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Abstract  

Mental health issues among college students are receiving increasing attention, particularly because of academic and social 

pressures and the impact of technology use. This study aims to develop a real-time stress level prediction model using a New 

Adaptive Stacking Ensemble approach based on physiological data and IoT devices. The data included heart rate, SpO₂, body 

temperature, and systolic and diastolic blood pressure. Five machine learning algorithms are used as base models: SVM, C4.5, 

Decision Tree, KNN, and Random Forest. The MLP serves as the meta-model, which is then optimized using Optuna. The 

model training process begins with pre-processing, feature standardization using StandardScaler, and data balancing using 

SMOTE. The results showed that the stacking model with the MLP meta-model achieved an accuracy of 90.00% under the 

individual Random Forest and KNN models, and increased to 97.00% after hyperparameter optimization. This model was then 

integrated with IoT devices using MAX30102, MLX90614, and digital tensiometer sensors, as well as a Streamlit interface to 

display real-time stress classification results. The system built not only excels in accuracy but can also be implemented to 

directly detect stress levels, thereby potentially supporting early intervention and mental health promotion in campus 

environments. 
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1. Introduction  

Mental health issues among Indonesian students are 

becoming increasingly alarming. The 2022 National 

Adolescent Mental Health Survey (I-NAMHS) revealed 

that 34.9% of adolescents experienced mental health 

issues in the past 12 months, and 5.5% of them suffered 

from mental disorders[1], [2]. Ironically, only 2.6% of 

them accessed support or counseling services for 

emotional and behavioral problems[3], [4]. 

Academic pressure, social adaptation, and 

technological developments contribute to increased 

stress and emotional disorders among students[5]. 

During the COVID-19 pandemic, 1 in 20 adolescents 

reported an increase in symptoms of depression, 

anxiety, loneliness, and difficulty concentrating 

compared to before the pandemic[6]. Mental health 

assessments are currently still subjective, relying on 

questionnaires without the support of objective 

physiological data. However, IoT technology enables 

the real-time acquisition of physiological signals such 

as heart rate, SpO2, body temperature, and blood 

pressure, which have been proven to correlate with 

stress and other emotional conditions[7], [8]. 

Previous research has developed a physiological data-

based stress detection system using methods such as 

Fuzzy Logic[9-12] and Support Vector Machine [13], 

[14]. However, this approach has limitations in 

handling the complexity of multivariate data and is not 

optimal in utilizing interactions between physiological 

signals. In addition, most studies only utilize one or two 

types of signals without comprehensive integration of 
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various physiological indicators. Other researchers 

developed a stacking ensemble model for classifying 

student stress levels with 95% accuracy. However, the 

main drawback is that hyperparameter optimization has 

not been applied, leading to overfitting in prediction 

results, and the model has not been integrated with real-

time IoT-based data, making it suboptimal for direct 

implementation in stress monitoring using smart 

devices[15]. The Internet of Things (IoT) has emerged 

as a transformative technology that connects physical 

devices and sensors to digital platforms, enabling real-

time data acquisition and intelligent decision-making 

across diverse domains[16-19]. Its applications range 

from healthcare, agriculture, and smart cities to 

industrial systems, providing opportunities to develop 

innovative solutions that enhance efficiency, 

monitoring, and automation[20-24]. 

Previous studies have developed stress detection 

systems using various approaches, such as IoT-based 

ensemble voting with five ML models and 

physiological sensors, but their accuracy of 75% is still 

limited and weaker than stacking because they do not 

adaptively utilize the relationships between models[25]. 

Another approach uses body motion data from IMU 

[26], AI-based HRV [27], or wearable IoT for the 

elderly [28], However, they generally do not involve 

comprehensive physiological signals or apply ensemble 

learning. Studies using smartphone sensors and typing 

behavior have also been conducted with KNN and 

genetic algorithms[29], but without physiological 

signals and without ensemble model exploration. 

The stacking ensemble model offers higher prediction 

accuracy and stability by combining various learning 

algorithms[30], [31]. Several studies have applied 

stacking ensemble for classifying student stress with 

95% accuracy[15], However, it does not yet support 

IoT, real-time detection, or meta-feature engineering. 

