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In real-world scenarios, clinical trials provide imbalanced datasets and limited
labelled data for the diagnostic evaluation of various medical conditions. Especially in detection
of Diabetes Mellitus (DM), which is globally prevalent, the challenge becomes multi-fold in
resource-constrained environments. To address these challenges, the study proposes a hybrid
framework combining Condensed Nearest Neighbor (CoNN) with Few-Shot Learning (FSL),
designed to improve detection speed and reduce memory usage without compromising diagnostic
performance. Using publicly available datasets, the framework’s performance was compared
with multiple Machine Learning (ML) approaches with an emphasis on preprocessing techniques
such as imputation, oversampling, and feature reduction. Compared to conventional models, the
proposed CoNN-FSL framework used 1/15th of the total samples with 2.5 times improvement in
terms of training speed. The study offers a comprehensive evaluation of strategies, enhancing
the training speed and reducing the storage requirements. Together, these advancements make
Machine Learning models more practical and scalable for real-world clinical applications.
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Diabetes Mellitus is a metabolic disease
characterized by chronic hyperglycemia resulting
from insulin deficiency or resistance, with
complications including cardiovascular disease,
nephropathy, neuropathy, and retinopathy.!> The
2021 International Diabetes Federation (IDF)
report estimated 537 million diabetic adults in
2021, forecasting 643 and 783 million cases in 2030
and 2045, respectively.® The increasing prevalence
of diabetes necessitates early diagnosis and cure.

Diabetes is classified into Type 1, Type
2, and gestational diabetes. Type 1 diabetes is an

autoimmune condition that destroys pancreatic
beta cells, requiring lifelong insulin therapy.* Type
2 diabetes is linked to obesity, physical inactivity,
and genetics.’ Gestational diabetes develops during
pregnancy and increases the risk of Type 2 diabetes
in both mother and offspring.® Prediabetes is a
condition where plasma glucose is elevated but
not considered diabetic, increases the risk of Type
2 diabetes if no precautions are taken.’

Early diagnosis is critical in preventing
complications. Traditional diagnostic methods
include fasting blood glucose (FBG), oral glucose
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tolerance tests (OGTT), and HbA 1¢ assessments.?
Physiological indicators such as body mass index
(BMI), blood glucose levels, blood pressure, and
cholesterol are vital for assessing diabetes risk.
Machine learning (ML) in medical diagnosis
has revolutionized the field by enabling quick,
precise, and evidence-based decision-making.’
Anjana et al. (2011) reported increased diabetes
prevalence among Indian urban populations due
to sedentary lifestyles, poor diet, and high rates of
obesity. The research identified significant diabetic
characteristics such as BMI, blood pressure, and
fasting glucose levels.'” ML enhances predictive
precision, identifies risk factors, and improves
clinical outcomes.'' The 2025 American Diabetes
Association report highlights the growing role of
ML-based glycemic assessments in diabetes care.'?

Several studies have demonstrated
ML models’ proficiency in diabetes detection.
Bhoi et al. applied multiple supervised learning
algorithms to predict diabetes in Pima Indian
females, identifying glucose level as the most
influential factor. Among the models, k-NN
achieved the highest accuracy at 83.12%." Jian
et al. achieved 97.8% accuracy in predicting
diabetes complications using ML models.'* Patil et
al. compared several classification algorithms for
diabetes prediction, including Logistic Regression,
k-NN, SVM, and Random Forest(RF). They found
that Logistic Regression and Gradient Boosting
achieved the highest accuracy of 78.36%." Guan
et al. employed binomial logistic regression and
regression trees, achieving an accuracy of 77.48%
with logistic regression.'® The review conducted
by Daza et al. on Type 2 Diabetes Mellitus
reported Random Forest was identified as the most
efficient and accurate algorithm across multiple
evaluations. However, the study does not address
computational aspects such as training time or
resource requirements, an important limitation
given the focus on efficiency in deployment
contexts.

