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 Pediatric asthma remains a significant public health concern, often complicated by challenges in early 
detection and consistent monitoring. Assessing asthma risk in pediatric patients, particularly those under five 
years of age, is challenging because traditional diagnostic tests often require patient cooperation and precise 
breathing maneuvers, which are difficult for young children to perform. Caregivers may also have varying 
levels of knowledge and different perceptions regarding the severity of asthma risk. To enable rapid and non-
invasive triage, this study proposes an asthma risk classification approach using a machine learning model 
based on the Gaussian Naive Bayes (GNB) algorithm. The model was trained on synthetic data designed to 
approximate real-world physiological patterns, with heart rate and peripheral blood oxygen saturation (SpO2) 
serving as the key input features and asthma risk levels (high, moderate, low) as the target classes. The 
trained GNB model achieved an overall classification accuracy of 86% on the test set. Evaluation using the 
F1-score revealed 0.94 for the low-risk class (Precision: 0.92, Recall: 0.96), and 0.78 for the high-risk 
(Precision: 0.88, Recall: 0.70), while the moderate-risk class achieved an F1-score  of 0.77 (Precision: 0.75, 
Recall: 0.80). GNB also  the Decision Tree (81.00%) and Random Forest (81.00%) baselines and slightly 
exceeded the performance of the Support Vector Machine (85.00%). Furthermore, the evaluation of model 
behavior showed that accuracy gap between the training and testing results remained below 0.03 toward the 
end of the learning curve, indicating limited overfitting on the synthetic dataset. 
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I. INTRODUCTION 

Artificial Intelligence (AI) and its subfield, Machine 

Learning (ML), are revolutionizing the landscape of medical 

technology by moving beyond traditional human 

interpretation toward data-driven, intelligent systems that 

support clinical decision-making. These technologies are 

increasingly being integrated into medical diagnostics and 

patient management systems. For instance, AI has been 

widely adopted in medical imaging to enhance the analysis of 

computed tomography (CT) scans, magnetic resonance 

imaging (MRI), and X-rays [1]-[3], while ML-powered 

wearable devices have demonstrated promising applications 

in continuous health monitoring and chronic disease 

management [4]-[6]. 

Pediatric asthma remains a condition that requires accurate 

and timely risk assessment. Diagnosing asthma and 

evaluating its severity in children under five years of age 

presents significant clinical challenges because conventional 

pulmonary function tests require active patient participation 

and precise forced expiratory maneuvers that young children 

cannot reliably perform. Moreover, current diagnostic tools, 

such as the spirometers and peak flow meters, are not only 

limited in availability but are also challenging to use with 

children under five years of age [7]. To overcome the 

limitations of effort-dependent diagnostic methods, 

continuous physiological monitoring offers a non-invasive, 

objective alternative. 

 During acute pediatric asthma exacerbation, airway 

hyperresponsiveness contributes to airway inflammation, 

mucosal edema, bronchospasm, and mucus accumulation. 

This narrowing of the lower airways impedes pulmonary gas 

exchange, leading to ventilation-perfusion mismatch and 

acute hypoxemia, which can cause a reduction in peripheral 

blood oxygen saturation (SpO2). Concurrently, the resulting 

hypoxemia and increased work of breathing activate arterial 

chemoreceptors, triggering a sympathetic nervous system 

response that induces a compensatory increase in heart rate. 

Integrating these physiological vital signs into low-cost, 

continuous Edge AI monitoring devices may enable early risk 

stratification and automated clinical triage at the point of care.  

 A recent study [8] emphasized the urgent need for 

effective digital health interventions that are affordable, easy 

to use, and capable of providing real-time insights into the 

severity of asthma symptoms. Despite the availability of 

promising data-driven techniques, a critical gap persists in 

translating these capabilities into deployable solutions, 

particularly on constrained hardware. 

