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Abstract: This study aims to develop a robust deep learning framework for predicting asthma incidence
by utilizing the air quality index (AQI) and environmental data, thereby enhancing proactive public
health monitoring. A dual-branch architecture is proposed, combining a convolutional neural network
(CNN) to extract spatial features of air pollution with a gated recurrent unit (GRU) to model temporal
changes in weather conditions. An attention fusion mechanism adaptively emphasizes critical
environmental factors contributing to asthma onset. The model was trained and validated using
datasets from Seoul, Los Angeles, and Hanoi, covering diverse climatic and pollution patterns.
Experimental results demonstrate that the proposed CNN—GRU-Attention model consistently
outperforms traditional machine learning and single-branch deep learning models, achieving an area
under the curve (AUC) of 0.89 and an F1-score of 0.84. These findings highlight the model’s ability to
capture complex spatiotemporal dependencies between pollution and weather. The approach provides a
scalable, data-driven foundation for early asthma risk warning systems and urban environmental health
monitoring applications.
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1. Introduction

Over 260 million people worldwide suffer from asthma, a chronic respiratory disease significantly
influenced by environmental factors, including air quality, industrial development, and weather
fluctuations [17. In recent decades, hospital admissions and emergency room visits for asthma have
increased significantly, particularly in urban and polluted areas [2, 37. This increase is mainly due to
industrial growth, urban transportation, and climate instability [4, 57]. Traditional monitoring methods
primarily rely on statistical or rule-based models that analyze past hospital visits and pollutant levels.
While these approaches offer useful insights into overall exposure—response patterns, they often fail to
capture the nonlinear and dynamic interactions among various environmental factors, such as
temperature changes, humidity, and seasonal shifts [2, 6. Recent research shows that short-term
exposure to particulate matter (e.g., PM2.s) and other pollutants greatly raises the risk of asthma flare-
ups, emphasizing the need for more advanced predictive tools [5, 67. With the rise of machine learning,
scientists have begun using deep neural networks to uncover complex spatiotemporal relationships in
health and environmental data [7, 87]. For instance, LSTM-based models have been employed to
tforecast daily counts of asthma patients using weather and air quality information [97]. More
sophisticated dual-path deep learning architectures and attention mechanisms enhance sensor
calibration and multimodal data integration, boosting the accuracy of asthma risk forecasts [107].
Additionally, spatiotemporal graph neural networks and hybrid models that combine graph structures
with interpretable neural networks have shown promising results in identifying regional asthma
patterns influenced by environmental factors [11, 127].
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Beyond asthma, researchers have applied graph neural network frameworks for public health
surveillance tasks, such as influenza-like illness nowcasting, and demonstrated their ability to exploit
the interplay between temporal, geographical, and functional spatial features [13, 147]. These
innovations, coupled with advances in deep learning-based biological modeling [157, further highlight
the potential of integrating multi-source and multi-task Al frameworks for complex health forecasting
problems. Building on this progress, recent work has emphasized the importance of spatial risk mapping
optimized by metaheuristic algorithms to identify asthma-prone areas and improve targeted
intervention strategies [16].

2. Literature Review
2.1. Old-Fashioned and Machine Learning Methods

Early projections employed basic statistical methods, such as time series regression and ARIMA,
which struggled to capture the complex patterns and changes in environmental data over time [17].
Support Vector Machines, Random Forest, and XGBoost are some of the newer machine learning
models that perform better when AQI and meteorological data are combined [187. However, they
required manual feature engineering and did not work well with high-dimensional or multivariate time
series data.

2.2. Frameworks Based on Deep Learning

Deep learning has gained popularity because it can learn from raw data. Huang et al. [197, for
example, used LSTM to estimate changes in air pollution and temperature over time, which
outperformed traditional ML models. Lee et al. [207] built a CNN-LSTM hybrid to predict asthma
hospitalizations using AQI and weather data. It performed better on some metrics but struggled to
generalize across different areas. Zhao et al. [217] developed an attention-based bi-LSTM model for
predicting asthma risk, thereby improving performance and facilitating a deeper understanding of the
underlying mechanisms. However, it only analyzes one-dimensional time series (such as PM2.5
concentration), thus ignoring spatial relationships.

