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U e W N

Abstract

Effective diabetes management requires precise non-invasive monitoring systems that surpass the
limitations of traditional glucose testing. Based on photoplethysmography (PPG) signals, this study
presents a novel Artificial Intelligence (AI) driven framework for non-invasive blood glucose moni-
toring (NIBGM) using machine learning, deep learning, and neural network on four diabetic classes
(hyperglycaemia, hypoglycaemia, pre-diabetic, and normal) that are further validated by five statistical
techniques (10 K-fold, bootstrap P-value, sensitivity vs false negative, brier-score, heatmap). The
data is pre-processed and mapped with continuous glucose monitoring (CGM) readings, further
balanced by Al-based Synthetic minority oversampling technique (SMOTE) analysis. The 12 features
(morphological, statistical, temporal, and spectral) are scrutinised using a set of four statistical methods
(L1 regularization, cross validation, hyper parameter tuning, and recursive method). This research
also reports a set of latest six classifiers in conjunction, to assess the Al-based accuracy for the first
time on diabetic date set. The classifiers include: Ensemble (bilstm + lightgbm), catboost, gradient
boosting models, convolution neural networks, random forest. The ensemble and Lightgbm provided
highest of 89% accuracy and 0.889 weighted F1 score. The models showed flawless sensitivity for all
four classes. The obtained results are validated by a set of five abovementioned statistical techniques
concluding an extensive layer of validation, not reported yet. The results conclude the clinical poten-
tial of framework to provide accessible, accurate, and thus dependable diabetes monitoring smart
healthcare Al technologies.

Keywords: artificial intelligence (Al); continuous glucose monitoring (CGM); machine learning (ML);
deep learning (DL); non-invasive blood glucose monitoring (NIBGM); photoplethysmography (PPG);
synthetic minority oversampling technique (SMOTE); L1-regularization; hyperparameter tuning; cross
validation; recursive feature elimination (RFE)

1. Introduction

Diabetes mellitus is a long-term metabolic disorder characterized by recurring hyperglycemia
and is the largest global health problem. In 2021, the International Diabetes Federation (IDF) had
estimated that about 537 million adults worldwide had diabetes and increased to 643 million in
2030, which validates the importance of effective surveillance activities [1]. There are three types of
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measuring blood glucose, i.e., invasive, minimal invasive, and non-invasive. In invasive techniques,
the two commonly applied methods are HbAlc measurement, traditional self-testing measurement,
and continuous glucose monitoring (CGM). The fasting plasma glucose (FPG) test (oral glucose) [2,3]
has formed the basis for conventional diagnostic techniques for the diagnosis of diabetes based on
the measurement of HbAlc. HbAlc measurement necessitates fasting as well as several visits and
blood sampling, which, being uncomfortable and intrusive, may be avoided by patients. Traditional
self-testing of blood glucose via finger-prick testing is still invasive and laborious, which is associated
with poor compliance and inadequate glycemic control [4]. CGM is considered one of the most accurate
glucose measurement techniques that overcome the weaknesses of both HbAlc and the finger-prick
method. However, all three invasive measurement techniques do not detect early-stage diabetes
outcomes in deferred treatment [5]. The minimal invasive also requires similar blood sample collection,
which is expensive and not practical for the majority of patients on a sustained basis [6]. To counter
these limitations, non-invasive blood glucose monitoring (NIBGM) techniques were sought out as
a feasible alternative as they measure using optical instruments without the need for blood sample
collection or finger pricking. Of these, optical techniques, particularly photoplethysmography (PPG),
have been of particular interest owing to their cost-effectiveness, simplicity of use, and wearability [7,8].
PPG measures volumetric changes of blood in microvascular tissues and offers a substantial volume of
temporal and frequency-domain data that is quite pertinent to changes. However, the comparative
accuracy of measuring blood glucose using non-invasive methods is still not matchable to invasive
measuring techniques. Therefore, there is a need to explore new ways to increase the effectiveness
of non-invasive types of measurements for accurate detection. This research employed both types of
measuring methods for the collection of patient data.

The use of artificial intelligence (Al) in the field of diabetes has been presented as a solution for
predicting early cure based on the data obtained from invasive, minimal invasive, and non-invasive
techniques. A major development is detecting type 2 diabetes via voice analysis coupled with Al
Six Klick Labs studies revealed that when six Al algorithms are used to analyze ten-second vocal
recordings, they may precisely identify type 2 diabetes with great sensitivity and specificity. This
method, especially helpful in resource-constrained environments, offers a non-invasive, affordable,
and quick screening solution [9]. For continuous glucose monitoring, wearable devices using optical
and microwave-based sensing techniques are also being developed. Real-time glucose information
from these sensors ideally helps to better manage diabetes and hence reduces disease-related conse-
quences [10]. Reviews of novel non-invasive technologies further emphasize the role of such devices
in the future of diabetes care [11]. Therefore, although non-invasive approaches seem promising,
extensive verification and legal consent are necessary steps toward their general usage [12].

Wearable, Internet of Things (IoT)-enabled photoplethysmogram (PPG) sensors are becoming
increasingly important in enabling real-time, remote, and personal glucose monitoring services [3].
Explainable Artificial Intelligence (XAI) methods such as SHAP have promoted model transparency
and trust, making ML-based systems interpretable at a clinical level [13]. These developments point
toward economical, non-invasive, and accurate glucose monitoring devices. By focusing on optical
signal analysis, efficient ML algorithms, and edge-device integration, future systems will be able to
provide patient-centric, accurate monitoring at scale. This work pushes these developments one step
ahead, with optimized signal processing and Al strategies for efficient invasive and NIBGM up to
84-89% accuracy to bridge the research-to-clinic gap.

2. Literature Review

The literature represents machine learning (ML), neural networks (NN), deep learning (DL), and
their ensembles for the assessment and prediction of accurate detection of blood glucose. Machine
learning is the earliest and most extensively used technique to identify blood glucose. For example,
research on smartphone- and video-based PPG has shown that glucose levels can be estimated using
several statistical and machine learning techniques including PCR, Random Forest, SVR, and PLS [2].
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In clinical pilot tests, prototypes for in-ear and wrist PPG have been evaluated to show great accuracy
in Clarke/Parkes error grids, particularly when partnered with meticulous preprocessing and machine
learning modeling [14,15]. The importance of signal processing and feature engineering highlights the
methods like denoising, segmentation, empirical mode decomposition, spectral entropy, and derivative
features [16-18]. The use of tree-ensemble methods such as CatBoost, XGBoost, Random Forest (RF),
and LightGBM has shown promise or explored potential in non-invasive blood glucose prediction by
achieving mean absolute error (MAE) between 8 and 15 mg/dL [13,19]. Due to considerably better
classification and regression performance, hierarchical feature fusion (e.g., multi-view attention +
cascaded BiLSTM) outperforms standard methods [20].

