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 Background of study: Diabetes mellitus remains one of the most common chronic 
diseases worldwide; thus, early and accurate prediction is critical for appropriate 
intervention. 
Aims: This study examines the performance of the standard K-Nearest Neighbor 
(KNN) method and its fuzzy counterpart, Fuzzy K-Nearest Neighbor (Fuzzy KNN), 
in classifying diabetes status and compares their behavior across different 
neighborhood sizes (k). 
Methods: The Pima Indians Diabetes Dataset (768 cases, 8 clinical variables) was 
used. Zero values in physiologically implausible attributes (glucose, blood pressure, 
skin thickness, insulin, and BMI) were treated as missing values based on the 
physiological interpretation of these variables and imputed using class-wise 
medians. The dataset was then split into 80% training and 20% testing subsets 
using stratified sampling to preserve class proportions. Five-fold cross-validation 
on the training set was used to determine the optimal number of neighbors (k), 
after which both models were evaluated on the held-out test set using accuracy, 
precision, recall, and F1-score. 
Result: The optimal k varied between models: k=15 for KNN and k=3 for Fuzzy 
KNN. Cross-validation accuracy across the tested k range (3–21) remained 
relatively stable for both methods (approximately 0.80–0.83), indicating that 
performance was not highly sensitive to k selection. On the test set, Fuzzy KNN 
outperformed conventional KNN across all evaluation metrics (accuracy: 0.779 vs. 
0.773; precision: 0.679 vs. 0.673; recall: 0.704 vs. 0.685; F1-score: 0.691 vs. 0.679). 
Conclusion: For the Pima Indians Diabetes Dataset, Fuzzy KNN achieved slightly 
better performance than conventional KNN across all evaluated metrics on the 
held-out test set. These findings indicate that distance-based membership 
weighting may provide a modest advantage over crisp majority voting for diabetes 
classification in this dataset. 
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INTRODUCTION 

Diabetes mellitus continues to be one of the most prevalent chronic diseases worldwide, and 
early, accurate detection remains essential for timely clinical intervention (Addou et al., 2026; Pikula 
et al., 2024). Machine learning classifiers have become widely used tools for medical diagnosis 
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support, with the K-Nearest Neighbor (KNN) algorithm being particularly attractive due to its 
conceptual simplicity, ease of implementation, and lack of a training phase (Sachdeva et al., 2025; 
Stefane Souza & Araújo Lima, 2024). However, standard KNN classifies instances through simple 
majority voting, which can perform poorly when class boundaries overlap a common characteristic 
of real-world clinical datasets such as diabetes records, where diagnostic features often show 
considerable overlap between diabetic and non-diabetic cases. To address this limitation, Fuzzy K-
Nearest Neighbor (Fuzzy KNN) incorporates distance-based membership weighting rather than 
relying solely on crisp majority voting. This raises the question of whether Fuzzy KNN provides a 
consistent performance advantage over standard KNN and whether the optimal neighborhood size 
(k) differs between the two methods. 

KNN has been extensively studied and modified to improve its performance in classification 
tasks (Amer et al., 2025; Zhang, 2022). Recent reviews have identified several persistent challenges 
in KNN, including sensitivity to noise, the curse of dimensionality, and the selection of an appropriate 
neighborhood size (k) (Halder et al., 2024; Suyal & Goyal, 2022; Syriopoulos et al., 2025). These 
challenges are particularly relevant to medical classification, where observations may exhibit 
overlapping feature distributions and heterogeneous local patterns. Accordingly, KNN and its 
variants have been applied to various diagnostic problems, including Alzheimer's disease, breast 
cancer, and lung cancer (Dinesh et al., 2024; Lahmiri, 2023; Sachdeva et al., 2025). Collectively, these 
studies demonstrate the continued applicability of neighborhood-based classification in medical 
diagnosis while highlighting the importance of how local neighborhood information is represented 
and weighted. 

