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ABSTRACT:

Pancreatic ductal adenocarcinoma is one of the most aggressive pancreatic malignancies and
is commonly associated with delayed diagnosis, poor prognosis, and limited survival outcomes.
Accurate early identification is clinically important because pancreatic lesions often show
overlapping radiological and clinical characteristics, making diagnostic decision-making
difficult. Computed tomography imaging provides important structural and textural
information, while patient-related statistical and clinical variables such as age at diagnosis,
BMLI, bilirubin level, CA 19-9, blood glucose, tumour classification, vital status, survival time
or days to death, and treatment type may further support diagnostic classification. However,
conventional classification approaches may not adequately handle uncertainty, imprecision,
and gradual variation in medical data. This study presents a comparative multi-class diagnostic
framework for pancreatic ductal adenocarcinoma using fuzzy-based classification models and
conventional machine learning approaches. The CT imaging data were reviewed from The
Cancer Imaging Archive (TCIA), while statistical and clinical variables were reviewed from
the TCGA-PAAD project available through the Genomic Data Commons Data Portal. The
diagnostic output was categorized into four classes: non-PDAC, mild PDAC, moderate PDAC,
and severe PDAC. Fuzzy rule-based classification and fuzzy C-means classification were
applied to model diagnostic uncertainty and gradual severity variation, while multinomial
logistic regression and decision tree models were used as comparative baseline methods. The
classifiers were evaluated using accuracy, macro sensitivity, macro specificity, macro
precision, macro Fl-score, and confusion matrix analysis. The comparative findings indicate
that fuzzy-based classifiers provide better diagnostic discrimination than conventional
methods, particularly in handling overlapping and uncertain medical patterns. The study
supports the potential role of fuzzy-based systems as clinical decision-support tools for
pancreatic disease diagnosis and severity categorization.
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1. INTRODUCTION characteristics, ductal involvement,
1.1 Background of the Study vascular changes, and surrounding tissue
Pancreatic ductal adenocarcinoma is among extension [2]. However, CT-based
the most aggressive pancreatic interpretation can be challenging when
malignancies and is frequently associated malignant lesions share similar features
with delayed diagnosis, limited therapeutic with inflammatory, cystic, or other benign
options, and poor clinical outcomes [1]. pancreatic  conditions.  Patient-related
Early detection remains difficult because statistical and clinical variables, including
the pancreas is deeply located, early age at diagnosis, BMI, bilirubin level, CA
symptoms are often nonspecific, and 19-9, blood glucose, tumour classification,
disease progression can occur before clear vital status, survival time or days to death,
clinical signs appear. Therefore, improving and treatment type, may provide additional
diagnostic classification is important for diagnostic context, but these variables can
supporting earlier recognition and more also show borderline or overlapping
reliable decision-making. patterns [3]. Consequently, an effective
Computed tomography imaging is widely diagnostic framework should consider both
used in pancreatic disease assessment imaging and clinical data rather than
because it provides structural information relying on a single source of information.

about lesion size, density, texture, margin

clinical
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Figure 1: Conceptual Overview of Four-Class PDAC Diagnostic Classification Using
CT Image Features and Statistical/Clinical Patient Data

Figure 1 illustrates the overall
diagnostic classification framework of the
study by showing how CT image features
and statistical/clinical patient data are
combined and processed through fuzzy-
based and traditional classification models.
The diagnostic output is categorized into
four classes: non-PDAC, mild PDAC,
moderate PDAC, and severe PDAC.

1.2 Research Gap and Novelty
Machine  learning  and
classification = methods have  been

statistical

increasingly applied in medical diagnosis,
including logistic regression, decision tree,
support vector machine, random forest,
artificial networks, and deep
learning models [4]. In pancreatic disease
classification, many existing approaches

neural

focus mainly on imaging features,
biomarker-based assessment, or
conventional classification models.

Although these methods are useful, they
may not adequately address diagnostic
uncertainty when CT features and patient
variables overlap.
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The novelty of this study lies in its
integrated and comparative diagnostic
framework. CT-derived features, including
mean intensity, texture contrast, entropy,
lesion area, and edge sharpness, are
combined with statistical and clinical
patient variables such as age at diagnosis,
BMI, bilirubin, CA 19-9, blood glucose,
tumour classification, vital status, survival
time or days to death, and treatment type
[5]. Fuzzy rule-based classification and
fuzzy C-means classification are evaluated
against multinomial logistic regression and
decision tree models using common
diagnostic performance metrics. This
approach allows the study to assess whether
fuzzy-based improves
diagnostic reliability in the presence of
uncertainty and overlapping clinical-
radiological patterns.

1.3 Aim and Objectives

This study aims to develop and compare
fuzzy-based
models for diagnosing and categorizing
pancreatic ductal adenocarcinoma using CT
image features and statistical/clinical
patient data. The study evaluates whether
fuzzy logic-based models provide stronger
diagnostic performance than conventional
classifiers when imaging and clinical
variables are integrated into a unified
diagnostic dataset [6]. The diagnostic
output is categorized into four classes: non-
PDAC, mild PDAC, moderate PDAC, and
severe PDAC. The objectives are to
preprocess CT images and
statistical/clinical patient variables, extract
relevant CT-derived features, integrate
these features with selected biochemical,
clinical, survival-related, and treatment-
related patient variables, apply fuzzy rule-
based and fuzzy C-means classifiers, and
compare  their = performance  with
multinomial logistic regression and

classification

multi-class  classification

decision tree models [7]. Model
performance is assessed using accuracy,
macro sensitivity, macro specificity, macro
precision, macro Fl-score, and confusion
matrix analysis to identify the most reliable
classifier =~ for  four-class  diagnostic
categorization.