2.8. Multi-Modal and Hybrid Architectures

New research has developed multi-input models that utilize geographical and temporal data to
address the challenges faced by current models. Kim and Park [227] developed a two-part system that
utilizes a CNN to analyze AQI variations across different locations and a GRU to comprehend weather
changes. They also added an attention fusion module to boost performance in various situations. Li et al.
[237] built a transformer-based encoder-decoder model that combines real-time sensor data with open-
source AQI indices. The model works best on urban datasets; however, its complexity and high training
requirements make it challenging to use in real-world settings. Zhang et al. [247] improved a GNN
framework to capture complex spatial correlations between air quality sensors. The new approach
excels at tracking the spread of contaminants using a spatiotemporal graph attention mechanism;
however, it is less effective in densely populated city areas.

There is considerable interest in hybrid designs that combine deep learning with traditional
statistical models. For instance, Chen et al. [257] developed a hybrid LSTM-ARIMA model that
leverages both statistical trend analysis and deep learning's ability to adapt to irregular patterns. This
method works well in areas where pollution levels fluctuate with the seasons, but it requires extensive
preprocessing, which slows down real-time performance.

These changes underscore the importance of developing models that strike a balance between
accuracy and computational efficiency, particularly in cities where data quality and availability can vary
significantly. Future research should focus on creating lightweight designs that use less energy and can
be utilized in more locations, particularly in areas with limited resources.
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2.4. Important Gaps and Problems

Although there have been notable improvements, modern models still encounter several challenges.
First, generalizability is a significant concern, as many prediction frameworks are trained and validated
only on data from a single city or region, which limits their effectiveness when applied to other areas
with different environmental conditions [6, 97]. Second, proper integration of spatial and temporal
dependencies is often lacking. Many studies have shown that models typically analyze geographical and
temporal data separately, thereby ignoring the complex interconnections that heavily influence asthma
risk [11-187. Third, interpretability remains a persistent issue. Although deep learning approaches have
demonstrated impressive predictive power, their “black box” nature hampers the ability to derive
actionable insights for clinical decision-making and the design of public health policies [7, 87. Lastly,
the practical implementation remains limited. Most existing research focuses on offline simulations and
retrospective validation, with very few efforts to incorporate these predictive systems into real-time
monitoring platforms or mobile health alert apps [6, 10, 167. This gap restricts the immediate use of
advanced Al-driven models in large-scale public health surveillance.

3. Materials and Methods

This work introduces a dual-branch deep learning model trained on a diverse range of organized and
unstructured data. One branch uses RNNs for sequential data, while the other employs CNNs for spatial
data. The two branches merge in a fully integrated layer, offering enhanced learning capabilities. The
model was trained using supervised learning, with data divided into three sets: training, validation, and
testing. Dropout, weight decay, early stopping, and data augmentation are among the techniques used
to prevent overfitting. The Adam optimizer, with a carefully set learning rate, maintained stability. We
evaluated performance using metrics such as accuracy, precision, recall, I'1 score, and AUC across
different subsets to ensure relevance to real-world applications.

3.1. The Structure of the Model
The proposed framework employs a dual-branch hybrid architecture to capture both evolving
pollution patterns and spatial patterns, as well as changing weather patterns over time.

e The first branch processes air pollutant sequences with a convolutional neural network (CNN). It
identifies localized spatial-temporal patterns and short-term trends in air quality.

e The second branch uses a Gated Recurrent Unit (GRU) network to simulate weather sequences
that change over time. It does this by capturing long-term dependencies and seasonal changes in
weather that impact respiratory health.

e The third attention method is applied to the combined outputs of both branches, assigning
adaptive weights to the most critical information for predicting asthma.

e The final fused representation is processed through two fully connected layers and a sigmoid
output layer to make a prediction. This lightweight structure can perform real-time inference
while maintaining a good model fit.

The dual-branch architecture is mathematically defined to facilitate easier understanding and
comprehension. It explains the roles of the convolutional encoder, recurrent sequence processor,
attention mechanism, and classification head, and demonstrates how various environmental factors
influence the prediction of asthma risk.