One approach to addressing the limitations of crisp neighborhood voting is Fuzzy KNN, 
originally introduced by (González-Martínez et al., 2020), which assigns class membership degrees 
to observations based on their neighboring instances and distances rather than relying solely on 
majority voting. Subsequent research has extended the original formulation through generalized 
distance functions, adaptive neighbor selection, and alternative aggregation mechanisms (Bian et al., 
2022; Mailagaha Kumbure et al., 2020; Mailagaha Kumbure & Luukka, 2022). These developments 
indicate a broader trend toward incorporating uncertainty and distance information into 
neighborhood-based classification. In medical applications, Fuzzy KNN and related fuzzy approaches 
have been investigated for heart disease, Parkinson's disease, and diabetes diagnosis 
(Chandrasekaran et al., 2023; Kaur & Khehra, 2022; Salem et al., 2022). In particular, (Salem et al., 
2022) applied a fine-tuned Fuzzy KNN based on uncertainty membership to the Pima Indians 
Diabetes Dataset, illustrating how the original fuzzy framework can be further enhanced for diabetes 
classification. 

Existing studies have established the relevance of both KNN and Fuzzy KNN for diabetes 
classification using the Pima Indians Diabetes Dataset. KNN has been evaluated as one of several 
conventional supervised classifiers (Choubey et al., 2020;Tasin et al., 2023), while Fuzzy KNN has 
been applied using feature-selection and fuzzy modeling strategies (Li et al., 2023; Vommi & Krishna, 
2024). Other studies have incorporated both KNN and Fuzzy KNN within hybrid or optimized 
frameworks. For example, (Arowolo et al., 2021)combined KNN and Cuckoo-Fuzzy-KNN with Firefly 
and Cuckoo Search-based feature selection, while (Salem et al., 2022) directly evaluated KNN and 
Fuzzy KNN alongside a tuned Fuzzy KNN based on uncertainty membership. Investigated Fuzzy KNN 
within a modified artificial immune recognition framework (Azevedo et al., 2024; Mayawi & Subanar, 
2025). Representative studies on KNN and Fuzzy KNN for diabetes classification are summarized in 
Table 1, highlighting their datasets, methodological characteristics, and relevance to the present 
study. 

Table 1. State of the art comparison of KNN and Fuzzy KNN for diabetes classification 

Study Dataset Method Main methodological 
characteristic 

Relevance to the present study 

(González-
Martínez et 
al., 2020) 

Pima 
Indians 
Diabetes 

Fuzzy KNN Fuzzy modeling combined 
with feature selection 

Shows an application of Fuzzy 
KNN to the Pima dataset, but 
focuses on feature selection and 
fuzzy modeling 
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(Azevedo et 
al., 2024; 
Mayawi & 
Subanar, 
2025) 

Pima 
Indians 
Diabetes 

AIRS2 with 
Fuzzy KNN 

Fuzzy KNN incorporated 
into an artificial immune 
recognition framework 

Uses Fuzzy KNN in a hybrid 
framework rather than 
comparing the original KNN and 
Fuzzy KNN 

(Lohrmann et 
al., 2025) 

Pima 
Indians 
Diabetes 

KNN and 
Cuckoo-
Fuzzy-KNN 

Search-based feature 
selection combined with 
KNN-based methods 

Includes both KNN and a Fuzzy 
KNN variant, but within feature-
selection strategies 

(Arowolo et 
al., 2021) 

Pima 
Indians 
Diabetes 

KNN and 
other 
classifiers 

Comparative evaluation of 
conventional supervised 
classifiers 

Demonstrates the use of KNN for 
diabetes classification, but does 
not include Fuzzy KNN 

(Salem et al., 
2022) 

Pima 
Indians 
Diabetes 

KNN, Fuzzy 
KNN, and 
tuned Fuzzy 
KNN 

Uncertainty-based 
membership and grid-search 
optimization 

Provides a direct KNN–Fuzzy 
KNN comparison, but focuses on 
an enhanced/tuned Fuzzy KNN 

Present 
study 

Pima 
Indians 
Diabetes 

KNN and 
original 
Fuzzy KNN 

Same preprocessing and 
evaluation framework; 
systematic comparison 
across k = 3–21 