Another study discusses wearable-based detection with 

CNN, LSTM, and SVM, but has not yet implemented 

stacking or adaptive models[32]. Meanwhile, several 

IoT systems have been designed to monitor 

physiological parameters such as oxygen saturation and 

heart rate[7], [8], [33],but have not yet implemented AI 

and generally use non-industrial sensors. The use of 

smartwatches for stress detection in autism is also 

limited to closed systems without AI models [34]. 

On the other hand,  studies on graduation prediction and 

chronic diseases show that stacking ensembles 

outperform single models[35-37], including the NSGA-

II approach and stacked autoencoder[38], [39]. 

However, a common weakness of all these studies is 

that meta-feature engineering and hyperparameter 

tuning optimization have not been applied, so the 

potential of stacking has not been maximized optimally. 

As an extension of previous studies, this research 

proposes a new model, the New Adaptive Stacking 

Ensemble Model, for detecting the mental health of 

students based on physiological signals and IoT 

technology. This model is designed to classify mental 

conditions such as relaxed, calm, anxious, and tense in 

real-time and objectively. It combines five basic 

algorithms (SVM, C4.5, Decision Tree, KNN, Random 

Forest) and a meta-model MLP.   

The model is optimized using hyperparameter tuning 

(Optuna) and data balancing with SMOTE, and 

validated using k-fold cross-validation. From a 

hardware perspective, the system is supported by IoT-

based devices. This approach combines artificial 

intelligence, real-time data acquisition, and advanced 

predictive processing, which have not been 

comprehensively applied in previous studies, thereby 

potentially offering significant improvements in 

detection accuracy and original contributions to the 

fields of AI and mental health education. Unlike 

traditional ensemble models, the adaptive stacking 

approach dynamically combines base model predictions 

and meta-feature representations in a layer-wise 

manner, allowing improved generalization and 

robustness against class noise. Moreover, the 

integration of Optuna enables efficient and automated 

hyperparameter tuning through Bayesian optimization, 

outperforming grid or random search strategies in both 

speed and performance reliability. 

2. Research Methods 

The research flow was systematically designed to 

integrate IoT devices, machine learning processes, and 

model optimization to produce an accurate and real-

time mental health detection system. Details of the 

stages in the development process of the New Adaptive 

Stacking Ensemble Model integrated with IoT are 

presented in Figure 1. 

The stages of development of the New Adaptive Hybrid 

Stacking Ensemble Model for detecting the mental 

health of students based on physiological signals and 

IoT. 

2.1 Dataset 

The physiological dataset was collected through a 

controlled experimental setup at Universitas Hang Tuah 

Pekanbaru over a span of three weeks in early 2024. 

Participants were asked to sit comfortably while their 

physiological signals were recorded using certified 

medical devices connected to an IoT system.  

The data collection was supervised by a 

multidisciplinary team consisting of computer scientists 

and health professionals. Each session lasted 

approximately 10 - 15 minutes per participant, during 

which five physiological parameters heart rate, SpO₂, 

body temperature, systolic, and diastolic blood pressure 

were recorded. The mental condition of participants 

during the session was concurrently assessed and 

labeled by licensed psychologists based on observable 

indicators and short semi-structured interviews. A 

sample of the physiological dataset used in this study is 

presented in Table 1. 
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Figure 1. Research Flow 

Table 1. Physiological Dataset 

 

The complete dataset consists of 4,700 physiological 

records. A total of 1,200 records were collected directly 

from 40 university students aged between 18 and 24 

years (mean age: 20.2 ± 1.4 years). These participants 

were full-time undergraduate students at Hang Tuah 

University Pekanbaru, recruited voluntarily from the 

Faculty of Computer Science. Inclusion criteria 

included being in good physical health and not 

undergoing psychiatric treatment at the time of 

participation. All participants completed an informed 

consent form prior to data collection. 

To increase the diversity and volume of the dataset, an 

additional 3,500 physiological records were sourced 

from publicly available datasets on Kaggle, focusing on 

stress-related biometric readings with similar features: 

heart rate, SpO₂, temperature, and blood pressure. This 

additional dataset was carefully filtered, cleaned, and 

standardized to match the structure and labeling scheme 

of the primary dataset. 