The CNN branch finds localized patterns in AQI time series using 1D convolution (Eq. 1).

h{M = ReLU (W41 + be) (1)
where: X¢.p -1 1s a local AQI segment, W is the convolution kernel, and * denotes 1D convolution.
The GRU branch models sequential dependencies in meteorological variables (Eqgs. 2-5).
zy = S(Wyxy + Uhy_1 + b, (2)
1. = S(Wox, + U he_q + b, (3)
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hy = tanh(Wyx, + U, (r:®he_; + by, (4)

hy = (1 —z,)Ohi_1 + z,Oh, (5)
where: x,is the input vector at time step t; hy_; h; are hidden states at time steps t-1 and t, respectively;
Z;, 1y are update gate and reset gate vectors; flwtis the candidate hidden state; W, U, b are weight
matrices and bias vectors for respective gates and activations; § is the sigmoid activation function; tank
is the hyperbolic tangent activation function; © is element-wise (Hadamard) multiplication.

The attention mechanism assigns adaptive weights to features from both branches (Eq.6).

e = tanh(Wehe + be); @ = 57055 ¢ = By aihy (6)
where: . a;denotes attention weight and c is the final fused context vector.

The output layer generates the probability of asthma risk from the combined representation (Eq.7).

¥y = 6(Wyc + b) (7)

A binary cross-entropy loss function to train the model, which is perfect for classifying health risks
(Eq.8). )

L=—32[yilog®) + (1 - y)log (1 - )] (8)
where: y; € {0,1} is the ground truth label for asthma risk, and J;is the predicted probability.

The setup is illustrated in Figure 1. A CNN captures spatial-temporal features from air pollution
data, while a GRU processes sequential meteorological data. An attention mechanism merges the
outputs, emphasizing the most critical aspects for asthma risk, with fully connected layers and sigmoid
activation for binary risk classification.

Figure 1 illustrates the complete architecture of the proposed dual-branch deep learning model. The
framework is designed to integrate diverse environmental factors for predicting asthma risk.
Specifically, air quality measurements (e.g., PM2.5, NO2) are processed by a 1D CNN to detect local
spatial patterns. Meanwhile, meteorological variables (e.g., temperature, humidity, wind speed) are fed
into a recurrent neural network (GRU) to capture long-term temporal dependencies. The outputs from
both branches are integrated through an attention mechanism, which adaptively assigns weights to
emphasize the most relevant features. The final fused representation is then passed through fully
connected layers for binary classification (high vs. low asthma risk). This architecture enables the model
to learn from both spatial and temporal cues simultaneously, thereby enhancing interpretability and
facilitating deployment readiness.
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3.2. Setting Up Training

The suggested model was created and tested only in a simulation environment using Python and
TensorFlow 2.13. It was not deployed on real-time systems or hardware platforms. We used a
workstation equipped with an NVIDIA RTX 3090 GPU for all trials to ensure that the model training
was sufficiently fast. The training procedure involved predicting the risk of asthma as a binary
classification problem (high vs. low risk), using binary cross-entropy as the loss function. This paper

presents the model using the following setup:

e Adam optimizer with an initial learning rate of 0.001.
e The batch size is 64.
e Epochs: up to 100, with early stopping if the validation loss did not improve over 10 consecutive

epochs.

e Validation split: 20% of the data used for training.

e Regularization: Use dropout with a rate of 0.3 and L2 kernel regularization to prevent the model
from overfitting.
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e The measures used for evaluation are accuracy, precision, recall, I'1-score, and the area under the
curve (AUC).

This study assessed the model's strength using a method called 5-fold cross-validation in different
cities and then again using 2024 data that had never been seen before. Then, a grid search was used to
find the best hyperparameters, and the performance was averaged across the folds. The results are
intriguing, but the study is still confined to simulations and oftline validation. Real-world deployment

and live data integration will need to be postponed for further work.