Focuses on the baseline 
difference between crisp 
majority voting and distance-
based fuzzy membership 
without additional algorithmic 
enhancement 

 

As summarized in Table 1 the existing studies generally evaluate KNN and Fuzzy KNN within 
additional feature-selection, hybridization, uncertainty-based membership, or optimization 
procedures. Consequently, the isolated difference between standard crisp majority voting and the 
original distance-based membership mechanism of Fuzzy KNN is not the primary focus of these 
studies. Moreover, the effect of neighborhood size (k) is typically considered as part of model tuning 
rather than as the main object of a systematic comparison between the two original formulations. 
Therefore, a controlled baseline comparison of standard KNN and the original (Hameed & Joshi, 
2024; Lohani et al., 2025)Fuzzy KNN under a common experimental framework provides a useful 
complementary perspective for clarifying how the two voting mechanisms behave across the same 
range of k values. The present study addresses this gap by comparing the two methods on the Pima 
Indians Diabetes Dataset using the same preprocessing and evaluation framework, with k 
systematically examined from 3 to 21. This rigorous benchmarking incorporates stratified cross-
validation to ensure consistent performance evaluation across different neighborhood sizes (Aria et 
al., 2025). 

A straightforward and reproducible comparison of KNN and Fuzzy KNN is valuable both 
pedagogically and practically because it isolates the effect of distance-weighted membership under 
standard, non-optimized conditions. Such a comparison can clarify whether the use of distance-based 
membership provides an advantage over conventional majority voting and offers practical insight 
into neighborhood-size selection. This baseline comparison is particularly relevant for researchers 
and practitioners seeking transparent and interpretable models before adopting more complex 
Fuzzy KNN variants. 

This study aims to compare the classification performance of standard KNN and Fuzzy KNN 
in predicting diabetes status using the Pima Indians Diabetes Dataset, and to examine how the 
optimal number of neighbors (k) differs between the two methods. It is hypothesized that (H1) Fuzzy 
KNN will outperform standard KNN across accuracy, precision, recall, and F1-score due to its 
distance-based membership weighting, which better accommodates overlapping class boundaries; 
and (H2) the optimal k for Fuzzy KNN will be smaller than that for standard KNN, since its inherent 
distance weighting already mitigates the effect of noisy neighbors that standard KNN requires a 
larger k to smooth out. 

METHOD 

This study employed a quantitative, comparative computational design based on secondary 
data analysis. Rather than direct human-subject recruitment, the study compared the classification 
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performance of two supervised machine learning algorithms standard K-Nearest Neighbor (KNN) 
and Fuzzy K-Nearest Neighbor (Fuzzy KNN) using a publicly available, de-identified clinical dataset. 

No human participants were directly recruited for this study. The analysis used a publicly 
available, de-identified secondary dataset (the Pima Indians Diabetes Dataset), originally collected 
by the National Institute of Diabetes and Digestive and Kidney Diseases (NIDDK). The dataset 
consists of clinical records from 768 female patients of Pima Indian heritage, aged 21 years or older. 
As the data were fully de-identified and publicly accessible prior to this study, no additional ethical 
approval or informed consent procedure was required for this secondary analysis. 

The population represented in the dataset is limited to female patients of Pima Indian 
heritage aged ≥21 years, originally sampled by NIDDK. No additional sampling was performed by the 
authors; all 768 available records were used in full. The dataset does not involve a psychometric 
survey instrument; rather, it consists of eight clinical/laboratory measurements per patient 
(Pregnancies, Glucose, Blood Pressure, Skin Thickness, Insulin, BMI, Diabetes Pedigree Function, and 
Age) and a binary diagnostic outcome (diabetic/non-diabetic), as established in the original data 
collection by (Baghdadi et al., 2023; Bonmati et al., 2021; Calster et al., 2023). As such, traditional 
validity/reliability coefficients (e.g., Cronbach's alpha) do not apply; the clinical validity of the 
measurements is inherited from the dataset's original medical data collection protocol. 