Neural network approaches have also been applied. For example, 84-90% predictive performance
concerning blood glucose levels and classification of diabetes status was reported using Random Forest,
SVMs, and neural networks [21]. Prominent NIR spectroscopic systems, such as the iGLU family
devices, have demonstrated excellent performance using polynomial regression and deep neural
network (DNN) models with strong accuracy in bench and small-scale trials [22,23]. Classification
problems such as differentiating diabetes from non-diabetes or assessing risk levels usually have better
nominal accuracy than regression. Ensemble classifiers, SVMs, and CNNs have shown impressive
classification accuracies ranging from 84% to 98% across different datasets [24,25]. Recent work on
multi-wavelength PPG demonstrated that incorporating near-infrared and environmental parameters
improves estimation accuracy [26].

Hybrid DL architectures such as CNN-GRU further decreased MAE to 3 mg/dL. The selection
of features is a primary part of studies related to diabetic datasets. Usually, feature selection consists
of non-statistical or statistical methods. To lower feature dimensionality, a hybrid pipeline using
recursive feature elimination (RFE) with isolation forest improved classification performance [27].
Authors have used several ML models evaluated to detect high blood glucose by performing thorough
feature engineering on wrist PPG signals and combining those with demographic data via 10-fold
cross-validation. Stringent feature engineering on wrist PPG signals, coupled with demographic data
and tested on various ML models through 10-fold cross-validation, has also yielded good results [18].
Recent research highlights the importance of feature selection methods including random forest
importance, ridge regression, LASSO, recursive feature elimination (RFE), ANOVA, and chi-square [28,
29], showing feature-selection techniques (filter methods, wrapper via RFE, and embedded techniques
like LASSO) across several diabetes datasets.

Finally, Parvez and Mufti [30] emphasized that statistical validation is essential in hybrid machine
learning models and demonstrated calibration measures including Brier score, calibration slope, and
intercept, together with reliability (calibration) plots to visually evaluate model calibration. To measure
uncertainty in calibration estimates, they also determined 95% confidence intervals using bootstrap
sampling (1,000 resamples). In another study, Casacchia et al. [31] used electronic health record (EHR)
data to construct a prediction model for elevated HbAlc risk (a diabetes biomarker) and assessed
calibration with calibration curves and summary metrics including the Brier score. Hageh et al. [32] in
research on improving type 2 diabetes (T2D) prediction explicitly referenced calibration curves and
Brier scores for probability reliability assessment in their evaluation framework. Kornas et al. [33]
conducted external validation of a diabetes prediction model and noted the general Brier score as
an indicator of prediction error in a real-world population, while Templeman et al. [34] and others
provided similar validation in BM] Evidence-Based Medicine. Such examples show that DL-based
methods are sometimes associated with poorer calibration compared to Cox models, showing a lower
Brier score [35]. A meta-review of ML models predicting diabetic complications noted that few studies
reported calibration using Brier score, Hosmer-Lemeshow test, or Greenwood-D’Agostino-Nam test,
and recommended internal validation with calibration curves [36]. Therefore, it is concluded that the
statistical interpretation establishes the dependability of the datasets, features, and applied ML, NN,
and DL models.
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3. Methodology

In this study, we present the analytical framework illustrated in Figure 1. The process begins with
data acquisition from Continuous Glucose Monitoring (CGM) devices and photoplethysmography
(PPG) signals. Then, the dataset is subjected to preprocessing ensuring accuracy, consistency, and
readiness for analysis. From the refined signals, a large number of statistical, morphological, time-
domain, and frequency-domain feature extractions are made. Then, the feature selection and data-
class-balanced for training are performed toward the end of the training process before entering the
model. The final stage of model output is that machine learning classifiers have been implemented,
with a special mention of the ensemble algorithms and neural networks, and these results would
then go through an established performance assessment metric. Detailed descriptions of individual
methodology components are provided in the following subsections.
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Figure 1. Research methodology for non-invasive glucose monitoring,.

3.1. Dataset

BIG IDEAs Lab Glycemic Variability and Wearable Device Data (Peter Cho, n.d.) available to the
public, was employed to assess the practicability of wearable sensing for the early identification of
glycemic dysregulation. Sixteen subjects (35-65 years, HbAlc: 5.2-6.4%) wore a Dexcom G6 continuous
glucose monitor (CGM) and an Empatica E4 wristband during 8-10 days with standardized meals given
every other day. The CGM measured interstitial glucose every five minutes, whereas the E4 obtained
multimodal physiological signals, such as photoplethysmography (PPG, 64 Hz), electrodermal activity
(EDA), skin temperature, and accelerometery. While the cohort size is small, the signal-level dataset
is sizable. Every raw PPG trace comprises more than 50 million samples, generating hundreds of
millions of data points for the study. These signals were then converted to structured datasets after
synchronization, normalization, and preprocessing, providing about 14,000 balanced instances per
class. High temporal resolution and multimodal integration supply adequate data diversity for firm
feature extraction, machine learning model training, and proof-of-concept verification in non-invasive
glucose prediction.
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Figure 2. Peak detection of PPG raw waveform.

3.2. Preprocessing

The dataset included raw photoplethysmography (PPG) signals and continuous glucose monitor
(CGM) data for 16 participants over 8-10 days. Each CGM measurement was taken every 5 minutes
while PPG was sampled at a faster rate. For consistency, temporal equalization was performed by seg-
menting PPG signals into 5-minute periods that matched with respective CGM measurements to allow
for reliable labeling of segments to hypoglycemic, normoglycemic, prediabetic, and hyperglycemic
bins. Data cleaning consisted of discarding signal segments where there was no longer continuous
signal and removing entries with missing values. There was no dedicated filtering or removal of
motion artifacts in the data; while it was not the purpose, the segments taken as the time-aligned
windows were of high quality. In order to mitigate differences of scale between features min-max
normalization was used. In addition, the inherent class imbalance was addressed with the Synthetic
Minority Oversampling Technique (SMOTE) to create additional synthetic samples of minority classes
to create a more balanced dataset for training.

3.3. Feature Selection and classification
3.3.1. Feature Extraction and Selection

From every pre-processed PPG segment, we derived 24 physiologically relevant features initially
based on three classes of features—morphological (e.g. reflection index, stiffness index, crest-time ratio,
A-A interval, amplitude ratios), statistical (standard deviation, variance, kurtosis) and time-domain
(SDNN, mean IBI, S1 & S2 amplitudes) as well as frequency-domain (wavelet energy, wavelet entropy).
Then a rigorous feature selection pipeline was applied straight to the dataset to extract the most
discriminative predictors, which consisted of L1-regularization (Lasso) coefficients, recursive feature
elimination, cross-validation, and hyperparameter tuning simultaneously in one framework. With
this approach, redundancy was eliminated, bias was reduced, and reproducibility was enhanced
across validation folds. Ultimately, this method reliably converged on 12 impactful features: Kurtosis,
Reflection Index, S2 amplitude, SDNN, Standard Deviation, Stiffness Index, Variance, Wavelet Energy,
Wavelet Entropy, Crest-Time Ratio, A-A Interval, and EA Ratio, which showed both the most powerful
and stable discriminative power for glycemic state classification. These 12 features are what formed
the basis of input data for the machine learning models.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 3. Comparative view of feature selection techniques: (a) L1-regularization for sparsity-based feature
reduction; (b) hyperparameter tuning for best model configuration; (c) cross-validation for strong performance
estimation and (d) for methodical feature ranking, recursive feature elimination (RFE).

