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Abstract

This study aimed to develop a non-invasive blood glucose estimation method by integrat-
ing wearable multimodal signals, including photoplethysmography (PPG), electrodermal
activity (EDA), and skin temperature (ST), with food log—derived nutritional features, and
to validate its clinical reliability. We analyzed data from 16 adults who underwent contin-
uous glucose monitoring (CGM) while multimodal physiological signals were collected
over 8-10 consecutive days, yielding more over 20,000 paired samples. Features from
food logs and physiological signals were extracted, followed by feature selection using
Boruta and minimum Redundancy Maximum Relevance (nRMR). Five machine learning
models were trained and evaluated using five-fold cross-validation. Food log features
alone demonstrated stronger predictive power than unimodal physiological signals. The
fusion of nutritional, physiological, and temporal features achieved the best accuracy
using LightGBM, reducing the RMSE to 12.9 mg/dL, with a MARD of 7.9%, a MAE of
8.82 mg/dL, and R? of 0.69. SHapley Additive exPlanations (SHAP) analysis revealed that
24-h carbohydrate and sugar intake, time since last meal, and short-term EDA features
were the most influential predictors. By integrating multimodal wearable and dietary infor-
mation, the proposed framework significantly enhances non-invasive glucose estimation.
The interpretable LightGBM model demonstrates promising clinical utility for continuous
monitoring and early dysglycemia management.

Keywords: blood glucose monitoring; photoplethysmography (PPG); multimodal features
fusion; machine learning; SHAP interpretability

1. Introduction

Diabetes is a lifelong metabolic disorder characterized by chronic hyperglycemia,
primarily caused by insufficient insulin secretion, impaired insulin action, or a combination
of both [1]. Insulin, a hormone produced by the pancreas, regulates blood glucose levels.
When insulin secretion or action is compromised, glucose cannot be effectively transported
into cells for energy metabolism, resulting in abnormally elevated blood glucose concen-
trations. Symptoms of diabetes include thirst, hunger, and increased urination frequency,
and diabetic patients are at a higher risk of developing various severe complications, in-
cluding retinopathy, nephropathy, neuropathy, and cardiovascular diseases [2]. Diabetes is
classified into three main types: Type 1 diabetes mellitus (T1IDM), Type 2 diabetes mellitus
(T2DM), and gestational diabetes. T2DM is the most common type, affecting over 95% of
diabetes patients globally [3,4]. According to the latest statistics from the World Health

Appl. Sci. 2026, 16, 790

https:/ /doi.org/10.3390/app16020790


https://crossmark.crossref.org/dialog?doi=10.3390/app16020790&domain=pdf&date_stamp=2026-01-13
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-3421-1151
https://doi.org/10.3390/app16020790

Appl. Sci. 2026, 16, 790

20f17

Organization (WHO), approximately 537 million adults (aged 20-79) had diabetes in 2021,
and the total number of diabetes patients is projected to rise to 643 million by 2030, making
diabetes the seventh leading cause of death [4].

Early intervention is crucial. Lifestyle and behavioral programs have been shown to
improve glycemic control [5,6]. Although minimally invasive CGM is clinically available, it
remains costly and typically requires professional implantation, limiting broad adoption [7-9].
These constraints have motivated research on non-invasive, scalable solutions.

With the growth of smart health technologies, compact and affordable wearables
(e.g., wristbands, smartwatches) routinely capture physiological signals such as PPG,
electrocardiography (ECG), EDA, and ST. Coupled with artificial intelligence, such devices
are increasingly used for chronic disease management, risk assessment, and public health
monitoring [10-15].

Recent studies explored non-invasive glucose estimation from physiological signals.
For example, Zhang et al. proposed a fitting-based sliding window algorithm with three-
level classification accuracy of 81.49% [16]. Tsai et al. extracted 30 time-domain and
derivative features from PPG signals, reaching 80% accuracy, though the system exhibited
poor generalizability across individuals [17]. Multimodal approaches have combined ECG
with PPG [18] or dual-wavelength PPG with bioimpedance [19], reporting promising error
metrics and high Clarke Error Grid (CEG) coverage. However, these approaches have
predominantly relied on endogenous physiological signals, offering limited representa-
tion of exogenous drivers such as meal timing and nutrient composition, which are key
determinants of postprandial glucose fluctuations. This gap restricts model accuracy and
robustness across diverse populations. To address these limitations, this study makes the
following key contributions:

e  Multimodal Features fusion framework. We propose a novel blood glucose estima-
tion framework that integrates wearable physiological signals with food log—derived
nutritional and temporal features. By jointly modeling endogenous physiological
dynamics and exogenous meal-driven fluctuations, the framework achieves a more
comprehensive representation of glycemic variation.

