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Abstract 
 

Abstract: Glucose level prediction is an important area of research, but the application of machine learning 

models often faces challenges such as overfitting and limited data. This study aims to evaluate the performance of 

seven regression models—Linear Regression, Lasso, SVR, Decision Tree, Random Forest, Gradient Boosting, and 

K-Nearest Neighbors in predicting glucose levels on a small dataset that has undergone preprocessing and 

dimensionality reduction using Principal Component Analysis (PCA). The evaluation was conducted using the R-

squared, Mean Squared Error (MSE), and Root Mean Squared Error (RMSE) metrics. The results showed that 

most models suffered from severe overfitting, where good performance on the training data was not followed by 

performance on the test data, as reflected by negative R-squared values. Although Random Forest produced 

relatively lower errors (MSE = 0.009; RMSE = 0.095), the overall performance remained inadequate due to data 

limitations. These findings confirm that small sample sizes and overfitting simultaneously hamper the 

generalizability of models and emphasize the need for more robust approaches in biomedical applications with 

limited data. 
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I. INTRODUCTION 

Blood sugar prediction is a crucial issue in 

diabetes prevention and management. Accurate 

prediction models can help support medical decision-

making and prevent serious complications resulting 

from fluctuating blood sugar levels. Therefore, the 

development of reliable models is increasingly 

urgent, as the number of diabetes sufferers worldwide 

increases (K. Liu et al., 2023). This clinical relevance 

makes research related to blood sugar prediction a 

significant contributor to healthcare systems.  

The application of machine learning (ML) offers 

significant opportunities because it can capture 

complex patterns in medical and physiological data. 

Several studies have shown that ML algorithms can 

utilize sensor data such as continuous glucose 

monitoring (CGM), physical activity, and even 

dietary patterns to generate more accurate predictions 

(van Doorn et al., 2021). With this potential, ML is 

not only a predictive tool but also plays a role in 

supporting more adaptive and personalized health 

monitoring systems. However, fundamental 

challenges often limit the performance of predictive 

models. Small sample sizes and limited data 

representation often make it difficult for models to 

generalize to broader populations. Furthermore, the 

problem of overfitting is a major obstacle, where 

models appear excellent on training data but fail when 

tested on new data or real-world conditions (Sung, 

2024). The combination of these two factors worsens 

model performance and reduces reliability. 

The implications of these limitations are crucial 

because inaccurate models can pose risks to medical 

decision-making. Several studies emphasize that 

patient safety must be a priority, so researchers should 

not ignore data limitations or the risk of overfitting in 

research (Emerson et al., 2023). Therefore, research 

in the field of blood glucose prediction must focus not 

only on achieving high accuracy but also on ensuring 

the model's robustness in real-world conditions and 

its continued use in clinical practice. In this study, in 

addition to addressing specific challenges of data and 

overfitting, we also used seven different machine 

learning methods for comparison and to bolster the 

robustness of the glucose prediction model. These 

methods are linear regression, Lasso, support vector 

regression (SVR), decision tree, random forest, 

gradient boosting, and K-nearest neighbors (KNN). 

These methods were chosen because each has 

advantages that can address various aspects of blood 

glucose data, such as speed, interpretability, or the 

ability to handle nonlinearity. 

Linear regression and lasso regression were 

chosen because they are simple and interpretive, 

excellent as baselines, and can work with limited 

data. Lasso Regression, with its L1 regularization, has 

the ability to select important features and reduce 
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overfitting by removing irrelevant features, which is 

especially useful if the dataset has many variables but 

a lmited sample size (Soleh & Aunuddin, 2013) . SVR 

was chosen because of its ability to handle nonlinear 

data with the kernel trick and is often more robust to 

outliers than simple linear regression (Bagaskara et 

al., 2024). Decision Tree and Random Forest were 

included because of their ability to handle interactions 

between features, nonlinearity, and data variability 

(Kinasih et al., 2024). Random Forest is good because 

it combines many decision trees, making it relatively 

stable and robust to noise, and can also provide the 

best estimate (Hameed & Kleinberg, 2020). Gradient 

boosting was chosen because of its ability to improve 

accuracy through ensemble boosting and its ability to 

iteratively correct the weaknesses of weak learners, 

although it may require careful hyperparameter 

tuning [9](Belyadi & Haghighat, 2021). KNN is used 

because it is simple and intuitive: if some data points 

are very “similar” in features, KNN can be very 

effective, especially on data where anomalies or small 

changes arise from similar examples (Shi et al., 

2022). 