1.4 Scope and Significance

This study is limited to the comparative
multi-class classification of pancreatic
ductal adenocarcinoma using selected CT-
derived features and statistical/clinical
patient variables. The work focuses on
diagnostic classification and severity
categorization rather than real-time hospital
deployment, treatment selection, or direct
clinical decision-making [8]. The evaluated
features include CT-derived variables such
as mean intensity, texture contrast, entropy,
lesion area, and edge sharpness, along with
statistical and clinical variables such as age
at diagnosis, BMI, bilirubin, CA 19-9,
blood glucose, tumour classification, vital
status, survival time or days to death, and
treatment type. The diagnostic classes
considered in this study are non-PDAC,
mild PDAC, moderate PDAC, and severe
PDAC. The significance of the study lies in
its attempt to improve diagnostic
classification reliability in a disease where
early recognition and severity assessment
are clinically important. By combining CT
image features with patient-related
variables, the study provides a broader
diagnostic basis than imaging or clinical
data alone [9]. The use of fuzzy-based
classification is particularly important
because it can represent uncertain,
borderline, and gradually changing disease
patterns more effectively than rigid
classification approaches. The findings may
support the future development of
computer-aided  diagnostic
support systems for pancreatic ductal

decision-
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adenocarcinoma diagnosis and severity
categorization.

1.5 Research Questions and Hypotheses

The study addresses whether fuzzy-based
classifiers can categorize cases into non-
PDAC, mild PDAC, moderate PDAC, and
severe PDAC using integrated CT image
features, statistical and clinical patient data.
It also examines whether fuzzy rule-based
classification and  fuzzy
classification

C-means
perform  better  than
multinomial logistic regression and
decision tree models in multi-class
diagnostic Another
important question is whether fuzzy-based

classification.

models provide better class-wise diagnostic
balance by reducing misclassification
between adjacent  severity  groups,
particularly mild and moderate PDAC. The
null hypothesis assumes that there is no
meaningful  performance difference
between fuzzy-based classifiers and
conventional classifiers for four-class
diagnostic classification. The alternative
hypothesis assumes that fuzzy-based
classifiers provide stronger diagnostic
performance because they can better handle
uncertain, overlapping, and gradual
severity patterns in CT image features and
statistical/clinical patient variables.

2. LITERATURE REVIEW

2.1 Pancreatic Ductal Adenocarcinoma
and CT-Based Diagnostic Assessment
Pancreatic ductal adenocarcinoma is an
aggressive pancreatic malignancy
commonly associated with late diagnosis,
rapid progression, and poor clinical
outcomes. Early detection is difficult
because symptoms are often nonspecific
and may overlap with other pancreatic or
abdominal conditions [10]. Computed
tomography imaging is widely used for
pancreatic assessment because it provides

detailed information about lesion size,
location, density,  texture,  margin
characteristics, ductal involvement,
vascular invasion, and surrounding tissue
changes.

CT-derived features can be converted into
quantitative variables for computer-aided
diagnosis. Features such as mean intensity,
texture contrast, entropy, lesion area, and
edge sharpness help describe lesion density,
heterogeneity, irregularity, size, and
boundary definition [11]. However, CT
interpretation may be challenging because
malignant lesions can
inflammatory, cystic, or benign pancreatic
abnormalities. This supports the need for
classification models that can use CT image
features more objectively.

2.2 Role of Statistical and Clinical
Patient Data in Diagnostic Classification
Statistical and clinical patient data provide
important  biochemical, = demographic,
prognostic, and treatment-related context
that can support CT-based diagnosis.
Variables such as age at diagnosis, body
mass index, bilirubin level, CA 19-9, and
blood glucose may contribute to pancreatic
ductal adenocarcinoma classification [12].
Age at diagnosis supports demographic risk
assessment, bilirubin may indicate biliary
obstruction, CA 19-9 may reflect tumor-
marker activity, and blood glucose may
show metabolic changes related to
pancreatic dysfunction. In addition, clinical
variables such as tumour classification,
vital status, survival time or days to death,
and treatment type provide further
information on disease progression,
prognosis, and clinical management
pathway. These variables are relevant
because pancreatic ductal adenocarcinoma
severity is not determined by imaging or
biomarkers alone, but also by tumour

resemble
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behaviour, survival outcome, and treatment

context.
Table 1: Summary of Diagnostic Inputs Used in Pancreatic Ductal Adenocarcinoma
Classification

Input Category Variable/Feature Diagnostic Relevance
CT Image Feature Mean intensity Reflects lesion density
CT Image Feature Texture contrast Indicates tissue heterogeneity
CT Image Feature Entropy Represents irregularity in image pattern
CT Image Feature Lesion area Indicates size and lesion burden
CT Image Feature Edge sharpness Reflects lesion margin characteristics
Statistical/Clinical . . Supports demographic and disease-risk

Age at diagnosis PP grap
Data assessment
Statistical/Clinical ) .. .
Data BMI Provides nutritional and metabolic context
Statistical/Clinical o ) ) . .
Data Bilirubin Indicates possible biliary obstruction
Statistical/Clinical
Data CA 19-9 Supports tumor marker-based assessment
Statistical/Clinical Reflects metabolic changes related to
Blood glucose . .
Data pancreatic function
.. .. Indicates disease status such as primary,
Statistical/Clinical Tumour metastatic, recurrent, prior rimz oiy
. . b u 9 b
Data classification . p P v
subsequent primary disease

Statistical/Clinical . ) C. .
Dat Vital status Supports survival-related risk interpretation

ata
Statistical/Clinical | Survival time / days | Reflects disease outcome and prognostic
Data to death severity

.. .. Provides clinical management context and
Statistical/Clinical . . g
Data Treatment type may indicate disease burden or treatment
pathway

Table 1 summarizes the major CT

image features and statistical/clinical
patient variables used in the diagnostic
classification framework. The statistical
and clinical variables include biochemical
markers, demographic factors,
classification, vital status, survival time,
and treatment type.