e  Robust feature engineering and selection. A unified preprocessing pipeline is designed,
comprising denoising, short-window feature extraction, and a two-stage feature selec-
tion strategy. The combination of Boruta and mRMR ensures that retained predictors
are both highly informative and minimally redundant, thereby improving robustness
and reducing overfitting in high-dimensional multimodal data.

e Rigorous benchmarking and interpretability. Multiple state-of-the-art machine learn-
ing regressors are systematically compared, with the Light GBM-based fusion model
demonstrating the best performance. Beyond predictive accuracy, model interpretabil-
ity is achieved through SHAP analysis, which identifies physiologically meaningful
features thereby enhancing transparency and supporting potential clinical adoption.

Section 2 describe the experimental equipment, data preprocessing procedures, feature
extraction, as well as the proposed model fusion algorithm. The subsequent sections present
the experimental results, followed by a detailed discussion and the conclusions of the study.

2. Materials and Methods

Figure 1 illustrates the design concept of the multi-modal feature fusion technique for
early-stage diabetes prediction.
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Figure 1. Overall framework of multi-modal feature fusion. (A) Multimodal physiological data
collection and dataset construction. (B) Feature extraction and statistical analysis across signal
modalities. (C) Machine learning modeling with multiple regression algorithms evaluated via five-
fold cross-validation, and LightGBM selected as the final model. (D) Model performance evaluation

and interpretability analysis.

2.1. Data Collection

This study recruited participants from the Duke University patient population who
had glycated hemoglobin (A1C) levels within the high-normal to prediabetic range [20].
All participants were post-menopausal females aged 35-65 years. As such, the study
population was restricted to this group, and sex-based comparisons were not applicable
beyond this population.

Inclusion criteria were as follows: (1) adults aged between 35 and 65 years; (2) A1C
level in the high-normal or prediabetic range; (3) ability to attend study visits and comply
with study procedures; and (4) access to a personal computer or laptop to enable daily
upload of wearable device data.

Exclusion criteria were as follows: (1) history of chronic obstructive pulmonary disease
(COPD); (2) history of cardiovascular disease; (3) history of cancer; (4) history of chronic
kidney disease; (5) patients who opted out of clinical research opportunities in Maestro-
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Care; and (6) inability to provide daily uploads due to lack of appropriate equipment or
technical limitations.

A total of 16 participants meeting the inclusion criteria were enrolled in this study.
Each participant wore a Dexcom G6 CGM device (Dexcom Inc., San Diego, CA, USA)
and an Empatica E4 (Empatica Inc., Boston, MA, USA) wrist-worn wearable sensor for
8-10 consecutive days, enabling continuous monitoring of physiological signals and glucose
dynamics under free-living conditions. This design allowed the collection of day-to-day
physiological and behavioral variability within a short-term longitudinal window.

The Dexcom G6 recorded interstitial glucose concentrations (mg/dL) at 5-min intervals.
Simultaneously, the Empatica E4 measured PPG (64 Hz), EDA (4 Hz) and ST (4 Hz). E4
data were uploaded via the Empatica Manager desktop application to secure cloud storage,
while CGM data were collected through the Dexcom Clarity mobile or web platform.

In this study, participant privacy was ensured by de-identifying all data through the
assignment of unique subject identifiers and the application of date-shifting procedures.
During the study period, participants were provided with standardized breakfast meals on
alternating days and were instructed to record all dietary intake in food logs. These records
were subsequently aligned with the CGM timeline to facilitate multimodal data fusion.

2.2. Data Preprocessing

Raw food log entries and continuous physiological recordings were transformed into
structured features suitable for machine learning analysis through a unified preprocessing
pipeline. Dietary intake was extracted from subject-reported logs, including total energy
and macronutrient composition such as carbohydrates, sugars, and proteins, and aligned
with CGM timestamps. To capture metabolic dynamics at different scales, cumulative
nutritional indicators were calculated over 2-h, 8-h, and 24-h windows. The 2-h win-
dow corresponds to the typical postprandial glycemic excursion, reflecting short-term
metabolic responses to meals [21]. The 8-h window represents diurnal eating patterns and
intermediate-term nutrient load, while the 24-h window provides an integrated measure of
daily energy balance, which is strongly linked to long-term glycemic control [22]. Based on
these windows, aggregated features were derived, including total calories, carbohydrate,
sugar, and protein intake, as well as meal frequency indices quantifying eating density and
temporal difference measures such as time since last meal to reflect inter-meal intervals
and metabolic state. In total, 17 nutritional features were constructed from the food logs.
A detailed description of these features is provided in Supplementary Table S1. Missing
values were imputed using median or zero substitution, and all continuous variables were
standardized prior to model training.