3.3.2. Classification

Within this research project, a four-class classification problem was defined to classify glucose
levels into four states: hypoglycemic, normal, pre-diabetic, and hyperglycemic. This multi-class
framework captures clinically meaningful classifications and allows us to investigate detailed patterns.
To execute this task, six representative models were carefully selected from machine learning (ML),
deep learning (DL), and neural network (NN) frameworks. From the ML approaches, LightGBM,
Random Forest and CatBoost were selected for their high performance with structured features that
represent complex relationships and imbalanced classes. From the DL family, we implemented a
Convolutional Neural Network (CNN) to model local signal morphology from PPG waveforms using
a hybrid BiLSTM + LightGBM ensemble, to learn sequentially and enhanced predictive performance
via a gradient-boosted decision tree on the feature-level.

The chosen models provided a balanced comparison, enabling us to explore both stand-alone
models as well as hybrid models under the same preprocessing conditions (timestamp equalization
with CGM data, SMOTE balancing and a systematic feature selection using L1-regularization, recursive
elimination, cross-validation and hyperparameter tuning). By evaluating multiple architectures on
the same data, we aim to demonstrate not only the separate predictive power of each learner but a
practical benefit of employing deep and ensemble approaches for FX continuous non-invasive glucose
monitoring.

"While explicit motion artifact removal was not performed, the t-SNE visualization of the learned
embeddings (Figure 4) suggests that the samples for different classes (hypo, hyper, pre-diabetic,
normal). This suggests that the suggested dataset helps models learn strong representations and
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identify discriminative features, which in turn improves correct categorization of the several glycemic
states.."

t-SNE Visualization of Learned Embeddings
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Figure 4. T-SNE visualization of learned embeddings.

Light Gradient Boosting Machine (LightGBM):

LightGBM is a fast gradient boosting framework that employs a leaf-wise growth strategy,
restricted to a maximum depth, in the learning process of decision trees. As a result, LightGBM
offers lower memory and training duration for large datasets, while still attaining accuracy levels
comparable or superior to traditional implementations. It is especially suited for physiological datasets
with structured, high-dimensional feature sets with class imbalance, making it advantageous for
non-invasive glucose prediction research.

Random Forest:

Random Forest is an ensemble learning technique that produces an array of decision trees with
bootstrap samples of the model dataset, and with randomly generated subsets of model features. The
model prediction is determined by aggregating the predicted responses from each individual tree, thus
improving generalizability and preventing overfitting. As RF also has the ability to model non-linear
interactions of model features, it is ideally suited for the classification of physiological signals.

CatBoost:

CatBoost is a gradient boosting algorithm developed to efficiently handle categorical features
and reduce prediction shift. It makes use of ordered boosting as well as symmetric trees to reduce
overfitting and increase stability of the model. CatBoost is effective at handling class imbalance, and in
many instances, outperforms existing boosting methods in applied structured biomedical datasets.

Convolutional Neural Network (CNN):

Convolutional Neural Networks (CNN) are a deep learning approach that extracts hierarchy
spatial features through several convolutive pooling layers. In this study, CNNs were employed to
extract localized morphological changes of PPG waveform signals to discern patterns of raw physio-

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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logical signals. CNNs are well-suited for class banking glucose categories, and data is discriminative
by learning from signal segments.

Gradient Boosting (GB):

Gradient Boosting is a family of ensemble methods that build additive models in sequence - each
weak learner (often a bootstrapped decision tree) is based on the resonances from previous learners.
The predictably strong performance from the iterative optimization minimizes the loss function. GB
methods work well on structured data, while also finite precise tuning may be necessary to avoid
annealing.

BiLSTM + LightGBM Ensemble:

The proposed ensemble combines Bidirectional (BiLSTM) networks with LightGBM such that
each level of prediction benefits from complementary strengths. The BILSTM models can detect and
analyze long-range temporal features in PPG signals, while LightGBM can parse distinctive features
at the signal segment level. The BiLSTM layer predictions are passed to LightGBM for their high
robustness and classification accuracy relative to either stand-alone model. The proposed hybrid
model combines gradient-boosted decision trees with sequential learning to create a state-of-the-art
approach to multi-class glucose classification. To avoid overfitting, a ten-fold cross-validation was
performed to visualize the performance of the classifiers as mentioned above. The performance of the
classifiers was measured using various performance metrics, including sensitivity, precision, F1-score,
and classification accuracy, obtained from the confusion matrix. Table 1 describes the confusion matrix
for a binary classification.

Table 1. Confusion matrix.

Description

Actual Positive

Actual Negative

Predictive Positive

True Positive (TP): The propor-
tion of accurate forecasts in
which the positive class is an-
ticipated to be positive.

False Negative (FN): The quan-
tity of inaccurate forecasts in
which the positive class is an-
ticipated to be negatively pro-
jected.

Predictive Negative

False Positive (FP): The quan-
tity of erroneous forecasts in
which the negative class is an-
ticipated to be positive.

True Negative (TN): The quan-
tity of accurately anticipated
negative values for the nega-
tive class.

Accuracy: The percentage of correct predictions among all predictions, as shown in Equation (1).

TP+TN

Accuracy =

TP+FP+FN+TN

(1)

Precision: The percentage of positive predictions that are actually true positives, defined in

Equation (2).
... TP

Precision = TP+ P (2)

Recall: The proportion of actual positives that are correctly predicted as positive, as given in
Equation (3).

TP
Recall = ———
T TPIEN @

F1 Score: The harmonic mean of precision and recall, offering a balance between the two. Defined

in Equation (4).

2 X Precision x Recall

F 1score -

Precision + Recall

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4. Results and Discussion

The dataset used in this paper to extract results is an online available dataset named BIG IDEAs
Lab Glycemic Variability and Wearable Device Data (Peter Cho, n.d.). The summary of results obtained
for various classifiers is tabulated in Table 2. The detailed results of classifiers are presented in the
subsequent sections.

Table 2. Summary of results of classifiers.

Classifier Accuracy (%)
Ensemble 89
Light Gradient Boosting 89
Random Forest 88
CatBoost 84
Convolutional Neural Network 80
Gradient Boosting 79

4.1. Ensemble

Confusion Matrix of Hybrid Ensemble (LightGBM + BiLSTM)

Hybrid Ensemble - Fold 1 Hybrid Ensemble - Fold 2 Hybrid Ensemble - Fold 3 Hybrid Ensemble - Fold 4
Acc: 0.90, F1: 0.90 Acc: 0.89, F1: 0.89 Acc: 0.89, F1: 0.89 Acc: 0.89, F1: 0.89

True

1 2 1 2 1 2 1 2
Predicted Predicted Predicted Predicted

Hybrid Ensemble - Fold 5 Hybrid Ensemble - Fold 6 Hybrid Ensemble - Fold 7 Hybrid Ensemble - Fold 8
Acc: 0.89, F1: 0.89 Acc: 0.89, F1: 0.89 Acc: 0.89, F1: 0.89 Acc: 0.89, F1: 0.89

True
True

1 2
Predicted Predicted Predicted Predicted

Hybrid Ensemble - Fold 9 Hybrid Ensemble - Fold 10
Acc: 0.89, F1: 0.89 Acc: 0.90, F1: 0.90

True

Predicted Predicted  yoan Accuracy: 0.892, Mean F1: 0.892

Figure 5. 10-K-fold cross-validation confusion matrix illustrating classification outcomes for the ensemble model.