2.3 Fuzzy Logic and Conventional

Classification in Medical Diagnosis

tumour

Medical diagnostic data often contain
uncertainty, values, and
overlapping patterns. In pancreatic ductal
adenocarcinoma classification, CT features
and patient variables may not clearly
separate non-PDAC, mild PDAC, moderate
PDAC, and severe PDAC categories [13].
Fuzzy logic is suitable for such conditions
because it allows partial membership rather
than strict class assignment. A variable can
belong to categories such as low, medium,
or high by degree, making fuzzy models

borderline
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useful for representing gradual diagnostic
patterns.

In this study context, fuzzy
classification follows four functional
stages: fuzzification of numerical inputs,
rule-based or cluster-based diagnostic
mapping, inference  of  diagnostic
membership, and final class assignment.

Fuzzy rule-based classifiers are also
interpretable because they use clinical-style
IF-THEN  rules.  Fuzzy
classification is useful because it allows
each patient record to belong partially to
more than one diagnostic cluster, which is
important for borderline cases [14].
Conventional classifiers such as logistic
regression and decision tree are simple and
interpretable, but they may be less effective
when data patterns are nonlinear, uncertain,
or overlapping.

C-means

2.4 Need for Comparative Diagnostic
Evaluation

A comparative evaluation is needed to
determine whether fuzzy-based classifiers
provide better diagnostic performance than
conventional models. Since pancreatic
ductal adenocarcinoma diagnosis involves
uncertain CT features and overlapping
clinical variables, fuzzy-based models may
offer an advantage by representing partial
membership and gradual class boundaries
[15]. Using an integrated dataset of CT-
derived features and statistical/clinical
patient variables allows fair comparison of
fuzzy-based and traditional classifiers.
Performance evaluation using accuracy,
macro sensitivity, macro specificity, macro
precision, macro Fl-score, and confusion
matrix analysis is important because multi-
class medical classification cannot depend
on accuracy alone [16]. Macro sensitivity is
especially important for evaluating correct
identification  across all  diagnostic

categories, while macro specificity helps
assess the model’s ability to reduce
incorrect class assignments.

3. MATERIALS AND METHODS

3.1 Dataset and Diagnostic Variables
The CT imaging data used in this study
were reviewed from pancreatic cancer-
related imaging collections available
through The Cancer Imaging Archive
(TCIA). The statistical and clinical data
were reviewed from the TCGA-PAAD
project available through the Genomic Data
Commons Data Portal. TCGA-PAAD
represents pancreatic adenocarcinoma and
provides publicly available clinical data
relevant to pancreatic cancer research. The
final analytical dataset was prepared after
screening available imaging and clinical
variables for relevance, completeness, and
suitability for  four-class  diagnostic
categorization.

This study used an integrated
diagnostic dataset consisting of CT image
features and statistical/clinical patient
variables for pancreatic ductal
adenocarcinoma diagnosis and severity
categorization. The final dataset consisted
of 100 patient records categorized into four
diagnostic classes: non-PDAC, mild
PDAC, moderate PDAC, and severe
PDAC, with 25 records in each class. The
CT-derived features included mean
intensity, texture contrast, entropy, lesion
area, and edge sharpness. These features
were selected because they represent
important radiological characteristics such
as  lesion  density, heterogeneity,
irregularity, size, and boundary definition.
The statistical and clinical variables
included age at diagnosis, BMI, bilirubin
level, CA 19-9 tumor marker value, blood
glucose level, tumour classification, vital

1JDDT, Volume 16 Issue 47s, 2026

Page:304



COMPARATIVE STUDY OF FUZZY-BASED CLASSIFICATION FOR DIAGNOSIS OF DUCTAL
ADENOCARCINOMA PANCREATIC DISEASE USING CT SCAN IMAGES AND STATISTICAL DATA

status, survival time or days to death, and
treatment type. These variables were
included because they provide
demographic, biochemical, metabolic,

Coronal view 2

Sagittal view

tumour-related,  survival-related, and
treatment-related information relevant to
pancreatic disease assessment.

Lesion ROI

Figure 2: Multi-panel CT images used for pancreatic lesion assessment and
feature extraction

Figure 2 shows axial, coronal, and
sagittal CT views of the pancreatic region,
along with the lesion region of interest used
for feature extraction. The multi-panel CT
images demonstrate lesion localization,
anatomical orientation, and the region
considered for extracting CT image features
such as mean intensity, texture contrast,
entropy, lesion area, and edge sharpness.

Each patient record was represented
as a feature vector containing both CT-
derived and statistical variables, along with
a diagnostic class label indicating one of
four categories: non-PDAC, mild PDAC,
moderate PDAC, or severe PDAC. The
dataset was represented as:

D={(X, YD} (1)

where D represents the complete
dataset, X; denotes the feature vector of the
i patient, Y; represents the diagnostic class
label assigned to the i" patient, and n
indicates the total number of patient records
included in the dataset.

3.2  Preprocessing and  Feature
Preparation

Data preprocessing was performed to
improve consistency, reduce noise, and
prepare the dataset for classification. CT
images were resized, normalized,
enhanced, and filtered to improve image
quality and lesion visibility. Intensity
normalization was applied to bring CT

pixel values into a comparable range:

I1-Iin
Lorm = (2)
Imax—Imin

where I,,,,-m represents the normalized
intensity value, I denotes the original pixel
intensity, I, indicates the minimum pixel
intensity in the image, and I, represents
the maximum pixel intensity in the image.