To ensure compatibility, the Kaggle dataset underwent 

several preprocessing steps to align it with the primary 

dataset. The records were filtered to retain only features 

consistent with the physiological variables used in this 

study. Incomplete and outlier entries were removed to 

improve data quality. Column labels were then renamed 

and aligned with the primary dataset structure, followed 

by normalization using the StandardScaler procedure 

identical to the main preprocessing pipeline.line 

2.2 IoT Data Acquisition for Real-Time Testing 

To test the model's performance in real time, an IoT 

system was developed that is capable of capturing 

physiological data from users directly. IoT technology 

provides a framework for connecting sensors and 

devices to digital platforms, enabling seamless real-

time data exchange and intelligent monitoring in 

various application domains[40], [41]. 

Figure 2 presents the block diagram of the IoT system 

developed for real-time data acquisition. 

 

Figure 2. IoT System Sketch Block 

This system consists of several main components: 

MLX90614 Sensor: used to measure body temperature 

without contact, based on infrared technology. 

MAX30102 Sensor: measures heart rate and blood 

oxygen saturation (SpO2). IoT Digital Tensimeter: 

measures systolic and diastolic blood pressure; data is 

automatically transmitted via wireless connection. 

ESP32: serves as the main microcontroller coordinating 

sensor readings and sending data to the server via Wi-

Fi. This device is only used in the final testing phase of 

SpO2 
Heart 

Rate 

Temperat

ure 

Syst

olic 

Diast

olic 

Conditio

n 

0.19 0.44 -0.06 0.33 0.40 Anxious 

0.37 0.68 -0.15 0.07 0.64 Anxious 

-0.69 -0.33 0.68 -0.69 -1.18 Calm 

0.01 -0.39 0.90 -0.26 -0.55 Calm 

-0.33 -0.63 0.68 0.86 -0.07 Calm 
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the system to demonstrate its ability to predict mental 

states in real time based on sensor input. 

2.3 Data Pre-processing 

Data preprocessing aims to prepare the dataset so that it 

is ready for use in model training[42]. This stage 

includes: 

Since features have different value scales, 

standardization is performed using StandardScaler. 

This technique converts each feature value into a 

distribution with a mean of 0 and a standard deviation 

of 1. This is important to ensure that the learning model 

is not biased toward features with larger values. 

Features after the standard scaling process are presented 

in Table 2. 

Table 2. Features after Standard Scaling 

SpO2 
Heart 

Rate 
Temperature Systolic 

Diast

olic 
Condition 

96 96 34,35 125 95 Anxious 

98 100 34,20 122 98 Anxious 

91 83 35,60 113 75 Calm 

95 82 35,95 118 83 Calm 

93 78 35,60 111 89 Calm 

101 125 31,50 138 116 Tense 

87 62 36,80 108 75 Relaxed 

The distribution of labels in the dataset is uneven. To 

address this imbalance, SMOTE (Synthetic Minority 

Over-sampling Technique) is used to generate new 

synthetic data for minority classes based on nearest 

neighbor interpolation[43],[44]. This technique 

effectively prevents overfitting to the majority class. 

Table 3 presents the class distribution before and after 

SMOTE was applied. 

Table 3. Class Distribution Before and After SMOTE 

Stress Level Before SMOTE After SMOTE 

Anxious 1103 1103 

Calm 869 1103 

Relaxed 535 1103 

Tense 486 1103 

Before SMOTE, there was an imbalance between 

classes, with the Anxious class dominating with 1,103 

samples, while the Tense class only had 486 samples. 

This imbalance had the potential to cause bias in the 

model training process. After SMOTE was applied, all 

classes were balanced to 1,103 samples per class, so that 

the model had a fair training distribution and could 

improve classification performance for minority 

classes. 

2.4 Model Architecture 

The prediction model was built using the stacking 

ensemble approach, which is a technique that combines 

several base models to produce more accurate 

predictions through a meta model. 

Each base model generates independent predictions on 

the test data, which are then fed into the meta model. 

The base models used are SVM, Decision Tree, C4.5, 

KNN, and Random Forest. 

Multi-Layer Perceptron (MLP) is trained using 

prediction results from the entire base model to learn 

combined patterns and improve classification 

performance. 

The stacking ensemble formulation used in this study is 

expressed in Equation 1. 

𝑦̂𝑚𝑒𝑡𝑎 =  𝑓𝑚𝑒𝑡𝑎(𝑓1(𝑋), 𝑓2(𝑋), … , 𝑓𝑛(𝑋))             (1) 

X represented original input feature matrix. 