With accuracy and F1-scores for most folds, the bi-directional LSTM and LightGBM ensemble
confusion matrices under 10-fold cross-validations showed fairly steady overall performance. returning
values between 0.89 and 0.90. Most misclassification was seen in classes that were physiologically close,
such as pre-diabetic physiological conditions and normal physiological ones, which have coinciding
properties inside the PPG signal profile. These patterns imply that rather than ensemble model
systematic bias, misclassification reflect actual underlying physiological resemblance. Collectively, the
consistency across folds and the overall distribution of errors support the advantages of the ensemble
method, and its robustness and clinical applicability.
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Calibration curves (per class) — Ensemble Learning Curve
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Figure 6. Diagnostic plots for the ensemble model: (a) Calibration plot showing reliability of predictions;

(b) Learning curve depicting convergence dynamics; (c) ROC and Precision-Recall curves illustrating class
discrimination; and (d) Boxplot visualization of prediction outcome distribution.

The assessment of the BILSTM-LightGBM ensemble was conducted via calibration, learning,
receiver operating characteristic (ROC), precision-recall and box plot analyses (Figure a—e). The
calibration plots (Figure a) suggest that the predicted probabilities match closely to the observed
probabilities across all classes indicating that the model outputs can be interpreted in clinical relevance
and are reliable. The learning curve (Figure b) suggests that the training accuracy is stable and the
validation performance is increasing confirming that the model is generalizing well and learning with
still larger datasets. ROC curves (Figure c) consistently demonstrate high area under the curve (AUC)
(0.97-1.00) indicating the four glucose states can be strongly separated, whilst precision-recall curves
(Figure d) provide confidence in detecting the classification reliably, with mean average precision
(AP) scores ranging from 0.92-1.00, indicating consistent detection across all glucose categories. Lastly,
cross-validation box plots (Figure e) indicate narrow variability across accuracy and weighted F1
(0.89), providing confidence in the robustness and stability of the proposed ensemble specification
across folds. Overall, these results confirm the model provided a well-calibrated, generalizable and
reliable assessment for non-invasive diabetes monitoring.
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Bootstrap Test Results (95% Cl)
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Figure 7. Ensemble model analysis: (a) Bootstrap p-values indicating statistical reliability of ensemble estimates;

(b) Sensitivity versus false negatives showing diagnostic robustness across classes.

The bar plot shows essentially the same accuracy (0.890) and weighted F1 (0.889). The fact
that these two values are so similar, confirmed with a bootstrap p-value of 1.0, indicates that the
model holds balanced predictive capability across all classes without bias towards any particular class.
Further, the bootstrap estimates were stable, thereby assuring that these estimates did not artificially
inflate due to sampling variability.

The sensitivity bars indicate almost perfect detection of the hyperglycemia class (1.000, FN ~
4) while high recall is achieved for hypoglycemic (0.887, FN ~ 1681) and pre-diabetic (0.881, FN ~
1773) classes. The lowest sensitivity is for the normal class (0.792, FN ~ 3090); this suggests that some
normal samples were classified into neighboring glucose states. Critically, this weighting shows the
model’s clinical strength to avoid false negatives for high-risk categories (hyper and hypo) even if it
achieves some loss of sensitivity in the normal range.

The ensemble model performed well, achieving an overall accuracy of 0.89 (95% confidence
interval (CI); 0.887-0.892) and a weighted F1-score of 0.889, verifying that model performance remains
reasonably level across all three categories. The macro recall was also 0.890, indicating that the
model is behaving reasonably and not skewed towards any one single class, especially concerning
inter-class dissociation. When it comes to calibration, the Brier scores were low, especially for the
hyperglycemia class (0.00055) showing excellent calibration reliability for probability last risk situations.
The Brier scores were slightly higher; 0.0611 for normal class and 0.0463 for pre-diabetic class, showing
moderate uncertainty in borderline ranges, consistent with the expectations in clinical practice of
inter-class overlaps. Overall, it is noteworthy to conclude that the ensemble method had overall
strong performance and robustness aligned with clinical expectations, namely avoiding erroneous
classifications for important clinical conditions.
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4.2. LightGBM

Confusion Matrix - LightGBM
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Figure 8. Confusion matrix from 10-fold cross-validation highlighting predictive performance of the LightGBM
model.

The LightGBM (gradient boosted tree) achieved an accuracy of 89% and performed consistently
across all glycemic classifications. Misclassifications were primarily confined to transitional categories,
which suggests the classifier was sufficiently sensitive to small physiological variations rather than
bias. Overall, the gradient boosting mechanism served the purpose of adequately modeling complex
non-linear interactions with the data.The LightGBM demonstrated excellent and consistent predictive
performance, and was one of the most dependable classifiers in this research.
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Figure 9. Diagnostic plots for the ensemble model: (a) Calibration plot showing reliability of predictions;
(b) Learning curve depicting convergence dynamics; (c¢) ROC and Precision-Recall curves illustrating class
discrimination; and (d) Boxplot visualization of prediction outcome distribution.

The evaluation of LightGBM model performance took the form of calibration, learning, ROC,
precision-recall and cross-validation studies (Figure a—e). The calibration plots (Figure a) revealed
predicted probabilities were fairly well aligned to actual outcomes across the four glucose categories,
solidifying the reliability of prediction probabilities. The learning curve (Figure b) indicated stable
training accuracies above 0.90, as well as broad trends toward increasing training validation accuracy
with an increase in data, suggesting that the model could generalize reliably, with increasing reliability
for larger datasets. The AUC analyses of the modelled data (Figure c) showed high AUC measures (0.96-
1.00), thus demonstrating the model’s substantial discriminatory power for separating out hyper, hypo,
normal and pre-diabetic case outcomes. The precision-recall curves (Figure d.) yielded high mean
AP (0.91 - 1.0); again, indicating precision and recall measures remained high. The cross-validation
boxplots (Figure e.) demonstrated narrow variability in both accuracy and weighted F1-score ( 0.89);
thus, indicating consistent reliability and stability of the LightGBM classifier across fold splits which
take variance into consideration. Overall, these results indicate the LightGBM derived for this study is
capable of producing reliable and generalizable performance, suggesting the innovation of this work is
precisely in highlighting the efficiency of the approach in non-invasive diabetes monitoring activities.
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Figure 10. LightGBM results: (a) Bootstrap p-value distribution showing statistical consistency of model estimates;

0.0

(b) Sensitivity—false negative trade-off illustrating performance robustness across validation folds.

The bar graph gives insight that it provides nearly the same accuracies (0.890) and weighted
F1-scores (0.889) with a bootstrap p-value of 1.0. This is important, as it reinforces that the LightGBM
model has balanced predictive power across the glucose categories. There was consistency across
bootstrap replicates with strong reliability for model performance, thus negating concerns about
exhibiting inflated performance based on random sampling.