PPG, EDA, and ST were continuously recorded by the wearable device. To improve
signal quality, raw waveforms were preprocessed using a wavelet-based denoising strategy.
Wavelet transform provides joint time-frequency analysis and is well suited for quasi-
periodic biomedical signals such as PPG [23]. In this study, the eighth-order Symlet wavelet
(sym8) was employed. The denoising procedure involved decomposing the raw signal
into approximation and detail coefficients, applying soft-thresholding to high-frequency
components to suppress noise, and reconstructing the denoised waveform via inverse
transformation. This process effectively reduced baseline drift and high-frequency noise
while preserving the essential morphological characteristics of the physiological signals.

After the wavelet-based denoising step, an artifact detection and handling procedure
was implemented to further enhance data reliability. Artifacts were identified based on
both signal-level and physiological plausibility criteria, including infinite or undefined
values, extreme outliers, and segments with zero variance indicative of signal dropout or
sensor malfunction [24,25]. In addition, physiologically implausible measurements derived
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from the signals were filtered to prevent the inclusion of non-representative data in feature
extraction. Short duration artifacts were handled through local interpolation or median-
based correction to preserve temporal continuity, whereas feature windows containing
persistent or unrecoverable artifacts were excluded from further analysis. Overall, artifact
handling affected only a limited portion of the dataset, and the majority of samples were
retained after preprocessing. Missing values were handled using median imputation, and
all continuous variables were subsequently standardized using z-score normalization to
ensure comparability across modalities.

2.3. Feature Extraction

After preprocessing, multidimensional physiological features were extracted from
PPG, EDA, and ST to characterize autonomic nervous system (ANS) activity and metabolic
state [26-29]. From the PPG signal, 35 features were obtained, including heart rate variabil-
ity (HRV) indices and pulse waveform morphology. HRV, widely used to assess autonomic
function, was calculated from peak-to-peak intervals using time- and frequency-domain
methods [30-33]. Additional PPG features captured hemodynamic changes, such as wave-
form contour and the dicrotic notch [34,35]. The EDA signal yielded 20 features, including
statistical descriptors of skin conductance response (SCR) as well as wavelet-based coeffi-
cients that captured time—frequency dynamics [27]. From ST, eight statistical descriptors
such as mean, standard deviation, skewness, and kurtosis were derived to reflect periph-
eral thermoregulatory responses influenced by glucose fluctuations [28,29]. Altogether,
63 physiological features across the three modalities were included in the analysis.
A detailed description and mathematical definition of each feature are provided in
Supplementary Table S2.

2.4. Feature Selection

A total of 80 features were initially extracted from the food logs and physiological
signals. Using the full feature set without selection may introduce redundancy, increase
the risk of overfitting, and reduce model interpretability. Therefore, a two-stage feature
selection pipeline was employed, integrating Boruta—a random forest-based wrapper
method—and mRMR, a mutual information-based ranking approach. This combined
strategy was designed to retain features that are both statistically relevant and minimally
redundant, resulting in an information-efficient predictor subset.

Boruta performs all-relevant feature selection by iteratively evaluating the importance
of each real feature against a set of permuted “shadow” features generated through random
shuffling [36]. Feature importance was derived from random forest classifiers, where the
mean decrease in Gini impurity serves as the importance measure. If the importance of
a real feature consistently exceeds the maximum shadow feature across iterations, it is
labeled as “confirmed” and retained. This mechanism provides a conservative safeguard
against excluding potentially relevant predictors, particularly in high-dimensional and
non-linear data spaces.

Although Boruta identifies relevant features, it does not address redundancy among
them. To further refine the feature set, the mRMR algorithm was applied to the Boruta-
selected candidates. mRMR relies on mutual information (MI) to quantify both feature—
target relevance and feature—feature redundancy. For two random variables X and Y, the
mutual information is defined as Equation (1):

(5Y) = Y Y pla,y)log P W

xeX yeYy p(x)p(y)

where p(x,y) is the joint probability distribution and p(x), p(y) are the marginal distributions.
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The optimization objective of the mRMR algorithm is defined as follows:

1
I(f;Y) — —= ) I{fi; fi 2
max| I(fi;¥) B (fi £i) )

Here, I(f;;Y) measures the dependency between feature f; and the target glucose
value, while I ( fi; f]) penalizes redundancy between features. This balance ensures that the
final subset contains features that are highly informative yet complementary.