From a methodological standpoint, ML, particularly 

supervised learning, offers a variety of algorithms that can 

perform classification tasks with minimal human intervention 

[9], [10]. These algorithms include support vector machines, 

decision trees, K-nearest neighbors, and neural networks 
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[11], [12]. Among them, Gaussian Naïve Bayes (GNB) stands 

out due to its simplicity, speed, and competitive performance 

across various domains. 

For example, Li and Iskander [13] compared multiple 

classifiers, including (GNB), for classifying sand based on 

particle size and shape. Although neural networks achieved 

the highest accuracy, they posed deployment challenges 

compared with simpler models such as GNB. Similarly, in 

[14], a Naïve Bayes-based system was developed to predict 

student performance with high accuracy, although its 

generalizability was limited by the dataset size. Other studies 

have applied Naïve Bayes to tasks such as optical character 

recognition [15] and sports analytics [16], consistently 

demonstrating robust accuracy, although these studies used 

small and domain-specific datasets. 

In the medical domain, Bose et al. [17] employed Naïve 

Bayes to predict the long-term persistence of asthma in 

children using a large dataset of nearly 10,000 records. Their 

model provided actionable insights for early intervention, 

although it did not address deployment challenge. Another 

study [18] used ML models, including Naïve Bayes, to 

predict the functionality of infant incubators. Although 

decision trees outperformed the other classifiers, the findings 

nevertheless highlighted the potential of lightweight 

algorithms in healthcare applications. 

In recent years, the emergence of Edge AI enabled trained 

ML models to be deployed directly onto devices, allowing 

real-time inference at the edge without relying on cloud-

based computation [19], [20]. This development has enabled 

embedded devices to perform intelligent and autonomous 

data processing.  However, it has also introduced new 

challenges associated with the limited RAM, processing 

capacity,  and flash memory of embedded systems [21], [22]. 

In response to these challenges, this paper addresses the 

identified gaps by:  

i)  Classifying pediatric asthma risks using an efficient 

GNB model using heart rate and peripheral blood oxygen 

saturation (SpO2) as input features. 

ii) Utilizing synthetic data-generation techniques to 

approximate the characteristics of real-world data and 

improve model generalization. 

GNB was chosen for its high interpretability, 

computational efficiency, and suitability for resource-

constrained environments, making it appropriate for real-time 

applications in medical devices. Furthermore, the proposed 

system integrates synthetic data generation to address the 

limitation of small datasets, which is a common issue in 

medical research. 

II. METHODOLOGY 

The methodology employed in this study is presented 

through the structured flowchart shown in Figure 1.  The 

method includes feature selection, data generation based on  

clinical guidelines, and the division of the dataset into 

training and testing sets. Class-specific statistical parameters 

are estimated during model training, after which standard 

performance metrics are used for evaluation. To evaluate the 

classifier's predictive validity and practical relevance in a 

healthcare setting, the results are subsequently compared with 

clinical benchmarks. In summary, the research involves the 

development of an ML model for pediatric asthma risk 

classification using a synthetic dataset, followed by 

performance evaluation. 

 

 
 

Figure 1. Flow chart of the research method 

 Dataset 

A synthetic dataset comprising 500 records asthma patients 

aged 3-5 years was generated strictly for research purposes. 

The dataset was generated using GPT-4 Turbo variant 

through a comprehensive prompt based on the clinical 

guideline thresholds reported in [23] and [24]. According to 

[25], a dataset comprising 500 records can be sufficient for 

certain machine learning applications. The use of synthetic 

data has shown promise [26], [27] and has become a potential 

approach for addressing data privacy concerns [28]-[30] 

therefore, it was employed in this experiment to support 

model training. Noise and class imbalanced were also 

incorporated into the synthetic dataset to represent the 

variability commonly observed in real-world. Table 1 

presents the features included in the dataset:  

 
Table 1 

Features of the dataset 

 

Description Features Type 

Blood oxygen (%) SpO2 Numeric 

Heart rate in beats 

per minute (bpm) 

Heart_Rate Numeric 

Asthma risk level as 
target (Low, 

Moderate, High) 

Risk_Level Categorical 

 

 Machine Learning Model 

A manual split of the dataset with an 80:20 ratio of training 

to testing set was used to support model generalization and 

reduce the risk of overfitting [31]. The training set, 

comprising 400 samples, was used to train the GNB classifier 

and develop the asthma risk classification model. The testing 

set, comprising 100 samples, was then used to evaluate the 

predictive performance of the trained model. To accelerate 
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training and testing, Python code was used to facilitate the 

model training and testing processes. The Gaussian 

likelihood and posterior probability were calculated using  (1) 

and (2) respectively, to verify the classification results 

obtained from the training and testing dataset. 

