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Abstract

Diabetes risk classification is challenged by class imbalance and diagnostic uncertainty. This
study investigates an Intuitionistic Fuzzy Set framework integrated with a proposed Hausdorff-
Inspired Attribute Distance within the K-Nearest Neighbor algorithm. The framework
models patient profiles using membership, non-membership, and hesitation components
to capture clinical ambiguity. We evaluated this approach on the Pima Indians Diabetes
dataset using Stratified 5-Fold Cross-Validation, incorporating class balancing and clinically
informed feature weighting. Results showed that while a conventional Euclidean-based
model achieved the highest accuracy (73.96%) and data balancing maximized sensitivity
(77.61%), the intuitionistic fuzzy configurations achieved the highest specificity (89.80%),
indicating a conservative uncertainty-aware classification behavior. The proposed distance
measure yielded classification performance highly comparable to that of the conventional
Hamming distance, providing an alternative maximum-deviation-based similarity formulation
within the intuitionistic fuzzy framework. Furthermore, combining class balancing with
feature weighting contributed to a more balanced sensitivity—specificity profile. Overall, the
findings demonstrate how uncertainty representation, feature weighting, class balancing, and
neighborhood configuration influence classification outcomes, highlighting the potential of
intuitionistic fuzzy approaches for uncertainty-aware medical decision-support systems.
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1. Introduction

Diabetes Mellitus (DM) is a chronic metabolic disorder characterized by persistent hyperglycemia
resulting from impaired insulin secretion, insulin resistance, or both [1]. The prevalence of
diabetes continues to increase globally and has become one of the major challenges in modern
healthcare systems. According to the International Diabetes Federation (IDF), approximately
537 million adults worldwide are currently living with diabetes, and this number is projected to
increase to 783 million by 2045 [2]. This rapid growth highlights the importance of developing
reliable approaches for early detection of diabetes risk and clinical decision support systems[3].

Early diabetes identification is essential because delayed diagnosis may lead to severe com-
plications, including cardiovascular disease, kidney failure, neuropathy, and visual impairment.
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In clinical practice, diabetes diagnosis involves multiple physiological indicators such as blood
glucose level, Body Mass Index (BMI), blood pressure, insulin concentration, age, and hered-
ity. However, these clinical attributes frequently exhibit overlapping characteristics between
diabetic and non-diabetic individuals, particularly near diagnostic threshold regions defined
by organizations such as the World Health Organization (WHO) and the American Diabetes
Association (ADA) [4]. Consequently, diabetes risk assessment inherently involves uncertainty
and transitional conditions that may be difficult to model with strict binary decision boundaries
[5-7].

Various machine learning methods have been widely investigated for diabetes classification
and prediction. Several studies reported that ensemble learning and deep learning approaches
are capable of achieving competitive classification performance on medical datasets [8, 9].
Nevertheless, many conventional classification models still rely on deterministic numerical
representations and standard geometric distance measures such as FEuclidean distance. In
distance-based classifiers such as K-Nearest Neighbor (K-NN), the Euclidean metric may smooth
localized attribute variations during similarity computation, which could reduce sensitivity toward
subtle but clinically important differences among patient profiles near diagnostic boundaries [10,
11].

To address uncertainty in medical data, Fuzzy Logic-based approaches have also been explored
in diabetes classification studies. Classical fuzzy sets enable gradual membership representation
rather than rigid binary categorization, making them more suitable for modeling ambiguous
medical conditions [5, 6, 12]. However, most existing fuzzy-based frameworks only consider
membership information and do not explicitly represent hesitation or uncertainty margins during
the similarity evaluation process [13]. As a result, uncertainty near overlapping diagnostic
boundaries may not be adequately preserved, potentially affecting classification behavior when
handling imbalanced clinical distributions.

These limitations indicate the need for a classification framework capable of explicitly
representing uncertainty while preserving localized attribute deviations in clinical patient data.
One promising approach is the Intuitionistic Fuzzy Set (IFS), introduced by Atanassov [14].
Unlike classical fuzzy sets, IFS simultaneously represents membership, non-membership, and
hesitation degrees, thereby providing a more flexible mathematical representation for handling
uncertain and overlapping clinical information [15, 16].

Motivated by this research gap, this study proposes an Intuitionistic Fuzzy Set (IFS)-based
diabetes classification framework integrated with a Hausdorff-Inspired Attribute Distance (HIAD)
metric within the K-Nearest Neighbor (K-NN) algorithm. The proposed HIAD formulation
adopts the maximum-deviation principle inspired by the Hausdorff distance and adapts it into an
attribute-wise similarity computation mechanism for structured tabular clinical data [17, 18]. The
proposed formulation emphasizes the largest deviation among the membership, non-membership,
and hesitation components during neighborhood similarity evaluation, providing an alternative
similarity-computation strategy within the intuitionistic fuzzy space for comparing patient profiles
under uncertainty. Rather than assuming an inherent performance advantage, the objective
is to investigate whether the maximum-deviation principle offers a different perspective on
modeling similarity relationships in uncertainty-aware medical classification tasks. Furthermore,
the proposed HIAD formulation is evaluated alongside the conventional Hamming distance to
investigate whether alternative similarity-aggregation mechanisms lead to different classification
behaviors within the same IFS representation.

