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SUMMARY:

This protocol presents a reproducible fuzzy machine learning workflow for multi-class
dermatological disease classification using symptom-based clinical data. The protocol includes
data preprocessing, fuzzification, fuzzy predictor construction, rule-based inference, machine
learning classification, and external validation to support interpretable and reproducible clinical
decision-making.

ABSTRACT:

Dermatological diseases frequently present with overlapping clinical manifestations, making
accurate diagnosis challenging due to uncertainty and variability in symptom interpretation.
This study aimed to develop and externally validate a fuzzy machine learning framework for
multi-class dermatological disease classification using symptom-based clinical and
histopathological data. The proposed protocol integrates fuzzy logic with machine learning via a
reproducible workflow that includes data acquisition, preprocessing, exploratory data analysis,
four-valued fuzzification, fuzzy predictor construction, rule-based inference, model training,
and external validation. The dermatology dataset, containing 366 patient records and six
disease classes, was transformed from 34 original features into eight interpretable fuzzy
predictors ( 1 — g) . Random Forest (RF), Support Vector Machine (SVM), and Extreme
Gradient Boosting (XGBoost) classifiers were evaluated using accuracy, precision, recall, F1-
score, Cohen's kappa coefficient, 10-fold cross-validation accuracy, and training time. The
proposed fuzzy framework achieved a maximum classification accuracy of 97.30%, an Fl-score
of 97.24%, and a Cohen's kappa coefficient of 0.966 using the RF classifier, while SVM
demonstrated the shortest training time (0.038 s). External validation was performed using an
independent dataset of 200 dermatology patients collected from Fatima Medical Centre, where
RF and SVM each achieved 99.00% classification accuracy using the original clinical features and
maintained strong predictive performance after fuzzy transformation. The proposed framework
effectively reduced feature dimensionality while preserving clinically relevant information and
demonstrated robust performance on independent clinical data, supporting its applicability for
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interpretable dermatological disease classification and clinical decision-support systems.

INTRODUCTION:

Dermatological diseases are among the most prevalent chronic health conditions worldwide
and impose a substantial clinical and socioeconomic burden. Diseases such as psoriasis, eczema,
seborrheic dermatitis, lichen planus, pityriasis rosea, chronic dermatitis, and pityriasis rubra
pilaris frequently exhibit overlapping clinical manifestations, including erythema, scaling, itching,
papules, and inflammatory skin lesions, making accurate diagnosis challenging"2. Diagnosis
typically relies on clinical examination and histopathological assessment, which may involve
uncertainty, subjectivity, and inter-observer variability. Conventional machine learning (ML)
approaches generally utilize crisp input values and often fail to adequately represent the
uncertainty inherent in symptom-based clinical data3. Consequently, there is an increasing need
for computational frameworks that can manage uncertainty while maintaining interpretability
and clinical relevance.

Recent advances in artificial intelligence have significantly improved automated diagnosis of
dermatological diseases through feature selection, deep learning, and ensemble learning
techniques. Javed et al. demonstrated the importance of feature selection in improving skin
lesion detection, whereas Khan et al. proposed a unified deep learning framework that
integrates feature fusion and selection for skin lesion segmentation and classification*°. Karimi
et al. comprehensively reviewed feature selection strategies for large-scale medical databases,
highlighting the importance of dimensionality reduction for robust predictive modeling®.
Furthermore, Aliyu et al. reported enhanced feature selection using a Chaotic Salp Swarm
Algorithm for imbalanced medical datasets, while Nasir et al. presented a CNN-enabled
framework for skin cancer detection’-2. Although these studies have achieved promising results,
they primarily focus on image-based diagnosis or conventional feature selection techniques and
place limited emphasis on interpretable fuzzy machine learning models that use symptom-
based clinical and histopathological data.

Previous fuzzy approaches have demonstrated the potential of fuzzy logic for dermatological
diagnosis and broader healthcare decision support. Laskaris et al. (2010) developed a fuzzy
perception-based framework for describing skin lesion images by assigning semantic attributes
such as color, symmetry, border irregularity, and texture using machine learning trained on
human assessments. Their work focused on semantic image description rather than
interpretable fuzzy clinical decision support or disease classification®. Similarly, Ayo et al. (2020)
proposed a fuzzy rule-based expert system for diagnosing severe acne skin disease, where fuzzy
rules were employed to manage uncertainty in symptom interpretation and estimate disease
severity!®. However, their framework was designed specifically for acne diagnosis and did not
incorporate feature reduction, integration of supervised machine learning, or external clinical
validation. Beyond dermatology, Fatima and Khushal (2025) introduced an explainable fuzzy
machine learning framework integrating fuzzy logic with machine learning and deep learning
algorithms for epidemiological disease prediction under uncertain clinical conditions, while
Khushal and Fatima (2024) developed a fuzzy logic-based machine learning framework for
diabetes risk prediction using modifiable clinical risk factors and further reviewed the
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expanding role of fuzzy computing in healthcare decision support, disease diagnosis, and
intelligent clinical systems" ™, In contrast, the proposed framework introduces a reproducible
four-valued fuzzy representation that transforms clinically related variables into interpretable
fuzzy predictors, integrates fuzzy reasoning with multiple supervised machine learning
classifiers, and validates the methodology using an independent real-world clinical dataset,
thereby providing a generalized and clinically interpretable framework for symptom-based
disease classification.

Previous fuzzy dermatology studies have primarily employed conventional fuzzy inference
systems, manually defined linguistic rules, neuro-fuzzy classifiers, or fuzzy preprocessing
followed by standard machine-learning models. These approaches generally operate directly on
the original clinical variables or use membership functions only as a preprocessing mechanism,
without constructing a compact intermediate representation that preserves clinically related
feature groups. In contrast, the proposed framework introduces a structured fuzzy predictor
architecture in which 34 clinical and histopathological variables are first transformed using a
reproducible four-valued membership scheme and then aggregated into eight clinically
interpretable predictors. The methodological contribution, therefore, extends beyond
dimensionality reduction. It provides a two-stage representation-learning mechanism that
combines clinically guided feature grouping with fuzzy transformation, rule-based reasoning,
and supervised classification. In addition, the same predictor-construction procedure is adapted
to an independent clinical dataset, allowing the framework itself, rather than only the final
classifiers, to be externally evaluated.