3.3. Putting It into Action and Stmulating

3.8.1. Making and Preparing the Data

Edelweiss Applied Science and Technology

ISSN: 2576-8484

Vol. 9, No. 10: 256-271, 2025
DOI: 10.55214/2576-8484.v9110.10389
© 2025 by the authors; licensee Learning Gate



261

The study utilized real-world environmental data from Seoul (South Korea), Los Angeles (USA),
and Hanoi (Vietnam) to train and test the proposed model. These cities were selected because they have
large populations and their air quality and weather conditions differ significantly. The data collection,
spanning from 2020 to 2024, was compiled using official government sources and open-access APIs.
Some of the input features include:

e Air quality measurements (PM2.5, PM10, NOz, SOz, CO, Os) from national air monitoring groups
such as the US EPA, Korea Air, and Vietham MONRE.

e  Weather data (temperature, humidity, wind speed, rainfall, and air pressure) from meteorological
services and local stations.

e Temporal data includes the date, day of the week, and seasonal designation.

The goal variable indicates the number of people hospitalized each day due to asthma. This data is
sourced from publicly available, anonymized health records. Missing values were filled using forward
filling, and the data were then standardized to have a mean of zero and a variance of one. For the
experiment, the study randomly assigned binary labels to asthma days, marking them as either high-
risk (1) or low-risk (0). Before training the model, input features were also normalized to have a mean of
zero and a variance of one. Standard imputation methods, like forward filling, were used to address
missing data.

3.3.2. Putting the Model into Action
This research created two key scripts for simulation.

e Full dual-branch model simulation: This script utilizes the entire model, which comprises a CNN
for air quality data, a GRU for meteorological data, and a fusion layer that combines the two to
determine the likelihood of someone having asthma. There are dropouts and L2 regularization in
the architecture to prevent overfitting.

e This study employed this smaller version for ablation study reasons. It separates the GRU branch
to examine how weather conditions independently impact the prediction of asthma risk.

This study used the Adam optimizer with a learning rate of 0.001 to construct each model and
trained them using binary cross-entropy loss. This study trained the models for 20 epochs with a batch
size of 64 and used a 20% validation split to monitor their performance. This simulation did not employ
early stopping, allowing all models to be compared fairly and accurately.

Flowcharts for implementing models are shown in Figure 2.
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Flowcharts for implementing models.

The flowcharts for implementing the model are shown in Figure 2. Figure 2a illustrates the entire
CNN-GRU-Attention configuration. The Conv1D layers process air quality data, the GRU layers
handle meteorological data, and the attention module combines the findings. The fused output is
concatenated and then passed through fully connected dense layers with dropout and L2 regularization.
Figure 2b depicts the GRU-only ablation model, which examines only weather data and employs a
temporal attention mechanism. This simplified version omits the spatial branch, demonstrating how
weather patterns independently influence asthma risk.

3.3.8. Evaluation Protocol

This study used standard classification metrics, including accuracy, precision, recall, F1-score, and
AUC, to evaluate the model's performance. Predictions were made on a test set separate from the
training data (20% of the total), with results averaged over five cross-validation folds to improve
statistical reliability. Python modules such as Matplotlib, Scikit-Learn, and Pandas were employed to
analyze and evaluate all simulation data. The complete code is available as supplementary material for
repeated testing. A GPU with 24GB of VRAM was utilized to ensure efficient training and testing. The
goal was to validate the conceptual framework through simulations that could be repeated without
requiring real-time deployment or physical hardware.

3.8.4. Iigure Integration

This study presents two models that can be used to evaluate the effectiveness of alternative designs
in processing sequential data. Figure 3 illustrates the test results. The dual-branch model features a new
parallel structure that enables it to handle both temporal and contextual information simultaneously.
The GRU-alone ablation model, on the other hand, focuses exclusively on temporal dynamics with a
conventional GRU configuration. Tests on specific simulation tasks demonstrate that the dual-branch
architecture excels at handling complex data, as indicated by this difference.

The left side of the diagram illustrates the proposed dual-branch structure, comprising two parallel
paths: a CNN that extracts key information from air pollution data and a GRU network that identifies
patterns in meteorological data over time. A fusion layer combines the results from both branches.
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Then, the data is analyzed again to assess the risk of asthma. The right side of the diagram, however,
illustrates the simplified GRU-only design used in the ablation study. This version employs a GRU
network to process weather data. It does not include air quality input or dual-branch fusion. This design
facilitates a clearer understanding of how meteorological factors impact the forecast output.