𝑓1, 𝑓2,….,𝑓𝑛: base model. 𝑓𝑚𝑒𝑡𝑎: meta model. 𝑦̂𝑚𝑒𝑡𝑎 = 

final prediction results from the stacking model. 

In the stacking ensemble framework, each base model 

(SVM, C4.5, Decision Tree, KNN, Random Forest) is 

trained independently using the same input features. 

Once trained, these models generate class probability 

predictions for each instance in the dataset. These 

predicted probabilities rather than raw labels are then 

used as new features that form a secondary dataset. This 

secondary dataset becomes the input for the meta-model 

(MLP), which learns how to best combine the outputs 

of the base learners to improve overall prediction 

accuracy and reduce individual model biases. 

2.5 Hyperparameter Optimization 

The MLP meta model was optimized using Optuna, a 

hyperparameter search framework based on Bayesian 

Optimization. Parameters such as the number of hidden 

neurons, learning rate, and dropout were explored to 

find the best configuration based on validation 

accuracy. Optuna builds a surrogate model (typically a 

Tree-structured Parzen Estimator) to approximate the 

objective function and selects hyperparameter values 

that are likely to improve performance in future trials. 

It evaluates each trial by training the model with a 

sampled configuration and uses the result to guide 

subsequent sampling. This process continues iteratively 

to find the optimal set of hyperparameters efficiently 

with minimal computation cost. 

The parameters selected for optimization include the 

number of hidden units, learning rate, dropout rate, and 

activation function. These were chosen because they 

significantly affect the learning capacity, 

generalization, and regularization of the MLP, and have 

been shown in literature to influence ensemble 

performance in high-dimensional physiological data. 

To avoid overfitting and measure model generalization, 

10-Fold Cross Validation is used. The dataset is divided 

into 10 subsets; each subset is used as test data 

alternately, while the rest is used as training data. The 

evaluation results are calculated as the average of 10 

tests. 

2.6 Evaluation 

The model was evaluated using the following multi-

class classification metrics: 

Accuracy: Measure the percentage of correct 

predictions from all data. The accuracy metric used to 
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evaluate overall classification performance is defined in 

Equation 2. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
              (2) 

In this context, true positive (TP) refers to correctly 

predicted instances belonging to the target class, while 

true negative (TN) denotes correctly predicted instances 

outside the class. False positive (FP) represents 

incorrect predictions assigning samples to the class, 

whereas false negative (FN) corresponds to missed 

detections where samples belonging to the class were 

predicted otherwise. 

Precision: Measuring the accuracy of positive 

predictions. Precision measures the correctness of 

positive predictions and is formulated in Equation 3. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
               (3) 

Recall (Sensitivity): Measures the success of the model 

in finding all positive cases. 

F1-Score: Harmonic mean of precision and recall. The 

F1-score evaluates the balance between precision and 

recall and is expressed in Equation 4. 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
             (4) 

Confusion Matrix: A 4x4 matrix showing the 

distribution of predictions for each target class. 

ROC Curve and AUC: For each class, the Receiver 

Operating Characteristic (ROC) curve and Area Under 

Curve (AUC) value are displayed, illustrating the trade-

off between TPR and FPR[45]. 

This evaluation provides a comprehensive overview of 

the model's performance in multi-class classification 

and its reliability when implemented in real-time 

conditions. 

2.7 Ethical Approval 

This study was conducted following ethical standards 

outlined in the Declaration of Helsinki. Ethical approval 

was obtained from the Ethics Committee of the Faculty 

of Health, Universitas Hang Tuah Pekanbaru.  

All participants were provided with detailed 

information about the study's purpose, procedures, and 

data usage. Written informed consent was obtained 

prior to any data collection, and participants were 

allowed to withdraw at any time without penalty. All 

data were anonymized to protect participants' identities 

and confidentiality. 

3. Results and Discussions 

3.1 Application of SMOTE for Data Balancing 

An unbalanced class distribution in a dataset can cause 

machine learning models to be biased toward the 

majority class and ignore the minority class. In this 

study, before oversampling was performed, the mental 

condition data showed an imbalance in distribution, 

with the Anxious class having 1,103 samples, while the 

Tense class had only 486 samples. This imbalance has 

the potential to reduce the accuracy of predictions for 

the minority class. To address this issue, the SMOTE 

technique was used. SMOTE works by synthesizing 

new data for the minority class based on interpolation 

from existing data. Figure 3 illustrates the class 

distribution before and after applying SMOTE. 