Existing fuzzy dermatological classification studies generally employ conventional fuzzy
inference systems, fuzzy rule-based classifiers, or fuzzy preprocessing techniques without
simultaneously addressing dimensionality reduction, model interpretability, reproducibility, and
independent clinical validation. In contrast, the proposed framework introduces an
interpretable eight-predictor ( ; — §g) representation that transforms 34 clinical and
histopathological variables into eight clinically meaningful fuzzy predictors while preserving
diagnostically relevant information. Furthermore, the framework integrates a reproducible
four-valued fuzzy transformation, an interpretable fuzzy rule base, supervised machine-learning
classification, and external validation with an independent clinical dataset. These
methodological characteristics distinguish the proposed framework from previous fuzzy
dermatology classification studies.

Unlike conventional fuzzy classifiers that directly assign disease classes through a single fuzzy
inference stage, the proposed method uses fuzzy reasoning to construct a reduced, clinically
meaningful predictor space, which is then evaluated by multiple supervised machine-learning
algorithms. This separation between fuzzy representation construction and machine-learning
classification enables assessment of the fuzzy transformation's effect independently across
different classifiers and datasets.

Fuzzy logic offers an effective mechanism for representing uncertainty by transforming crisp
clinical observations into linguistic categories such as Absent, Mild, Moderate, and Severe.
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When integrated with machine learning algorithms, fuzzy systems improve interpretability
while preserving clinically meaningful information during prediction. Despite these advantages,
relatively few studies have investigated fuzzy machine learning frameworks for multi-class
dermatological disease classification, particularly those incorporating external clinical validation
and constructing interpretable fuzzy predictors. We hypothesize that an interpretable fuzzy
predictor framework can reduce data dimensionality while preserving clinically relevant
information and maintaining high classification performance.

To address this gap, this study proposes to develop and externally validate a fuzzy machine
learning framework for multi-class dermatological disease classification using symptom-based
clinical and histopathological data. The framework was initially developed using a publicly
available dermatology dataset containing six disease classes. A preliminary fuzzy representation
based on four predictors ( 1 — 4) was first investigated; however, experimental evaluation
indicated information loss and reduced classification performance. Therefore, the framework
was extended to eight fuzzy predictors ( 1 — g) , providing a more comprehensive
representation of clinically and histopathologically related features while substantially reducing
dimensionality. Finally, the proposed methodology was externally validated using an
independent clinical dataset collected from Fatima Medical Centre, Karachi, to assess its
robustness and generalizability.

The principal novelty of this study lies in developing and externally validating an interpretable
fuzzy machine learning framework that combines (i) a reproducible four-valued fuzzy
transformation for ordinal dermatological symptom severity, (ii) the construction of eight
clinically interpretable fuzzy predictors ( 1 — §g) that reduce dimensionality from 34 original
variables to eight predictors, (iii) an interpretable fuzzy rule-based inference mechanism
integrated with supervised machine learning classifiers, and (iv) validation using an
independent real-world clinical dataset. Together, these contributions provide a reproducible
and clinically interpretable framework for symptom-based classification of dermatological
diseases.

Beyond dermatological disease classification, the proposed framework introduces a generalized
multi-valued fuzzy reasoning paradigm for clinical decision support. Rather than evaluating
individual symptoms independently, the framework simultaneously models physiologically
related groups of clinical variables to capture their combined contribution to disease severity
and progression. The proposed predictor construction allows multiple interacting clinical
features (. ., 1, 2, 3 4) to be aggregated into clinically meaningful latent predictors,
enabling the identification of disease patterns that cannot be represented by isolated variables
alone. Likewise, the absence or reduced severity of specific combinations of clinical factors may
indicate disease remission, lower risk, or improved treatment response. This generalized multi-
valued fuzzy representation is independent of dermatology and can therefore be extended to
other symptom-based medical domains where multiple physiological indicators jointly influence
diagnosis, prognosis, and therapeutic decision-making.

Consequently, the proposed methodology is not limited to classifying dermatological diseases.



177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220

It provides a clinically interpretable framework that can support physician decision-making,
personalized risk assessment, disease monitoring, and treatment planning across a wide range
of healthcare applications. Furthermore, by identifying clinically relevant combinations of
physiological features rather than isolated biomarkers, the framework may assist
pharmaceutical research by enabling understanding of disease mechanisms, patient
stratification, and the design of more targeted therapeutic strategies.

Therefore, the principal novelty of this work lies not only in introducing a four-valued fuzzy
machine learning framework, but also in establishing a generalized multi-valued clinical
reasoning methodology that is transferable to other healthcare decision-support systems!?716,

PROTOCOL:

The external validation dataset consisted of retrospectively collected, fully anonymized clinical
records from Fatima Medical Centre in Karachi, Pakistan. All patient identifiers were removed
before data analysis to ensure patient confidentiality, and no personally identifiable
information was accessed or retained. The use of the anonymized clinical records for research
purposes was authorized by the clinic administration. The recruitment period covered two
months, during which consecutive patient records were collected.

Method 1: Data acquisition and preprocessing for dermatology patient data

Dermatology considered the dataset description

The primary dataset collected from Fatima Medical Centre and the publicly available
dermatology dataset obtained from the UCI Machine Learning Repository!* (accessed via online
dataset-hosting and data-science platform) were loaded into a computational environment
such as Python (using pandas) or MATLAB. Functions such as read_csv() in Python or readtable()
in MATLAB were used to import both datasets into memory.

The dermatology dataset comprised clinical and histopathological features of multiple
dermatological diseases, including psoriasis, seborrheic dermatitis, lichen planus, pityriasis
rosea, chronic dermatitis, and pityriasis rubra pilaris. The dataset contained symptom-based
clinical variables measured on an ordinal severity scale ranging from 0 to 3, where 0 indicated
the absence of symptoms, and 3 indicated severe symptoms. Key features included erythema,
scaling, itching, acanthosis, hyperkeratosis, spongiosis, and elongation of rete ridges, together
with patient age and disease class labels.