Data analysis was carried out using Python 3, with the scikit-learn library for standard KNN 
implementation, preprocessing, cross-validation, and evaluation metrics. Fuzzy KNN was 
implemented manually following the original formulation of (Fan, 2025; Szczuko et al., 2021). For 
reproducibility, both classifiers were evaluated using the same preprocessing procedure, train–test 
split, Euclidean distance metric, candidate neighborhood sizes (k = 3–21), and five-fold cross-
validation protocol. The Fuzzy KNN implementation followed the original formulation of (Akhtar et 
al., 2024; Siyar et al., 2020), with the fuzzifier parameter fixed at m = 2. 

K-Nearest Neighbor (KNN). For a test instance x, the Euclidean distance to every training instance 
is computed as: 

 𝑑(𝑥, 𝑥𝑖)  =  √∑ (𝑥𝑗  −  𝑥𝑖𝑗)2𝑝
𝑗=1  (1) 

where p is the number of features. The k training instances with the smallest distance to x are 
selected as its nearest neighbors, and x is assigned to the class that occurs most frequently among 
those k neighbors (majority voting): 

 𝑦^  =  𝑎𝑟𝑔𝑚𝑎𝑥 𝑐 ∑ 𝟙(𝑦𝑖  =  𝑐)𝑖∈𝑁  (2) 

Fuzzy K-Nearest Neighbor (Fuzzy KNN). Rather than a hard vote, Fuzzy KNN assigns each class a 
membership degree based on the inverse distance of x to its k nearest neighbors, following (Fadaei-
Kermani & Ghaeini‐Hessaroeyeh, 2020) : 

 𝜇𝑐(𝑥)  =  
∑ 𝜇𝑐𝑖 · ‖𝑥 − 𝑥𝑖‖ −2/(𝑚−1)

𝑖∈𝑁

∑ ‖𝑥 − 𝑥𝑖‖ −2/(𝑚−1)
𝑖∈𝑁

 (3) 

where μci is the membership of training instance xi to class c, and m is the fuzzifier parameter 
controlling how strongly distance influences the weighting, m = 2, in this study, consistent with 
common practice (Bian et al., 2022; Mailagaha Kumbure & Luukka, 2022). The final predicted class 
is the one with the highest resulting membership value: 

 𝑦^  =  𝑎𝑟𝑔𝑚𝑎𝑥 𝑐 𝜇𝑐(𝑥) (4) 

In this study, the initial class membership μci of each training instance was determined using the 
crisp-neighbor method proposed by (W. Wu et al., 2021), in which an instance belonging to class c 
receives a higher membership toward c and a proportionally lower membership toward other 
classes, based on the class distribution among its own k nearest neighbors in the training set (Suárez 
et al., 2024). 

Zero values in five physiologically implausible attributes (Glucose, Blood Pressure, Skin 
Thickness, Insulin, and BMI) were treated as missing values and imputed using class-wise medians. 
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The imputation was performed separately within each outcome class to preserve the class-specific 
distribution of the variables. The preprocessed dataset was then divided into training (80%) and 
testing (20%) subsets using stratified sampling to preserve the original class proportions. Five-fold 
cross-validation was performed on the training set to identify the optimal number of neighbors (k) 
for each model, tested across k = 3 to 21. The held-out test set was not used for model selection or 
determination of the optimal k and was reserved exclusively for the final evaluation of each model. 
Each model was then retrained on the full training set using its optimal k and evaluated once on the 
held-out test set. As this study used a static, pre-existing dataset rather than prospectively collected 
data, no data-collection time frame is applicable; all computational procedures were carried out 
within a single analysis session. 

Standard classification performance metrics accuracy, precision, recall, and F1 score were 
used to compare the two models on the test set, alongside confusion matrices for descriptive 
comparison. Model selection (optimal k) was based on mean cross-validation accuracy across five 
folds, a standard and widely used statistical procedure that requires no additional citation 
(Widyadhana et al., 2021). The Fuzzy KNN algorithm itself, being a less commonly applied variant 
outside specialized literature, follows the formulation of (Uddin et al., 2022), with the fuzzifier 
parameter fixed at m = 2, consistent with common practice in the reviewed literature (Bian et al., 
2022; Mailagaha Kumbure & Luukka, 2022). 