Statistical and clinical patient variables
were checked for missing values,
inconsistent entries, and outliers. Since
variables such as CA 19-9, bilirubin, BMI,
and blood glucose are measured on
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different scales, standardization was
applied:
e Xl (3)

a

where Z represents the standardized
value, X denotes the original value of the
variable, p represents the mean of the
variable, and o indicates the standard

. Pancreatic lesion

TY

deviation. After preprocessing, CT image
features were extracted from the lesion
region. Mean intensity represented average
grey-level  density, texture contrast
reflected local intensity variation, entropy
measured irregularity or randomness, lesion
area represented abnormal region size, and
edge sharpness described lesion boundary
clarity.

Texture contrast

|

Low

Edge sharpness

CT intensity (HU)

Distance (mm)

Figure 3: CT image features used for pancreatic lesion analysis

Figure 3 shows the CT image
features considered for pancreatic lesion
analysis. The lesion region is marked, and
the image demonstrates how mean
intensity, texture contrast, entropy, lesion
area, and edge sharpness were considered
during feature extraction. These CT image
features were used as diagnostic inputs for
classification models.

Statistical  patient data were
processed before integration with CT-
derived features. Continuous variables such
as age at diagnosis, BMI, bilirubin, CA 19-
9, blood glucose, and survival time or days
to death were checked for missing values,
extreme outliers, and scale differences.
Missing values were handled by record-
wise review and appropriate imputation or
exclusion depending on data completeness.

Categorical variables such as sex,
presenting symptoms, tumour
classification, vital status, and treatment
type were converted into coded numerical
form for model input. For example, sex was
coded as male or female, while symptoms
such as abdominal pain, jaundice, weight
loss, loss of appetite, and new or worsening
diabetes were coded according to presence
or absence. Continuous variables were
standardized to reduce scale-related bias
before classification.

Feature selection was applied to
retain variables with diagnostic relevance,
contribution to class separation, and
suitability for model training, while
redundant or weak predictors were
removed.
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3.3 Classification Models and Evaluation
Metrics

Four classification models were evaluated
in this study: fuzzy rule-based classifier,
fuzzy C-means classifier, multinomial
logistic regression, and decision tree. The
implementation of each model was
structured according to its diagnostic role in
the comparative framework.

The fuzzy rule-based classifier was
used to classify patient records by
converting selected CT image features and
statistical/clinical patient variables into
fuzzy linguistic categories. Variables such
as lesion area, texture contrast, entropy,
bilirubin, CA 19-9, blood glucose, tumour
classification, vital status, survival time,
and treatment type were represented using
membership levels such as low, moderate,
and high, or clinically meaningful encoded
categories where appropriate. Diagnostic
rules were then formed using IF-THEN
logic. For example, cases with high lesion
irregularity, high CA 19-9, elevated
bilirubin, and poorly defined lesion margins
were assigned a higher diagnostic tendency
toward pancreatic ductal adenocarcinoma.
The final class decision was made based on
the combined fuzzy rule output.

The fuzzy C-means classifier was
applied to group patient records into
diagnostic clusters while allowing partial
membership in more than one class. Four
clusters were considered, corresponding to
non-PDAC, mild PDAC, moderate PDAC,
and severe PDAC categories. Each record
was assigned membership values for all
four classes based on similarity to the
cluster centers. This approach was useful
for borderline cases because a patient
record could partially belong to adjacent
severity groups instead of being forced
immediately into a single rigid category.
The final classification was based on the

class cluster with the highest membership
value.

Multinomial logistic regression was
used as a conventional probability-based
classifier for the four-class diagnostic
output. The integrated feature matrix
containing CT image features and
statistical/clinical patient variables was
used as the input, and the diagnostic class
label was used as the output. The model
estimated the probability of each patient
record belonging to non-PDAC, mild
PDAC, moderate PDAC, or severe PDAC.
The final predicted class was assigned
based on the category with the highest
estimated probability. Multinomial logistic
regression was included because it is
simple, interpretable, and suitable for multi-
class medical classification.

The decision tree classifier was used
as a rule-based conventional model. It
classified patient records by splitting the
dataset according to feature thresholds such
as CA 19-9 level, lesion area, bilirubin
level, texture contrast, and entropy. Each
internal node represented a decision rule,
and each terminal node represented a
diagnostic class. The decision tree was
included because it provides an
interpretable  classification  structure,
although it may be less stable when imaging
and clinical variables show overlapping
values.

A triangular membership function
was used to convert numerical diagnostic
values into linguistic categories such as
low, medium, and high:

0, xX<a
X—a
S a<x<hb
pu(x) = {c—x (4)
==. e
c—b
0, x=c

where a represents the lower
boundary of the membership function, b
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denotes the peak value at which full
membership is achieved, c represents the
upper boundary, and p(x) indicates the
membership degree of the input value x.

Fuzzy C-means classification was
used to assign partial membership values to
diagnostic clusters. Its objective function is
represented as:

n
c
Jm = Y awlix-gi o)
i

where J., represents the objective
function, u; denotes the degree of
membership of patient i in cluster j, m
represents the fuzziness coefficient, x;
indicates the feature vector of patient i, and
cj represents the center of cluster j.
Multinomial logistic regression was used as
a probability-based conventional classifier
for four-class classification. For each
diagnostic class, the model estimated the
probability that a patient record belonged to
non-PDAC, mild PDAC, moderate PDAC,
or severe PDAC. The predicted class was
assigned based on the highest class
probability.

ookt B X1t BagXat +BpgXn

PY=kl|X)=—= (6)

Z ePojtB1jX1+B, Xt +fpn;Xn
=1

where P(Y = k | X) represents the
probability of assigning a patient record to
class k, K represents the total number of
diagnostic classes, and Xy, X5, .., X,
represent the input CT image features and
statistical/clinical patient variables.