The structured ordinal representation of symptom severity made the dataset suitable for
fuzzification and fuzzy rule-based modeling. Clinical and histopathological variables were used
as input features for multiclass dermatological disease classification within the proposed fuzzy
machine-learning framework. The dermatology dataset consisted of 366 patient records, 34
clinical and histopathological attributes, and a disease class label representing six
dermatological conditions. The proposed fuzzy framework reduced the dataset's dimensionality
from 34 original features to 8 fuzzy predictors (P1 — Ps) while preserving clinically relevant
information for disease classification.
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The preprocessing workflow consisted of several sequential steps. First, the dermatology
dataset was inspected, and a data dictionary describing all clinical and histopathological
variables was prepared. Records containing missing values were then identified. The
dermatology dataset contained eight records with missing age values. These records were
excluded prior to analysis, resulting in a final dataset of 358 complete observations. Categorical
disease labels were encoded as numerical class labels for machine-learning implementation,
whereas ordinal clinical severity variables retained their original four-level coding (0-3). The
dataset was divided into training (80%) and testing (20%) subsets through stratified random
sampling with a random seed of 42. Normalization parameters were estimated from the
training dataset and subsequently applied to the testing dataset to prevent data leakage. Finally,
the normalized ordinal variables were transformed into four-valued fuzzy membership grades
of 0.00, 0.33, 0.66, and 1.00. This transformation was followed by fuzzy predictor construction
(P» — Ps), machine-learning classification, and performance evaluation. Numerical variables
were normalized where necessary using min—max scaling. Ordinal symptom-severity values
ranging from 0 to 3 were retained to preserve their clinical meaning during fuzzification into
multilevel logic.

Exploratory data analysis and visualization

Exploratory data analysis was performed to examine class distribution, feature correlations, and
feature severity. Descriptive statistics, correlation heatmaps, and feature-severity plots were
generated to verify data quality and guide fuzzy predictor construction.

Method 2: Fuzzification of dermatology dataset clinical variables

Considered dermatology datasets

This study utilized two independent datasets. The primary dataset was the Dermatology
Dataset obtained from the ucl Machine Learning Repository
(https://archive.ics.uci.edu/ml/datasets/Dermatology)!*. The dataset contained 366 patient
records, 34 clinical and histopathological attributes, and six dermatological disease classes. For
convenient access and data management, the same dataset was downloaded through its
mirrored online dataset-hosting and data-science platform repository. The online dataset-
hosting and data-science platform version contained identical records and variables and did not
represent a different dataset. Consequently, all experiments reported for the primary dataset
were conducted using the original UCI Dermatology Dataset.

To evaluate the generalizability of the proposed framework, an independent external clinical
validation dataset comprising 200 retrospectively collected, anonymized patient records was
obtained from Fatima Medical Centre, Karachi, Pakistan. This dataset included 140 eczema
cases and 60 psoriasis cases and was used exclusively for external validation. The same
preprocessing, fuzzification, predictor construction, fuzzy inference, and machine-learning
procedures applied to the primary dataset were subsequently applied to the external clinical
dataset.

Selection of key features
Clinically relevant variables were selected from the dermatology dataset, including erythema,
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scaling, itching, acanthosis, hyperkeratosis, spongiosis, elongation of rete ridges, and additional
histopathological indicators such as parakeratosis and clubbing of rete ridges. These features
were selected because of their diagnostic significance in distinguishing among multiple
dermatological disease classes.

Definition of membership functions

The proposed framework followed the general concept of fuzzy membership representation
used in conventional triangular and trapezoidal fuzzy systems. However, because the
dermatology dataset recorded symptom severity using four ordinal categories—Absent, Mild,
Moderate, and Severe—continuous overlapping membership functions were deemed
inappropriate. Instead, a heuristic discrete membership assignment was employed to preserve
the ordinal clinical interpretation while providing a simple, reproducible, and interpretable
fuzzification procedure. The predefined membership grades were assigned as Absent = 0.00,
Mild = 0.33, Moderate = 0.66, and Severe = 1.00. These values were selected based on
established fuzzy-logic principles reported in the literature and were further reviewed by Dr.
Khalida Perveen at Fatima Medical Centre for clinical consistency with the ordinal symptom-
severity definitions. Consequently, breakpoint estimation, overlap widths, and parameter
optimization required for conventional triangular or trapezoidal membership functions were
not applicable to the proposed framework.

0.0, =0( )
_Joss, =1( )
()=10s6 =) )y O

1.00, =3( )

In Equation (1), x = {0,1,2,3}, the first variable denotes the original ordinal clinical severity score,
and u(x), the second variable, represents the corresponding fuzzy membership grade.

Four-valued fuzzy transformation

The original dermatological symptom-severity values, which ranged from 0 to 3, were
transformed into fuzzy membership values ranging from 0 to 1. Four linguistic categories—
Absent, Mild, Moderate, and Severe—were used to represent different degrees of symptom
manifestation. The transformed fuzzy values were subsequently used to construct predictors
and generate fuzzy rules. This design preserved the ordinal interpretation of the clinical
observations while providing a simple, reproducible, and computationally efficient framework
for constructing the fuzzy predictors (P1 — Pg) (Table 1 and Table 2)

Implementation of fuzzification

Each ordinal clinical and histopathological variable was transformed into its corresponding fuzzy
membership grade according to Equation (1). The resulting fuzzy values of 0.00, 0.33, 0.66, and
1.00 were subsequently used to construct the fuzzy predictors (P1 — Pg), which served as inputs
to the fuzzy rule-based inference system and the machine-learning classifiers.

Method 3: Development of a fuzzy rule-based inference system
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Feature-based rule design

Fuzzy IF-THEN rules were developed using clinically relevant dermatological features such as
erythema, scaling, itching, acanthosis, hyperkeratosis, and elongation of rete ridges. Rule
construction was based on established dermatological diagnostic patterns associated with
multiple disease classes in the dermatology dataset, including psoriasis, seborrheic dermatitis,
lichen planus, pityriasis rosea, chronic dermatitis, and pityriasis rubra pilaris.

Rule formulation

The fuzzy IF-THEN rules were manually formulated based on established dermatological
knowledge, standard medical references (Bolognia et al.; Guyton and Hall; Tortora)!’~%, and the
clinical interpretation of the grouped fuzzy predictors (P; — Pg). The proposed rule base was
further reviewed using clinical input from Dr. Khalida Perveen at Fatima Medical Centre to
ensure consistency with common dermatological diagnostic patterns. The rules provided a
transparent and interpretable reasoning process and were not automatically learned or
optimized from the dataset?’. Representative fuzzy rules were presented in Table 3.