 

Figure 3. Class Distribution Before and After SMOTE Implementation 

After implementation, the number of samples for each 

class became balanced, with 1,103 samples each. This 

equalization of sample numbers resulted in a more 

balanced training dataset, allowing the model to 

recognize patterns from all classes fairly. The impact 

was seen in improved classification performance, 

especially for minority classes such as Relaxed and 

Tense in the final evaluation. 

3.2 Model Evaluation Results 

In this study, the term new model refers to the New 

Adaptive Stacking Ensemble framework, which 

combines five machine learning algorithms (SVM, 

C4.5, Decision Tree, KNN, and Random Forest) as base 

models. The predictions from these models are then 

used as input for the meta-model, namely Multi-Layer 

Perceptron (MLP), which learns to improve 

classification accuracy through combined decision 

patterns. To measure the performance of each basic 
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machine learning algorithm used in this study, five 

models were evaluated: SVM, C4.5, Decision Tree, 

KNN, and Random Forest. The evaluation was based on 

four main metrics for multi-class classification, namely 

accuracy, precision, recall, and F1-score. A summary of 

the evaluation results is presented in Table 4 and Figure 

4. 

Table 4. Classification Report Results on Base Model 

Model Accuracy Precision Recall F1-Score 

SVM 0.89 0.90 0.89 0.89 

C4.5 0.89 0.89 0.89 0.89 

DT 0.89 0.88 0.89 0.89 

KNN 0.91 0.91 0.91 0.91 

RF 0.91 0.91 0.91 0.91 

 

The accuracy comparison results of the five base 

models are shown in Figure 4. 

Table 3 and Figure 4 show the performance of five basic 

machine learning algorithms used in mental health 

prediction systems, namely SVM, C4.5, Decision Tree, 

KNN, and Random Forest. The evaluation was based on 

four main metrics: accuracy, precision, recall, and F1-

score. In general, KNN and Random Forest showed the 

best performance with consistent average scores across 

all four metrics at 0.91. This indicates that both models 

are capable of providing stable and balanced predictions 

in recognizing all mental condition classes (Anxious, 

Calm, Relaxed, Tense).  

The SVM and C4.5 models have identical accuracy and 

F1-scores of 0.89, indicating good performance but still 

slightly below KNN and RF. Meanwhile, the Decision 

Tree (DT) has the lowest precision score (0.88), 

although it still has a recall and F1-score of 0.89, 

indicating that this model tends to produce more false 

positives than other models. These results indicate that 

while all base models have adequate performance for 

multi-class classification, models like KNN and RF are 

superior and more suitable as primary candidates in an 

ensemble due to their stability in predicting all classes 

with balanced precision and sensitivity. 

 

 
Figure 4. Base Model Accuracy Comparison Chart 

3.3 Stacking Model Evaluation Results 

After testing each base model independently, the next 

step is to evaluate the performance of the stacking 

model that combines all base models (SVM, C4.5, DT, 

KNN, RF) using Multi-Layer Perceptron (MLP) as a 

meta-learner. This stacking model is trained using 

prediction data from the base model and then evaluated 

against test data to measure the effectiveness of 

integration between models. The classification results 

of the stacking model are summarized in Table 5. 

Table 5. Classification Report Results on the MLP Meta Model 

Class Precision Recall F1-Score Support 

Anxious 0.95 0.89 0.92 245 

Calm 0.90 0.92 0.91 245 

Relaxed 0.89 0.90 0.89 245 

Tense 0.85 0.88 0.87 245 

Accuracy - - 0.90 980 

Macro Avg 0.90 0.90 0.90 980 

Weighted Avg 0.90 0.90 0.90 980 

Based on Table 5, it can be concluded that the META 

MLP model shows excellent overall classification 

performance with consistent average accuracy, 

precision, recall, and F1-score values of 0.90. The Calm 

and Anxious classes have the highest F1-scores of 0.91 

and 0.92, respectively, indicating that the model is able 

to recognize these two mental states very well. 