Figure 3 compares the complete dual-branch model and the GRU-only ablation model in terms of
their architecture for predicting asthma risk.

Air Pollutant

GRU-only
Data

ablation mod

; Fusion Asthma
Meteorologic et
Data : S Risk

Meteorologic
Data

Figure 3.
Implementation diagram of the two simulation scripts.

4. Experimental Setup

This section provides a comprehensive review of the proposed dual-branch deep learning model,
examining several key components in detail. It discusses the assessment measures used to evaluate the
model's performance and accuracy. It also discusses the baseline models used for comparison to establish
a benchmark. The discussion also delves into great depth on the outcomes achieved by the model on
different datasets, ensuring that the assessment takes into account the variety of data scenarios and
circumstances. The study also examines the results of several experimental setups, providing a deeper
understanding of how the model behaves and its ability to adapt to diverse situations. Overall, this
section aims to provide a comprehensive examination of the model's effectiveness, utilizing various
assessment criteria, comparison points, and insights derived from extensive testing with diverse
datasets and settings.

4.1. Metrics for Evaluation
Using conventional classification measures, this article examined how well the proposed model
might predict the risk of asthma.

e Accuracy is the percentage of correct predictions.
e Precision demonstrates the reliability of high-risk forecasts in identifying actual asthma patients.
e Recall (sensitivity) tests how well the model can identify actual high-risk instances.

e The F1 score is the harmonic mean of accuracy and recall. It balances performance, especially
when the data is not evenly distributed.

e The AUC-ROC indicates how well the model distinguishes between high- and low-risk groups at
various thresholds.
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e These measurements, when taken together, provide a comprehensive picture of how well the
model performs and how consistently it identifies asthma risk in diverse environments.

4.2. Baseline Models to Use as a Point of Reference

This study examined the suggested method against baseline models to ensure the results were fair,
which were trained and tested under the same settings. The baselines included logistic regression (LR),
a simple statistical classifier; support vector machines (SVM), which model nonlinear boundaries;
random forests (RF), a flexible ensemble algorithm; and a long short-term memory (LSTM) network,
which is well-suited for analyzing time series and predicting health outcomes. This study examined two
ablated versions to determine the contribution of each framework branch: one that utilized only the
CNN branch and the other that used only the GRU branch. Table 1 presents the results, which were
averaged over three metropolitan datasets (Seoul, Los Angeles, and Hanoi) and obtained using five-fold
cross-validation and temporal hold-out assessments on the 2024 data.

4.3. Results and Study
4.8.1 Model Performance

Table 1 shows that our dual-branch model outperforms both standard machine learning methods
and single-branch deep learning baselines on all assessment measures. The AUC of 0.89 indicates that
our model performs well in identifying days when asthma is likely to be high-risk, and the I'1 score of
0.84 suggests that it strikes a good balance between accuracy and completeness. Further research
revealed that the attention mechanism had a significant impact by dynamically prioritizing the most
critical elements in both branches. The method worked well, regardless of whether the weather changed
quickly or pollution levels rose rapidly, both of which are times when asthma rates tend to increase.

Table 1.

Summarizes the results, averaged over three urban datasets.
Model Accuracy Precision Recall F1-score AUC
Logistic Regression 0.71 0.68 0.65 0.66 0.73
SVM 0.75 0.72 0.70 0.71 0.77
Random Forest 0.79 0.76 0.74 0.75 0.81
LSTM 0.82 0.80 0.78 0.79 0.84
CNN-only 0.80 0.78 0.75 0.76 0.82
GRU-only 0.81 0.79 0.77 0.78 0.83
Proposed Model (CNN + GRU + Attention) 0.87 0.85 0.84 0.84 0.89

Table 1 shows that our dual-branch model outperforms both standard machine learning methods
and single-branch deep learning baselines on all assessment measures. The AUC of 0.89 indicates that
our model performs well in identifying days when asthma is likely to be high-risk, and the FF1-score of
0.84 suggests that it strikes a good balance between accuracy and completeness. More research showed
that the attention mechanism made a significant difference by dynamically prioritising the most critical
elements in both branches. The method worked well, regardless of whether the weather changed
quickly or pollution levels rose rapidly, both of which are times when asthma rates tend to increase.
Additionally, the model was able to generalise well across multiple cities, even when trained in one
location and evaluated in another. The outcome supports the framework's ability to adapt to various
situations and its potential for real-world application, provided it can be connected to live data sources.