To investigate the influence of class balancing and feature importance within the proposed
framework, this study incorporates the Synthetic Minority Over-sampling Technique (SMOTE)
[19] alongside a clinically informed feature-weighting strategy. Rather than aiming for single-
metric maximization, the framework focuses on examining the trade-offs between diabetic case
detection and healthy-patient identification under different classification settings. A compre-
hensive ablation analysis is conducted across multiple classification scenarios to systematically
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evaluate the individual and combined effects of uncertainty representation, adapted similarity
measurement, class balancing, and feature weighting within the proposed framework.

The main contributions of this study can be summarized as follows:

1. Development of an Intuitionistic Fuzzy Set (IFS)-based diabetes classification framework
capable of explicitly representing membership, non-membership, and hesitation information
within clinical patient profiles to represent uncertainty in diabetes-risk classification.

2. Proposal of a Hausdorff-Inspired Attribute Distance (HIAD) formulation that adapts the
maximum-deviation principle into an attribute-wise similarity computation mechanism
within the Intuitionistic Fuzzy Set framework, providing an alternative approach for
evaluating neighborhood relationships under uncertainty.

3. Implementation of a hybrid framework combining IFS-HIAD, SMOTE, and clinically
informed feature weighting, accompanied by a comprehensive ablation analysis to examine
how uncertainty representation, class balancing, and feature weighting influence sensitivity—
specificity trade-offs across varying neighborhood configurations.

The remainder of this paper is organized as follows. Section 2 presents the research method-
ology, including the theoretical framework of Intuitionistic Fuzzy Sets (IFS), the proposed HIAD
formulation, and the classification procedure. Section 3 discusses the experimental results and
performance analysis across multiple classification scenarios. Finally, Section 4 concludes the
study and outlines potential directions for future research.

2. Methods

This study employs a computational approach for Type 2 Diabetes Mellitus (DM) classification.
The proposed framework integrates Intuitionistic Fuzzy Sets (IFS), a Hausdorff-Inspired Attribute
Distance (HIAD) formulation, and the K-Nearest Neighbor (K-NN) algorithm to represent
uncertainty and ambiguity commonly encountered in clinical data.

2.1. Dataset and Data Preprocessing

The experiments were conducted using the Pima Indians Diabetes Dataset, publicly available
through the UCI Machine Learning Repository and Kaggle [20, 21]. The dataset contains 768
observations with eight numerical predictor attributes, namely Pregnancies, Glucose, Blood
Pressure, Skin Thickness, Insulin, Body Mass Index (BMI), Diabetes Pedigree Function, and Age.
The target variable is binary, where class 1 represents diabetic patients and class 0 represents
non-diabetic patients.

To ensure a leakage-free evaluation, all preprocessing procedures were performed within
each training fold of a Stratified 5-Fold Cross-Validation framework and subsequently applied
to the corresponding validation fold. The same fold partitions were used consistently across all
experimental scenarios to ensure a fair comparison.

1. Missing Value Imputation

Zero values in Glucose, Blood Pressure, Skin Thickness, Insulin, and BMI were treated
as biologically implausible and imputed using the median estimated exclusively from the
training fold.

2. Min-Max Normalization

All features were normalized into the interval [0, 1] using:

X - Xmin
Xmax - Xmin
The normalization parameters were fitted on the training fold and subsequently applied
to the validation fold. Since fuzzification was performed in the normalized feature space,
all fuzzy threshold parameters (a,b,c) were transformed using the same normalization

X' =
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parameters to maintain consistency between the normalized data and the fuzzy membership

functions [22].
3. Data Balancing Us

ing SMOTE

To address class imbalance, the Synthetic Minority Over-sampling Technique (SMOTE)
[19] was applied exclusively to the normalized training data within each fold. No synthetic
samples were generated from or applied to the validation data.

Fig. 1 presents the overall workflow of the proposed framework, including preprocessing, IFS

transformation, distance computation, and K-NN classification.

Pima Indians Diabetes
Dataset

Training phage

Stratified 5-Fold Cross-
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Fig. 1: Overall workflow of the proposed diabetes classification framework.
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2.2. Determination of Clinical Fuzzy Parameters

The fuzzy membership parameters were determined using a hybrid clinically informed and
data-driven approach. Each attribute was represented by a triangular membership function
(a,b,c) corresponding to low-risk, moderate-risk, and high-risk regions.

For clinically relevant attributes such as Glucose, Blood Pressure, and BMI, the parameters
were constructed using reference ranges reported by the American Diabetes Association (ADA)
[4] and the World Health Organization (WHO) [1]. For attributes without universally accepted
clinical thresholds, including Pregnancies, Skin Thickness, Insulin, Diabetes Pedigree Function
(DPF), and Age, dataset-informed modeling assumptions were adopted to preserve the distribu-
tional characteristics of the clinical data within the experimental setting. The resulting fuzzy
parameters are summarized in Table 1.

Table 1: Hybrid Clinical and Data-Driven Fuzzy Parameters for IFS Transformation

No. Patient Attribute Lower (a) Core (b) Upper (¢)  Basis / Reference
(Low-Risk) (Mod-Risk) (High-Risk)

1 Pregnancies (Times) 1 3 5 Dataset-driven assumption

2 Glucose (mg/dL) 140 170 200 ADA-informed threshold

3 Blood Pressure (mmHg) 80 85 90 Clinically informed modeling

4 Skin Thickness (mm) 20 25 30 Dataset-driven assumption

5 Insulin (pU/mL) 140 170 200 Dataset-driven assumption

6 BMI (kg/m?) 24.9 27.5 30 WHO obesity classification

7 DPF (Score) 0.30 0.55 0.80 Dataset-driven assumption

8 Age (Years) 34 40 45 Dataset-driven assumption

The parameters in Table 1 should be interpreted as gradual transition regions rather than
strict diagnostic cut-off values. For clinically informed attributes, the triangular membership
functions were constructed around risk-related reference ranges, whereas the remaining attributes
were modeled using dataset-informed assumptions. This distinction is maintained consistently

throughout the manuscript to ensure methodological transparency regarding the basis of each
threshold.