This study is limited to a single, publicly available dataset representing a specific population 
(female patients of Pima Indian heritage), which constrains the generalizability of the findings to 
other populations or clinical settings. As a cross-sectional, pre-existing dataset, no temporal or 
longitudinal patterns could be assessed. The comparison was restricted to the original, untuned 
Fuzzy KNN formulation with a fixed fuzzifier and Euclidean distance metric; alternative distance 
metrics, fuzzifier values, or more advanced fuzzy KNN variants were outside the scope of this study. 
No formal statistical significance testing (e.g., paired t-tests) was conducted on the performance 
differences between models. 

As this study is neither a clinical trial, qualitative study, systematic review, nor case report, 
none of the CONSORT, SRQR, PRISMA, or CARE guidelines directly apply. Given its nature as an 
analysis of an existing dataset, reporting in this manuscript was informed by the general principles 
of the STROBE guideline for observational studies (e.g., transparent reporting of data source, 
inclusion criteria, variables, and statistical methods), adapted appropriately for a 
computational/algorithmic comparison study rather than a traditional epidemiological 
observational design. 
 

RESULTS AND DISCUSSION 

Results: 
Five-fold cross-validation on the training set was used to identify the optimal number of 

neighbors (k) for each model across a range of k = 3 to 21. The optimal k differed between the two 
methods: k = 15 for standard KNN and k = 3 for Fuzzy KNN. Despite this difference, cross-validation 
accuracy remained relatively stable across the tested k range for both methods, fluctuating narrowly 
between approximately 0.80 and 0.83, indicating that overall performance was not highly sensitive 
to the specific choice of k. 
 

Table 2. Cross-validation accuracy range and optimal k for each model (k = 3, 4, …,21) 
Model Optimal CV Accuracy Range  CV Accuracy Range 

KNN 15 0.8045 – 0.8258 0.8258 
Fuzzy KNN (m = 2) 3 0.8045 – 0.8224 0.8224 

 
When evaluated on the held-out test set (20% of the data, stratified split) using the respective 

optimal k for each model, Fuzzy KNN outperformed standard KNN across all four evaluations metrics: 
accuracy (0.779 vs. 0.773), precision (0.679 vs. 0.673), recall (0.704 vs. 0.685), and F1-score (0.691 
vs. 0.679), as shown in Figure 2. The largest gap between the two models was observed in recall 
(+1.85 percentage points), suggesting that Fuzzy KNN was comparatively more effective at correctly 
identifying true diabetic cases. 
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Figure 1. Comparison of test set performance (accuracy, precision, recall, F1-score)  
between KNN (k = 15) and Fuzzy KNN (k = 3) 

 
 
Discussion: 

These findings are consistent with the theoretical basis of Fuzzy KNN proposed by (Ren et al., 
2026), in which each neighbor's contribution is weighted by its distance-based membership degree 
rather than counted equally in a majority vote. his weighting mechanism may contribute to the 
slightly higher recall observed for Fuzzy KNN, indicating that it identified a somewhat larger 
proportion of positive cases in the test set (X. Wu et al., 2026). 

The difference in optimal k between the two models (15 for KNN versus 3 for Fuzzy KNN) is 
consistent with the different ways in which the two methods use neighborhood information. 
Standard KNN assigns equal voting influence to the selected neighbors, whereas Fuzzy KNN 
incorporates distance-based membership weighting. Thus, the distance weighting in Fuzzy KNN may 
help explain why a smaller neighborhood was sufficient to achieve its highest cross-validation 
accuracy. This finding is consistent with H2, although the observed difference in optimal k should be 
interpreted within the scope of the present dataset and experimental setting. 