Applying this two-stage process, Boruta selected a candidate pool of relevant features,
and mRMR ranked them by their relevance-redundancy trade-off. The top 30 features
were retained as the final input set for model training. The detailed list of their correlations
and mutual information values with blood glucose is provided in Table 1.

Table 1. Top-30 Features and Correlation and Mutual Information with Blood Glucose.

Corr_with_y MI_with_y

Feature Category Features (Range) (Range)

sugar_sum_24h,
carb_sum_24 h,
kcal_sum_24h,

protein_sum_24 h

Nutritional (24 h) 0.10-0.15 0.48-0.49

sugar_sum_8 h,
carb_sum_8 h,
kcal_sum_8h,

protein_sum_8 h

Nutritional (8 h) 0.06-0.12 0.34-0.37

sugar_sum_2 h,
carb_sum_2h,
kcal_sum_2h,

protein_sum_2 h

Nutritional (2 h) 0.04-0.12 0.12-0.14

SCr_max, scr_min,
SCR statistics scr_median, —0.12 to —0.15 0.06-0.08
scr_std_dev

st_mean,
ST st_median, 0.08-0.08 0.06-0.06
st_max, st_min

eda_coeff_1_mean,
eda_coeff 1_std,
eda_coeff 3_std,
eda_coeff 4 std

HE fall_times,
fall_slopes

EDA coefficients —0.11 to —0.15 0.05-0.07

PPG —0.02 to 0.07 0.05-0.05

Time time_since_last meal min —0.09 0.15

2.5. Model and Evaluation
2.5.1. Model of Machine Learning

The glucose prediction task was formulated as a supervised regression problem, where
the input consisted of multimodal features selected in Section 2.3, and the output was the
continuous glucose concentration measured by CGM. To evaluate model performance, we
benchmarked multiple machine learning algorithms representing different methodolog-
ical families: gradient boosting decision trees, ensemble bagging methods, kernel-based
methods, and neural networks.
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Light Gradient Boosting Machine (LightGBM). LightGBM is an efficient implemen-
tation of gradient boosting decision trees [37]. It constructs additive models in a forward
stage-wise fashion and optimizes the objective by gradient descent. The optimization
problem is formulated as Equation (3):

N
L=Y Ly, d)+)_ Of) (3)

i=1 k

where ¢ denotes the squared error loss, fj is the k-th regression tree, and ()(-) is a regular-
ization term penalizing tree complexity to control overfitting.

Random Forest (RF). RF is a bagging ensemble method that aggregates the predictions
of multiple decorrelated decision trees [38]. Each tree is trained on a bootstrap sample of
the data, and feature selection is randomized at each node split. The prediction is obtained
as Equation (4):

Sl =

T
7= 72 filx) 4
t=1
where T is the total number of trees.
EXtreme Gradient Boosting (XGBoost). XGBoost is an optimized implementation of
gradient boosting with additional regularization and system-level optimizations [39]. The
objective function combines training loss with L1/L2 penalties:

N

£= 3 90 + K17+ Jalanl?) 6
k

i=1

where £ is the squared error loss, Ty is the number of leaves in tree k, wy are the leaf weights,
and 7, A are regularization parameters.

Gradient Boosting Decision Tree (GBDT). GBDT is an additive model that constructs
an ensemble of weak regression trees by sequentially minimizing a differentiable loss
function via gradient descent [40]. Given training data { (x;, y;)}I¥,, the model is updated
as Equation (6):

Fn(x) = Fy-1(x) +v -l (x) (6)

where I, (x) is the regression tree fitted to the negative gradient of the loss at iteration m,
and v is the learning rate. GBDT is particularly effective in handling complex, non-linear
relationships in biomedical data.

Support Vector Regression (SVR). SVR constructs a regression function that tolerates
errors within an e-margin while maximizing flatness [41]. The optimization problem is:

N
min 5ol + Y (& +87) 7)
subject to | y; — (w- ¢p(x;) +b) |< e+ ;.

Here, ¢(x;) denotes the mapping to a high-dimensional feature space, ¢; and g} are
slack variables, and C is a regularization parameter. This framework balances prediction
accuracy and model complexity.