Relevant research conducted by (Hameed & 

Kleinberg, 2020) explored blood glucose level 

prediction by comparing various machine learning 

algorithms ranging from simple models such as linear 

regression and ARMA to more complex models such 

as random forest, support vector regression (SVR), 

and recurrent neural networks (RNN/LSTM). This 

comparison was conducted on two different data 

types: the OhioT1DM dataset, a controlled study with 

more uniform clinical conditions, and Patient 

Generated Health Data (PGHD) from OpenAPS, 

which reflects real-world data with variations in 

patient behavior and lifestyle. The results showed that 

algorithm performance is not always consistent 

between the two data sources; models that perform 

very well on small, structured datasets do not 

necessarily maintain their superiority on larger, more 

heterogeneous real-world data. Studies have shown 

that models such as Random Forest and SVR perform 

well in blood glucose prediction and diabetes 

management. For example, in the study “Machine 

Learning Models for Blood Glucose Level 

Prediction: Systematic Review and Network Meta-

Analysis,” neural networks generally performed best 

for long prediction horizons, but random forest and 

SVR were often strong choices in many conditions 

(K. Liu et al., 2023). Also, a comparative study of BG 

prediction methods by (Hameed & Kleinberg, 2020) 

shows the superiority of baseline models such as 

linear regression and random forest in more 

heterogeneous real situations. 

Based on the above background, this study aims 

to evaluate and compare the performance of seven 

machine learning algorithms Linear Regression, 

Lasso, Support Vector Regression (SVR), Decision 

Tree, Random Forest, Gradient Boosting, and K-

Nearest Neighbors (KNN) in predicting non-invasive 

blood glucose levels based on physiological 

multisensor data. By analyzing the advantages of 

each method, this study is expected to contribute to 

identifying the most accurate and reliable prediction 

model to support a smart technology-based health 

monitoring system. 

 

II. RESEARCH METHODOLOGY 

The research methods contain explanations in 

the form of paragraphs about the research design or 

descriptions of the experimental settings, data 

sources, data collection techniques, and data analysis 

conducted by the researcher. This guide will explain 

how to write the headings. If there are more than one 

heading, use the second level headings as below.  

 

A. Data  

A passive infrared (PIR) mobility sensor, a non-

contact infrared temperature sensor, blood sugar level 

examination data obtained with a pulse oximeter and 

heart rate sensor, and elderly measurement findings 

obtained with invasive instruments comprise the 

research data utilized.51 individuals having both 

normal sample criteria and high blood sugar were 

included in the sample.After that, this data was 

separated into two sections: 40 for training data and 

11 for testing. According to the guidelines of 

supervised learning methods, this section aims to 

evaluate the model's capacity for generalization 

(Goodfellow et al., n.d.).Thirteen factors were 

employed in this investigation.These variables, which 

include body temperature, BPM, SpO2, PPG_Red, 

PPR_RR, Nir61, Nir680, Nir730, Nir760, Nir810, 

Nir860, and Glucose_manual, are the outcomes of 

blood sugar level measurement extraction generated 

by each sensor. 

 

B. Preprocessing  

The initial stage after data collection is 

preprocessing, where the data is checked for 

completeness and distribution. Preprocessing is then 

continued with data normalization using min-max 

standardization and dimensionality reduction using 

Principal Component Analysis (PCA) to address non-

normal data distribution and reduce outliers. Min-

max standardization can be written as the following 

formula: 

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑖𝑧𝑒 =
(𝑥−𝑥𝑚𝑖𝑛)

(𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛)
  

(1) 

PCA was chosen because it is able to simplify 

the number of features while maintaining the main 

variability, thereby reducing the risk of overfitting. 