The improvement observed in the present study was modest, with differences of less than 
two percentage points across the four evaluations metrics. Reported higher performance for an 
enhanced Fuzzy KNN approach on the same dataset; however, their methodology included 
uncertainty-based membership, feature selection, and grid-search optimization. Therefore, the 
reported performance values should not be interpreted as a direct performance comparison between 
the two studies. Instead, the difference highlights the distinction in methodological scope: the 
present study focuses on the baseline effect of distance-based membership, whereas previous work 
has explored additional mechanisms to further optimize Fuzzy KNN performance. 

Implications: 
In the present experiment, the untuned Fuzzy KNN produced slightly higher values than 

standard KNN across the four evaluation metrics. This suggests that distance-based membership 
weighting can provide a modest performance advantage over crisp majority voting under the 
experimental conditions used in this study. The result may be relevant for researchers seeking a 
simple and interpretable baseline comparison before considering more complex Fuzzy KNN variants. 

Research contribution: 
This study contributes a transparent and reproducible baseline comparison between 

standard KNN and the original Fuzzy KNN formulation under a common experimental framework. 
Unlike studies that incorporate additional feature selection, hybridization, uncertainty-based 
membership, or optimization, the present analysis focuses on the basic difference between crisp 
majority voting and distance-based fuzzy membership. The systematic evaluation of k from 3 to 21 
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also provides an empirical comparison of the neighborhood sizes associated with the highest cross-
validation accuracy for the two methods. 

Limitations: 
This study has several limitations. First, it relies on a single, relatively small dataset (768 

instances) with a moderate class imbalance (65:35), which may limit the generalizability of the 
findings to other diabetes populations or clinical settings. Second, only the Euclidean distance metric 
and a fixed fuzzifier value (m = 2) were used for Fuzzy KNN; alternative distance metrics or fuzzifier 
values were not explored. Third, the performance differences observed across the four metrics were 
modest in magnitude and were not evaluated for statistical significance. Finally, the study did not 
incorporate class-imbalance handling techniques (e.g., oversampling) or feature selection, which 
may have influenced the absolute performance levels of both models. 

Suggestions: 
Future studies could extend this comparison by testing statistical significance of the observed 

differences (e.g., paired t-tests or McNemar's test across cross-validation folds), applying the 
comparison to larger and more diverse diabetes datasets, and exploring the effect of different 
fuzzifier values and distance metrics on Fuzzy KNN performance. Combining Fuzzy KNN with class-
imbalance handling techniques or feature selection methods, and benchmarking it against more 
advanced fuzzy KNN variants (e.g., adaptive-k or uncertainty-membership tuning), would also help 
clarify how much of the performance gain achievable in more complex studies can be attributed to 
the core fuzzy-weighting mechanism versus additional optimization. 
 

CONCLUSION 

This study compared the performance of standard KNN and Fuzzy KNN in classifying diabetes 
status using the Pima Indians Diabetes Dataset and examined how the optimal number of neighbors 
(k) differed between the two methods. The results support H1 and H2 within the present 
experimental setting: Fuzzy KNN achieved slightly higher values than standard KNN across all four 
evaluations metrics on the held-out test set, and its optimal k (3) was smaller than that of standard 
KNN (15). The observed difference in optimal k is consistent with the different ways in which the two 
methods incorporate neighborhood information, with Fuzzy KNN using distance-based membership 
weighting rather than crisp majority voting. Overall, the findings suggest that Fuzzy KNN may 
provide a modest performance advantage over standard KNN for diabetes classification in the Pima 
Indians Diabetes Dataset, while maintaining a relatively simple and reproducible computational 
framework. 

These findings provide a baseline for further investigation rather than definitive evidence of 
the general superiority of Fuzzy KNN. Future studies should evaluate the comparison using larger 
and more diverse diabetes datasets and assess the statistical significance of performance differences. 
Further investigation of alternative fuzzifier values, distance metrics, adaptive neighborhood 
selection, feature selection, and class-imbalance handling may also help determine whether the 
observed performance difference is maintained or improved under other experimental conditions. 
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