While demonstrating almost perfect detection for the hyperglycemia class (1.000, FN ~ 3), the
sensitivity analysis also identified hypoglycemia (0.881, FN ~ 1774) and pre-diabetic (0.872, FN ~
1910) with acceptable recall too. The normal class continues to display the lowest sensitivity (0.806, FN
~ 2885), which is indicative of a continuum or overlap with adjacent metabolic states. The sensitivity
and false-negative distribution surely compliment how LightGBM can be useful in a clinical context in
reducing false clogs in higher risk patients, albeit somewhat at the expense of the normal range.

LightGBM achieved an overall accuracy of 0.89 (95% CI: 0.887-0.892) and a weighted F1-score of
0.889, which indicates it is similarly balanced on the classifications across all groups. The macro recall
value was also 0.890, meaning there was no bias in the prediction of classes. As a whole, calibration
was similarly good, however we still have a Brier score of 0.00039 for hyperglycemia - indicating
a fair appreciation of the relative probabilities for critical cases. Moderate Brier scores were also
noted for normal (0.0617) and pre-diabetic (0.0469) — both indicating slightly more uncertainty in
borderline classes, which is to be expected clinically. Overall, these findings confirm that LightGBM
successfully captures the ensemble’s overall strengths, while combining robustness with significant
safety in detecting higher risk contexts.
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Figure 11. Ten-fold confusion matrix demonstrating class separation and misclassification trends for the Random

Forest model.

The Random Forest reached an accuracy level of 88% and classified several glycemic categories

continuously. Misclassifications predominantly occurred within transitional cases, especially, between

neighboring glycemic states, which was expected due to ambiguity in physiological indicators that

overlap. The ensemble averaging of Random Forest lessened overfitting and distributed errors

in a heterogeneous manner across folds. For these reasons, Random Forest can be seen as a strong

baseline for categorical glycemic state classification not different in performance from gradient boosting

classifiers.
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Figure 12. Predictive performance of the Random Forest model: (a) Calibration curves for probability reliability; (b)
Learning curve showing convergence behavior; (c) ROC and Precision—Recall evaluation illustrating discriminative
capability; and (d) Boxplot depiction of classification outputs across folds.

The performance of the Random Forest model (Figure a—e) reflected reliable, but comparatively
less stable functioning when compared to LightGBM and the ensemble method. The calibration
curves (Figure a) were reasonable probabilities, but some deviations also suggested slight over-
or under-confidence with certain classes. The learning curve (Figure b) displayed high training
accuracy consistently, and the validation accuracy reached approximately 0.88 with increasing data,
suggesting strong generalization, but a slight degree of variance between training and validation
accuracy. Diagnostic plots also strengthened this evaluation: for example, The ROC curves (Figure c)
indicated high AUC measures (0.96-1.00) suggesting they could separate the four glucose states well,
while precision-recall curves (Figure d) also indicated strong detection performance with mean average
precisions (AP; (0.92-1.00) measures, indicating that overall strong performance exhibited across classes.
The cross-validation boxplots (Figure e) showed tight clustering of accuracy and weighted F1 ( 0.88)
across folds, reiterating regularity. Overall, models employing Random Forest performance measures
remained in the strong to excellent prediction performance of the models. However, the calibration
and degree of regularity indicated that gradient boosting ensembles would likely produce smoother
outputs and amplify the model outputs for spread and clinical translation.
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Figure 13. Random Forest model: (a) Bootstrap test outcomes depicting distribution of resampled accuracies; (b)
Sensitivity against false negatives showing robustness of class-level predictions across validation folds.

The bootstrap plots clearly demonstrate that the model is very stable, exhibiting an accuracy of
0.893 and a weighted F1 score of 0.892 (p = 1.0). The two values are so close it indicates that the random
forest is well-balanced with minimal possibility of overfitting or sample bias.

The sensitivity is very high in hyperglycemia (1.000, FNj,¢ & 2), followed by hypoglycemia (0.886,
FNj,g ~ 1692) while the sensitivity was still reliable (but not as high as expected) in pre-diabetes
(0.870, FNp,q ~ 1934). The sensitivity was lowest for normal (0.809, FNy,, ~ 2865) which aligned with
mid-glucose profiles overlapping. This distribution indicated that Random Forest has the potential to
minimize false negatives with hyper or hypo conditions that are of critical risk, with minor distorts
that may occur for assessment of lower risk normal class.

The random forest provided an overall accuracy of 0.89 (95% CI: 0.889 — 0.895) and a weighted F1
score of 0.892. The macro recall reflects equivalently at 0.891 confirming the distribution of sensitivity is
well-balanced as well. At the class level, calibration was equal for hyperglycemia (brier score 0.00052)
while it was moderate for pre-diabetes (0.0475) and normal (0.0614), indicating some calibration error.
Overall, this work does suggest Random Forest, without sacrificing the critical-risk prediction, can
offer an extremely good, stable, interpretable and clinically relevant prediction model.
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4.4. CatBoost

Confusion Matrix of CatBoost (10-fold)
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Figure 14. Confusion matrix derived from 10-fold validation showing prediction accuracy of the CatBoost model.

The CatBoost model was capable of achieving an accuracy of 84%, however, it did have higher
rates of misclassification in relation to the LightGBM and the Random Forest. The CatBoost model
was able to capture pertinent dependencies among the features, but performance was devalued
due to overlap in samples between related glycemic states. The observed residuals suggest there
could be opportunity for further improvement through focused feature engineering and additional
hyperparameter tuning. Despite these limitations, CatBoost exhibited the potential to participate as a
contender among the tree-based ensemble models.
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Figure 15. Evaluation of the CatBoost model: (a) Calibration reliability diagram; (b) Learning curve illustrating

convergence stability; (¢) ROC curve for classifier discrimination and Precision—Recall performance; and (d)
Boxplot summary of predictive variation across folds.

The CatBoost model (Figure a—e) exhibits strong predictive capabilities even if, overall, it does
have a comparatively lower accuracy ( 84%) than either method tested here. However, calibration
curves (Figure a) demonstrate that predicted probabilities track closely with observed probabilities,
whereas some class discrepancies show that probabilities might be less consistently calibrated than
gradient boosters. The learning curves (Figure b) show that training accuracy is strong while validation
accuracy, to some extent, improves as the amount of data increases, though the same gap indicates
potential room for better generalizability. ROC analysis (Figure c) indicates that hyperglycemia
(AUC = 1.0) and hypoglycemia (AUC = 0.96) had good separability, and normal (AUC = 0.93) and
borderline diabetic (AUC = 0.95) were slightly worse at the predictive stage (although still clinically
acceptable). Finally, The precision-recall curves (Figure d) reflected the same pattern with mean AP’s
of 1.0, 0.90, 0.84, and 0.88 for each class, and decreased precision-recall trade-offs within the normal
and borderline diabetic groups.Finally, boxplots (Figure e) show stable performance across folds with
narrow variance, but lower overall accuracy than LightGBM or Random Forest.In summary, while
CatBoost demonstrated reliable abilities across the classification types, some of its calibration and recall
limitations for certain classes, likely contributed to its relatively lower accuracy in this comparison.
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Figure 16. CatBoost performance: (a) Bootstrap validation results distribution illustrating statistical consistency
across resamples; (b) Sensitivity versus false negatives showing diagnostic balance across metabolic classes.