2.3. Intuitionistic Fuzzy Set (IFS) Representation

Intuitionistic Fuzzy Sets (IFS), introduced by Atanassov [14], extend classical fuzzy sets by
incorporating three complementary components: membership (x), non-membership (v), and
hesitation (7). This representation provides an additional mechanism for modeling uncertainty
and ambiguity in clinical data, where patient characteristics may overlap across diagnostic
categories [16, 23].

Definition 1. Let X denote the universe of discourse. An Intuitionistic Fuzzy Set (IFS) A
in X is defined as:

A= {(z,pa(x),va(z)) | = € X}

where pa(z) : X — [0, 1] denotes the membership degree and v4(z) : X — [0, 1] denotes
the non-membership degree, subject to:

0 < pa(z)+ralz) <1
The hesitation degree is defined as:
ma(z) =1— pa(z) —va(z)

where 74(z) represents the hesitation degree associated with the observation z € X.
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2.4. Membership Function and Parameter A

To transform normalized continuous clinical attributes into the Intuitionistic Fuzzy Set (IFS) space,
this study employs a triangular membership function parameterized by the fuzzy thresholds
(a,b,c) established in Table 1. The triangular membership function was selected due to its
computational simplicity, interpretability, and effectiveness in modeling gradual transitions
between clinical risk categories [24].

Fuzzification was performed after Min-Max normalization to ensure consistency between the
normalized feature space and the fuzzy threshold parameters. For a patient sample 7 with respect
to attribute j, the membership degree pi(x;;) is defined as:

0, if x;; < aj or x;; > ¢
Tij — Ay .
e b o) = d——— ifa; <z < b,
/L(-xzjvajabbcj)_ bj_aj’ j < Tij =0
Ch— i )
M, 1fbj<$ij<cj
Cj—bj

The degree of non-membership is computed using a controlled complementary formulation:

v(wij) = (1 — p(wij))A (1)

where A € [0,1] denotes the non-membership control parameter. The hesitation degree is
subsequently calculated as:

m(xij) = 1= plwij) — v(wy) (2)
Substituting Eq. (1) into Eq. (2) yields:
m(wij) = (1 = p(ig))(1 = A) (3)

Eq. (3) shows that A controls the distribution of uncertainty between the non-membership
and hesitation components. Larger values increase the non-membership degree while reducing
hesitation, whereas smaller values preserve a greater proportion of uncertainty within the IFS
representation.

In this study, A = 0.8 was adopted. A localized sensitivity analysis using A € {0.5,0.6,0.7,0.8}
produced highly similar classification results, suggesting that moderate variations in A did not
substantially alter the induced neighborhood structure. This observation may further indicate
that the chosen IFS construction does not strongly differentiate neighborhood relationships
within the tested parameter range. Detailed results are presented in Section 3. Fig. 2 illustrates
the resulting membership (u), non-membership (v), and hesitation (7) functions.

2.5. Hausdorff-Inspired Attribute Distance (HIAD)

To measure the proximity between patient profiles within the Intuitionistic Fuzzy Set (IFS) space,
this study introduces the Hausdorff-Inspired Attribute Distance (HIAD). The formulation is
inspired by the classical Hausdorff metric, which preserves the maximum deviation between two
sets by identifying the largest local discrepancy between their corresponding elements [10, 17].

In its classical form, the Hausdorff distance between two non-empty sets X and Y is defined
as:

dp(X,Y) = max {sup inf d(z,y),sup inf d(y,a:)}
reX YEY yey zeX

where d(z,y) denotes the distance between elements = and y.

Although the classical Hausdorff distance is effective for geometric point-set comparisons,
it is not directly applicable to structured tabular clinical data represented as fixed attribute
vectors. Therefore, this study adapts the maximum-deviation principle into an attribute-wise
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Fig. 2: Schematic visualization of the Intuitionistic Fuzzy Set (IFS) representation showing the membership
(1), non-membership (v), and hesitation (7) functions generated from a triangular membership function
with parameters a, b, and ¢ using A = 0.8.

similarity mechanism within the IFS framework. Consequently, HIAD should be interpreted
as a Hausdorff-inspired distance measure rather than a direct implementation of the classical
Hausdorff distance.

Formally, the unweighted HIAD between two patient profiles A and B is defined as:

Diatan(4, B) = > max (lpua(ee) — p(eol s lwalen) — va(w], |ma(e:) - ms(e)])
=1

where:
e n denotes the total number of clinical attributes;

o pa(z;) and pp(z;) represent the membership degrees of attribute ¢ for patient profiles A
and B;

o v4(x;) and vp(z;) represent the corresponding non-membership degrees; and
o ma(x;) and 7p(z;) represent the corresponding hesitation degrees.

The maximum operator preserves the dominant discrepancy among the membership, non-
membership, and hesitation components, thereby maintaining sensitivity to localized clinical
abnormalities while reducing the smoothing effect commonly associated with global aggregation
schemes such as Euclidean distance.

From a clinical perspective, a substantial deviation in a single clinically relevant attribute
may indicate a different diabetes risk profile, even when the remaining attributes appear similar.
By evaluating each attribute independently before aggregation, HIAD preserves such localized
differences while still providing a global assessment of patient similarity.