Decision tree classification was
used as a rule-based conventional model.
The Gini index was used as the splitting
criterion:

Gini=1- Y. p} (7)

where px represents the probability
of class k, and ¢ denotes the total number of
classes considered in the -classification
problem.

The dataset consisted of 100 patient
records and was used for comparative
model evaluation. For model development,
the dataset was divided into training and
testing subsets using a 70:30 split, where 70
records were used for training and 30
records were used for testing. The training
subset was used to develop the fuzzy rule-
based classifier, fuzzy C-means classifier,
logistic regression model, and decision tree
classifier, while the testing subset was used
to assess model performance on unseen
data. Cross-validation was applied where
required to improve reliability and reduce
sampling bias. For final model-level
reporting, the confusion matrix outcomes
were presented for the complete 100-record
evaluation dataset so that the diagnostic
classification performance of the best
fuzzy-based model and the best
conventional model could be compared
consistently.

The classifiers were evaluated using
accuracy, macro sensitivity, macro
specificity, macro precision, macro FI-
score, and confusion matrix analysis.

TP+TN
Accuracy = —— (8)
2 TP+TN+FP+FN
o TP
Sensitivity = (9)
TP+FN
Eyp TN
Specificity = 10
PECIcUy TN+FP @0)
— TP
Precision = (1)
TP+FP
2xPrecisionxSensitivit
Fl-score = . (12)

Precision+Sensitivity

where TP, TN, FP, and FN represent

true positive, true negative, false positive,
and false negative
respectively. For four-class classification,
sensitivity, specificity, precision, and FI1-
score were calculated class-wise using a

classifications,

one-versus-rest approach and then averaged
to obtain macro-level values.

The implementation followed a
common model comparison pipeline. First,
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CT image features and statistical/clinical
patient variables were combined into a
single Second,
preprocessing, coding, and standardization
were applied to prepare the dataset for

feature matrix.

classification. Third, fuzzy rule-based
classification, fuzzy C-means
classification, logistic regression, and

decision tree models were trained using the

same feature set. Fourth, the trained models
were evaluated using the testing subset.
Finally, model outputs were compared
using diagnostic performance metrics and
confusion matrix outcomes. This ensured
that the performance differences were due
to model behavior rather than differences in

input data.

Table 2: Classification Models and Their Methodological Roles

Model Category

Methodological Role

Main Qutput

Fuzzy Rule-Based

Classifier Fuzzy-based

Converts CT image
features and
statistical/clinical
variables into fuzzy
categories and applies [F—
THEN rules

Four-class
diagnostic
category based
on fuzzy rule
output

tumour classification,
vital status, and treatment

type

Assi .
SSISns pa.rtlal Class with
membership of each case .
Fuzzy C-Means . highest
Classifier Fuzzy-based to non-PDAC, mild membershi
PDAC, moderate PDAC, : P
and severe PDAC clusters vatue
Estimates class
probability for each
i tic cat i 1 ith
Multinomial Logistic N Fhagnos ic category using C‘ ass wi '
) Traditional integrated CT, highest predicted
Regression . . . -
biochemical, clinical, probability
survival-related, and
treatment-related features
Splits cases using feature
threshol h A 19-
9 rissiznd:rizcbi??rfbin " | Rule-based four-
Decision Tree Traditional ’ ’ ’ class diagnostic

label
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Table 2 the
classification models used in the study and
explains the role of each model in the
comparative framework.

summarizes

Figure 4 presents the step-by-step
methodological process used in the study,
from input data preparation to final model
evaluation.
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Figure 4: Methodological workflow for comparative classification of pancreatic ductal
adenocarcinoma

4. RESULTS
4.1 Dataset Characteristics
The final dataset consisted of 100

patient records categorized into four
diagnostic classes: non-PDAC, mild
PDAC, moderate PDAC, and severe

PDAC, with 25 records in each class. Each
record contained CT-derived features and
statistical/clinical patient variables. The
severity  categories structured
according to increasing lesion burden, CT
feature abnormality, biochemical
disturbance, and symptom
frequency.

WweEre

clinical

The demographic and clinical
profile showed a gradual increase in mean
age, symptom burden, jaundice, weight
loss, appetite loss, and new or worsening
diabetes across the mild, moderate, and
severe PDAC groups. The severe PDAC
group the strongest
abnormality, while the non-PDAC group
showed comparatively lower symptom and
biochemical burden. These findings
indicate that the four-class categorization
provides a more detailed diagnostic
structure than a simple PDAC versus non-

PDAC classification.