Advanced methods such as ensemble
learning and deep learning (DL) further enhance
diabetes prediction. Alghamdi demonstrated
XGBoost’s efficacy in classifying high-risk patients
with 89% accuracy,'” while Sabejon et al. achieved
99.03% accuracy using XGBoost on clinical data.'®
Dooru et al. proposed a hybrid super ensemble
model combining logistic regression, decision tree,

random forest, and gradient boosting with SVM for
early diabetes prediction achieving 92% accuracy
across PIMA dataset."

Naz and Ahuja emphasized DL’s
potential in early diabetes detection.”” Sarwar et
al. developed an ensemble-based expert system to
diagnose type-II diabetes, integrating classifiers
such as ANN, SVM, KNN, and Naive Bayes.
Their approach achieved an accuracy of 98.60%,
outperforming individual classifiers.?' Similarly,
Reza et al. proposed a stacking ensemble method
incorporating deep neural networks, reaching
95.5% accuracy.” Lakhwani et al. implemented a
three-layer ANN with the Quasi-Newton training
method on PIDD, yielding competitive accuracy.”
Rajni and Amandeep introduced an RB-Bayes
algorithm that outperformed NB, SVM, and KNN
models by addressing the zero-probability issue in
Naive Bayes classification.” Shams et al. proposed
an RFE-GRU model for diabetes classification,
effectively selecting relevant features and handling
class imbalances, achieving an AUC of 92.78%.%
Qarage et al. developed a convolutional neural
network adapted from an FSL model for long-term
HbAlc prediction, achieving 93.2% accuracy.”
Study by Sosale et al. also highlights diabetes
complications, emphasizing early intervention
strategies.”’ Fregoso-Aparicio et al. found that
the structure and balance of datasets significantly
influenced the accuracy of diabetes prediction
models. Tree based models mostly RF and DT
required data balancing and feature selection and
deep learning models were found to perform well
on datasets with more than 70,000 samples. The
importance of AUC-ROC curve as evaluation
metric was highlighted to minimize variability in
performance comparison. The study was limited
by heterogeneity in sample sizes and populations
across models, and by a lack of focus on predicting
diabetes complications.” The review conducted
by Daza et al. on Type 2 Diabetes Mellitus
reported Random Forest was identified as the most
efficient and accurate algorithm across multiple
evaluations. However, the study does not address
computational aspects such as training time or
resource requirements, an important limitation
given the focus on efficiency in deployment
contexts.”

As diabetes impacts more people globally,
ML integration into clinical decision-making can
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enhance early detection, minimize complications,
and improve patient outcomes. This study aims
to leverage ML and DL methods based on key
physiological parameters to enhance diagnostic
accuracy, predict risks, and optimize training
efficiency.

MATERIALS AND METHODS

The workflow diagram as shown in Figure
1 displays the procedure for diabetes prediction
using ML. The input data consists of PIDD and
DPD.*! Data preprocessing includes imputation
methods (zero, mean, and median imputation)
and re-sampling via SMOTE to address class
imbalance. Feature reduction is materialized using
heatmaps and correlation analysis. Performance
analysis is conducted to evaluate the detection
ability of models in identifying diabetic patients.

Traditional ML algorithms are based
on large datasets, containing redundant or less
informative data and demand high computational
resources. Training from such data is usually
time-consuming, and iterative model refinement
is difficult. To address this, a hybrid framework
that integrates CoNN with FSL for detection
that significantly reduces training time without
compromising decision-making capability has been
proposed.
Data Collection

The samples were acquired from publicly
available datasets. PIDD has 768 samples (268
diabetic instances as 1 and 500 non-diabetic
instances as 0) with eight medical features:
Pregnancies, Glucose, Blood Pressure, Skin
Thickness, Insulin, BMI, Diabetes Pedigree
Function and Age. DPD contains medical records
of 100,000 patients from different age groups,
that includes eight clinical features commonly
associated with diabetes risk factors. These features
include categorical and numerical variables
like Gender, Age, Hypertension, Heart Disease,
Smoking History, BMI, HbAlc Level, Blood
Glucose Level, and Diabetes (0,1 for non-diabetic
and diabetic individuals respectively).
Data Preprocessing