While the unweighted HIAD treats all clinical attributes equally, different medical indicators
do not contribute equally to diabetes-risk assessment. Therefore, a weighted extension of HIAD is
introduced in the next subsection to incorporate the relative clinical importance of each attribute.

2.6. Weighted HIAD

While the unweighted HIAD formulation treats all clinical attributes equally, different medical
indicators do not contribute equally to diabetes risk assessment. Therefore, this study extends
the HIAD framework by incorporating attribute-specific weights to reflect the relative clinical
importance of each feature.
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The weighted HIAD between patient profiles A and B is defined as:

Dwiman(4, B) = Y w; - max (|pa(es) — pa (@], va(@:) - vs(@)], [ra(@:) - 7)) )
=1

subject to the normalization constraints:

n

Zwizl, w; >0 (4)

where w; denotes the normalized importance weight associated with the i-th attribute. To satisfy
Eq. (4), each weight was computed as:

Z?:l Wy

where w; represents the raw clinically informed importance score assigned to attribute i.

The weighting configuration was determined using a clinically informed heuristic strategy
rather than directly adopting numerical values from clinical guidelines. Attributes commonly
recognized as stronger diabetes-related risk indicators were assigned larger importance scores,
whereas supporting indicators received lower weights.

Wi

Table 2: Clinically Informed Feature Weights Used in the Proposed Weighted HIAD

Attribute Raw Weight (w;) Normalized Weight (w;)
Pregnancies 1.0 0.0833

Glucose 3.5 0.2917

Blood Pressure 1.0 0.0833

Skin Thickness 0.5 0.0417

Insulin 1.0 0.0833

BMI 2.0 0.1667

DPF 1.5 0.1250

Age 1.5 0.1250

Total > w; =12.0 > w; = 1.0000

As shown in Table 2, Glucose received the largest normalized weight (0.2917), followed by
BMI (0.1667). Age and Diabetes Pedigree Function (DPF) were assigned moderate weights,
whereas the remaining attributes received lower weights as supporting indicators. These values
represent modeling assumptions informed by clinical knowledge rather than quantitative weights
derived directly from clinical guidelines.

The weighted HIAD formulation incorporates clinically informed feature importance into
similarity computation, enabling the Intuitionistic Fuzzy K-NN classifier to place greater emphasis
on medically relevant attributes while preserving the uncertainty representation provided by the
IFS framework.

2.7. Classification via Intuitionistic Fuzzy K-Nearest Neighbor

The final classification stage employs a K-Nearest Neighbor (K-NN) framework operating in the
Intuitionistic Fuzzy Set (IFS) space. Unlike conventional K-NN, which relies on standard geomet-
ric distances, the proposed framework evaluates neighborhood relationships using intuitionistic
fuzzy representations consisting of membership (u), non-membership (v), and hesitation ()
components.

The classification procedure consists of four sequential steps:

1. Intuitionistic Fuzzification: Transforming normalized clinical attributes into IF'S repre-

sentations.
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2. Distance Computation: Calculating pairwise distances using the selected metric (Eu-
clidean, IFS-Hamming, IFS-HIAD, or Weighted HIAD).

3. Neighborhood Selection: Identifying the K nearest neighbors based on ascending
distance values.

4. Majority Voting: Assigning the final diagnostic label according to the most frequent
class among the selected neighbors.

To evaluate the influence of neighborhood size, the following odd-valued configurations were
investigated:
K €{3,5,7,9} (5)

Odd values were selected to reduce tie conditions during binary classification. All experiments
were evaluated using a Stratified 5-Fold Cross-Validation protocol to preserve class distributions
across folds and obtain robust performance estimates.

2.8. Experimental Ablation Design

To evaluate the contribution of each methodological component, an ablation-based experimental
design consisting of six classification scenarios was employed:

o Scenario 1: K-NN (Euclidean);

e Scenario 2: K-NN + SMOTE;

e Scenario 3: IFS-Hamming;

e Scenario 4: IFS-HIAD;

e Scenario 5: IFS-HIAD + SMOTE;

e Scenario 6: Weighted HIAD + SMOTE.

Scenario 1 serves as the baseline model, whereas Scenarios 2—6 progressively introduce class
balancing, intuitionistic fuzzy representation, the Hausdorff-Inspired Attribute Distance (HIAD),
and clinically informed feature weighting. This design enables the systematic examination of the
individual and combined effects of these components.

To ensure a fair comparison, all scenarios were evaluated using identical Stratified 5-Fold Cross-
Validation partitions and the neighborhood configurations defined in Eq. (5). All preprocessing
procedures, including median imputation, Min-Max normalization, fuzzy-threshold scaling, and
SMOTE oversampling, were performed exclusively on the training folds and subsequently applied
to the corresponding validation folds, thereby maintaining a leakage-free evaluation protocol.

2.9. Model Evaluation

Classification performance was evaluated using confusion matrix-based metrics, namely Accuracy,
Precision, Sensitivity, Specificity, and F1-Score. Let TP, TN, FP, and FN denote true positives,
true negatives, false positives, and false negatives, respectively. The evaluation metrics are
defined as follows:

A TP + TN
ccuracy =
WY = TP L TN + FP + FN
I TP
recision = ——————
TP + FP
Senitivity — TP
€11S1 IVIY_TP—‘,—FN
TN
ity — TN
Specificity TN £ FP
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FlScore — 2 x Precision x Sensitivity

Precision + Sensitivity

Accuracy measures overall classification performance; Precision evaluates the reliability of
positive predictions; Sensitivity the detection of diabetic patients; and Specificity measures the
correct identification of non-diabetic individuals. The F1-Score provides a harmonic balance
between Precision and Sensitivity and is particularly useful for imbalanced datasets.