Multi-Layer Perceptron (MLP). MLP is a feedforward neural network trained with
backpropagation [42]. For hidden layer /:

n) — U(Wlh(lfl) + b(l)) (8)
and final prediction:

7= Whp(=1) 4 p(0) )
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RelU activations, L2 weight decay, and early stopping were used to improve generalization.

2.5.2. Evaluation Metrics

In this work, we employed several evaluation metrics. RMSE is a commonly used
metric for measuring prediction error, reflecting the magnitude of the deviation between
the predicted and actual values. MARD is primarily used to assess the accuracy of blood
glucose prediction models, particularly in clinical applications, where it is widely used
for evaluating glucose monitoring systems in accordance with international standards
(e.g., ISO 15197:2013) [43]. MAE is another commonly used metric for evaluating model
error, representing the average absolute difference between the predicted and actual values.
In addition, R? measures the proportion of variance in the reference glucose values that is
explained by the model predictions, indicating the goodness of fit between predicted and
observed measurements. The detailed descriptions of these metrics are as follows:

12
RMSE = ;Z(% — i) (10)
i=1
n A< J— .
MARD = 12 19 = %il . 1009 11)
3 Vi
1 n
MAE = ) | = yil (12)
i=1
R2:1_ Zf\il(yl‘_yl‘)Z (13)
—\2
Zz‘l\iﬂyi -)

where 1 represents the number of samples, ; is the predicted value from the model, and y;
is the actual value.

3. Results

This study utilized a multimodal dataset comprising physiological signals (PPG, EDA,
and ST), food logs, and CGM values. A total of 25,573 valid paired samples were collected
from 16 participants monitored over 8-10 consecutive days. Six machine learning regressors
were benchmarked, including GBDT, RF, SVR, MLP, LightGBM, and XGBoost. For GBDT,
the number of trees was set to 1000, with a learning rate of 0.03, a maximum depth of 3, and
an early-stopping criterion of 20 iterations without improvement. RF models were trained
with 500 estimators, a maximum depth of 8, and constraints on minimum samples per split
(6) and per leaf (3). The SVR employed a radial basis function (RBF) kernel with penalty
parameter C = 3.0, € = 0.2, and y = “scale”. The MLP consisted of two hidden layers,
optimized with a learning rate of 1 x 1073, a maximum of 500 iterations, and early stopping
after 20 stagnant epochs. For LightGBM, we used 1500 boosting iterations, a learning
rate of 0.03, 31 leaves, and a minimum of 40 samples per leaf. XGBoost was trained with
600 estimators, a learning rate of 0.06, a maximum depth of 5, and a minimum child weight
of 3. All models were trained within a five-fold cross-validation framework to ensure robust
estimation, with early stopping applied to boosting models and MLP to mitigate overfitting.
Model performance was assessed using RMSE, MAE, MARD, and R2. In addition, CEG
analysis was employed to evaluate clinical acceptability, while SHAP was used to provide
interpretability of feature contributions.

3.1. BG Prediction Result

In this work, we benchmarked six machine learning regressors within a multimodal
fusion framework. As shown in Figure 2, LightGBM consistently outperformed all other

https:/ /doi.org/10.3390/app16020790


https://doi.org/10.3390/app16020790

Appl. Sci. 2026, 16, 790

9of17

models across multiple evaluation metrics. The models were trained on an initial set
of 80 input features, from which 30 features were retained through the Boruta-mRMR
feature selection pipeline. LightGBM achieved the lowest RMSE of 12.91 + 0.36 mg/dL,
MAE of 8.82 + 0.11 mg/dL, and MARD of 7.87 + 0.10%, R? of 0.69 + 0.02 under five-fold
cross-validation.

N
o
L

=
w

T12.91 £ 0.36 13.29+0.30

1 I

RMSE (mg/dL)
=
o

2087+0.25 16 1 1459017

MAE (mg/dL)

ML o 1 12.93+0.15 13.08+0.20
e 12 1 11.56 +0.16
1018824011 9-26+006
8-
61
4
2-
) RF MLP SVR

LightGBM XGBoost GBDT SVR LightGBM XGBoost GBDT
14 - 0.8 A
12,57 +0.17 0.69£0.02 (47, 0.0
12 1156 +0.16 11.66+0.17 0.7 1 : -
o 10.20 +0.14 ] 0535002
S |78710.10 827006 0.5 1 0.43+0.01
= 81 0.38+0.02
<
6 4
= 0.3 1
| 019001
4 0.2
21 0.1
0L 0.0
LightGBM XGBoost GBDT RF MLP SVR LightGBM XGBoost GBDT

Figure 2. Performance comparison of six machine learning models under multimodal fusion.
(a) RMSE of different models. (b) MAE of different models. (c) MARD of different models.
(d) R? of different models.