The fuzzy predictor values were calculated as the average fuzzy membership values of their
corresponding feature groups. These predictors served as condensed representations of clinical
symptoms, epidermal changes, inflammatory characteristics, and histopathological findings.
Predictor construction was shown in Equations (2)—(5).

+ + +

= 2
1 2 (2)

+ + +
2= 2 (3)
+ + +

3= 2 (4)

__ Elongation Rete Ridges+Thinning Suprapapillary Epidermis+Munro Microabscess+Spongiform Pustule (5)
4=

4

The fuzzy predictor values were calculated as the arithmetic mean of the corresponding fuzzy
membership grades, because all grouped features represented clinically related manifestations
of the same dermatological characteristic and were measured on the same four-level ordinal
scale. The arithmetic mean provided a simple and interpretable summary while assigning equal
weight to each feature. In the absence of established clinical evidence or validated feature-
importance measures indicating that some variables contributed more than others, equal
weighting was adopted to avoid subjective bias. Consequently, no weight optimization was
performed.

The eight fuzzy predictors (P1 — Pg) were calculated as the arithmetic means of their
corresponding feature groups presented in Table 4. The same procedure described in Equations
(1)—(4) for the (P1 — P4) four-predictor framework was used.

For each predictor, the fuzzy value was calculated as the arithmetic mean of the four associated
fuzzy-transformed features. The predictor definitions were provided in Table 2 and Table 4, in
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which each predictor represented the aggregated contribution of clinically related
dermatological characteristics. Each feature was first transformed into a four-valued fuzzy
membership value of 0.00, 0.33, 0.66, or 1.00, after which the corresponding predictor value
was calculated using the mean of the grouped features.

Rule integration

The fuzzy IF-THEN rules presented in Table 5 were integrated into a rule-based inference
system using logical AND operators. The fuzzy IF-THEN rules were integrated into a rule-based
inference system using logical AND operators. For each patient, the fuzzy predictor values (P1 —
Ps) were evaluated against the antecedent conditions of all predefined rules. Rules that
satisfied the specified conditions were activated, and their corresponding disease-class
membership values were aggregated using the maximum operator. The aggregated
membership values were then passed to the decision stage, in which the disease class with the
highest membership value was selected as the final prediction. The complete rule base and its
implementation were provided in raw data.

Defuzzification

The maximum-membership principle was employed to convert the fuzzy inference outputs into
crisp disease-class predictions. The disease class associated with the highest aggregated fuzzy
membership value was selected as the final classification outcome.

Integration of the fuzzy inference system with machine learning

The proposed framework integrated fuzzy reasoning with supervised machine learning through
a sequential computational pipeline. Initially, the raw clinical and histopathological variables
were preprocessed and transformed into four-valued fuzzy membership grades. The fuzzified
variables were subsequently aggregated into eight clinically interpretable fuzzy predictors (P1 —
Ps) using the corresponding predictor equations. These predictors were evaluated using the
predefined fuzzy IF-THEN rule base, in which logical AND operators determined rule activation
and the activated rule outputs were combined using the maximum aggregation operator. The
maximum-membership principle was then employed to assign the final fuzzy state of each
predictor. The resulting fuzzy predictor values constituted a reduced feature matrix that served
as the input to the supervised machine-learning classifiers, including Random Forest (RF),
Support Vector Machine (SVM), and Extreme Gradient Boosting (XGBoost). Finally, the trained
classifiers generated disease predictions, and their performance was evaluated using accuracy,
precision, recall, F1-score, Cohen’s kappa coefficient, cross-validation accuracy, and training
time.

Complete fuzzy inference procedure

The proposed fuzzy inference system operated through a sequence of steps. First, the clinical
and histopathological variables were transformed into four-valued fuzzy membership grades of
0.00, 0.33, 0.66, and 1.00. The fuzzy-transformed variables were then aggregated to construct
the (P1 — Pg) eight fuzzy predictors using the arithmetic mean of clinically related feature groups.
The calculated predictor values were evaluated against the predefined fuzzy IF-THEN rules
using the logical AND operator. Activated rules contributed membership values to their
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corresponding dermatological disease classes, and multiple activated rules were combined
using the maximum aggregation operator. Finally, the maximum-membership defuzzification
principle assigned each patient to the disease class with the highest aggregated membership
value, which was subsequently used as input for supervised machine-learning classification.
This sequential fuzzy inference procedure provided a complete and reproducible
implementation of the proposed fuzzy machine-learning framework9,10,11 for dermatological
disease classification.

Method 4: Applied a fuzzy machine learning framework

Dataset splitting

To prevent data leakage, the dataset was first divided into training and testing subsets using
stratified sampling. All preprocessing operations that required parameter estimation, including
missing-value imputation and normalization, were fitted exclusively using the training dataset.
The learned preprocessing parameters were subsequently applied unchanged to the testing
dataset. The predefined four-valued fuzzy transformation was then applied consistently to both
the training and testing samples using the same membership-assignment scheme. This
procedure ensured that no information from the testing dataset influenced model training or
preprocessing.

Machine learning (ML) models

Random Forest (RF)

Random Forest?! was an ensemble learning algorithm that constructed multiple decision trees
and combined their predictions via majority voting. The method was robust to noise, reduced
overfitting, and effectively processed high-dimensional clinical and histopathological data. In
this study, Random Forest was employed to classify dermatological diseases using both the
original and fuzzified feature representations.

Support vector machine (SVM)

Support Vector Machine?? was a supervised machine-learning algorithm that identified an
optimal decision boundary for separating multiple disease classes. SVM was particularly
effective for high-dimensional classification problems and provided strong generalization
performance. The classifier was trained using both the original and fuzzy predictor datasets to
evaluate the effect of fuzzy transformation on classification accuracy and computational
efficiency.

Extreme gradient boosting (XGBoost)

XGBoost?® was a gradient-boosting algorithm that sequentially constructed decision trees to
minimize classification errors. The method incorporated regularization and optimization
strategies to improve predictive performance and reduce overfitting. XGBoost was used to
investigate the effectiveness of the proposed fuzzy predictor?* framework in improving
classification accuracy and reducing computational complexity.