The data preprocessing methods such as
normalization, missing value handling, feature
selection, and resampling were incorporated to
meet the specific requirements of the analysis

and improve model performance. Null values and
unwanted information were removed or imputed
based on the dataset requirement. These techniques
ensure that the dataset remains complete, which can
enhance the accuracy of the statistical analysis.
Resampling

The raw dataset included fewer diabetic
patients than non-diabetic ones; therefore, the
dataset was resampled to balance it. The resampled
dataset contains 1.8 Lakh patients with equal
attributes. Zero, Mean and median imputation
were used to address the missing value issue,
resulting in three distinct datasets. Though all
these approaches were promising, the median-
based method performed the best, as presented in
the Results and Discussion section. By applying
SMOTE, the model’s ability to learn from minority
class patterns will be enhanced, reducing bias while
maintaining the data distribution. Several studies
have discussed the impact of SMOTE on model
performances.’>3*
Feature Reduction

To optimize predictive efficacy and
accuracy of models, feature selection was performed
on PIDD and DPD using correlation heatmaps. It
has been proposed to remove features that offered
less predictive information or brought redundancy,
to enhance the model’s ability to generalize better.

The Pearson correlation coefficient
(5@ _U) was used to calculate the strength and
direction of linear relationships between variables
in the correlation map that was generated.

(=) (vi—7)
VI Z(ri—5)2

r=>
(D)

where X is each value of variable x
y, is each value of variable y
%, ¥ are the means of x and y

This approach involves calculating the
covariance between variables and then normalizing
it by their individual standard deviations (eq 1).
Through this analysis, meaningful patterns and
relationships emerged, providing insight into
how different variables are correlated, whether
positively, negatively, or not at all.

In DPD, features such as ‘heart_disease’,
‘hypertension’, ‘gender’, and ‘smoking_history’
were excluded due to their poor correlation
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with major predictive variables and distribution
patterns. The correlation heatmap shown in Figure
2 indicates that these features have low correlation
coefficients with major variables like blood
glucose level and HbAlc level, which are major
indicators of diabetes. In particular, heart disease
(0.07), hypertension (0.084), gender (0.017), and
smoking history (-0.035) have poor correlation
with ‘blood glucose level’, indicating limited
contribution to the predictive power of the model.
Further, their association with HbAlc level is
not high, lending additional support towards
weak contribution by these variables for diabetes
detection.

Similar analysis was followed for
PIDD to drop weakly associated features
like ‘SkinThickness’, ‘BloodPressure’, and
‘Pregnancies’. This process helps in better
generalization, selection of impactful predictors
and minimization of redundancy, thereby reducing
overfitting.
Model Training

RF, TabNet, XGBoost, LightGBM, and
CoNN-FSL models were trained on the datasets
and evaluated for accuracy, precision, sensitivity,
specificity, F1 scores and training time. The data
was split into three sub-sets: 75% for training, 10%
for testing, and 15% for validation.
(a) CoNN?* is a prototype selection algorithm
that removes redundant training samples while
preserving the decision boundary. The goal is to
extract a subset S C X that approximates the same
classification function as the full dataset X. The
algorithm:
(1) Initially selects a random sample X from the

dataset X and adds it to the prototype set 5,

(ii) For each remaining sample x; € X , subset
generation is performed using 1-Nearest Neighbor
(1I-NN).

(iii) Let d (%, 5") be the Euclidean distance of *;
from its nearest neighbour in 5:

d(x;,5)=min, ¢ ||x=' - 5||

..(2)
(iv) If ¥; F ¥; (i.e, the predicted label differs

from the actual label), then add *; to 5.
(ii) Hence, the final prototype set ¥ is much smaller

than X .
(b) Few-Shot Learning using Prototypical
Networks?®®

The Condensed set is used in training the
Prototypical Network to classify new instances by
comparing them to class prototypes.
(i) Given a support set 5 of examples from class

C, the prototype F. is the mean embedding of all
examples in that class and is given by:

1
Pe =

s

ExiESc fﬂ (xi)
-3

where f; g [:R' j - learned embedding function which
is typically a neural network.