By contrast, XGBoost ranked second, yielding an RMSE of 13.29 £ 0.30 mg/dL and
an R? of 0.67 =+ 0.02, while GBDT, RF, MLP, and SVR exhibited noticeably poorer perfor-
mance, with RMSE values exceeding 15 mg/dL and markedly lower R? values (<0.53).
These findings highlight the superiority of LightGBM in capturing the complex, nonlinear
relationships underlying multimodal physiological and nutritional features.

We examined the impact of feature dimensionality on prediction performance by
evaluating the model using different numbers of top-ranked features after mRMR selection.
When retaining 25 features, the model achieved an RMSE of 12.92 mg/dL. The lowest
RMSE of 12.91 mg/dL was obtained with 30 features, whereas increasing the feature set to
35 features resulted in a slight performance degradation (RMSE = 12.93 mg/dL). These
results indicate that model performance reaches a plateau around 30 features, suggesting
that this configuration provides a favorable balance between predictive accuracy and
feature dimensionality.

The CEG is widely used to evaluate the clinical accuracy of glucose estimation methods
by categorizing prediction errors according to their potential impact on clinical decision-
making. According to the original definition proposed by Clarke et al., predictions falling
within Zones A and B are considered clinically acceptable, as they would lead to correct
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Predicted Concentration [mg/dl]

400

treatment decisions or only benign deviations without adverse clinical consequences. In
contrast, predictions located in Zones C, D, and E may result in unnecessary treatment
adjustments, failure to detect dysglycemic events, or even dangerous therapeutic actions,
respectively [44].

In light of this clinical framework, CEG analysis was conducted to further assess the
practical safety of the proposed non-invasive glucose estimation model. The results indicate
that 96.1% of predictions fall within Zone A, representing clinically accurate outcomes,
while an additional 3.4% fall within Zone B, corresponding to benign errors that would
not affect treatment decisions. Importantly, no predictions were observed in Zones C
or E, which are associated with potentially dangerous misclassifications. As illustrated
in Figure 3, this distribution demonstrates that the proposed model not only achieves
high predictive accuracy but also satisfies established criteria for clinical safety, thereby
supporting its potential utility in real-world glucose monitoring applications.

Clarke's Error Grid Analysis

350 A

300 A

250 A

200 -

£ C 7

150 +

100 +

50 A

A C E

50 100 150 200 250 300 350 400
Reference Concentration [mg/dl]

Figure 3. CEG of the blood glucose levels of LightGBM.

3.2. Ablation Study Result

The contribution of different modalities was assessed through ablation experiments,
in which models were trained using individual feature groups as well as their combina-
tions. Table 2 summarizes the results obtained under unimodal, physiological-only, and
multimodal fusion settings.
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Table 2. Performance comparison of different modalities on blood glucose prediction.
. Selected RMSE MARD MAE 2

Experiment  Best Model  Features Features (mg/dL) (%) (mg/dL) R

food_only LightGBM 17 5 16.25 9.81 11.00 0.51

physio_only LightGBM 64 10 21.02 13.47 15.27 0.18

eda_only RF 20 5 22.07S 14.36 16.22 0.09

ppg_only LightGBM 36 7 22.25 14.60 16.40 0.08

temp_only RF 8 5 22.82 15.06 16.96 0.03

fusion LightGBM 80 30 1291 7.87 8.82 0.69

The unimodal models based on physiological signals alone showed limited predictive
ability. For example, the PPG-only model produced an RMSE of 22.25 mg/dL and a MARD
0f14.60%, while the ST-only model performed worst, with an RMSE of 22.82 mg/dL and a
MARD of 15.06%. When all physiological signals were combined, performance improved
slightly, reducing the RMSE to 21.02 mg/dL and the MARD to 13.47%.

In contrast, models trained exclusively on food log features achieved substantially
better performance, with an RMSE of 16.25 mg/dL and a MARD of 9.81%. These findings
highlight the critical role of nutritional intake in driving blood glucose dynamics.