The machine-learning implementation and parameter settings are available with the raw data.
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Model hyperparameter configuration

The machine-learning models were implemented using fixed hyperparameter settings. Random
Forest was configured with 100 decision trees (n_estimators = 100), the Gini impurity criterion,
unlimited tree depth (max_depth = None), and random_state = 42. The Support Vector
Machine used a radial basis function (RBF) kernel with C = 10 and gamma = “scale.” XGBoost
was configured with 100 estimators (n_estimators = 100), learning_rate = 0.1, max_depth = 4,
objective = “multi:softmax,” num_class = 6, and random_state = 42. Default values were
retained for all remaining hyperparameters.

ML performance evaluation metrics

Accuracy is measured by the proportion of correctly classified instances among all
observations®, as shown in Equations (6)—(9), in which TP, TN, FP, and FN represent true
positives, true negatives, false positives, and false negatives, respectively.

+
- + + o+ (6)
1. Precision: It evaluates the proportion of positive predictions that are correct®. (See
Equation (7))
= — (7)
2. Recall: It measures the ability of the classifier to correctly identify relevant disease
instances®. (See Equation (8))
= — (8)
3. F1-Score: The Fl-score® provides a balanced measure of precision and recall. (See
Equation (9))
_ 2% x
1- = - (9)
4, Cohen's Kappa ( ) : Cohen's kappa® evaluates agreement between predicted and
actual classes while accounting for agreement that occurs by chance.
- (10)

Cross-validation accuracy
Tenfold cross-validation was employed to assess model robustness and generalization
capability?®. The average classification accuracy across the 10 folds was reported.

Training time
Computational training time was recorded in seconds to compare the efficiency of the different
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machine-learning models and feature representations. In Equation (10), Po and P. represent the
first and second terms, respectively, which represent the observed agreement between the
predictions and true labels and the expected agreement resulting from random chance. Higher
kappa values indicated stronger classification reliability and predictive consistency.

Model training
The selected model was trained using the fuzzified input features. Training was performed
using commands such as model. fit(X_train, y_train).

Hybrid integration

The fuzzy machine-learning predictions were integrated by combining the outputs of the fuzzy
rule-based system with those of the machine-learning model. This integration improved
classification accuracy and enhanced the interpretability of the dermatological diagnoses.

Method 5: Model evaluation and validation

Prediction generation

The trained model was applied to the testing dataset using functions such as model.
predict(X_test). The predicted disease classes were recorded.

Performance evaluation

Model performance was evaluated using metrics such as accuracy, precision, recall, and the
confusion matrix. Functions such as classification_report() and confusion_matrix() in Python
were used. Comparative performance results for the original and fuzzy feature representations
are reported in Table 6.

Interpretation of results
The fuzzy outputs were analyzed alongside the classification results to assess uncertainty and
confidence levels. The results were interpreted in the context of dermatological diagnosis.

Method 6: External Clinical Validation

Clinical Dataset Preparation

An independent external clinical validation dataset was retrospectively collected at Fatima
Medical Centre in Karachi, Pakistan, to evaluate the generalizability of the proposed framework.
The dataset consisted of 200 fully anonymized patient records collected over a 2-month period.
Patient selection included individuals with dermatologist-confirmed diagnoses of eczema or
psoriasis who had complete clinical records that included all required clinical variables. Records
with incomplete clinical information were excluded from the analysis.

The final dataset comprised 140 eczema cases and 60 psoriasis cases. Among patients with
eczema, 90 had contact dermatitis, and 50 had chronic dermatitis. The dataset included 103
male and 97 female patients. The age distribution included 37 patients younger than 20 years,
103 patients aged between 20 and 40 years, and 60 patients older than 40 years.

The recorded clinical variables included redness, itching, watering, secondary infection, boil
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formation, pus discharge, dryness, dandruff, and clinician-assessed weak immunity. These
variables represented clinically relevant manifestations commonly used during dermatological
assessment to differentiate eczema from psoriasis.

To ensure methodological consistency, the same preprocessing, four-valued fuzzification, fuzzy
predictor construction, rule-based inference, and machine-learning procedures applied to the
primary dermatology dataset were subsequently applied to the external clinical dataset.
Classification performance was evaluated using accuracy, precision, recall, F1-score, Cohen’s
kappa coefficient, tenfold cross-validation accuracy, and computational training time.

The collected clinical records were reviewed for completeness and consistency before analysis.
The same preprocessing procedures applied to the primary dermatology dataset, including data
cleaning, normalization, feature selection, and four-valued fuzzy transformation, were
subsequently applied to the clinical validation dataset. This approach ensured methodological
consistency and enabled an objective evaluation of the proposed fuzzy machine-learning
framework using real-world clinical data.

The anonymized external validation dataset was made available as raw data.

Validation of fuzzy rules

The developed fuzzy rule base was evaluated using the clinical dataset. The predicted disease
classifications were compared with the clinician-confirmed diagnoses. For the external clinical
validation dataset, three fuzzy predictors (P1 — P3) were constructed from nine clinically relevant
dermatological features. The predictors represented symptom severity, infection-related
manifestations, and psoriasis-associated manifestations. These predictors were subsequently
used for machine-learning classification and performance evaluation. The clinical variables
assigned to each fuzzy predictor and the corresponding predictor-construction formulas are
summarized in Table 7.

A simplified fuzzy rule base was developed for the external validation dataset using the three
fuzzy predictors (P1 — P3). The rules were formulated according to the predominant clinical
manifestations of eczema and psoriasis observed in the collected patient records. The eczema-
related rules primarily incorporated symptom severity and infection-associated manifestations
represented by P1 and P,, whereas the psoriasis-related rules were predominantly associated
with dryness, dandruff, and immune status indicators represented by Ps. The resulting rule base
was subsequently integrated with the machine-learning classifiers to evaluate the robustness of
the proposed fuzzy machine-learning framework using independent clinical data. The
representative fuzzy rules used to differentiate eczema and psoriasis are presented in Table 8.

Performance assessment
Accuracy, precision, recall, F1-score, Cohen’s kappa coefficient, cross-validation accuracy, and

training time were calculated.