Given the clinical importance of diabetic case detection, particular attention was paid to
Sensitivity alongside overall accuracy. All scenarios were evaluated using the Stratified 5-Fold
Cross-Validation protocol described in Section 2.7. Reported results correspond to the mean and
standard deviation across the five validation folds. All experiments were implemented in Python
3.10 using NumPy, Pandas, Scikit-learn, and Imbalanced-learn.

3. Results and Discussion

The experimental results were obtained using the leakage-free Stratified 5-Fold Cross-Validation
protocol described in Section 2.7. All reported values correspond to the mean and standard
deviation across the five validation folds. The analysis evaluates the effects of class balancing,
intuitionistic fuzzy representation, distance metric selection, and clinically informed feature
weighting on diabetes classification performance.

3.1. Performance Comparison Across Classification Scenarios

Table 3 summarizes the classification results obtained from the six experimental scenarios across
four neighborhood configurations (K € {3,5,7,9}). The reported metrics include Accuracy,
Precision, Sensitivity, Specificity, and F1-Score, providing a comprehensive basis for evaluating
the effects of SMOTE, Intuitionistic Fuzzy Set (IFS) representation, Hausdorff-Inspired Attribute
Distance (HIAD), and clinically informed feature weighting.

Fig. 3 presents the average classification performance across all evaluated neighborhood
configurations.

B Accuracy I Precision B sensitivity HEE Specificity I Fl1-Score

80

o
=}

Performance (%)
&

204

Euclidean IFS- IFS- IFS-HIAD Weighted HIAD
Hamming HIAD +SMOTE +SMOTE

Classification Scenario

Fig. 3: Average Accuracy, Precision, Sensitivity, Specificity, and F1-Score across all evaluated neighborhood
configurations (K € {3,5,7,9}). Reported values correspond to the arithmetic mean obtained from the
Stratified 5-Fold Cross-Validation experiments.

As illustrated in Fig. 3, the evaluated classification scenarios exhibit distinct performance
profiles across the five evaluation metrics. The conventional K-NN (Euclidean) configuration
achieved the highest overall accuracy, whereas the K-NN + SMOTE model produced the
highest sensitivity and F1-Score. In contrast, the IFS-based configurations employing Hamming
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Table 3: Performance comparison of all classification scenarios using Stratified 5-Fold Cross-Validation

(%)

K Scenario Accuracy Precision Sensitivity  Specificity F1-Score
K-NN (Euclidean) 73.57 £2.65 62.72 £4.00 60.07 £ 7.32 80.80 £ 3.06 61.16 + 4.76
K-NN + SMOTE 69.91 + 3.33 55.59 +£ 4.07 68.64 £7.49 70.60 £ 3.50 61.31 + 4.86

3 IFS-Hamming 67.71 £ 2.10 55.53 £ 5.15 42.56 £ 6.12 81.20 + 5.08 47.72 £ 3.55
IFS-HIAD 67.71 +2.10 55.53 &£ 5.15 42.56 £ 6.12 81.20 + 5.08 47.72 + 3.55
IFS-HIAD + SMOTE 65.88 £ 1.89 5145 +£2.99 54.15 £+ 6.41 7220 & 5.64 52.41 + 2.24
Weighted HIAD + SMOTE  65.23 + 2.61 50.67 + 3.38 56.38 £ 6.27 70.00 £ 6.96 52.99 + 1.90
K-NN (Euclidean) 73.57 £ 243 63.02 +£4.12 59.34 +£ 2.50 81.20 £ 2.93 61.08 &+ 2.95
K-NN + SMOTE 70.57 £2.99 56.23 £4.08 73.51 £5.06 69.00 £+ 5.06 63.56 + 3.04

5 IFS-Hamming 70.70 + 3.06 62.62 £ 7.23 41.05 + 4.29 86.60 4+ 3.72 49.44 £+ 4.68
IFS-HIAD 70.70 + 3.06 62.62 £ 7.23 41.05 £ 4.29 86.60 + 3.72 49.44 + 4.68
IFS-HIAD + SMOTE 68.88 +2.35 55.59 +£3.09 53.78 £7.37 77.00 £ 3.16 54.46 + 4.78
Weighted HIAD + SMOTE  68.62 + 2.32 54.85 £ 3.33 59.04 + 9.03 73.80 + 4.66 56.49 £+ 4.55
K-NN (Euclidean) 73.82 £ 2.67 64.38 £5.04 57.07 +£4.88 82.80 +£4.21 60.31 + 3.78
K-NN + SMOTE 72.13 £3.29 57.88 £4.14 75.00 + 6.62 70.60 + 4.27 65.21 £+ 4.20

7 IFS-Hamming 72.26 + 3.42 66.75 £ 7.89 41.82 + 7.04 88.60 £+ 3.72 51.09 £ 6.42
IFS-HIAD 72.39 £ 3.59 66.89 £ 7.97 42.19 + 7.74 88.60 + 3.72 51.38 £ 6.91
IFS-HIAD + SMOTE 69.27 + 1.55 56.55 + 2.28 52.68 £ 7.21 78.20 £+ 3.92 54.25 + 3.79
Weighted HIAD 4+ SMOTE  69.79 + 1.74 57.10 &+ 2.66 54.91 £ 7.36 77.80 £+ 3.76 55.70 &+ 4.03
K-NN (Euclidean) 73.96 + 2.37 64.99 + 5.26 56.37 + 3.56 83.40 + 4.08 60.19 + 2.74
K-NN + SMOTE 71.48 + 3.42 56.80 £ 4.02 77.61 £ 6.95 68.20 + 4.53 65.46 + 4.18