The steps of the PCA process are (Jollife & Cadima, 

2016): 

1. Form a Covariance/Correlation Matrix that 

describes the relationship between variables. 

2. Calculate the Eigen Values and Eigen Vectors 

which show the amount of variance that can be 

explained by each principal component. 
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3. Sort the principal components from largest to 

smallest eigenvalues. PC1 (the first principal 

component) explains the largest variance in the 

data, followed by PC2, PC3, etc. 

4. Forming Principal Components calculated by 

multiplying the standardized data by the selected 

eigenvectors. 

5. Selecting the relevant number of components is 

determined based on the percentage of variance 

explained. Generally, components are chosen 

that explain a total of ≥70–90% of the variance.. 

6. Interpretation of results is based on the loading 

matrix value, which states the relationship 

between the original variables and the PC. 

Visualization can be in the form of a scree plot, 

biplot, or scatter plot of PC1 vs. PC2. 

 

C. Regression modeling  

 Seven regression algorithms were used to 

build the glucose prediction model, namely linear 

regression, Lasso regression, support vector 

regression (SVR), decision tree, random forest, 

gradient boosting, and K-nearest neighbors (KNN). 

The selection of these algorithms was based on the 

differences in their respective characteristics; for 

example, linear regression is simple but interpretive, 

tree-based methods are robust to non-linear data, and 

ensemble methods such as random forest and gradient 

boosting are effective in increasing accuracy 

(Alanazi, 2022) . 

 

a. Linear Regression 

Linear regression is a supervised learning 

method that models the relationship between 

independent variables (e.g., physiological signals: 

PPG, GSR, skin temperature, activity, diet) and 

dependent variables (e.g., blood sugar levels). This 

model attempts to find the best straight line (line of 

best fit) to predict the target value. The mathematical 

model (Jollife & Cadima, 2016): 

𝑌 =  𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛+∈  
Where  

Y = dependent variable, 

𝑋𝑖= independent variable,  𝛽𝑖 = regression 

coefficient,  

∈ = error (residual).   

(2) 

 

The steps in regression modeling are (Amalia 

Dewayanti & Utami, n.d.; Ayu & Srinadi, 2014): 

1. Building a linear regression model. 

2. Estimating regression coefficients using 

least squares. 

3. Model evaluation using evaluation 

metrics: MSE and RMSE. 

4. Interpretation and implementation 

5. Using the model for prediction. 

 

b. Lasso Regression 

Lasso regression is an extension of linear 

regression that adds L1 regularization to the loss 

function. Its goal is to reduce model complexity by 

shrinking the regression coefficients and performing 

automatic feature selection, as some coefficients can 

be forced to zero. Lasso objective gsi (Soleh & 

Aunuddin, 2013) : 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 
1

2𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1 + 𝜆 ∑ |𝛽𝑗|

𝑝
𝑗=1  

  

(3) 

Where 

𝑦𝑖  = target, 

𝑦̂𝑖  = prediction result, 

𝛽𝑗  = regression coefficient, 

𝜆 = regularization parameter (L1 penalty). 

 

Steps to build a Lasso regression model: 

1. Build the Lasso Model. 

2. Determine the regularization parameter 𝜆. 

3. Calculate the regression coefficients using least 

squares and the L1 penalty. 

4. Select parameters (tuning) by cross-validating to 

find the best 𝜆. 

5. Evaluate the odel using MSE and RMSE metrics. 

6. Interpret the Results 
 
c. Support Vector Regression (SVR) 

Support Vector Regression (SVR) is a 

development of the Support Vector Machine (SVM) 

used for regression problems. Its working principle is 

to find the best regression function that can predict 

data with a certain error tolerance (𝜖) while 

maintaining a maximum margin. SVR does not 

attempt to minimize the error of each data point but 

rather ensures that most of the data falls within the 

tolerance margin (ϵ-tube). SVR has several 

advantages, including the ability to capture non-linear 

relationships using kernels, robustness against 

outliers, suitability for small- to medium-sized data 

with high dimensions, and good generalizability 

because SVR focuses on support vectors (Drucker et 

al., 1997).Its main functions: 

𝑀𝑓(𝑥) = 𝑤. 𝜙(𝑥) + 𝑏    (4) 

With the provision of 

|𝑦𝑖 − 𝑓(𝑥𝑖)| ≤ 𝜖   (5) 

Where 

𝜙(𝑥) = mapping function to high-dimensional space 

using kernel), 

𝜖 = error tolerance margin,  

𝐶 = penalty parameter to control the trade-off 

between margin and error. 