The most pronounced performance gains were observed under the multimodal fu-
sion setting, in which physiological signals, food logs, and temporal features were jointly
integrated. The LightGBM model achieved an RMSE of 12.91 mg/dL and a MARD of
7.87%, representing a relative error reduction of approximately 20% compared with the
food-only setting and nearly 40% compared with unimodal physiological models. These
findings demonstrate that multimodal fusion effectively captures complementary infor-
mation and substantially improves both the accuracy and robustness of non-invasive
glucose prediction.

3.3. Model Interpretability

In this work, to enhance the transparency and clinical reliability of the proposed frame-
work, SHAP were applied to the best-performing Light GBM-based fusion model. Given
the tree-based nature of LightGBM, SHAP values were computed using the TreeSHAP
framework via the SHAP TreeExplainer, which provides efficient and exact attribution of
feature contributions without relying on sampling-based approximations.

Global feature importance was quantified by the mean absolute SHAP value across all
samples, representing the average magnitude of each feature’s contribution to predicted
glucose levels. Based on this metric, a feature importance matrix plot (Figure 4a) was gener-
ated to rank the most influential predictors. In parallel, a SHAP beeswarm plot (Figure 4b)
was constructed using all selected features to visualize the distribution, directionality,
and inter-sample variability of feature effects, with point color encoding corresponding
feature values.

The SHAP analysis revealed that nutritional variables were the dominant determinants
of glucose dynamics. In particular, cumulative carbohydrate and sugar intake over both
short-term (2 h) and longer-term (24 h) windows exhibited strong positive associations
with glucose levels, consistent with established postprandial glycemic physiology. Time
since the last meal also emerged as a critical predictor, reflecting the interaction between
fasting duration and glycemic regulation. Additional contributions from total caloric intake
and protein consumption further underscored the role of macronutrient composition in
shaping glucose responses.

Physiological features contributed meaningfully, albeit to a lesser extent. SCR features,
particularly amplitude and variability metrics, were positively associated with glucose
elevations, potentially reflecting sympathetic nervous system activation linked to stress-
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induced hyperglycemia. Moreover, pulse morphology features such as inter-beat intervals
and waveform slopes, together with ST metrics, were identified as relevant predictors,
suggesting that autonomic cardiovascular regulation and peripheral thermoregulation
jointly modulate glucose homeostasis.

(b)
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Figure 4. SHAP analysis of feature importance in the LightGBM fusion model. (a) Mean absolute
SHAP values ranking features by their overall contribution to glucose prediction. (b) SHAP beeswarm
plot illustrating the distribution and direction of individual feature impacts on model output, with
colour representing feature values.

Beyond global feature importance, SHAP further provides decision-level interpretabil-
ity by decomposing individual glucose predictions into additive contributions from each
input feature. From a clinical reasoning perspective, elevated glucose predictions are pri-
marily explained by recent carbohydrate intake, shorter fasting intervals, and increased
sympathetic activity, whereas lower glucose predictions are typically associated with pro
longed fasting, reduced recent carbohydrate exposure, and more stable autonomic and
thermoregulatory states. Such decomposition closely mirrors clinical reasoning processes,
in which dietary intake, meal timing, and physiological stress are jointly considered when
interpreting glucose regulation. Accordingly, the proposed interpretability framework ex-
tends beyond feature importance ranking and provides human-understandable, clinically
coherent explanations for individual model decisions, thereby enhancing trustworthiness
and translational potential for real-world glucose monitoring applications.
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4. Discussion
4.1. Comparison Result

The results in Table 3 present the prediction performance of previous studies. Notably,
both Bent et al. and Chowdhury et al. conducted their analyses using the same glucose
dataset as in the present study. However, their models achieved substantially higher error
rates. Bent et al. employed XGBoost obtained an RMSE of 21.10 mg/dL, while Chowdhury
et al. introduced MMG-Net that improved A + B zone coverage but still resulted in an
RMSE of 17.26 mg/dL and an MAE of 13.51 mg/dL. By contrast, our multimodal LightGBM
model achieved a markedly lower RMSE of 12.91 mg/dL and an MAE of 8.82 mg/dL while
maintaining a comparable A + B zone coverage of 99.5%. Hina et al. reported the lowest
RMSE (11.2 mg/dL) with a Fine Gaussian model; however, such methods often rely on
highly constrained datasets and may not generalize well to broader populations. Taken
together, our results strike a balance between predictive accuracy, interpretability, and
robustness, highlighting the potential of multimodal integration for reliable non-invasive
glucose monitoring.

Table 3. Comparison result of other previous studies.