(ii) For a query sample * ; , compute the Euclidean
distance for each class prototype:

d(xq:pc ): “fﬂ(xq) - pc| 2

..(4)
(iii) The predicted class label ¥ g 1s assigned based
on the nearest prototype:

j}q = arg minc d(xq;pc )

(5
(iv) The model is trained using negative Log-
likelihood loss to minimize the negative log
probability of the correct class:

L = — ¥ log P (y4lxq {pc})
...(6)
where the probability is computed using
a softmax over distances:

exp(—d(xq,'p,; )]
Lo exp(—d(xgper ))

P (yqlxq.{pc}) =

(7

CoNN reduces dataset size while
preserving decision boundaries, thus making
training more efficient. Prototypical networks
leverage these prototypes for FSL by classifying
samples based on distance in an embedding
space. This combination has proved to be faster
and enhances detection, especially in data-scarce
scenarios as presented in the Results section.
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RESULTS

In health care datasets, failing to observe
a positive case (i.e., false negative) will cause
serious and long-term patient issues. Therefore,
considering recall (sensitivity/true positive rate)
becomes essential, thereby decreasing the chance
of diseases getting undiagnosed.

Table I shows the performance of:
RF, XGBoost, LightGBM, and TabNet. Their
performance was compared with Zero, Mean and
Median imputation methods and the comparative
analysis proves that median imputation works best
among the three techniques, offering a balanced
trade-off across several models and a closer fit
for further study. Median imputation achieved
greater or equal accuracy for three out of four
models with higher sensitivity values reflecting
improved detection. Mean imputation is prone
to the effect of extreme values, but the median
provides a better estimate of central tendency,
which leads to better stable feature distributions.
Conversely, TabNet performed best with mean
imputation achieving the highest accuracy of
80.52% because of its dynamic feature selection
architecture. The smoother distribution of mean
imputation facilitates better learning of features
resulting in improved performance. Regardless,
mean imputation showed inconsistent results
across other models, making it less suitable for

generalization. Zero imputation introduces artificial
bias by filling missing values with zeros, making
it unfavorable for practical scenarios. Hence, the
quantitative analysis validates the use of median
imputation as compared to other techniques.
Figure 3 shows comparative performance
evaluation of different data preprocessing methods
on the models for the two datasets considered.
Training the models without preprocessing resulted
in moderate accuracy, ranging from 78.45% to
80.51%, but with significantly lower sensitivity
values. The models failed to perform towards
increasing true positive rates. Handling the class
imbalance notably improved the performance of
all the models. They achieved impressive accuracy
(93.19% - 97.59%) and higher sensitivity rates.
However, RF and TabNet experienced slight
variations in their accuracies after resampling, but
their true positive rates increased significantly.
After feature reduction, the outcome of the model
performance was the same, with small variations
in precision and accuracy. Although accuracy in a
few instances slightly decreased, sensitivity was
always high, which means that features removed
were not essential for diabetic case detection.
Shrinking the feature space also serves to combat
overfitting and computational cost at a minimal loss
of predictive capability. XGBoost and LightGBM,
for which both datasets showed identical trends,
outperformed other models as shown in Figure

e — xGBOOST
Training

ML Madels

@

Fig. 1. Process of ML based Diabetes Classification
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3, rendering them the more reliable models for
primary diabetes detection. Although feature
reduction was not highly impacting detection
accuracy, the excluded variables can still be
valuable for possible future research, especially
in risk factor analysis and consequent disease
development research.
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The proposed CoNN-FSL method
addresses computational time and storage space
constraints effectively. DPD was processed through
CoNN which efficiently extracted a subset of 6554
samples from 100,000 samples while preserving
the decision boundary. This subset reduced the time
required for training the FSL model. The model

Lo
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Fig. 2. Correlation Heatmap of Features in the Diabetes Prediction Dataset (DPD)