Meanwhile, the Tense class has the lowest F1-score of 

0.87, suggesting that predictions for this class are 

relatively more complex and may be ambiguous with 

other classes. The highest precision is achieved in the 

Anxious class at 0.95, indicating that most positive 

predictions for this class are correct. The consistency 

between the macro average and weighted average 

values also shows a balanced performance distribution 

across all classes. Overall, the META MLP model 

achieves an accuracy of 0.90, though it is lower than the 

individual KNN and Random Forest models. 

3.4 Results of Stacking Model Evaluation with 

OPTUNA 

To improve the performance of the stacking model, 

optimization of the hyperparameters of the MLP meta-

model was performed using the Optuna framework. The 

goal of this process was to find the best combination of 

parameters, such as the number of hidden neurons, 

alpha value, and learning rate, to produce a more 

efficient and accurate model. The results of the model 

evaluation after hyperparameter tuning are presented as 

a confusion matrix in Figure 5. 

Based on Figure 5, it can be seen that the Meta MLP 

model that has been optimized using Optuna shows a 

significant improvement in classification performance 

compared to before tuning. The model is able to classify 

the four classes with high precision and a very low error 

rate. For example, the Anxious class was correctly 

recognized in 216 out of 221 data points, with only 5 

data points incorrectly classified as Tense. The Calm 

class even has very accurate prediction results, with 215 

correct classifications and only 5 minor errors spread 

across the other three classes. The Relaxed and Tense 
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classes also show classification stability with minimal 

errors. The increasingly focused prediction distribution 

along the main diagonal of the confusion matrix 

indicates an improvement in the model's generalization 

ability and the effectiveness of the tuning strategy 

applied. These results demonstrate that integrating 

Optuna into the meta-model training process enhances 

prediction accuracy and strengthens the model's overall 

reliability. 

 

Figure 5. Confusion Matrix Meta MLP + OPTUNA 

To provide a comprehensive overview of the 

performance of the META MLP model that has been 

optimized using Optuna, an evaluation was conducted 

on classification metrics, namely precision, recall, and 

F1-score for each class as well as the overall average. 

The evaluation results are summarized in Table 6. 

Table 6. Classification Report Results on the MLP+OPTUNA Meta 

Model 

Class Precision Recall F1-Score Support 

Anxious 0.96 0.98 0.97 221 

Calm 0.99 0.98 0.98 220 

Relaxed 0.97 0.97 0.97 221 

Tense 0.96 0.96 0.96 221 

Accuracy - - 0.97 883 

Macro Avg 0.97 0.97 0.97 883 

Weighted Avg 0.97 0.97 0.97 883 

The classification report results show that the META 

MLP + OPTUNA model achieved very high and stable 

classification performance across all evaluation 

metrics. The overall accuracy reached 0.97, with 

consistent macro average and weighted average values, 

indicating consistent performance across all classes. 

The Calm class had the highest precision of 0.99, 

indicating that the model rarely misclassified this 

condition. Meanwhile, the Anxious class has the highest 

recall of 0.98, meaning that most Anxious cases are 

successfully recognized by the model. All classes show 

F1-scores above 0.96, reflecting a balance between 

precision and recall. This improvement compared to the 

META MLP model without tuning confirms that the 

hyperparameter optimization process with Optuna can 

significantly enhance the model's accuracy and 

reliability. 

As part of the model performance evaluation, ROC 

curves are used to measure the model's ability to 

distinguish between classes. Each ROC curve 

represents the relationship between the true positive rate 

(TPR) and false positive rate (FPR) for each class. The 

AUC value is used to assess the quality of the model's 

probabilistic predictions. The ROC curve visualization 

is presented in Figure 6. 

 

Figure 6. ROC Curve Meta MLP + OPTUNA 

Based on Figure 6, the META MLP model optimized 

with Optuna shows very high predictive performance 

across all classes. The Calm and Relaxed classes each 

recorded a perfect AUC of 1.00, while the Anxious and 

Tense classes each obtained an AUC of 0.99. The curve 

approaching the upper left corner indicates that the 

model has very high sensitivity and specificity. These 

results reflect that the model is able to distinguish each 

class very well. Although very high AUC values can 

generally be an early indication of overfitting, in this 

study, this risk can be mitigated because the evaluation 

was performed using 10-Fold Cross Validation. This 

technique ensures that the model is tested on data not 

seen during training in each fold, so the results obtained 

can be considered generalizable and not merely the 

result of training on overly similar data. 