9 IFS-Hamming 71.61 £ 2.60 66.52 £ 6.96 37.69 £ 5.10 89.80 £+ 2.32 48.00 £ 5.42
IFS-HIAD 71.61 £ 2.60 66.52 +6.96 37.69 + 5.10 89.80 £ 2.32 48.00 + 5.42
IFS-HIAD + SMOTE 70.31 £ 3.23 5891 + 546 53.40 £ 5.54 79.40 £ 6.15 55.63 + 3.24
Weighted HIAD + SMOTE  70.70 + 1.81 59.03 4+ 3.76 54.90 £ 5.70 79.20 + 4.79 56.56 + 2.37

and HIAD distances achieved the highest specificity values. Meanwhile, the Weighted HIAD
4+ SMOTE configuration exhibited a more balanced sensitivity—specificity profile, suggesting
an intermediate classification behavior between minority-class detection and healthy-patient
identification.

The results presented in Table 3 indicate that the conventional K-NN (Euclidean) classifier
achieved the highest overall accuracy, reaching 73.96% at K = 9. However, despite its relatively
strong overall performance, the model exhibited only moderate sensitivity values ranging from
56.37% to 60.07%, indicating a limited ability to identify diabetic patients from the minority
class.

The incorporation of SMOTE substantially improved minority-class recognition. Across all
neighborhood configurations, the K-NN + SMOTE model consistently achieved the highest
sensitivity values, reaching 77.61% at K = 9, while also obtaining the highest F1-Score of 65.46%.
These findings suggest that synthetic minority oversampling can alleviate the effects of class
imbalance and improve the detection of diabetic cases. Nevertheless, this improvement was
accompanied by lower specificity values, indicating a greater tendency to classify patients as
diabetic.

A different classification behavior was observed for the IFS-based configurations employing
Hamming and HIAD distances. Both approaches consistently achieved the highest specificity
values, reaching 89.80% at K = 9. This result suggests that the intuitionistic fuzzy representation
tends to produce a more conservative classification tendency that reduces false-positive predictions.
However, such conservatism was also associated with lower sensitivity values, indicating that a
considerable proportion of diabetic patients remained undetected.

Interestingly, the IFS-Hamming and IFS-HIAD configurations produced highly comparable
classification results across all neighborhood configurations. At several values of K, both
approaches yielded identical values for Accuracy, Precision, Sensitivity, Specificity, and F1-Score.
This similarity suggests that both formulations induce highly comparable neighborhood structures
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under the current IFS representation. Therefore, within the experimental setting considered in
this study, HTAD should be interpreted as a Hausdorff-inspired alternative similarity formulation
rather than a distance measure that consistently outperforms the conventional Hamming distance.

The Weighted HIAD + SMOTE configuration produced a more balanced trade-off between
sensitivity and specificity than the unweighted IFS-based models. For example, at K = 9, sensi-
tivity increased from 37.69% under IFS-HIAD to 54.90% under Weighted HIAD + SMOTE, while
specificity decreased from 89.80% to 79.20%. These results suggest that incorporating clinically
informed feature weighting can improve diabetic patient detection while maintaining relatively
high specificity. However, the observed differences should be interpreted as a redistribution of
the sensitivity—specificity trade-off rather than as a clear overall performance advantage over
alternative distance formulations.

Overall, the experimental findings indicate that different methodological components con-
tribute different classification tendencies. In the evaluated setting, SMOTE was associated
with improved detection of diabetic cases, whereas the intuitionistic fuzzy representation was
associated with stronger identification of healthy patients. Meanwhile, the incorporation of
clinically informed feature weighting contributed to a more balanced sensitivity—specificity profile.
These observations highlight the importance of considering multiple evaluation metrics when
assessing uncertainty-aware medical classification frameworks.

3.2. Sensitivity—Specificity Trade-off Analysis

In medical screening applications, overall accuracy alone may not adequately reflect diagnostic
performance because classifiers must balance diabetic patient detection and healthy-patient
identification. Consequently, sensitivity and specificity were analyzed jointly to examine the
classification tendencies of the evaluated scenarios.

Fig. 4 presents the sensitivity and specificity obtained across different neighborhood config-
urations. The results indicate that different methodological components were associated with
distinct sensitivity—specificity profiles.
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Fig. 4: Influence of neighborhood size (K € {3,5,7,9}) on (a) sensitivity and (b) specificity across the
six evaluated classification scenarios.

As shown in Fig. 4(a), the incorporation of SMOTE consistently increased sensitivity across
all neighborhood configurations, indicating improved detection of diabetic patients. However, this
improvement was accompanied by lower specificity values, as illustrated in Fig. 4(b), reflecting a
greater tendency to classify patients as diabetic. This behavior is consistent with the objective of
synthetic minority oversampling, which aims to improve minority-class recognition by reducing
the imbalance between diabetic and non-diabetic observations.
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In contrast, the IFS-based configurations employing Hamming and HIAD distances achieved
higher specificity values than the Euclidean-based models. The substantial overlap between
the Hamming-based and HIAD-based curves further indicates that both formulations produced
highly similar classification behavior across all evaluated neighborhood configurations. Although
this conservative tendency reduced false-positive predictions, it was also associated with lower
sensitivity, indicating that a larger proportion of diabetic patients remained undetected compared
with the SMOTE-enhanced configurations.