The bootstrap comparison had a slightly lower stable accuracy (0.85) and the weighted F1 (0.846) -
with p = 1.0 indicating stability. The closeness of the comparison indicates that CatBoost still has the
ability to generalize in a balanced manner despite being relatively lower in performance compared to
RF/LightGBM.

CatBoost has exceptional sensitivity to hyperglycemia (0.999, FN ~ 15) and reasonable sensitivity
for detecting hypoglycemia (0.839, FN ~ 2382). The pre-diabetic class yielded a recall of 0.831 (FN ~
2630), while the normal class had the lowest value of 0.790 (FN = 3100). These results also indicate that
CatBoost tends to prioritize protecting high-risk groups, but loses some predictive sharpness when
evaluating states in between the high- and low-risk groups.

Therefore, CatBoost achieved an overall accuracy of 0.85 (95% CI: 0.847-0.853) with a weighted F1
of 0.846. The macro-recall was at 0.842, suggesting that balance across each class has again decreased
slightly. Calibration was stable for hyperglycemia (Brier score of 0.00081) but decreased for normal
(0.0662) and prediabetic (0.0501) classes. As a whole CatBoost dropped overall accuracy and has
remained clinically plausible - especially for the high-risk classes - and the false negatives prices on
hypoglycemia and hyperglycemia are of greater importance here.

4.5. CNN

Confusion Matrix - CNN

Fold 1 Fold 2 Fold 3 Fold 4
Acc: 0.80, F1: 0.80 Acc: 0.81, F1: 0.81 Acc: 0.81, F1: 0.81 Acc: 0.80, F1: 0.80

hyper hyper. hyper. hyper

hypo hypo hypo hypo

True
True
True
True

normal normal normal normal

pre-diabetic pre-diabetic pre-diabetic pre-diabetic

hyper  hypo normabre-diabetic hyper  hypo normabre-diabetic hyper  hypo normabre-diabetic hyper  hypo normabre-diabetic
Predicted Predicted Predicted Predicted
Fold 5 Fold 6 Fold 7 Fold 8
Acc: 0.79, F1: 0.79 Acc: 0.80, F1: 0.80 Acc: 0.80, F1: 0.80 Acc: 0.79, F1: 0.79

hyper hyper hyper. hyper

hypo. hypo hypo hypo

True
True
True
True

normal normal normal normal

pre-diabetic pre-diabetic pre-diabetic pre-diabetic

hyper  hypo normabre-diabetic hyper  hypo normabre-diabetic hyper  hypo  normabre-diabetic hyper  hypo normabre-diabetic
Predicted Predicted Predicted Predicted
Fold 9 Fold 10
Acc: 0.81, F1: 0.80 Acc: 0.81, F1: 0.80

hyper hyper

hypo hypo

True
True

normal normal

pre-diabetic pre-diabetic

hyper  hypo normapre-diabetic hyper  hypo normapre-diabetic

Predicted Mean Accuracy: 0.803, Mean F1: 0.801 Predicted

Figure 17. 10-fold cross-validation confusion matrix for the CNN model, reflecting temporal feature learning.
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The Convolutional Neural Network (CNN) achieved an accuracy level of 80%. This is a re-
minder of its potential to automatically learn hierarchical feature representations from the input
data.Consequently, the CNN model did not outperform the tree-based models, signalling that hand-
crafted features provided more discriminatory power on this dataset. The CNN model was able to
demonstrate complimentary perspectives into the temporal and morphological time signal dynamics,
showing its value in non-ensemble designs for new exploratory research for latent data patterns.

Calibration curves (per class) - CNN
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Figure 18. Performance analysis of the CNN model: (a) Calibration plot of predictive probabilities; (b) Learning
curve illustrating convergence trends; (c¢) ROC performance and Precision-Recall curves showing class discrimi-

nation; and (d) Boxplot visualization of temporal feature outcomes across validation folds.

The CNN model demonstrated an overall classification accuracy of 80% demonstrating reasonably
good, but lower performance than tree-based methods. ROCC for the hyperglycemia, hypoglycemia,
normal, and pre-diabetic classes are exceptionally strong with AUC scores of 1.00, 0.95, 0.90, and 0.94
respectively.This suggests the CNN is very effective in predicting hyperglycemia while the performance
for normal and pre-diabetic classes remains robust, but slightly less strong. The averaged precision
(AP) scores supports this observation with superlative performance in the hyperglycemic state (1.00)
and great performance in the hypoglycemic (0.88), normal (0.76), pre-diabetic (0.83), results suggesting
the confidence when predicting classes is highest in hyperglycemia. The learning curves provide an
almost perfect exponential increase in performance varying between both training and validation
levels, showing that the CNN is somewhat successfully capturing the baseline underlying patterns
without too much overfitting. The calibration curves clearly indicating the predicted probabilities and
true outcomes are again aligned, although one class varies slightly from the ideal diagonal line similar
to the others which lie essentially on the diagonal line. The small gap in the one class could indicate
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a small miscalibration in the estimated probabilities for that experience class, otherwise calibration
metrics were good overall.

Bootstrap Results with Mean * Std and Observed Value - CNN
o

@ Observed Value

Sensitivity (Recall) per Class (Lower Sensitivity = Higher FN) (CNN)
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0.6 FN: 21.2%

Sens: 0.637
FN: 36.3%

Score

0.4

Sensitivity (Recall)

0.2 4

0.0

Accuracy Weighted F1 ' Class
(a) (b)

Figure 19. CNN assessment: (a) Bootstrap analysis showing model robustness across resampled folds; (b)
Sensitivity against false negative rate highlighting diagnostic performance trade-offs across temporal feature
representations.

The bar graph demonstrates that accuracy (0.80) and weighted F1 (0.798) are closely aligned,
with a bootstrap p-value of 1.0 indicating that the CNN’s performances are not being influenced by
sampling variation. Although accuracy is slightly lower than tree-based models, the closeness indicates
that the CNN predicted frequencies are comparatively even across glucose categories.

The CNN shows perfect sensitivity for hyperglycemia (1.000, FN ~ 7) and good recall (0.854, FN
~ 2160) for hypoglycemia, while the pre-diabetic class returns partial recall (0.763, FN ~ 3500) and the
normal class returns the lowest performance (0.798, FN ~ 3110) of predictions. This shows that the
CNN is the most reliable at targeting high-risk states (high or low), while losing predictive sharpness
in the cases that are borderline or midrange states with high overlap between classes.

In total, the CNN achieved an accuracy of 0.80 (95% CI: 0.797-0.803) with a weighted F1-score
of 0.798. The macro recall noted was good at 0.853 (while this metric is lower than ensemble or
tree-based methods, it remains highly predictive). While the CNN exhibited strong performance in
hyperglycemia (Brier score = 0.00067) and hypoglycemia (0.0412), the pre-diabetic (0.0589) and normal
(0.0721) classes lagged in performance. Again, while the overall accuracy was slightly lower than other
models, it retains clinical relevance by offering a high level of reliable prediction for hyperglycemic
and hypoglycemic critical states, albeit with reduced certainty for mid-range classes.
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Figure 20. Confusion matrices from 10-fold cross-validation emphasizing decision boundary performance of the

Gradient Boosting model.