 

𝑃(𝑥) =
1

√2𝜋𝜎2
. exp (−

(𝑥 − 𝜇)2

2𝜎2
) 

(1) 

                        

where: 

x = feature value, 

μ = mean of the feature values for a given class  

σ = standard deviation of the feature values for that class, 

π = constant (approximately 3.14159), 

exp =  is the exponential function of the natural logarithm 

 

𝑃(𝑐𝑙𝑎𝑠𝑠|𝑓𝑒𝑎𝑡𝑢𝑟𝑒) =  
𝑃(𝑐𝑙𝑎𝑠𝑠). 𝑃(𝑓𝑒𝑎𝑡𝑢𝑟𝑒|𝑐𝑙𝑎𝑠𝑠|)

𝑃(𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠)
 (2) 

       

where: 

P(class|features) = posterior probability of class given the 

features, 

P(class) = prior probability of class, 

P(feature|class) = the likelihood which is assumed to follow 

a Gaussian distribution, and 

P(features) – marginal probability of the observed features. 

 Performance evaluation metrics  

To validate the reliability and effectiveness of the 

predictive system, several standard evaluation metrics were 

used. In this research, a confusion matrix, accuracy, 

precision, recall and F1-score were used to evaluate the 

model’s performance. The confusion matrix summarizes the 

predictions produced by the Naïve Bayes classification 

model. An example of a confusion matrix is presented in 

Figure 2 [32]. Foe each class, the confusion matrix contains 

the numbers of true positives (TP), false positives (FP), true 

negatives (TN) and false negatives (FP). Accuracy represents 

the proportion of correctly predicted observations in the test 

set and is calculated using (3). Precision, recall and F1-score 

are calculated using (4), (5), and (6), respectively. 
 

 
Figure 2. Example of a confusion matrix 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛

𝑇𝑜𝑡𝑎𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛
 

 

(3) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

(4) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

(5) 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  2 × 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

(6) 

 Data Modeling and Target Class Alignment 

In addition to evaluating model accuracy, a manual 

comparison between the predicted risk levels and the 

childhood asthma severity assessment used in Malaysia 

clinical practice [23] was conducted to strengthen the validity 

of the findings. According to [33], [34] SpO2 is commonly 

used as an important clinical indicator of asthma severity; 

therefore, only SpO2 was considered in this comparison. 

Table 2 shows the severity levels of acute asthma 

exacerbations extracted from the clinical guideline.   

  
Table 2 

Severity of acute asthma exacerbations 

 

Severity of Acute Asthma Exacerbations 

Parameter Mild Moderate Severe  Life 

Threatening 

SpO2 >95% 92-95% <92% 
Cyanosis & 

<92% 

        

  To resolve discrepancies between the multiple severity 

categories in the clinical guidelines and the requirements of 

automated triage, the four clinical severity categories defined 

in the standard CPG guidelines were consolidated into the 

three-level machine learning target classification system 

presented in Table 3. 