The Weighted HIAD + SMOTE configuration exhibited an intermediate sensitivity—specificity
profile between the highly sensitive SMOTE-based model and the highly specific unweighted
IF'S-based models. While the numerical differences relative to IFS-HIAD + SMOTE were modest,
the weighted formulation demonstrated that incorporating clinically informed feature importance
may influence the distribution of classification decisions within the proposed framework. This
observation suggests that feature weighting can partially adjust the balance between minority-class
detection and healthy-patient identification while preserving the uncertainty-aware characteristics
of the IFS representation.

Overall, the results indicate that different methodological components contribute distinct
classification tendencies. In the evaluated setting, SMOTE was primarily associated with
improved detection of diabetic patients, whereas the intuitionistic fuzzy representation was
associated with stronger identification of healthy patients. The Weighted HIAD 4+ SMOTE
configuration provided an intermediate sensitivity—specificity profile, suggesting that clinically
informed feature weighting can partially moderate the trade-off between minority-class detection
and false-positive reduction. These findings highlight the importance of jointly considering
sensitivity and specificity when evaluating uncertainty-aware medical classification frameworks.

3.3. Comparative Analysis of Hamming Distance and HIAD

The empirical evaluation of Scenarios 3 (IFS-Hamming) and 4 (IFS-HIAD) provides insight into
the relationship between the conventional Hamming distance and the proposed Hausdorff-Inspired
Attribute Distance (HIAD) within the Intuitionistic Fuzzy Set (IFS) framework. As shown in
Table 3, both approaches produced highly comparable classification results across all evaluated
neighborhood configurations. At K =3, K =5, and K =9, the two methods yielded identical
performance across all reported evaluation metrics, whereas only marginal differences were
observed at K = 7. For example, the HIAD-based configuration achieved an accuracy of 72.39%
compared with 72.26% for the Hamming-based configuration. Consistent with these numerical
results, the substantial overlap between the Hamming-based and HIAD-based curves in Fig. 4
further indicates highly similar classification behavior.

This similarity can be explained by the structure of the proposed IFS representation. Both
Hamming distance and HIAD operate on the same intuitionistic components, namely member-
ship (¢), non-membership (v), and hesitation (7). Because the non-membership and hesitation
components are derived directly from the membership function through the control parameter A,
all three components remain strongly dependent on the same underlying information. Conse-
quently, both distance formulations produce highly similar pairwise similarity relationships. Since
K-NN classification depends primarily on neighborhood ranking rather than absolute distance
magnitudes, similar pairwise similarities naturally induce similar neighborhood structures and,
therefore, comparable classification outcomes.

Conceptually, however, HIAD differs from the conventional Hamming distance. While Ham-
ming distance aggregates absolute deviations across intuitionistic components, HIAD emphasizes
the maximum deviation among the membership, non-membership, and hesitation values within
each attribute. By preserving the largest intuitionistic discrepancy before global aggregation,
HIAD provides an alternative uncertainty-aware similarity formulation inspired by the maximum-
deviation principle of the Hausdorff distance. Therefore, the contribution of HIAD should be
interpreted as providing an alternative similarity-computation mechanism within the IFS frame-
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work rather than as a formulation intended to consistently outperform conventional IFS-based
distance measures.

3.4. Impact of Neighborhood Size (K)

The experimental results indicate that neighborhood size (K') influences classification behavior
across all evaluated scenarios. Since K-NN assigns class labels based on neighboring instances,
varying K affects the balance between local sensitivity and neighborhood stability, leading to
different classification tendencies across data representations and similarity formulations.

Fig. 4 illustrates the sensitivity and specificity obtained across different neighborhood config-
urations. While some scenarios exhibited relatively stable performance, others showed noticeable
changes as the neighborhood size increased.

For the conventional Euclidean-based K-NN classifier (Scenario 1), increasing K was associated
with a slight improvement in accuracy, from 73.57% at K = 3 to 73.96% at K = 9, while sensitivity
and specificity remained relatively stable. This result suggests that larger neighborhoods provide
more stable majority-voting decisions without substantially altering classification behavior.

A more pronounced effect was observed in the SMOTE-enhanced configuration (Scenario 2).
Sensitivity increased steadily from 68.64% at K = 3 to 77.61% at K = 9, whereas specificity
decreased slightly from 70.60% to 68.20%. These findings indicate that larger neighborhood sizes
strengthened minority-class recognition when class balancing was applied, although at the cost
of reduced healthy-patient identification.

In contrast, the IFS-based configurations employing Hamming and HIAD distances (Scenarios
3 and 4) exhibited increasing specificity as K increased, reaching 89.80% at K = 9, while sensitivity
gradually declined. The highly similar performance trends observed for both formulations are
consistent with the findings of the previous subsection, suggesting that the two distance measures
generated comparable neighborhood structures under the proposed IFS representation.

The introduction of SMOTE into the HIAD-based IFS framework (Scenario 5) increased
sensitivity relative to the unbalanced IFS configuration while moderately reducing specificity,
indicating improved minority-class recognition while preserving the overall classification charac-
teristics of the IFS representation.

The Weighted HIAD + SMOTE configuration (Scenario 6) demonstrated comparatively
stable performance across different neighborhood sizes. Accuracy increased from 65.23% at K = 3
to 70.70% at K = 9, while sensitivity remained within a relatively narrow range, suggesting
that clinically informed feature weighting contributed to a more consistent sensitivity—specificity
profile.