The Gradient Boosting classifier achieved an overall accuracy rate of 79%, the lowest among tested

ensemble methods. The confusion matrix indicated that most of the error rates were within transitional
glycemic states (normal versus prediabetic and prediabetic versus diabetic), indicating the limited
capability of the model to separate classes that contained overlapping physiologic variables. The
baseline GB model was more sensitive to parameters adjustments than the more optimized frameworks
like LightGBM and was found to be less capable of capturing complex non-linear interactions. GB
is expected to find broad classifying trends; however, it has limited performance without large
hyperparameter tuning, whereas, with more advanced gradient-boosted frameworks, or hybrid deep-
learning approaches, the models generalize better for glycemic state linear predictions.
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Figure 21. Comparative results of the Gradient Boosting model: (a) Calibration analysis; (b) Learning curve illus-
trating model stability; (c) ROC curves along with Precision—Recall curves showing discriminative performance;

and (d) Boxplot representation of classification balance across validation folds.

The Gradient Boosting (GB) model produced an overall classification accuracy of 79%, which is
slightly lower than the other ensemble-based methods. As is the case with all classification methods,
the ROC curves for the four classes show clear separation with AUC values of 1.00 for hyperglycemia,
0.94 for hypoglycemia, 0.90 for normal and 0.92 for pre-diabetic. This demonstrates exceptionally high
sensitivity for hyperglycemia and strong but less discriminating distinctions in the normal and pre-
diabetic classification. Mean average precision (AP) scores were 1.00 (hyper), 0.84 (hypo), 0.75 (normal),
0.81 (pre-diabetic) further support this, highlighting strong predictive confidence for hyperglycemia
while being less confident about predicting normal and pre-diabetic instances. Learning curves provide
the expectation of learning improvements for both the training and validation dataset, without extreme
overfitting of the training data set over time. Calibration curves show predicted probabilities to be
relatively accurate to the true outcome with some discrepancies within classes, but overall probability
estimations appear to be consistent and accurate.
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Figure 22. Gradient Boosting model: (a) Bootstrap p-values illustrating the statistical consistency of ensemble

estimations; (b) Sensitivity—false negative comparison showing the trade-off between diagnostic sensitivity and
misclassification tendency across glucose categories.

Figure (a) The bootstrap precision indicates an accuracy of (0.79) next to weighted F1 (0.788). The
bootstraps generated a p-value of 1.0, signaling underlying stability. The gap between the overall preci-
sion and the higher performing models approximately matches the gap in the models” discriminative
power, but it does demonstrate stability compared to other models.

In Figure (b), the sensitivity of hyperglycemia is perfect (1.000, FN = 0); this is followed by high
sensitivity for hypoglycemia (0.841, FN = 2360). The pre-diabetic category’s model sensitivity is
moderate (0.816, FN ~ 2735), while sensitivity for the normal class shows weakness again (0.792, FN
~ 3090). The findings indicate that the model is strongly biased toward avoiding critical errors in
hyperglycemia, whereas part of the model’s insufficiency lies in boosting accuracy for more borderline
classifications.

The Gradient Boosting Model has an overall accuracy of 0.79 (95% CI: 0.786-0.794) with a weighted
Fl1-score of 0.788. The macro recall is 0.862, showing good coverage in high classifications, which
then decreases for borderline classes. Calibration results reveal high reliability for hyperglycemia
(Brier score = 0.00093), comparatively low performance around the normal class (0.0714), and poor
performance for the pre-diabetic class (0.0552). Though the overall performance trailed the ensemble
and tree-based peers, Gradient Boosting demonstrates utility in clinical cases prioritizing protection
against critical false negatives.

4.7. Results Comparison

To compare the performance of the various machine/deep learning models to classify diabetes-
related conditions, six ML/DL models were compared, including LightGBM, CNN, Gradient Boosting,
Random Forest, Ensemble, and CatBoost, to explain the results based on important key evaluation
metrics including Accuracy, Weighted F1-score, Macro Recall (Sensitivity), and Precision and Recall
analysis for each class. The table below summarizes these important metrics and provides a visual
comparison of the performance for each model.

In Table 3, it can be seen that LightGBM and the Ensemble model are the top-performing models,
achieving the highest accuracy overall at about 0.89 compared to all other models. The Weighted
Fl-score demonstrates a comparable pattern to Accuracy, indicating balanced model performance
among all classes. At the same time, class-wise recall demonstrates how well each model identifies
conditions associated with diabetes. For instance, the recall for hyperglycemia (hyper) was nearly
complete for all models (>0.998), in contrast to the recall of normal and pre-diabetic classes, which
was lower, indicating more misclassifications for these classes. Among the minority classes, Random
Forest and Ensemble achieved better overall recall compared to Gradient Boosting and CatBoost.
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Table 3. Comparative analysis of classifiers.

Metric Ensemble LightGBM Random CatBoost CNN Gradl-e nt

Forest Boosting
Accuracy 0.890 0.890 0.883 0.835 0.804 0.789
Weighted F1 0.889 0.889 0.883 0.834 0.802 0.788
Macro Recall 0.890 0.890 0.883 0.835 0.804 0.790
Avg Precision 0.887 0.984 0.882 0.833 0.803 0.783
Recall Hyper 0.997 0.998 0.999 0.999 0.998 0.996
Recall Hypo 0.887 0.880 0.866 0.827 0.788 0.768
Recall Normal 0.792 0.806 0.808 0.713 0.637 0.675
Recall Pre-Diabetics 0.880 0.871 0.856 0.802 0.791 0.715

To summarize, the Ensemble of BiLSTM and LightGBM represents the best, balanced, and
clinically aligned option, exhibiting the highest levels of accuracy, robustness, stability, calibration, and
sensitivity. LightGBM and Random Forest both represent strong alternatives closely following the
Ensemble option for reliability. CatBoost remains competitive but is biased toward weak calibration;
CNN and Gradient Boosting showed lower stability and class-wise balance. Despite showing generally
acceptable overall accuracies, these two models are less suited for clinical authenticity relative to the
other models.

Overall, these results provide statistically compelling evidence that hybrid ensemble learning is
the superior option for non-invasive glucose monitoring, while traditional boosting (CatBoost) and
CNN architectures will require further optimization to achieve a satisfactory level of robustness and
reliability.

Table 4. List of techniques used in this study along with their corresponding equations.

Sr. No Technique Name Equation
1 K-fold cross validation Acc = 41 + ﬂcczlj- .- Facc
tof T, > T,
2 Bootstrap p-value p = outo 5 b = “obs
TP
3 Sensitivity (Recall) Sensitivity :Nm
4 Fal ive Rate (FNR) FNR = —————
alse Negative Rate (FNR) N N £ TP

BS — (Pr—y1)*+...+ (py —yn)?

5 Brier Score
6 Accurac Acc = TP+ T%
Y _TP+TI\ZTF;§FP+PN
7 Precision Precision = W
Recall Recall = ——

8 eca eca Tllﬁj +FN el

9 F1-score Fl =2 x ( I‘eqs?on X Reca )
(Precision + Recall)

10 SMOTE Xnew = X; + A(xnn — xi), Ac [0’ 1]

11 L1-Regularization (LASSO) L = Error + A ) weights
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Table 5. Description of each equation along with explanation of its variables and notations.