 
Table 3 

ML Target Class Alignment 
 

Clinical 

severity 

Clinical 

criteria 

Mapped ML 

Target Class 

Mild >95% Low risk 
Moderate 92-95% Moderate risk 

Severe <92% High Risk 

Life-
Threatening 

Cyanosis & 
<92% 

High Risk 

 

 Benchmarking Framework and Model Selection 

To evaluate the classification performance and 

computational feasibility of the proposed Gaussian Naive 

Bayes (GNB) algorithm, three benchmark classifiers, namely 

the Support Vector Machine (SVM), Decision Tree (DT), and 

Random Forest (RF) were implemented under identical 

training and testing configurations. All models were 

evaluated using accuracy, precision, recall, and F1-score to 

assess GNB’s trade-off between predictive performance and 

resource efficiency for deployment on microcontrollers 

III. RESULTS AND DISCUSSION 

 Proposed GNB Model Performance 

The GNB model was successfully trained and evaluated 

using Python in JupyterLab. The training results are presented 

as a confusion matrix heatmap in Figure 3, while the 

corresponding classification report is shown in Figure 4. 

Based on the confusion matrix and classification report, the 

precision values for the high- , low- and moderate-risk asthma 

classifications were 0.92, 0.88 and 0.79, respectively. The 

lower precision value for the moderate-risk class may be 

attributed to overlapping feature values and the limited 

distinction between this class and the high-and low-risk 

classes. The recall values recorded for the high-, low-, and 

moderate-risk classes were 0.88, 0.92 and 0.75 respectively. 

The lower recall value for moderate-risk class indicates that 

the model correctly identified only 79% of the actual 

moderate-risk cases. The model also achieved F1 scores of 
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0.90 for both the high- and the low-risk classes, and 0.77 for 

the moderate-risk class. These results indicate that the model 

was less effective in classifying moderate-risk cases but 

performed well in classifying high- and low-risk cases. The 

model achieved an overall training accuracy of 86%, 

indicating that 86% of the risk-level observations in the 

training set were correctly classified. This result demonstrates 

good classification performance on the training set [35]. 

 

 

Figure 3. Confusion matrix heatmap for the training set 

 

Figure 4. Classification report for the training set 

The results obtained from the test set differed from those 

of the training set. Based on the testing-set heatmap in Figure 

5 and the classification report in Figure 6, the precision values 

for the high-, low- and moderate-risks classes were 0.88, 0.92 

and 0.75, respectively. In terms of recall, the high-risk class 

recorded the lowest value of 0.70. This result is a concern in 

medical risk-classification context because 30% of the actual 

high-risk cases were not correctly identified as high risk. 

However, the small number of samples in this class may have 

contributed to fluctuations in its performance. The high F1-

score for the low-risk class indicates that the model 

effectively classified low-risk cases. Overall, the model 

achieved a relatively high-test accuracy across the three 

classes. 

 

 
Figure 5. Confusion matrix heatmap for the test set 

 

 
Figure 6. Classification report for the test set 

 

Further analysis was conducted in python to evaluate the 

model’s behavior across different training-set sizes. The 

resulting learning curve, which compares the training and 

testing accuracies, is shown in Figure 7. The graph indicates 

that the model did not exhibit substantial overfitting or  

underfitting. Although minor fluctuations occurred at smaller 

sample sizes (< 150), the testing accuracy stabilized between 

83.00% and 84.00%. The training accuracy stabilized at 

86.00% when the full training set was used. Beyond N = 160, 

the difference between the training and testing accuracies 

remained below 0.03. This small performance gap suggests 

that the GNB classifier achieved a reasonable fit, with no 

clear evidence of substantial underfitting or overfitting. 

 

 
Figure 7. Learning curves for training and testing accuracy 

 

 Model Classification Performance Benchmark 

 

The GNB model was also benchmarked against other 

classification models. As shown in Table 4, the proposed 

GNB model achieved the highest accuracy of 86.00%, 

outperforming SVM (85.00%), DT (81.00%), and RF 

(81.00%). GNB also recorded the highest precision and 

recall, although its performance advantage over SVM was 

limited to one percentage point. 