Overall, the results demonstrate that neighborhood size constitutes an important hyperparam-
eter within both conventional and intuitionistic fuzzy K-NN frameworks. Larger neighborhood
sizes favored sensitivity in the SMOTE-enhanced configuration, whereas they favored specificity
in the IFS-based models. Consequently, no single value of K consistently produced the best
performance across all evaluation metrics, and its selection should therefore be guided by the
intended diagnostic objective.

3.5. Clinical Implications and Study Limitations

The experimental findings highlight the importance of balancing diabetic patient detection and
healthy-patient identification in medical screening systems. Because classification models often
operate under uncertainty arising from overlapping patient characteristics, incomplete clinical
information, and class imbalance, overall accuracy alone may not adequately reflect diagnostic
performance. In particular, false-negative predictions may delay diagnosis and treatment, whereas
excessive false-positive predictions may increase healthcare costs and unnecessary follow-up
examinations. Therefore, sensitivity and specificity should be considered jointly when evaluating
medical classification systems.

The results further demonstrate the potential of Intuitionistic Fuzzy Set (IFS) representations
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for handling uncertainty in diabetes classification. By simultaneously modeling membership, non-
membership, and hesitation components, the IFS framework provides an additional mechanism
for representing ambiguous clinical conditions. Within this framework, the proposed Hausdorff-
Inspired Attribute Distance (HIAD) offers an alternative maximum-deviation-based similarity
formulation. Although its performance was highly comparable to that of the conventional
Hamming distance, HIAD expands the range of similarity measures available within the IFS
framework while preserving comparable classification performance.

To evaluate parameter robustness, a localized sensitivity analysis was conducted using
A € {0.5,0.6,0.7,0.8} within the Weighted HIAD + SMOTE configuration. As shown in Eq. (4),
identical values of accuracy, precision, sensitivity, specificity, and F1l-score were obtained across
all evaluated values of A. This result suggests that moderate redistributions between the non-
membership and hesitation components did not substantially alter the induced neighborhood
structure within the investigated range, leaving the classification outcomes unchanged.

Table 4: Localized sensitivity analysis of the non-membership control parameter (\) for the proposed
Weighted HIAD + SMOTE configuration at K = 9.

A Accuracy Precision Sensitivity Specificity F1-Score

0.5 70.70 59.03 54.90 79.20 56.56
0.6 70.70 59.03 54.90 79.20 56.56
0.7 70.70 59.03 54.90 79.20 56.56
0.8 70.70 59.03 54.90 79.20 56.56

Several limitations should be acknowledged. First, all experiments were conducted using the
Pima Indians Diabetes dataset, limiting the generalizability of the findings to other populations
and healthcare environments. Broader validation on additional medical datasets is therefore
required before stronger conclusions regarding practical clinical applicability can be drawn.
Second, the feature-weighting strategy was based on clinically informed heuristic assumptions
rather than data-driven optimization procedures. Third, the sensitivity analysis was restricted
to a relatively narrow range of A\ values. Finally, the proposed HIAD formulation was evaluated
only against the conventional Hamming distance within the IFS framework.

Future research may extend the proposed framework by incorporating adaptive feature-
weighting mechanisms, larger and more diverse medical datasets, alternative neighborhood
optimization strategies, and broader comparisons with uncertainty-aware similarity measures
and classification methods.

4. Conclusion

This study investigated the application of Intuitionistic Fuzzy Set (IFS) representations and
the proposed Hausdorff-Inspired Attribute Distance (HIAD) within a K-Nearest Neighbor (K-
NN) framework for diabetes classification. Experimental evaluations were conducted on the
Pima Indians Diabetes dataset using six classification scenarios and multiple neighborhood
configurations (K € {3,5,7,9}) under Stratified 5-Fold Cross-Validation.

The results demonstrated that different methodological components contributed distinct
classification tendencies. The conventional Euclidean-based K-NN configuration achieved the
highest overall accuracy, whereas incorporating SMOTE improved sensitivity in detecting diabetic
patients. In contrast, the IFS-based configurations employing Hamming and HIAD distances
achieved higher specificity values, indicating stronger healthy-patient identification under the
evaluated conditions.

The comparative analysis showed that the proposed HIAD formulation produced classification
performance highly comparable to that of the conventional Hamming distance across all evaluated
neighborhood configurations. These findings suggest that HIAD serves as an alternative maximum-
deviation-based similarity formulation within the IFS framework, rather than one intended
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to consistently outperform existing distance measures. Furthermore, the integration of class
balancing and clinically informed feature weighting resulted in a more balanced sensitivity—
specificity profile than the unweighted IFS-based configurations.

A localized sensitivity analysis demonstrated identical classification performance across
the evaluated values of the non-membership control parameter (\), suggesting that moderate
redistributions between the non-membership and hesitation components did not substantially
alter the induced neighborhood structure within the investigated range.

Despite these encouraging findings, the present study was limited to a single benchmark
dataset and a heuristic feature-weighting strategy. Future research may focus on validating
the proposed framework with larger, more diverse medical datasets, exploring adaptive feature
weighting approaches, and conducting broader comparisons with uncertainty-aware similarity
measures and classification methods.

Overall, the proposed HIAD formulation expands the range of similarity measures available
within the intuitionistic fuzzy framework and provides an alternative approach for uncertainty-
aware diabetes classification.
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