SVR Implementation: 

(1) Data Preparation and Preprocessing 

(2) Kernel Selection 

(3) Parameter Determination  

(4) SVR Model Training  

(5) Model Evaluation  

(6) Interpretation and Implementation.  
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d. Decision Tree 

Decision Tree (DT) is a supervised learning 

method used for classification and regression. This 

model is in the form of a tree structure with nodes 

(tests on features), branches (decision results), and 

leaves (output/class or predicted values). The 

concept is similar to the human decision-making 

process: breaking down problems into sequential 

questions. The advantages of decision trees include 

being easy to understand and interpret, not requiring 

much data pre-processing, being able to handle both 

numerical and categorical data, being fast and 

efficient for medium-sized datasets, being able to 

capture interactions between variables naturally, and 

being able to be used as the basis for ensemble 

methods (Breiman, 2001a). 

Steps of the Decision Tree algorithm (Quinlan, 

1986): 

1. Attribute Selection: The algorithm selects the 

best features for splitting using measures such as 

Information Gain (based on Entropy), Gini 

Index, and Variance Reduction (for regression). 

2. Node Creation 

3. Recursion (Recursive Partitioning) 

4. The splitting process continues until all data is 

classified or a stopping criterion (e.g., maximum 

tree depth) is met. 

5. Stopping Criteria: If there are no more features to 

split and all samples in a node are homogeneous, 

the maximum tree depth is reached. 

6. Pruning: To reduce overfitting, the tree is pruned 

by removing insignificant branches. 

7. Prediction: The finished tree is used to predict 

new data. 

  

e. Random Forest 

Several decision trees are combined in Random 

Forest, a bagging-based ensemble learning technique, 

to increase prediction accuracy and lower the chance 

of overfitting.Only a random subset of features is 

taken into consideration at each split, and each tree is 

trained on a random portion of the data (by bootstrap 

sampling). Regression utilizing the average of the 

trees' predictions and majority vote of the trees is used 

to classify the final forecast (Breiman, 2001b). 

Among the benefits of Random Forest are its high 

accuracy, low overfitting, flexibility, robustness to 

missing data, ability to handle huge data sets with 

numerous features and samples, ability to directly 

evaluate feature relevance, and ability to function 

well with imbalanced data (Genuer et al., 2017). 

Random Forest Steps (Breiman, 2001a): 

1. Take bootstrap samples from the original 

dataset to create a subset of the training data for 

each tree. 

2. Build a decision tree for each data subset. 

3. At each node, select a random subset of 

features. 

4. Determine the best split based on that subset. 

5. Continue building the tree until a certain depth 

is reached or the tree cannot be further split. 

6. Repeat the process for a certain number of trees 

(e.g., 100, 500, or 1000). 

7. Combine the tree predictions by averaging the 

predicted values (regression). 

 

f. Gradient Boosting 

Gradient Boosting (GB) is a boosting-based 

ensemble learning algorithm that combines many 

weak models (usually shallow decision trees) 

sequentially. Unlike bagging (e.g., Random Forest), 

which builds trees in parallel, boosting works 

sequentially: each new model is built to correct the 

errors of the previous model. The main idea of GB is 

to minimize the loss function using the gradient 

descent method (Friedman, 2001).  

Gradient Boosting Steps (Trevor Hastie, Robert 

Tibshirani, 2009). 

1. Initialize the initial model with a simple 

prediction, for example, the target mean (for 

regression). 

2. Calculate the residual (error), which is the 

difference between the actual value and the 

model prediction. 

3. Fit a weak decision tree to the residual to 

learn the error pattern. 

4. Update the model by adding the new tree 

prediction, multiplied by the learning rate 

(η). 

