similarly, in
the Breast Cancer dataset, the FVFC approach demonstrated
competitive performance with an accuracy of 0.969 and a
standard deviation of 0.031. Furthermore, consistent results
were observed in the Iris dataset, where the accuracy was 0.953
with a standard deviation of 0.060.

E. Theoretical and Practical Implications

The suggested framework overcomes key shortcomings of
current predictive modeling methods by employing several
innovative mechanisms. Through the integration of fuzzy
clustering and interactive visualization techniques, the model
offers unparalleled transparency in decision-making processes.
Additionally, the inclusion of Large Language Models (LLMs)
facilitates the generation of explanations in natural language,
thereby effectively bridging the communication gap between
technical predictions and the comprehension of stakeholders.
Furthermore, the fuzzy approach exhibits remarkable profi-
ciency in handling the inherent uncertainty that is characteris-
tic of survival predictions in the health sector.

V. GRAPHICAL FRAMEWORK

The proposed decision-support interface (Fig. 2) couples the
FVFC embedding with interactive exploration and explanation.
Companies are displayed in a 3D projection of the FVFC
space (Kernel PCA), where issued and lapsed instances form
a characteristic triangular structure. Transparent class surfaces
approximate the regions associated with each class and typ-
ically overlap in an intersection zone that highlights higher
uncertainty. Class centroids are shown as reference markers to
help users contextualize where a firm lies with respect to the
two survival patterns.

For a new company, the interface highlights its position
(cross) together with its nearest neighbors (larger points)
that drive the fuzzy membership refinement; the neighbor
color intensity reflects their influence. The class membership
probabilities are also provided in natural language by the LLM,
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Fig. 2. Framework showing the FVFC prediction. Users enter company
parameters (top), inspect the 3D embedding with the queried firm (cross) and
its nearest neighbors (center), and read the LLM-generated rationale (bottom).

which offers a justified explanation of the results based on the
calculated memberships.

VI. CONCLUSIONS

The proposed Fuzzy Vertex-Feature Clustering (FVFC)
framework represents a significant theoretical and practical
advancement in survival prediction for health sector com-
panies. By synthesizing fuzzy logic, advanced visualization
techniques, and explainable artificial intelligence, the proposed
methodology offers a comprehensive approach to addressing
the complex challenges of predicting company survival under
conditions of uncertainty.

The research contributes not only a novel technical solution
but also provides a conceptual framework for understand-
ing and navigating the intricate landscape of health sector
company survival. Future iterations of this approach hold
substantial promise for enhancing strategic decision-making
processes in dynamic and complex business environments.
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