Method 7: Visualization and reproducibility
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Visualization of membership functions
Plots of the fuzzy membership functions were generated to illustrate the severity levels of the
clinical features.

Workflow diagram generation
A schematic diagram representing the complete pipeline was created. The diagram included
data preprocessing, fuzzification, rule-based inference, machine learning, and prediction.

Documentation of parameters
All preprocessing steps, membership-function definitions, and model parameters were
documented. Scripts and configurations were saved to ensure reproducibility.

Preparation for video demonstration

The step-by-step execution of the workflow, including data preprocessing, fuzzification, rule
implementation, and model training, was recorded. Clarity and logical sequencing were
maintained throughout the visual demonstration.

Reproducibility resources

The computational workflow was implemented using a Python-based computational
environment with standard data-processing, machine-learning, statistical-analysis, and
visualization libraries. Complete software names, versions, sources, and URLs were provided in
the Table of Materials.

The preprocessing procedures, fuzzy membership assignments, predictor-construction
equations, fuzzy rule base, machine-learning hyperparameters, evaluation metrics, and
statistical analyses were fully documented in the manuscript. The Python implementation,
workflow scripts, and raw data were provided to facilitate reproduction of the proposed
methodology.

Method 8: Statistical analysis

Classification performance was evaluated using accuracy, precision, recall, F1-score, Cohen’s
kappa coefficient, and tenfold cross-validation accuracy. Statistical significance between the
paired classification outcomes from the original and fuzzy feature representations was assessed
using McNemar’s test, which compares paired predictions on the same testing samples. The
continuity-corrected McNemar test statistic was calculated using Equation (11).

=12
»_ i 1) (11)

Where denotes the number of samples correctly classified by the original model but
misclassified by the fuzzy model, and ¢ denotes the number of samples misclassified by the
original model but correctly classified by the fuzzy model. Statistical significance was defined as
p < 0.05. All statistical analyses were performed using a standard Python-based computational
environment. Complete software information is provided in the Table of Materials.
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REPRESENTATIVE RESULTS:

The dermatology dataset consisted of 366 patient records and 34 clinical and histopathological
features representing six dermatological disease classes. Exploratory data analysis (Figure 1,
Figure 2, and Figure 3) demonstrated the class distribution, correlations among clinical
variables, and average severity scores for dermatological features, providing the basis for
subsequent fuzzy transformation and machine learning analysis. The complete computational
workflow was summarized in Figure 4, which illustrated the sequential stages of data
acquisition, preprocessing, four-valued fuzzification, fuzzy predictor construction, fuzzy rule-
based inference, machine-learning classification, and external validation.

Detailed class-wise precision, recall, F1-score, and support for the Random Forest, Support
Vector Machine, and XGBoost classifiers are provided in raw data, while the corresponding
confusion matrices are presented in raw data.

On the fixed stratified test set of 74 patients, RF achieved an accuracy of 95.95% (95% ClI:
88.75%—98.61%) using the original 34 features and 97.30% (95% Cl: 90.67%—99.26%) using the

1 — g predictors. The originaland 1 — g models produced discordant outcomes for three
patients: one patient was correctly classified only by the original model, and two were correctly
classified only by the P1-P8 model. The 1.35-percentage-point difference was not statistically
significant (exact McNemar p = 1.000; paired-bootstrap 95% Cl for the difference: -2.70 to 6.76
percentage points). Therefore, the holdout analysis indicates that the proposed |— g
framework maintained classification performance while reducing the number of predictors
from 34 to 8, with no statistically significant difference in accuracy compared with the original
feature representation.

In repeated stratified 10-fold cross-validation, RF achieved 97.70% + 0.29% with the original
features and 97.24% + 0.20% with 1 — g . The small difference favored the original
representation (Wilcoxon W = 2.0, Holm-adjusted p = 0.0117). These findings indicate that

1 — g provides substantial dimensionality reduction with a small average performance
tradeoff.

The proposed framework was further evaluated using an independent external clinical
validation dataset collected from Fatima Medical Centre. The external validation performance
of Random Forest (RF), Support Vector Machine (SVM), and XGBoost classifiers using the
original clinical features and the proposed fuzzy predictor representation is summarized in
Table 9. The results demonstrate that the proposed fuzzy framework maintains high
classification performance while reducing feature dimensionality on independent clinical data.

The robustness and statistical validity of the proposed fuzzy machine learning framework were
further evaluated using complementary analyses. McNemar's statistical comparison (Table 10)
showed no statistically significant differences between the original feature representation and
the proposed fuzzy predictor framework, indicating that dimensionality reduction was achieved
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without a significant loss in classification performance. Stratified 10-fold cross-validation (Table
11) further confirmed the stability and generalizability of the proposed framework across
repeated data partitions. Finally, a qualitative comparison with recent dermatological disease
classification studies (Table 12) highlights the distinctive characteristics of the proposed
framework, including interpretable four-valued fuzzy reasoning, clinically meaningful feature
reduction, supervised machine learning integration, and independent external clinical
validation.

As summarized in Table 12, recent dermatological disease classification studies have primarily
focused on image-based deep learning models, conventional fuzzy expert systems, or disease-
specific prediction frameworks. Although these approaches have reported promising predictive
performance, differences in datasets, disease categories, input modalities, and evaluation
protocols preclude direct quantitative comparison with the present study. Therefore, a
structured qualitative comparison was performed. The proposed framework distinguishes itself
by combining interpretable four-valued fuzzy reasoning, clinically meaningful feature reduction
from 34 variables to eight fuzzy predictors, supervised machine learning classification, and
independent external clinical validation within a unified and reproducible computational
workflow. These characteristics enhance both interpretability and practical applicability for
symptom-based clinical decision support.

To further evaluate the proposed fuzzy feature representation, four conventional baseline
classifiers were investigated using identical preprocessing and train-test settings. As shown in
Table 13, the fuzzy predictors improved the performance of Decision Tree and k-Nearest
Neighbors, with the largest gain observed for k-Nearest Neighbors (87.84% to 95.95%). Logistic
Regression and Naive Bayes exhibited slightly lower performance with the fuzzy representation,
indicating that the proposed feature transformation is particularly beneficial for non-linear and
instance-based learning algorithms rather than linear or probabilistic classifiers.