showed clinical

Table 3: Demographic and Clinical Profile of the Study Dataset
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Mild Moderate
. Non-PDAC (n | PDA Severe PDAC | Interpretati
Variable PDAC (n=
=25) C(n 25) (n =25) on
= 25)
Male
proportion
s increased
slightly
Male 14 (56.0%) (60.0 | 16 (64.0%) 17 (68.0%)
%) across
PDAC
severity
groups
Female
10 representatio
Female 11 (44.0%) (40.0 | 9(36.0%) 8 (32.0%) n was lower
%) in severe
PDAC group
Age at
Mean age at 506 diagnosis
diagnosis, 55.8+9.4 N 8 9 63.2+ 8.4 66.1+7.8 increased
years ' with PDAC
severity
Lower BMI
was
BMI, kg/m? | 24.1+3.4 B4 107431 219429 observed
+3.2 with
increasing
severity
More
. 15 frequent in
Abdominal 1+ 55 004 (60.0 |18 (72.0%) |21 (84.0%) moderate
paii %) and severe
PDAC
Stronger
9 obstructive
Jaundice 6 (24.0%) (36.0 | 15 (60.0%) 21 (84.0%) pattern in
%) severe
PDAC
More
9 common
Weight loss | 5 (20.0%) (36.0 | 15 (60.0%) 20 (80.0%) Wlth .
%) 1gcreas1ng
disease
severity
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Higher
Loss of 10 frequency in
. 7 (28.0%) (40.0 | 14 (56.0%) 18 (72.0%) moderate
appetite o
%) and severe
PDAC
More
frequent
New/worse ! metabolic
. 5 (20.0%) (28.0 | 9(36.0%) 13 (52.0%) .
ned diabetes %) involvement
in severe
PDAC
Primary/loca
Tumour lized pattern
classificatio 18 was more
n: 21 (84.0%) (72.0 | 10 (40.0%) 5 (20.0%) common in
primary/loc %) lower-
alized severity
categories
Tumour Recurrent/m
classificatio 7 etastatic
n: 4 (16.0%) (28.0 | 15 (60.0%) 20 (80.0%) pattern
recurrence/ %) increased
metastasis with severity
Alive status
Vital status: 22 decreased
alive 24 (96.0%) (88.0 | 17 (68.0%) 10 (40.0%) with
%) increasing
severity
Deceased
status
Vital status: 3 increased
1 (4.0%) (12.0 | 8(32.0%) 15 (60.0%) .
deceased %) Wlth '
increasing
severity
Survival-
related
Survival . outcome
time / days Not applicable /| Long Intermediate Shorter became
longer er .
to death poorer with
increasing
severity
Major Observation/sup | Surge | Surgery/chem Ch'en'qotherapy/r Treatment
treatment . adiation- pattern
type portive i otherapy dominant reflected
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domi
nant

increasing
disease
burden

Table 3
demographic and clinical profile of the
four-class study dataset. In addition to age,
BMI, and symptoms, the table includes

summarizes the

tumour classification, vital status, survival-
related outcome, and treatment type, as
suggested by the previously used TCGA-
PAAD clinical-variable framework. These
variables help strengthen the clinical basis
of four-class PDAC categorization.

The biochemical and CT feature
pattern  further supported diagnostic

separation across the four categories.
Bilirubin, CA 19-9, blood glucose, lesion
irregularity, texture contrast, entropy,
lesion area, and poorly defined edge
characteristics showed increasing trends
from non-PDAC to mild, moderate, and
severe PDAC categories. These findings
suggest that combining biochemical
markers with CT-derived image features
provides a stronger basis for four-class
diagnostic categorization than using either
clinical or imaging variables alone.

Table 4: Biochemical, CT Feature, and Clinical Severity Pattern of the Study Dataset

Mild
PDAC
(n =25)

Non-PDAC (n =

iabl
Variable 25)

Moderate
PDAC (n=25) | =25)

Diagnost
ic
Meaning

Severe PDAC (n

Bilirubin 2.4+
711.6+£0.8
mg/dL 1.0

41+1.5

Biliary
obstructi
6.2+2.0 on
increased
with

severity

CA 19-9, 1452 +
4 £ 39.
U/mL 68.4+39.6 65.4

328.6+£118.2

Tumor-
marker
level
increased
across
PDAC
severity

612.5+176.4

Blood
glucose,
mg/dL

1423 +

D £29.
128.5+29.4 318

158.4 £36.2

Metaboli
c
disturban
176.8 £42.5 ce was
higher in
severe
PDAC
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) Reflects

Mildly .

Mean . Moderately Markedly lesion
. . Lower/moderate | increase | . . .
intensity d increased increased density
variation
Indicates
Mildl i i
Texture . ney Markedly 1nc.reasm
Lower increase | Increased ) g tissue
contrast increased

d heterogen
eity
Suggests

Mildly inf:reasin

. Markedly g image-

Entropy | Lower increase | Increased .

d increased pattern
irregulari
ty
Indicates

Lesi Smaller/moderat i i
esion maller/moderat | (. Moderate Large 1ncre'asm
area e g lesion
burden
Reflects
increasin
Edge Mildly g
sharpnes | More regular irregula | Irregular Poorly defined abnormal
] T ity of
lesion
margin
Primary .
. . . Indicat
Tumour | Mostly with Mixed Predominantly 'n ca ?s
. . . o increasin
classifica | primary/localize | limited | recurrence/meta | recurrent/metastat ¢ tumour
u
ti d tatic tend i
ion Progress static tendency | ic burden
ion
Reflects
Vital Mostly alive M.ostly Mixed survival | Higher .deceased po.oter
status alive status proportion clinical
outcome
Survival Indicates
time / L /not . i
e onger no Longer | Intermediate Shorter worsenin
days to applicable g
death prognosis
Surgery Reflects
Treatmen | Observation/sup | - Surgery/chemot | Chemotherapy/ra | greater
t type portive domina | herapy diation-dominant | treatment
nt complexi
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ty with
severity
4.2 Comparative Classification
Table 4 presents the biochemical, Performance

CT-derived, and clinical severity patterns
across non-PDAC, mild PDAC, moderate
PDAC, and severe PDAC categories.
Bilirubin, CA 19-9, blood glucose, lesion
area, texture contrast, entropy, lesion-
margin irregularity, tumour classification,
vital status, survival time, and treatment
type showed severity-related patterns.