 

𝐹𝑚(𝑥) =  𝐹𝑚−1(𝑥) + 𝜂. ℎ𝑚(𝑥)  

  

 

(6) 

 

Where ℎ𝑚(𝑥) is the weak model at the mth 

iteration. 

5. Repeat the process until the number of 

iterations is reached or the error does not 

decrease significantly. 

6. The final output is a combination of all weak 

models. 

 

g. K-Nearest Neighbors (KNN) 

K-Nearest Neighbors Regression (KNN 

Regression) is a non-parametric method used to 

predict target values by calculating the average (or a 

certain weighting function) of the target value at the 

K nearest neighbors of a data point based on the 

distance in the feature space. This algorithm does not 

build an explicit model like linear regression but 

rather stores all training data and makes predictions 

when new data comes in (lazy learning) (Altman, 

1992). The advantages of KNN Regression include 

being simple and easy to understand, not requiring 

data distribution assumptions, being flexible, being 

able to capture local patterns in the data, and 

performing well for small to medium datasets with 

moderate dimensions (Trevor Hastie, Robert 

Tibshirani, 2009). 

KNN Regression Steps (Cover & Hart, 1952): 
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1. Determine the parameter K (the number of 

neighbors to consider). 

2. Calculate the distance between the new data and 

all training data (e.g., Euclidean, Manhattan, or 

Minkowski distance). 

3. Identify the K nearest neighbors based on the 

smallest distance. 

4. Predict the target value by calculating the 

average (or distance-weighted average) of the 

target values of these K neighbors. 

𝑦̂(𝑥) =
1

𝐾
∑ 𝑦𝑖

𝐾
𝑖=1    

(7) 

 

Or if it is weighted: 

𝑦̂ =
∑

1

𝑑(𝑥,𝑥𝑖)
𝑦𝑖

𝐾
𝑖=1

∑
1

𝑑(𝑥,𝑥𝑖)
𝐾
𝑖=1

   

(8) 

 

Where d(x,xi) is the distance between the 

test point and its i-th neighbor. 

1. Repeat the process for each new data point 

you want to predict. 

 

D. Model Evaluation  

Model performance was evaluated using the 

Mean Squared Error (MSE) and Root Mean Squared 

Error (RMSE) metrics. These two metrics were 

chosen because they are able to measure prediction 

accuracy and detect potential overfitting (Chicco et 

al., 2021). Smaller MSE and RMSE values indicate 

better model performance in approximating actual 

glucose values. 

 

III. RESULTS AND DISCUSSION 

A. Data preprocessing 
The data analysis process begins with normalizing 

physiological sensor data (body temperature, BPM, 

SpO2, PPG, and NIR signals) to align the feature 

scales so that all variables have a similar value range 

before being processed by the machine learning 

algorithm. After all features have been normalized, 

the next stage is data visualization using boxplots. 

The purpose of visualization using boxplots is to 

show data distribution, identify outliers by seeing 

whether there are values that are much higher or 

lower than the majority of the data that can be 

immediately seen, assess symmetry or skewness, and 

help data exploration (McGill et al., 1978). The 

boxplot generated from the research data is shown in 

Figure 1. 

 
 

Figure 1. Boxplot of data after normalization. 

A Figure 1 shows that the data distribution 

after normalization is relatively balanced, although 

there are still a number of outliers in certain PPG and 

NIR variables. The presence of these outliers can be 

interpreted as natural variations in physiological 

signals that are sensitive to body and environmental 

conditions, but do not disrupt the overall stability of 

the model. Therefore, the analysis can proceed to the 

next stage, dimensionality reduction. 

B. Dimensionality reduction with Principal 

Component Analysis (PCA). 

Principal Component Analysis (PCA) is 

performed to reduce the dimensionality of data. This 

dimensionality reduction plays a crucial role in 

improving the quality of regression modeling, 

especially when dealing with small data sets. One of 

its main benefits is addressing the problem of 

multicollinearity in sensor data, where predictor 

variables, particularly physiological variables, are 

highly correlated with each other, leading to 

instability in the estimation of regression coefficients. 