3.5 Final Evaluation with 10-Fold Cross Validation 

As a final validation of the reliability of the Meta MLP 

+ OPTUNA model, an evaluation was conducted using 

the 10-Fold Cross Validation technique. This approach 

divides the training data into 10 parts (folds), where 

each fold is alternately used as test data while the other 

folds are used for training. This technique is effective in 

assessing the stability and generalization ability of the 

model as a whole. The accuracy results of each fold are 

presented in Figure 7. 

Figure 7 shows the variation in model accuracy across 

each fold, with the highest value being 0.9796 (in Folds 

6 and 9) and the lowest being 0.9501 (Fold 7). Although 

there is some fluctuation between folds, all accuracy 

values remain above 0.95, and the overall average 

accuracy is recorded at 0.9683. This indicates that the 

model performs stably and consistently across various 

subsets of data. No fold shows an extreme drop in 
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accuracy, suggesting no signs of overfitting. This 

validation process reinforces that the Meta MLP + 

OPTUNA model not only excels on the initial training 

data but also maintains high performance on previously 

unseen data. 

 
Figure 7. Accuracy of 10-Fold Cross Validation 

Although the model consistently achieved high 

accuracy (average 96.83%) during 10-fold cross-

validation, it is important to critically consider the 

potential for overfitting. To minimize this risk, we 

applied SMOTE to balance class distribution, 

introduced dropout regularization in the MLP meta-

model, and performed stratified sampling during 

validation. Furthermore, the stability of performance 

metrics across folds and the near-perfect AUC scores 

indicate strong generalization. Nonetheless, we 

recognize that additional external validation on 

independent datasets would be a valuable step to further 

confirm the model’s robustness in real-world 

deployment. 

3.6 Model Accuracy Comparison 

To determine the relative performance of each 

algorithm in detecting stress levels based on 

physiological signals, accuracy comparisons were made 

between five base models, a stacking model with meta 

MLP, and a stacking model optimized using Optuna. 

The accuracy comparison between models is presented 

in Figure 8. 

Figure 8 shows that the Stacking MLP + OPTUNA 

model achieved the highest accuracy of 0.97, 

demonstrating a significant advantage over other 

models. Meanwhile, the two base models, KNN and 

Random Forest, achieved the same high accuracy of 

0.91, outperforming the Stacking MLP model without 

tuning, which only reached 0.90. The other three base 

models (SVM, C4.5, and Decision Tree) had lower 

accuracy at 0.89. The fact that Stacking MLP has not 

yet surpassed KNN and RF indicates that the ensemble 

process without optimization is not yet sufficiently 

effective. However, after hyperparameter tuning using 

Optuna, the stacking model showed a significant 

improvement and outperformed all base models. This 

underscores the importance of the optimization process 

to maximize the potential of stacking ensembles in 

physiological signal-based stress condition 

classification. 

 
Figure 8. Accuracy Comparison of All Models 

Although the base stacking model already showed 

competitive performance, the use of Optuna allowed 

fine-grained tuning of key hyperparameters such as 

learning rate, hidden layer size, and dropout which 

enhanced the model’s ability to generalize and reduce 

misclassification errors in borderline samples. This 

explains the notable accuracy gain even from an already 

strong baseline. 

To assess the superiority of the proposed model, a 

comparison of accuracy was made with several 

previous studies that used the stacking ensemble 

approach. Details of the comparison with previous 

studies are presented in Table 7. 

Table 7. Comparison of Accuracy Results with Previous Research 

Researcher Base Model Meta Model Accuracy 

[46] KNN, AdaBoost, NB, Decision trees  Logistic Regression 86.00% 

[47] RF, XGBoost, Gradient Boosting, Feed-Forward Neural 

Networks (FNN) 

Feed-Forward Neural Networks (FNN) 92.10% 

[48] KNN, Bayesian Networks, Decision Tree, Gradient Boosting Logistic Regression 94.12% 