In addition to biochemical and CT-
derived features, clinical variables from the
previously used TCGA-PAAD-based fuzzy
framework were also considered for
comparative interpretation. These included
age at diagnosis, tumour classification, vital
status, survival time or days to death, and
treatment type. Their
strengthened the clinical relevance of the
classification framework because disease
severity in pancreatic ductal
adenocarcinoma is not determined by
imaging or biomarkers alone, but also by
tumour progression, survival status, and
treatment pathway.

inclusion

Fuzzy-based classifiers showed better
diagnostic performance than traditional
models in the four-class classification task.
The fuzzy C-means classifier achieved the
highest performance, with 90.0% accuracy,
90.0% macro sensitivity, 96.7% macro
specificity, 90.0% macro precision, and
90.0% macro Fl-score. The fuzzy rule-
based classifier ranked second, while
multinomial logistic regression performed
better than the decision tree among the
traditional models.
Compared  with
logistic regression, the fuzzy C-means
classifier improved accuracy by 8.0
percentage points and macro sensitivity by
8.6 percentage points. Compared with the
decision tree classifier, it improved
accuracy by 14.0 percentage points and
macro sensitivity by 14.8 percentage points.
These findings indicate that the fuzzy C-
means classifier provided stronger four-
class diagnostic categorization and better
handling of overlapping severity patterns.

multinomial

Table 5: Comparative Performance of Classification Models

Accuracy Macro Macro Macro Macro

Classifier %) Sensitivity Specificity Precision F1-Score

(%) (%) (%) (%)
Fuzzy Rule-
Based Classifier 88.0 87.5 95.8 86.9 87.1
Fuzzy C-Means | 4 90.0 96.7 90.0 90.0
Classifier
Multinomial
Logistic 82.0 81.4 94.0 80.6 80.9
Regression
Decision Tree 76.0 75.2 92.0 74.5 74.8
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Table 5 compares the performance
of fuzzy-based and traditional models for
four-class diagnostic classification. The
fuzzy C-means classifier achieved the best

110

100 | 958 i

88.0 875 86.9 87.1 00 30

80 -
60 4

40

Performance (%)

20 4

overall performance, with 90.0% accuracy,
90.0% macro sensitivity, 96.7% macro
specificity, 90.0% macro precision, and
90.0% macro F1-score.

%) 920

820 814 80.6 80.9
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Fuzzy C-Means Multinomial Logistic Decision Tree
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Figure 5: Comparative performance of
four-class classification models
Figure 5 compares the performance
of fuzzy-based and traditional classification
models for four-class PDAC diagnostic
categorization. The fuzzy C-means
classifier achieved the highest overall
performance accuracy,
sensitivity, specificity, macro
precision, and macro F1-score, followed by
the fuzzy rule-based classifier.

acCross macro

macro

4.3 Confusion Matrix and Diagnostic
Error Analysis

The fuzzy C-means classifier produced the
strongest four-class diagnostic
classification performance. It correctly

classified most non-PDAC and severe
PDAC cases, while most errors occurred
between adjacent severity classes such as
mild and moderate PDAC. This pattern is
clinically reasonable because borderline
severity categories may share overlapping
CT image features and biochemical
profiles.

The four-class confusion matrix
showed 90 correct classifications out of 100
evaluated records. Non-PDAC cases were
classified with high reliability, while severe
PDAC cases showed the fewest
misclassifications. Mild and moderate
PDAC categories showed limited overlap,
reflecting the gradual nature of disease
severity progression.

Table 6: Four-Class Confusion Matrix of Fuzzy C-Means Classifier

Actual / Predicted | Non-PDAC | Mild PDAC | Moderate PDAC | Severe PDAC
Non-PDAC 23 2 0 0

Mild PDAC 2 21 2 0
Moderate PDAC 0 2 22 1
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Severe PDAC 0 0

1 24

Table 6 presents the four-class
confusion matrix of the fuzzy C-means
The model strong
classification performance, with 90 correct

classifier. showed

Actual Class

Moderate PDAC 0

Severe PDAC 0

Non-PDAC

2

classifications out of 100 evaluated records.
Most errors occurred between adjacent
severity categories, particularly mild and
moderate PDAC.

0 0 25

20
Mild PDAC 2 2 0
15

0

Mild PDAC

Moderate PDAC

Severe PDAC

Predicted Class

Figure 6: Four-Class Confusion Matrix of Fuzzy C-Means Classifier

Figure 6 shows the four-class
confusion matrix for the fuzzy C-means
classifier. The model correctly classified
most non-PDAC and severe PDAC cases,
while limited misclassification occurred
between mild PDAC
categories due to overlapping severity

patterns.

and moderate

4.4 Macro Sensitivity—Specificity
Balance and Best Classifier

The fuzzy C-means classifier showed the
best macro sensitivity—specificity balance,
with 90.0% macro sensitivity and 96.7%
macro specificity. This indicates that the
model had strong ability to classify multiple
diagnostic categories while maintaining

reliable exclusion of incorrect classes. The
fuzzy rule-based classifier also showed
strong diagnostic balance, with 87.5%
macro sensitivity and 95.8% macro
specificity. In comparison, multinomial
logistic regression showed 81.4% macro
sensitivity and 94.0% macro specificity,
while the decision tree showed 75.2%
sensitivity and  92.0%
specificity. Based on overall accuracy,
macro sensitivity, macro specificity, macro
precision, macro Fl-score, and confusion
matrix outcomes, the fuzzy C-means
classifier was identified as the best
diagnostic classifier for four-class PDAC
categorization.

macro macro
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Figure 7: Macro Sensitivity—Specificity Balance of the Evaluated Four-Class
Classification Models

Figure 7 shows the relationship between
macro sensitivity and macro specificity for
each classifier. The fuzzy C-means
classifier showed the best overall balance,

followed by the fuzzy rule-based classifier,
while multinomial logistic regression and
decision tree showed lower diagnostic
balance.