By transforming the original variables into a set of 

orthogonal principal components, PCA can generate 

new, correlation-free predictors, enabling the blood 

glucose prediction model to learn more stably and 

accurately (Jollife & Cadima, 2016). The results of 

dimensionality reduction on the research data are 

shown in Figure 2. 

 

 

Figure 2. Principle Component Analysis (PCA) 

screen plot 
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The scree plot indicates that the first and 

second principal components account for the greatest 

share of the variation, contributing around 50% and 

80%, respectively, when examined up to the sixth 

principal component. This suggests that six main 

components can capture the majority of the data's 

critical information, allowing the principal 

components to increase the model's efficiency 

without sacrificing any important information. 

C. Predictive modeling 

During the modeling phase, the performance 

of several regression algorithms was compared, 

including Random Forest Regressor, Lasso, Gradient 

Boosting Regressor, Linear Regression, Support 

Vector Regressor (SVR), Decision Tree Regressor, 

and K-Nearest Neighbors (KNN). A summary of the 

model goodness-of-fit evaluation results is shown in 

Table 1 below. 

 

Table 1. Recapitulation of model goodness 

evaluation results.  

ALGORITMA MSE RMSE 

Random Forest 

Regressor 
0.009 0.095 

Lasso 0.012 0.110 

Gradient Boosting 

Regressor 
0.013 0.112 

Linear Regression 0.015 0.122 

SVR 0.022 0.147 

Decision Tree 

Regressor 
0.031 0.176 

K-Nearest Neighbors 

Regressor 
0.027 0.166 

 
The evaluation metrics used to evaluate model 

goodness-of-fit in this study are Mean Squared Error 

(MSE) and Root Mean Squared Error (RMSE). Mean 

Squared Error (MSE) and Root Mean Squared Error 

(RMSE) are widely used because they provide a 

quantitative overview of the difference between 

predicted and actual values. MSE is calculated as the 

average of the squared errors, thus imposing a greater 

penalty on large prediction errors (outliers). This is 

important to encourage the model to produce more 

consistent and accurate predictions. On the other 

hand, RMSE is the root of MSE, so it has the same 

units as the target variable. This makes RMSE easier 

to interpret in practical contexts (Chicco et al., 2021). 

Based on the evaluation results shown in Table 

1, it can be seen that Random Forest Regressor 

produces the best performance with MSE = 0.009 and 

RMSE = 0.095, lower than other algorithms. The 

superior performance of Random Forest is due to its 

ability to handle non-linear data, be robust against 

outliers, and overcome overfitting through ensemble 

learning (Breiman, 2001a; Ao et al., 2019). These 

results are in line with recent studies that demonstrate 

the effectiveness of Random Forest in predictions 

based on physiological and biomedical data. For 

example, (Q. Liu & Liu, 2017) showed that Random 

Forest is more accurate than linear regression for 

health biomarker prediction. In addition, 

(Woldaregay et al., 2019) reported that Random 

Forest is superior in blood glucose prediction 

compared to traditional regression models. 

Meanwhile, linear algorithms such as Lasso 

and linear regression produced fairly good accuracy 

but still had higher errors, indicating limitations in 

capturing non-linear relationships between variables. 

Gradient boosting performed close to Lasso, although 

it tended to require more complex parameter tuning. 

Meanwhile, SVR, Decision Tree, and KNN had 

higher errors, likely influenced by sensitivity to noise 

and limited generalization to large-scale data. Thus, it 

can be concluded that ensemble learning-based 

approaches, particularly Random Forest, are more 

suitable for use in the context of predictions based on 

physiological multi-sensor data. However, these 

results need further evaluation with broader cross-

validation tests and application to real-time data to 

test the model's robustness under dynamic field 

conditions. 

The machine learning regression models used 

in this study demonstrated varying performance in 

non-invasive blood glucose prediction. Linear 

regression and SVR tended to be less stable due to 

their limitations in accommodating nonlinear 

relationships and sensitivity to multicollinearity and 

noise in physiological signals. The KNN model was 

also not optimal for high-dimensional data, while 

ANN required significantly larger data sets to 

generalize effectively. In contrast, ensemble models 

such as gradient boosting and especially random 

forest demonstrated significantly superior accuracy. 