 
Table 4 

Model classification comparison 

 

Classifier 

Model 

Accuracy (%) Precision Recall 

GNB 86.00% 0.86 0.86 

SVM 85.00% 0.85 0.85 
DT 81.00% 0.81 0.81 

RF 81.00% 0.81 0.81 

 Predicted risk and clinical practice guideline  

Examples of the predicted risk levels for 10 samples from 

the test dataset are shown in Table 5. A comparison between 

the predicted risk levels and the severity categories derived 

Classification Report: 
 
              precision    recall  f1-score   support 
 
        High       0.92      0.88      0.90        80 
         Low       0.88      0.92      0.90       200 
    Moderate       0.79      0.75      0.77       120 
 
    accuracy                           0.86       400 
   macro avg       0.86      0.85      0.85       400 
weighted avg       0.86      0.86      0.86       400 

Classification Report: 
 
              precision    recall  f1-score   support 
 
        High       0.88      0.70      0.78        20 
         Low       0.92      0.96      0.94        50 
    Moderate       0.75      0.80      0.77        30 
 
    accuracy                           0.86       100 
   macro avg       0.85      0.82      0.83       100 
weighted avg       0.86      0.86      0.86       100 
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from the clinical practice guidelines (CPG) is provided in 

Table 6. Based on the assessment of acute asthma 

exacerbation severity in children described in [23], SpO2 was 

used as the clinical indicator for the comparison. For the 100 

test samples, the predicted risk levels achieved 76% 

agreement rate with the risk categories derived from the CPG 

thresholds. This value represents agreement with the SpO2-

basedo CPG categories rather than external clinical accuracy. 

Based on the training and testing results obtained using the 

GNB classifier, the accuracies were relatively consistent 

across both datasets. This consistency suggests that the model 

did not substantially overfit the synthetic training data and 

generalized reasonably well to the held-out synthetic test set. 

However, precision, recall, and F1-score show that accuracy 

alone may provide an incomplete assessment of class-specific 

performance, particularly for the high-risk class.  

 
Table 5 

Predicted asthma risk levels 

 
No Heart 

Rate 

SpO2 Predicted Risk Level 

1 81.82738011 94.43474741 ('Low', {'Low': 

0.0007207175114089116, 

'Moderate': 
0.0003013626208376094, 'High': 

4.940629805878497e-06}) 

2 80.01173312 95.8393162 ('Low', {'Low': 
0.0020686395562453217, 

'Moderate': 

0.00012964412427038846, 'High': 
1.3206996810781254e-06}) 

3 140.2840428 89.66495708 ('High', {'Low': 

3.69141594111822e-12, 

'Moderate': 

4.6698592176927134e-06, 'High': 

0.0005951018748877887}) 
4 102.883581 98.86912779 ('Low', {'Low': 

0.001326756173327727, 

'Moderate': 
2.1004284540438135e-05, 'High': 

6.679286069071785e-07}) 

5 71.13436562 94.06088754 ('Low', {'Low': 
0.00014328577192707496, 

'Moderate': 5.341065307312459e-

05, 'High': 1.1130111645653081e-
06}) 

6 104.0727482 96.28187707 ('Low', {'Low': 

0.0021434655463780693, 
'Moderate': 

0.0007481471945172234, 'High': 

1.4600441232351163e-05}) 
7 122.2664945 97.43641386 ('Moderate', {'Low': 

0.0001248675149397102, 

'Moderate': 
0.00015472167658738697, 'High': 

1.2434721072865285e-05}) 

8 97.76635128 97.91587862 ('Low', {'Low': 
0.0032801198885599623, 

'Moderate': 8.272403564670988e-

05, 'High': 1.4179742549146603e-
06}) 

9 97.62206162 97.27725419 ('Low', {'Low': 

0.003841165933264604, 
'Moderate': 

0.00019739301025881918, 'High': 

2.926042695431997e-06}) 
10 81.82738011 94.43474741 ('Low', {'Low': 

0.0007207175114089116, 

'Moderate': 
0.0003013626208376094, 'High': 

4.940629805878497e-06}) 

 
 

 

Table 6 
Comparison between the predicted risk levels  and severity risk from 

CPG 

 
No SpO2 Predicted Risk 

Level 

(Trained model) 

Severity risk 

(Clinical 

practice guideline) 

1 94.43474741 ('Low', {'Low': 
0.000720717511408911

6, 'Moderate': 

0.000301362620837609
4, 'High': 