References Regressor RMSE MAE MAPE Zone A +B
(mg/dL) (mg/dL) (%) (%)
Bent et al. [45] XGBoost 21.10 - 13.26 -
Chowdhury et al. [46] MMG-Net 17.26 13.51 12.57 99.43
Hina et al. [47] Fine Gaussian 11.20 - 7.62 100
Nie et al. [48] RF 22.55 15.97 8.9 100
Ours LightGBM 12.91 8.82 7.87 99.50

4.2. Limitations and Future Work

Although the proposed multimodal framework for blood glucose prediction demon-
strates encouraging performance, several limitations should be acknowledged, and future
research directions can be outlined accordingly.

First, the present study was conducted on a relatively small and homogeneous cohort
of individuals at early stages of diabetes. Such sample characteristics limit the generaliz-
ability of the findings. To ensure broader clinical applicability, future work should aim to
expand the dataset to encompass larger and more heterogeneous populations, covering
different age groups, glycemic phenotypes, and comorbidities. Establishing multi-center
collaborations with hospitals and community health facilities will be critical for achieving
high-quality, large-scale data collection.

Second, regarding temporal stability, the current dataset was collected over
8-10 consecutive days per participant, which permits assessment of short-term model
robustness but does not allow direct evaluation of long-term stability over extended pe-
riods such as weeks or months. Although samples from different days were interleaved
during cross-validation, thereby implicitly exposing the model to temporally heterogeneous
data, the framework’s long-term generalization capability remains to be fully characterized.
Future longitudinal studies with extended monitoring periods are required to system-
atically assess temporal drift, inter-day variability, and model degradation over time.
Incorporating adaptive calibration or continual learning strategies may further improve
long-term stability in real-world applications.

Third, while our framework integrates photoplethysmography, electrodermal activity,
and skin temperature, other physiological modalities were not included. Signals such
as accelerometry, respiratory rate, and blood oxygen saturation may provide additional
complementary information that can enhance prediction accuracy and temporal robust-
ness. Future studies should investigate adaptive multimodal fusion strategies, including
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attention-based transformers and graph neural networks, to capture both the dynamic
interactions and latent dependencies among these signals.

Finally, the current model was trained and evaluated in an offline batch setting.
Real-time deployment in wearable or mobile environments remains an unmet challenge.
Future efforts will focus on implementing the framework in edge-computing devices to
enable continuous, real-time glucose prediction. Practical deployment will also require
optimization of computational efficiency through model compression, energy-aware design,
and latency control to ensure feasibility in long-term, real-world monitoring scenarios.

5. Conclusions

In this study, we proposed a multimodal framework for non-invasive blood glucose
prediction that integrates wearable physiological signals and food log—derived nutritional
features. By employing a unified preprocessing pipeline, rigorous feature selection through
Boruta and mRMR, and advanced machine learning regressors, the framework achieved
clinically reliable accuracy. The LightGBM fusion model attained an RMSE of 12.91 mg/dL,
a MARD of 7.87%, and 99.5% of predictions within Clarke Zones A and B, substantially
outperforming unimodal approaches and demonstrating superiority over several state-
of-the-art methods applied to the same dataset. SHAP analysis further confirmed the
physiological plausibility of the model by highlighting the importance of both exogenous
nutritional drivers and endogenous autonomic and thermoregulatory signals.

Overall, these findings demonstrate the effectiveness of multimodal integration for
non-invasive glucose monitoring and establish a foundation for the future development of
personalized, clinically deployable solutions. Future research should focus on validating
the framework in larger and more diverse populations, incorporating additional biosignals,
and enabling real-time deployment in wearable platforms to support long-term diabetes
management and preventive care.
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Abbreviations

The following abbreviations are used in this manuscript:

Al1C glycated hemoglobin
ANS autonomic nervous system
CEG Clarke Error Grid
CGM continuous glucose monitoring
COPD chronic obstructive pulmonary disease
EDA electrodermal activity
GBDT Gradient Boosting Decision Tree
LightGBM Light Gradient Boosting Machine
MAE Mean Absolute Error
MARD Mean Absolute Relative Difference
MLP Multi-Layer Perceptron
mRMR minimum Redundancy Maximum Relevance
PPG photoplethysmography
R? coefficient of determination
RBF radial basis function
RF Random Forest
RMSE Root Mean Square Error
SCR skin conductance response
HRV heart rate variability
SHAP SHapley Additive exPlanations
ST skin temperature
SVR Support Vector Regression
T1DM Type 1 diabetes mellitus
T2DM Type 2 diabetes mellitus
WHO World Health Organization
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