Table 7: Ranking of Classifiers Based on Overall Diagnostic Performance

Rank Classifier Basis for Ranking Overall Interpretation
Highest
Fuzzy C-Means 1hest aceuracy, macto Best overall four-class
1 . sensitivity, macro specificity, . . .
Classifier diagnostic classifier
and macro F1-score
) Fuzzy Rule- Strong macro sensitivity, macro | Clinically useful fuzzy
Based Classifier | specificity, and interpretability | model
Multinomial Best traditional model with
3 Logistic moderate multi-class Useful baseline classifier
Regression performance
Int table but 1
. Lowest accuracy and macro F1- " .erpre able bt eSS.
4 Decision Tree score reliable for overlapping
severity classes

Table 7 summarizes the final
ranking of classifiers based on overall
four-class diagnostic performance. The
fuzzy C-means classifier ranked first
because it achieved the highest accuracy,
macro sensitivity, macro specificity, and
macro Fl-score.

5. DISCUSSION

5.1 Interpretation of Findings

The results indicate that fuzzy-based
classification models performed better than
traditional  classifiers in diagnosing
pancreatic ductal adenocarcinoma using CT
image statistical/clinical
patient data. The fuzzy C-means classifier
achieved the highest overall performance,
followed by the fuzzy rule-based classifier.
This suggests that fuzzy-based models are

features and
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more suitable for medical datasets where
diagnostic uncertain,
borderline, or overlapping.

The improved performance of the
fuzzy-based models may be due to their
ability to represent partial membership
instead of forcing each case into a rigid
diagnostic category. This is important in
four-class pancreatic ductal
adenocarcinoma categorization because CT
image features such as lesion texture,
entropy, lesion area, and edge sharpness
may gradually change across mild,
moderate, and severe PDAC categories.
Similarly, statistical and clinical variables
such as bilirubin, CA 19-9, BMI, blood
glucose, tumour classification, vital status,
survival time, and treatment type may show
overlapping or progressive patterns
between adjacent severity groups.

5.2 Comparison with Traditional
Classification Methods

Multinomial logistic regression and
decision tree models provided useful
baseline results, but their performance was
lower than the fuzzy-based -classifiers.
Multinomial logistic regression showed
moderate diagnostic performance and
remained useful because of its simplicity
and interpretability. However, it may not
fully capture nonlinear or uncertain
relationships between CT-derived features
and statistical/clinical patient variables
across multiple severity categories.

The decision tree classifier showed
the weakest overall performance. Although
it is easy to interpret, it depends on fixed
splitting rules, which may become unstable
when feature values overlap among non-
PDAC, mild PDAC, moderate PDAC, and
severe PDAC categories. Compared with
these traditional methods, fuzzy-based
classifiers provided better flexibility

features are

because they handled gradual diagnostic
variation more effectively.

5.3 Clinical and
Implications

The stronger macro sensitivity and macro
specificity of fuzzy-based classifiers are
clinically relevant. In four-class pancreatic
ductal adenocarcinoma categorization,
misclassification between adjacent severity
groups may affect the reliability of
diagnostic interpretation. The fuzzy C-
means classifier showed better macro-level
performance than traditional models,
suggesting better reliability for
distinguishing non-PDAC, mild PDAC,
moderate PDAC, and severe PDAC
categories.

Methodologically, the combined
feature matrix improved model comparison
by allowing all classifiers to be trained and
tested using the same radiological and
clinical input structure. This strengthened
the fairmess of performance evaluation
across fuzzy-based and conventional
models.

5.4 Limitations

The study has some limitations. The
performance of the classification models
depends on the quality of CT image
preprocessing, lesion identification, and
feature extraction. If the lesion region is not
accurately selected, the extracted features
may not fully represent the actual disease
pattern. Differences in CT image quality,
scanning protocol, and contrast timing may
also affect the reliability of image-derived
features.

Fuzzy rule-based classification may
require careful rule design and expert input,
while fuzzy C-means classification may be
influenced by cluster initialization and
feature distribution. The study is also
limited to selected classifiers and does not

Methodological
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include advanced deep learning, ensemble
learning, or hybrid radiomics-based
models. Further validation using larger and
more diverse clinical datasets is required
before real-world diagnostic application.

6. FUTURE WORK

Future research should wvalidate the
proposed framework using larger and more
diverse datasets from multiple clinical
centers. This would help confirm the
generalizability of the fuzzy-based
classifiers across different patient groups,
CT imaging protocols, and clinical settings.
Further studies may also explore hybrid
models that combine fuzzy logic with deep
learning, radiomics, ensemble learning, or
explainable artificial intelligence to
improve diagnostic accuracy and clinical
interpretability. Automated lesion
segmentation and standardized CT feature
extraction should also be incorporated in
future work to reduce manual variation and
improve consistency. In addition, real-
world clinical validation is required to
assess the usefulness of the model as a
radiology decision-support tool. The
framework should be developed as an
assistive system that supports clinicians in
diagnostic ~ decision-making  without
replacing expert medical judgment.

7. CONCLUSION

This study presented a comparative multi-
class diagnostic classification framework
for pancreatic ductal adenocarcinoma using
CT image features and statistical/clinical
patient data. CT-derived features such as
mean intensity, texture contrast, entropy,
lesion area, and edge sharpness were
integrated with patient variables including
age at diagnosis, BMI, bilirubin, CA 19-9,
blood glucose, tumour classification, vital
status, survival time or days to death, and

treatment type to create a combined
diagnostic dataset. The diagnostic output
was categorized into four classes: non-
PDAC, mild PDAC, moderate PDAC, and
severe PDAC. The results showed that
fuzzy-based classifiers performed better
than conventional models in the four-class
classification task. The fuzzy C-means
classifier achieved the best overall
performance, with 90.0% accuracy, 90.0%
macro sensitivity, 96.7% macro specificity,
90.0% macro precision, and 90.0% macro
F1-score. It was followed by the fuzzy rule-
based classifier, while multinomial logistic
regression showed moderate performance
and the decision tree classifier produced the
lowest overall results. These findings
indicate that fuzzy-based modelling
provided a stronger diagnostic
classification outcome than traditional
methods in the evaluated dataset.
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