McNemar's statistical analysis (Table 14) further evaluated whether the observed performance
differences between the original and fuzzy feature representations were statistically significant.
Although the proposed fuzzy representation improved the predictive performance of Decision
Tree and k-Nearest Neighbors, while slightly reducing the performance of Logistic Regression
and Naive Bayes, none of these differences reached statistical significance (all p > 0.05). These
findings suggest that the fuzzy feature representation maintains classification performance
while improving selected classifiers without introducing statistically significant changes in
predictive behavior. The largest practical improvement was observed for k-Nearest Neighbors,
indicating that distance-based learning algorithms may benefit more from the proposed fuzzy
representation than linear or probabilistic classifiers.

DATA AVAILABILITY:

The primary dermatology dataset, the fully anonymized external clinical validation dataset from
Fatima Medical Centre, Karachi, Pakistan, raw datasets (where permitted), processed datasets,
prediction outputs, Python source code, computational workflow, and supplementary materials
supporting this study have been deposited in the Zenodo repository and are publicly available
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at https://doi.org/10.5281/zenodo.21384359. The corresponding GitHub repository is available
at https://github.com/Ubaidafatima/Fuzzy-Dermatology-Classification.

FIGURE AND TABLE LEGENDS:

Figure 1: Distribution of dermatological disease classes in the UCI Dermatology dataset. The
dermatology dataset contains six disease categories: Psoriasis (112 cases), Seborrheic
Dermatitis (61 cases), Lichen Planus (72 cases), Pityriasis Rosea (49 cases), Chronic Dermatitis
(52 cases), and Pityriasis rubra Pilaris (20 cases). The figure illustrates the class distribution and
shows moderate class imbalance, with psoriasis as the largest class and pityriasis rubra pilaris as
the smallest.

Figure 2: Correlation heatmap of dermatological clinical and histopathological features.
Pearson correlation coefficients were computed among the dermatological variables and
visualized using a heatmap. Warmer colors indicate positive correlations, whereas cooler colors
indicate negative correlations. The heatmap helps identify relationships among clinical and
histopathological features used in fuzzy predictor construction and machine-learning
classification.

Figure 3: Average severity scores of dermatological features. The figure presents the mean
severity score of each clinical and histopathological feature across all patient records. Erythema,
acanthosis, inflammatory mononuclear infiltrate, and scaling exhibit the highest average
severity values, indicating their prominence in the dermatology dataset.

Figure 4: Proposed fuzzy machine learning workflow for dermatological disease classification.
The workflow begins with the acquisition and preprocessing of the dermatology dataset,
followed by four-valued fuzzification of clinical and histopathological features. Fuzzy predictors
( 1 — g) are subsequently constructed and utilized to formulate an interpretable fuzzy rule
base. The fuzzy predictors are then used as inputs to Random Forest, Support Vector Machine,
and XGBoost classifiers. Model performance is evaluated using multiple classification metrics,
and the framework is externally validated on anonymized psoriasis and eczema patient records
collected from Fatima Medical Centre in Karachi.

Table 1: Discrete four-level fuzzy membership assignment used to transform ordinal clinical
severity scores into fuzzy membership grades. Original symptom severity levels ranging from 0
to 3 were mapped to four fuzzy membership grades (Absent, Mild, Moderate, and Severe), with
corresponding membership values between 0 and 1, to facilitate fuzzy reasoning and
uncertainty modeling.

Table 2: Preliminary construction of fuzzy predictors — . Clinically and histopathologically
related dermatological features were initially grouped into four fuzzy predictors to reduce
dimensionality. Experimental evaluation revealed information loss and reduced classification
performance, motivating the development of the extended ; — g framework.
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Table 3: Preliminary fuzzy rule base for dermatological disease classification using the -

framework. Representative IF-THEN rules were developed from clinical symptoms and
histopathological characteristics to support interpretable disease classification and fuzzy
inference.

Table 4: Construction of the proposed fuzzy predictors ( — ) from dermatological clinical
and histopathological features. The original dermatology dataset features were grouped into
eight clinically interpretable fuzzy predictors. Each predictor was computed as the average
fuzzy membership value of four related dermatological features and used as input for machine
learning classification models.

Table 5: Fuzzy rule base for dermatological disease classification using the proposed -
fuzzy predictor framework. Representative IF-THEN rules were formulated using combinations
of fuzzy predictors to model disease-specific clinical patterns associated with psoriasis,
seborrheic dermatitis, lichen planus, pityriasis rosea, chronic dermatitis, and pityriasis rubra
pilaris.

Table 6: Construction of fuzzy predictors ( — ) for the external clinical validation dataset.
The clinical variables collected from Fatima Medical Centre, Karachi, were grouped into three
fuzzy predictors representing common dermatological symptoms, infection and inflammatory
manifestations, and psoriasis-associated manifestations. Predictor ; was constructed using
redness, itching, and watering; predictor , was constructed using secondary infection, boils,
and pus discharge, and the predictor 3 was constructed using dryness, dandruff, and weak
immunity. Each predictor was computed as the arithmetic mean of the corresponding fuzzy-
transformed clinical features and subsequently used for fuzzy rule generation and machine-
learning-based external validation.

Table 7: Fuzzy rule base for eczema and psoriasis classification using the - validation
framework. Representative IF-THEN rules were developed based on the clinical manifestations
observed in the external validation dataset collected from Fatima Medical Centre. The rules
incorporated combinations of symptom severity, infection-related manifestations, and
psoriasis-associated manifestations to facilitate interpretable classification of eczema and
psoriasis cases within the fuzzy machine learning framework.

Table 8: Comparative performance evaluation of Random Forest, Support Vector Machine,
and XGBoost classifiers using the original dermatology dataset and the proposed fuzzy
predictor representations. The - framework reduced dimensionality from 34 original
features to eight predictors while retaining broadly comparable holdout performance.
Statistical comparisons and 95% confidence intervals are reported to quantify uncertainty in the
observed performance differences. Training times represent descriptive model-fitting
measurements obtained under the specified experimental environment.