Random Forest emerged as the best model due to its 

ability to manage complex physiological signals 

through a bagging mechanism, its robustness to noise, 

and its ability to address multicollinearity between 

sensors without requiring intensive hyperparameter 

tuning. The addition of PCA also improved the 

performance of certain models by reducing 

dimensionality and minimizing feature redundancy, 

particularly in models sensitive to correlations 

between variables such as linear regression, SVR, and 

ANN. 

However, all models still faced challenges due 

to the highly variable physiological characteristics 

between individuals and the quality of sensor signals, 

which are susceptible to interference from movement 

or environmental conditions. The relatively limited 

dataset size also limited the ability of complex models 

to consistently generalize physiological patterns 

(Laha et al., 2022). Furthermore, even after model 

optimization, physiological changes may not always 

directly reflect blood glucose dynamics, potentially 

leading to prediction errors. These findings indicate 

that although Random Forest offers the most stable 

and accurate performance, non-invasive glucose 
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prediction approaches still require improved sensor 

data quality, better noise management, and dataset 

expansion for machine learning models to achieve 

more reliable performance under real-world 

conditions. 

This study provides important insights that 

multimodal physiological data such as PPG, NIR, 

body temperature, and SpO₂ contain complex non-

linear patterns, which are difficult to capture by 

traditional linear regression models. By applying 

ensemble learning algorithms, specifically Random 

Forest, this study successfully demonstrated better 

prediction performance with a low error rate. These 

results confirm that utilizing a combination of 

physiological signals can improve the accuracy of 

prediction systems while opening up opportunities for 

the development of non-invasive wearable and IoT-

based health systems. The practical impact is quite 

significant, as it enables more affordable, painless 

real-time glucose monitoring and has the potential to 

reduce long-term medical costs through early 

detection of complications. 

However, this study is not without limitations. 

The relatively small sample size may limit the 

model's generalizability to a broader population. 

While Random Forest is capable of capturing 

complex (non-linear) data patterns well, this 

algorithm is difficult to explain simply to users 

(medical professionals). The study also hasn't fully 

compared its performance with current deep learning 

algorithms, which are potentially superior in handling 

complex data. 

 

IV. CONCLUSION 

Based on the research results, the data 

normalization process successfully aligned the scales 

between physiological sensor variables, and the 

boxplot showed a relatively balanced data 

distribution despite the presence of natural outliers in 

the PPG and NIR signals. The dimensionality 

reduction stage using PCA was able to summarize 

more than 80% of the data variation with only six 

principal components, thereby increasing modeling 

efficiency while reducing the risk of 

multicollinearity. At the modeling stage, a 

comparison of the performance of the regression 

algorithms showed that Random Forest Regressor 

provided the best performance with MSE = 0.009 and 

RMSE = 0.095, superior to Lasso, Gradient Boosting, 

Linear Regression, SVR, Decision Tree, and KNN. 

This superiority demonstrates the effectiveness of the 

ensemble learning approach in handling non-linear 

data and is robust to outliers. 

Practically, this study demonstrates that utilizing 

multimodal physiological data can improve the 

accuracy of non-invasive glucose level prediction, 

potentially applicable to IoT-based wearable systems 

for real-time monitoring. These findings support 

digital transformation efforts in healthcare, 

particularly in the early detection of diabetes 

complications and reducing reliance on invasive 

methods. However, the study still has limitations, 

particularly related to the small sample size, the 

limited interpretability of the Random Forest model 

for medical practitioners, and the lack of in-depth 

comparisons with current deep learning algorithms. 

Therefore, further research with larger datasets, long-

term clinical validation, and exploration of deep 

learning models are needed to improve the system's 

generalizability and reliability in real-world 

conditions. 
 

V. RECOMMENDATIONS 

Further development can focus on completing 

and validating the assessment data for all faculty 

alternatives, particularly the raw criterion values used 

for FIP, and on rechecking the numerical consistency 

between the decision matrix, normalization, 

preference values, and final ranking. Subsequent 

work can also improve the DSS interface and provide 

systematic testing of the implemented calculation 

module so that the displayed rankings can be traced 

directly to the underlying assessment data 
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