[49] SVM, XGBoost, ANN Logistic Regression 95.00% 

[15] SVM, LR, MLP, RF XGBoost 95.00% 

[35] KNN, SVM, C4.5, RF, NB ADABoost+OPTUNA 95.50% 

This Research 97.00% 

Table 7 shows that the accuracy of the model in this 

study reached 97.00%, higher than all previous studies, 

which ranged from 86% to 95.50%. The stacking 

approach with an MLP meta model optimized using 

Optuna proved to be capable of providing superior and 

efficient classification performance in detecting 

conditions based on physiological data. However, none 

of these studies incorporated IoT-based real-time 
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physiological signal acquisition or hyperparameter 

optimization using Optuna. Study [46] utilized KNN, 

AdaBoost, NB, and Decision Trees on a road traffic 

dataset, while [47] applied RF and FNN for student 

dropout prediction using educational log data. In [48] 

and [49], stacking models used combinations of 

Bayesian networks, XGBoost, and ANN on depression 

and COVID-19 datasets, respectively. However, none 

of these studies incorporated IoT-based real-time 

physiological signal acquisition or hyperparameter 

optimization using Optuna. Our study integrates these 

components, achieving 97.00% accuracy, which 

surpasses prior results and demonstrates a more 

applicable framework for real-time mental health 

monitoring. 

3.7 Real-Time Model Testing with IoT 

As a final step, real-time testing of the built model was 

conducted by integrating it into an Internet of Things 

(IoT) device. This device consists of several 

physiological sensors used to read user data directly. 

The physical appearance of the IoT device is shown in 

Figure 9. 

Figure 9 shows the IoT device consisting of an ESP32 

microcontroller, MLX90614 temperature sensor, 

MAX30102 heart rate and SpO2 sensor, and a modified 

digital sphygmomanometer for reading systolic and 

diastolic blood pressure. All physiological data read by 

the sensors are automatically sent to a Google Sheet as 

a real-time database. This data is then analyzed by a 

Streamlit-based prediction system using a Stacking 

MLP + OPTUNA model to classify stress levels. 

Meanwhile, the LCD screen on the device displays 

sensor values directly to the user. Table 8 shows the 

sensor data recorded from the IoT device and displayed 

in Google Sheets. 

 

Figure 9. IoT Device Display 

After the IoT system is integrated with the prediction 

model, a field trial is conducted involving users as 

participants. The visualization of the testing results and 

system interface is presented in Figure 10. 

Table 8. View Sensor Data from IoT Devices 

Temperature (°C) SpO2 (%) Heart Rate (BPM) SYS DIA 

36.5 98.2 99 166 100 

36.5 98.2 97 164 97 

36.5 98.2 94 80 58 

36.5 98.2 91 150 80 

36.5 98.2 96 138 89 

36.5 98.2 69 150 90 

Figure 10 shows the results of live system testing, where 

the sensor reads body temperature, heart rate, SpO₂, and 

systolic and diastolic blood pressure data, then sends it 

to Google Sheet and is processed by the predictive 

model in the backend. The output in the form of stress 

levels is displayed in real-time on the Streamlit 

dashboard in the form of classifications such as 

Relaxed, Anxious, and Tense. In addition, the 

dashboard also provides a collective view for historical 

data monitoring 

 

Figure 10. Stress Detection Dashboard View and Test 

Documentation 

4. Conclusions 

This study successfully developed and implemented the 

New Adaptive Stacking Ensemble model for detecting 

stress levels in students based on physiological data. 

The model consists of five basic algorithms (SVM, 

C4.5, DT, KNN, and RF) and one MLP meta-model 

optimized using Optuna, resulting in the highest 

accuracy of 97.00%, surpassing all base models and 

also models without tuning. Evaluation using 10-Fold 

Cross Validation proves that the model has high 

predictive stability and shows no indication of 

overfitting. 

Another advantage of this research is the successful 

integration of the prediction system with IoT devices. 

Data from body temperature sensors (MLX90614), 

heart rate and SpO₂ (MAX30102), and digital blood 

pressure are sent in real-time to Google Sheet, then 

processed by the model through the Streamlit interface. 

This system is not only able to classify accurately, but 

also displays the results to users via the dashboard and 

LCD screen on the device. This proves that the 

developed model is not only superior theoretically, but 
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can also be implemented practically and in real-time in 

the field. 

Further research can develop the integration of this 

model into a mobile application to make it more 

portable and easily accessible to users. In addition, it is 

necessary to explore the addition of psychological 

variables such as fatigue levels or sleep patterns to 

improve classification accuracy. The ensemble model 

can also be extended by utilizing transformer-based 

meta learners and edge computing to reduce 

dependence on internet connections and speed up the 

inference process locally. 
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