Sr. No  Explanation Notation
1 Average accuracy over all folds Acc = accuracy, K = number of folds, acc; = accuracy in fold i
) p-value from B resamples, Ty, — observed p= p-vlalu;, Bj r];umbelf‘i of bootstrap samples, T; = statistic from b-th
statistic resample, T, = observed statistic
3 Fraction of actual positives correctly detected TP = true positive, FN = false negative
4 Fraction of positives that were missed TP = true positive, FN = false negative
5 Measures difference between predicted BS = Brier score, p; = predicted probability for i-th sample, y; = actual outcome
o (0 or 1), N = total samples
probability and actual outcomes
6 Fraction of correct predictions ;”(l)’s :1 ‘Zue positive, FN = false negative, TN = true negative, FP = false
7 Fraction of predicted positives that are truly TP = true positive, FP = false positive
positive
8 Fraction of actual positives detected (same as TP = true positive, FN = false negative
sensitivity)
9 Harmonic mean of precision and recall Precision = precision, Recall = recall
. ) Xnew = New synthetic sample, x; = original sample, x,,, = neighbour sample,
10 Creates new synthetic samples between x; and A o random aumber between 0 and 1

its neighbour
L = total loss, Error = prediction error, A = regularization coefficient, weights =

11 Adds penalty for large weights to reduce model coefficients

overfitting
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Figure 23. Comparative results of machine learning and deep learning models: (a) Radar chart of model
comparison using accuracy, weighted F1, macro recall, and calibration; (b) Performance comparison bar chart
across models; (c) Line chart of accuracy, F1, and recall trends; and (d) Sensitivity per class with false negative
counts.

We’ve conducted a comparative assessment of six models looking at different aspects of per-
formance. The radar and bar charts [(a) and (b)] indicate that the Ensemble and LightGBM modes
achieve higher scores on Accuracy, Weighted F1, and Macro Recall (approximately 0.89) and highlight
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their evenness in the overall performance space (i.e., balanced performance). Random Forest scored
comparably and CatBoost CNN and Gradient Boosting all scored lower than these top-performing
models, especially in terms of macro recall indicating generalization ability (or lack thereof) across
all classes of diabetes patients, especially at the macro-level level. The line chart also illustrates this
outcome [(c)], in which the top three models have stable performance and there is a sharp drop
for CNN and gradient-boosting, both of which show that ensemble-based models ours predictive
framework are better at modeling structured physiological data than other models.

Similarly, the class-level analysis [(d)] give us an additional display of insights into sensitivity
and false negative rates. All the models had nearly perfect recall for hyperglycaemia (>0.99). However,
performance across normal and pre-diabetic classes dropped off scan appreciatively composed in
accuracy the false negatives were higher. The Ensemble Model and LightGBM experienced the lowest
misclassification rates across both of the minority classes, highlighting that these models are better at
capturing nuanced signals that are important for being able to detect early onset of diabetes. Overall,
the results highlight that following our analysis that ensemble learning based approaches are not only
more reliable, but also more generalizable than CNN and boosting models. Therefore, they would be
more appropriate for monitoring blood glucose without invasive techniques on subjects.
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Figure 24. (a) Heatmap of Brier score per class across models, illustrating class-wise calibration performance; and
(b) Heatmap of class-level metrics (accuracy, recall, and F1-score) across models.

Using Brier score-based heatmaps, shown for class-wise and general evaluation, the calibra-
tion performance of the assessed models was further studied. The left heatmap displays normal,
pre-diabetic, hyperglycemic, and hypoglycemic diabetes categories’ Brier scores. Lighter yellow
shades suggest more calibration errors; hence, darker tones imply lower Brier values and so superior
calibration. The yellow block shows that, for the normal class, the Convolutional Neural Network
(CNN) had a fairly high mistake (Brier score ~ 0.1076). This suggests that for this class the CNN’s
forecast probability distribution deviated noticeably from the real results, which points to either an
overconfident or underconfident probability projection.

Among the performance indicators displayed on the correct heatmap are accuracy, weighted F1
score, macro recall, and mean Brier score. Ensemble learning and LightGBM did With Brier scores
of 0.037 and 0.036, CNN (0.067) and Gradient boosting are the best calibrated and predictive reliable
together with high classification accuracy. Although it was quite accurate, Gradient Boosting (0.064)
had worse calibration. The Brier score in the final column reveals how distinct classification accuracy
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and Probabilistic calibration. Although the Brier score, which gauges the reliability of predicted
probabilities is defined as:
1

N (pi —vi)*

=z

Brier Score =

Il
—

where i ranges from 1 to N, N denotes the number of samples; p; denotes the predicted probability;
y; denotes the actual binary outcome. A score of zero indicates perfect calibration; lower values suggest
more reliable probability calculation. The exact binary result. Lower values mean more trustworthy
forecast probabilities; a value of zero signals perfect calibration.

Overall results showed that ensemble-based models, and LightGBM model, which showed better
classification accuracy, do a great job of calibrating probabilities to match actual class probabilities.
This increased reliability makes them particularly useful in clinical decision support tools. On the other
hand, models like CNN and Gradient Boosting still have some work to do, especially when it comes to
accurately predicting normal glycemic states, to ensure their predicted probabilities are trustworthy.

5. Conclusions

This study focused on developing an artificial intelligence system for non-invasive blood glucose
monitoring (NIBGM) using photoplethysmography (PPG) signals. The priority was to improve on the
weaknesses of traditional invasive means of estimating glucose levels. The system classified the four
diabetic states of hyperglycemia, hypoglycemia, pre-diabetes, and normoglycemia using advanced
methods which included LightGBM, ensemble methods, gradient boosting, random forests, and neural
networks. Ensemble and lightgbm model yielded the best outcomes with an accuracy of 89% and a
weighted F1 score of 0.889, therefore, illustrating compelling proof for its possible clinical application.

Robustness and reliability were attained by an exhaustive validation framework consisting of
ten-fold cross-validation, bootstrap resampling, subgroup sensitivity assessment against false negative
instances, Brier scoring, and calibration by means of heatmap methods. These multi-layered statistical
validations ensured the stability and the calibration-based performance of the models. Besides this
preprocessing framework also employed Al-driven SMOTE balancing reducing class imbalance so as
to enhance sensitivity for hypoglycemia detection. Feature selection was carried out systematically by
means of L1 regularization, recursive elimination, cross-validation, and hyperparameter optimisation
so as to reduce the feature set to twelve unique PPG-derived indices that covered morphological,
temporal, statistical, as well as spectral categories.

In summary, this research demonstrates that artificial intelligence-driven models, coupled with
intense validation as well as judiciously optimized feature selection, can significantly improve non-
invasive glucose monitoring and provide reliable alternatives to conventional methods. Our proposed
framework has important practical relevance for intelligent health care, in particular in regard to
wearable devices intended for real-time diabetes management. Directions for future research include
external validation on larger and more heterogeneous populations, integration with multimodal
physiological signals, as well as development of adaptive personalized models towards broader
clinical usefulness and long-lasting effects.
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