Table 1. Impact of Imputation Methods on Model Performance in PIDD

Imputation Methods Models Accuracy Precision Sensitivity  Specificity F1-Score
Zero Imputation RF 75.32% 66% 2% 77% 69%
XGB 74.02% 63% 63% 80% 63%
LGM 72.72% 62% 59% 80% 60%
TabNet 74.03% 68% 48% 88% 57%
Mean Imputation RF 72.73% 62% 2% 73% 67%
XGB 74.02% 63% 63% 80% 63%
LGM 71.42% 60% 56% 80% 58%
TabNet 80.52% 80% 59% 92% 68%
Median Imputation RF 75.32% 65% 76% 75% 70%
XGB 74.02% 63% 63% 80% 63%
LGM 74.02% 63% 63% 80% 63%
TabNet 77.92% 68% 70% 82% 69%
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achieved an accuracy of 77.12% demonstrating
its ability to generalize better on smaller data and
exhibited 73% sensitivity ensuring that it efficiently
identified positive cases.

CoNN-FSL demonstrated a significant
improvement in memory utilization compared
to other models. The original dataset, containing
100,000 samples, occupied around 7.5MB (7500
kB) of memory. However, when the sample size
was reduced to 6,554 samples using CoNN, the
memory footprint shrank to 492 kB approximately
1/15" of the original memory usage as shown in
Table 2. The compressed memory profile not only
highlights the model’s efficiency but also makes
it highly suitable for lightweight deployment
scenarios where resource constraints are critical.

Figure 4 shows that CoNN-FSL
yields slightly lower ROC and Precision-Recall

Accuracy - PIDD

Accuracy )
Acouracy (%)

FR\——-{///.—//:

Sensitivity - PIDD

Sensitivity (%)
Sensibivity (%)

Specificity - PIDD

=

Specificity (%)
Specificity %)
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performance, due to a higher false positive rate and
reduced precision at high recall, this is a strategic
and expected trade-off. As shown in Figure 5, the
proposed CoNN-FSL algorithm outpaces other
models with a training time of 83.666 seconds,
which is 39% less than the time required by
XGBoost, a gradient boosting architecture. A
careful analysis projects that, CONN-FSL utilizes
3% of the training time required by deep learning
frameworks like TabNet. The results are promising
enough to handle the real-world applications of Al
in the medical field.

DISCUSSION
Diabetes prediction using ML has been

widely researched, and ensemble models including
RF, XGBoost, and LightGBM have exhibited
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Fig. 3. Performance Trends of ML Models on DPD Across Preprocessing Stages
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excellent classification performance. A key factor
in implementing ML models in clinical practice is
ensuring their robustness across several datasets
and real-world variability. Patient populations
differ widely in demographics and data quality,
making it essential for predictive models to
generalize well beyond the controlled conditions
of benchmark datasets. It is evident from Table 3
that earlier RF models have recorded accuracy
ranging from 75.22% to 91%, and recall, 66%

ROC Curve Comparison
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to 86.4%, suggesting inconsistency in the ability
to effectively classify diabetic cases. Similarly,
XGBoost-based models exhibited recall rates
between 88% and 95.08%, suggesting a higher
ability to identify positive cases. LightGBM
models delivered recall scores ranging from 82%
to 93.13%, further supporting their accuracy in
diabetes classification. Nonetheless, the models
in this research produced higher or comparable
true positive scores, with better diabetic case

Precision-Recall Curve Comparison
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Fig. 4. AUC-ROC and AUC-PR curves of various Classification models considered
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identification. In terms of sensitivity, RF yielded
94%, XGBoost a staggering 100%, with all
diabetic cases identified correctly, and LightGBM
yielded 96%, surpassing previous benchmarks.
Although TabNet is not much explored for diabetes
prediction, this study analyzed its performance and
achieved an accuracy of 96.95%, and a sensitivity
0f 65%. In spite of overall high accuracy, relatively
lower sensitivity of TabNet suggests potential
difficulties in identifying positive diabetic cases.
It can be due to the model’s sensitivity to data
imbalance or insufficient representation of
minority classes during training, which could be
overcome with more targeted sampling strategies
or architecture optimization.