Table 9: External validation performance of Random Forest, Support Vector Machine, and
XGBoost classifiers using the Fatima Medical Centre dataset. Classification performance was
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evaluated using accuracy, precision, recall, F1-score, Cohen’s kappa coefficient, cross-validation
accuracy, and computational training time. Original dataset refers to the nine clinical features
collected from dermatology patients, whereas the fuzzy representation corresponds to the
three fuzzy predictors ( 1 — 3) constructed using the proposed fuzzy transformation
framework. The results demonstrate the ability of the fuzzy predictor framework to reduce
dimensionality while maintaining strong predictive performance on independent clinical data.

Table 10: McNemar's statistical comparison between the original 34-feature dermatology
dataset and the proposed eight-predictor fuzzy ( 1 — g) representation using Random
Forest, Support Vector Machine, and XGBoost classifiers. McNemar's test was performed on
paired predictions from the same test set to determine whether differences in classification
accuracy between the original and fuzzy feature representations were statistically significant (p
<0.05).

Table 11: Stratified 10-fold cross-validation performance of the proposed framework on the
external clinical validation dataset. Mean cross-validation (CV) accuracy, standard deviation
(SD), and 95% confidence interval (Cl) are reported for Random Forest (RF), Support Vector
Machine (SVM), and Extreme Gradient Boosting (XGBoost). Stratified 10-fold cross-validation
preserved the original class distribution (140 eczema and 60 psoriasis cases) in each fold to
assess model stability and robustness.

Table 12: Qualitative comparison of the proposed fuzzy machine learning framework with
recent dermatological disease classification studies. Most published studies employ
dermoscopic image datasets and deep learning methods, whereas the proposed framework
utilizes symptom-based clinical and histopathological variables, interpretable four-valued fuzzy
reasoning, dimensionality reduction, supervised machine learning, and independent external
clinical validation. Because of differences in datasets, disease classes, input modalities, and
evaluation protocols, direct quantitative comparison is not appropriate. Instead, the table
summarizes the principal methodological characteristics of representative recent studies.
Detailed confusion matrices together with class-wise precision, recall, and Fl-score values for
the Random Forest, Support Vector Machine, and XGBoost classifiers are provided in the raw
data.

Table 13: Performance comparison of conventional baseline classifiers using original and
fuzzy feature representations. Comparison of Logistic Regression, Decision Tree, Naive Bayes,
and k-Nearest Neighbors trained using the original 34 clinical features and the proposed eight
fuzzy predictors. Classification performance is reported in terms of accuracy, highlighting the
impact of the fuzzy feature representation on conventional machine learning algorithms.

Table 14: McNemar's statistical comparison between original and fuzzy feature
representations using conventional baseline classifiers. McNemar's statistical test comparing
the classification performance of conventional baseline classifiers trained on the original clinical
features and the proposed fuzzy predictors. The table reports McNemar's x? statistic, p-value,
and statistical interpretation to assess whether the observed performance differences are
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statistically significant.

DISCUSSION:

Successful implementation of the proposed framework depends on accurate preprocessing,
consistent four-valued fuzzification, and correct construction of the fuzzy predictors ( 1 — 3).
Care should be taken to preserve the original ordinal clinical severity scores during
preprocessing, as incorrect encoding or inconsistent fuzzy membership assignment may affect
predictor construction and rule activation. Verification of the fuzzy predictor values and rule
outputs before classifier training improves reproducibility and reduces implementation
errorstt1224,

Several measures were adopted to minimize potential bias throughout the computational
workflow. Stratified data partitioning preserved disease-class distributions, while normalization
parameters were estimated exclusively on the training dataset and then applied to the testing
dataset, thereby preventing data leakage. The external validation dataset was processed
independently using the identical preprocessing and fuzzy transformation procedures to
provide an unbiased assessment of model performance?'-%,

Initially, a preliminary fuzzy representation comprising of four predictors (P; — P4) was
developed by grouping clinically and histopathologically related features. Although this
approach substantially reduced the dataset's dimensionality, the experimental results showed a
noticeable decline in classification performance, suggesting that important disease-specific
information was not fully preserved. To address this limitation and minimize information loss,
the fuzzy representation was extended to include eight predictors (P1-P8), incorporating nearly
all the clinical and histopathological attributes available in the dermatology dataset. The
expanded eight-predictor framework (P1 — Pg) provided a more comprehensive representation
of disease characteristics while still achieving substantial dimensionality reduction, from 34
original features to 8 fuzzy predictors. Comparative experiments demonstrated that the eight-
predictor (P1 — Ps) framework substantially improved classification accuracy and preserved
clinically relevant information more effectively than the preliminary four-predictor (P1 — Pa)
representation.

The reproducibility of the proposed methodology is supported by publicly available datasets,
complete source code, workflow documentation, parameter settings, and supplementary
materials deposited in the associated GitHub and Zenodo repositories. Nevertheless, classifier
performance may vary slightly across different computational environments, software versions,
or hardware configurations. Although the framework demonstrated robust performance on an
independent clinical dataset, additional validation on larger multicenter datasets that represent
broader demographic and disease diversity would further strengthen the model's
generalizability.

Beyond dermatological disease classification, the proposed fuzzy machine learning protocol
may be adapted to other clinical decision-support applications involving ordinal symptom
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severity, uncertainty, and interpretable prediction. Future studies may investigate weighted
fuzzy predictor construction, optimized fuzzy membership functions, automated rule learning,
explainable artificial intelligence techniques, and integration with deep learning and
multimodal clinical data to further improve predictive performance and clinical applicability*13,

A limitation of this study is that the external validation dataset consisted solely of clinically
confirmed cases of eczema and psoriasis. Therefore, it does not represent a complete external
validation of the proposed six-class dermatological classification framework. However, the
external evaluation demonstrates that the proposed eight-predictor fuzzy feature-reduction
methodology can be successfully applied to an independent clinical dataset while preserving
diagnostic performance. Future studies will extend the external validation to larger multicenter
datasets encompassing all six dermatological disease classes to further evaluate the
generalizability of the proposed framework. The high classification performance observed on
the external validation dataset should be interpreted in the context of its binary classification
design (eczema versus psoriasis), which represents a less complex prediction task than the six-
class primary dermatology dataset. Although external validation supports the robustness and
generalizability of the proposed framework, future studies should evaluate the model on larger
multicenter datasets, including all six dermatological disease classes, to further assess model
stability and clinical applicability.
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