4.940629805878497e-

06}) 

Low 

2 95.8393162 ('Low', {'Low': 

0.002068639556245321

7, 'Moderate': 
0.000129644124270388

46, 'High': 

1.3206996810781254e-
06}) 

Low 

3 89.66495708 ('High', {'Low': 

3.69141594111822e-12, 
'Moderate': 

4.6698592176927134e-

06, 'High': 
0.000595101874887788

7}) 

High 

4 98.86912779 ('Low', {'Low': 
0.001326756173327727

, 'Moderate': 

2.1004284540438135e-
05, 'High': 

6.679286069071785e-

07}) 

Low 

5 94.06088754 ('Low', {'Low': 

0.000143285771927074

96, 'Moderate': 
5.341065307312459e-

05, 'High': 

1.1130111645653081e-
06}) 

Moderate 

6 96.28187707 ('Low', {'Low': 

0.002143465546378069
3, 'Moderate': 

0.000748147194517223

4, 'High': 
1.4600441232351163e-

05}) 

Low 

7 97.43641386 ('Moderate', {'Low': 
0.000124867514939710

2, 'Moderate': 
0.000154721676587386

97, 'High': 

1.2434721072865285e-
05}) 

Low 

8 97.91587862 ('Low', {'Low': 

0.003280119888559962
3, 'Moderate': 

8.272403564670988e-

05, 'High': 
1.4179742549146603e-

06}) 

Low 

9 97.27725419 ('Low', {'Low': 
0.003841165933264604

, 'Moderate': 

0.000197393010258819
18, 'High': 

2.926042695431997e-

06}) 

Low 

10 94.43474741 ('Low', {'Low': 

0.000720717511408911

6, 'Moderate': 
0.000301362620837609

4, 'High': 

4.940629805878497e-
06}) 

Low 
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Conversely, the model performed well in classifying the 

low-risk class. Maximizing recall, or sensitivity, for the high-

risk class is clinically important because misclassifying a 

severe exacerbation as moderate or low risk produces false-

negative outcomes in an asthma triage context [36]. To 

reduce this risk in point-of-care Edge AI applications, the 

decision threshold for the high-risk class could  be lowered 

[37], [38]. For example, a threshold for  p≥0.50 to p≥0.30 

could be considered, but its exact value should be selected 

and validated using an independent validation dataset to 

balance sensitivity and false-alert rates.  

Additionally, the model could be improved by providing 

better representation of the high-risk class in the datasets. 

Greater emphasis should also be placed on the high-risk class 

[39]-[42] because it represents potentially life-threatening 

asthma cases. For GNB, this can be achieved by adjusting the 

class poor probabilities or applying appropriate resampling 

techniques. The contribution of SpO2 should be evaluated 

separately because it is an important clinical indicator for 

asthma severity, rather than treated as a class weight. Other 

models, such as Random Forest and Support Vector Machine 

(SVM) may improve classification performance; however, 

their deployment on embedded systems may be more 

complex than that of GNB. 

CONCLUSION 

This study demonstrates that the GNB classifier can 

successfully classify pediatric asthma risk using synthetic 

data, achieving an accuracy of 86%. Compared with the risk 

categories derived from the primary clinical indicator, SpO2, 

the trained model achieved a 76% agreement rate. 

For future work, the asthma risk predicted algorithm can be 

deployed on embedded hardware to develop a reliable Edge-

AI medical device. Such a device could enable users to 

monitor asthma-related physiological indicators more 

conveniently and cost-effectively. However, it should 

function as a decision-support tool rather than replace 

assessment by healthcare professionals. 

Although the use of synthetic data is emerging and 

promising, future research may incorporate Internet of Things 

(IoT) monitoring to collect real-world data for model 

validation. A wider range of appropriately selected and 

clinically relevant features should also be considered. The 

integration of AI, ML and IoT will contribute to more reliable 

asthma risk detection in children. Further, comparisons 

among different classification models could also be 

conducted to identify the most effective model for predicting 

paediatric asthma risk levels. 
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