The data imbalance is handled using
SMOTE to enhance true positive rates, allowing
the detection of diabetic cases at higher rates

without affecting precision. The process of feature
reduction also confirmed that the omission of
some features did not affect sensitivity, further
demonstrating the effectiveness of a less complex
predictive model. However, synthetic sampling
might not entirely capture actual patient complexity
and over-pruning risks discarding clinically
valuable features. Although SMOTE aids enhanced
sensitivity, it can create synthetic examples that are
clinically unbalanced, which might influence the
interpretability and clinical acceptability of model
predictions. This requires diligent validation prior
to deployment.

In contrast to traditional DL models
that need massive training data, the proposed
CoNN-FSL framework systematically downscales
the dataset requirement while maintaining the
decision boundaries, which results in reduced

Table 2. Comparison of Dataset Usage, Memory Footprint, Training Time, and Accuracy

Across Models
Model Dataset Size Dataset Memory Training
(Samples) Handling Usage Time
Method (kB)
RF 1,00,000 Resampling 7500 488.752
XG Boost 1,00,000 Resampling 7500 214.471
Light GBM 1,00,000 Resampling 7500 308.545
TabNet 1,00,000 Resampling 7500 3318.082
CoNN-FSL 1,00,000 Reduction 492 83.666

Table 3. Performance Metrics of various models for Diabetes Prediction

References Model Accuracy Precision Sensitivity Fl-score
[25] Random Forest 86.40% 86.10% 86.40% 85.80%
[22] Random Forest 76.81% 77% 79% 78%
[39] Random Forest 75.22% 82.12% 80.52% 81.31%
[13] Random Forest 75.4% 75.4% 75.1% 75.2%
[37] Random Forest 88% 69% 66% 75%
[37] XGBoost 90% 89% 88% 86%
[37] LightGBM 86% 83% 82% 86%
[38] XGBoost 94.18% 95.51% 95.08% 95.30%
[38] LightGBM 91.37% 91.97% 94.32% 93.13%
[40] RandomForest 91% 89% 79% 84%
[40] XGBoost 93% 89% 87% 88%
Experiment 1 Random Forest 93.90% 90% 99% 94%
Experiment 2 XGBoost 98.67% 97% 100% 99%
Experiment 3 Light GBM 95.47% 92% 99% 96%
Experiment 4 TabNet 96.95% 99% 65% 78%
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time for training. CONN-FSL exhibits a better
memory utilization condensing the original set of
6554 samples maintaining a similar performance
compared to the techniques in the literature as
shown in Table 3. While the proposed CoNN-FSL
framework shows promising results in terms of
reducing computational costs and training time,
its performance across heterogeneous clinical
datasets is yet to be fully established beyond
the ones used in this study. As the datasets may
not fully capture the demographics and clinical
variability in broader populations, sampling bias
may be present. Additionally, although the model
is optimized to reduce the training time, this
optimization could increase the risk of overfitting,
especially when learning from condensed or
limited data samples. It is equally important to
consider that certain observed model performances
may be the result of dataset-specific properties,
including class distribution, interaction among
features, or hyperparameter advantage benefits.
Thus, future research should validate these results
across broader and diverse datasets to maintain
reproducibility.

The outcomes indicate that while
conventional ensemble methods are extremely
powerful, CONN-FSL presents a promising way
to manage Al-driven medical diagnosis. This
technique provides a novel approach for future
studies addressing lightweight but effective DL
models in healthcare solutions.

CONCLUSION

The study presents CoNN-FSL, an ML
approach that offers faster and more resource-
efficient diabetes prediction without compromising
diagnostic accuracy. Unlike traditional models
that require extensive data and computing power,
the design effectively learns from smaller,
representative datasets, making it highly suited
for real-world clinical settings where time,
data, and infrastructure may be limited. By
reducing training time and memory demands,
this method supports more scalable and adaptable
screening solutions. These findings highlight the
value of efficient data preprocessing and model
optimization in developing Al tools for healthcare.
While training time and computational costs have
reduced, the current predictive performance of

444

the model remains below the desired threshold,
therefore a key focus in future work will be to
enhance accuracy without compromising model’s
lightweight efficiency. Future work will focus on
refining this balance, exploring its integration into
clinical workflows and electronic health record
systems to enhance its practical utility in time-
sensitive diagnostics.
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