4.8.2. ROC Curve Analysis

Figure 4 displays the ROC curves for all the evaluated models. The dual-branch CNN-GRU
tramework outperforms basic approaches in making predictions. The proposed model distinguishes
between high- and low-risk asthma patients at different thresholds, with an AUC of 0.89. It surpasses
classic machine learning models such as logistic regression (AUC = 0.73), SVM (0.77), and Random
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Forest (0.81), as well as deep learning models that solely utilize CNN (0.82) or GRU (0.83). This
demonstrates the value of integrating spatial elements from air pollution data with temporal
meteorological dynamics. The GRU-only model and the entire model do not perform very differently,
but this suggests that weather data may be more important for the predictions. This indicates the need
to find more effective ways to learn from spatial characteristics or to better integrate the data. The dual-
branch architecture performs well overall, although further fine-tuning may be necessary.
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Figure 4.

ROC curves that illustrate the predictive accuracy of the baseline and suggested models.

Figure 5 illustrates the performance of all models based on the I'1 score. The proposed dual-branch
CNN-GRU architecture achieved the highest score of 0.84, indicating a better balance of precision and
recall, which is crucial for health-related predictions, as errors can have severe consequences. Deep
learning baselines, such as the GRU-only model (0.78) and CNN-only model (0.76), performed well but
not sufficiently, suggesting that combining spatial and temporal variables may be advantageous.
Traditional machine learning models, including logistic regression (0.66), SVM (0.71), and random
forests (0.75), underperformed relative to deep learning models. This highlights the limitations of
handcrafted features in capturing complex correlations between environmental health factors and other
variables. The slight performance difference between the GRU-only model and the complete model
indicates that weather patterns significantly influence prediction accuracy. This suggests that the spatial
component of the model could benefit from deeper or attention-based architectures. The F1-score
analysis demonstrates that the proposed model is robust and identifies potential areas for further
improvement.
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Figure 5.

F1-score comparison across all evaluated models.

4.3.8. Confusion Matrix Interpretation

True Label
Low Risk

High Risk

Low Risk High Risk
Predicted Label

Figure 6.

The confusion matrix of the proposed CNN-GRU-Attention mode.

Figure 6 shows the confusion matrix for the suggested CNN-GRU-Attention model. It
demonstrates its ability to distinguish between high-risk and low-risk asthma patients effectively. The
model successfully identified 45 out of 50 high-risk samples and 42 out of 50 low-risk samples,
indicating that it was both sensitive and specific for both classifications.
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The confusion matrix demonstrates that the model performs well in classifying high-risk asthma
cases. It correctly identified 45 high-risk instances (true positives) and 42 low-risk cases (true negatives)
out of 100 test samples. However, it also misclassified eight low-risk cases as high-risk (false positives)
and five high-risk cases as low-risk (false negatives). The model achieved 87% accuracy, with 84.9% of
high-risk predictions and 90% of low-risk predictions being correct. A macro-averaged I'1 score of 0.87
indicates that the test effectively balances sensitivity and specificity. Nonetheless, the higher false
positive rate suggests that people tend to overestimate danger to avoid missing essential cases. The five
false negatives underscore the need to enhance the test's sensitivity, particularly in cases with borderline
risk levels.

4.4. Analysis of Stability and Error

This article employed five-fold cross-validation to assess the model's coherence and examined the
distributions of the F1-score (Figure 7). The CNN+GRU+Attention framework achieved the highest
median 1 score (approximately 0.84), with minimal variation, indicating that it performed well and
consistently. On the other hand, classic models like Logistic Regression and SVM showed lower
medians and increased variability, which indicates that they are sensitive to data splits.

The GRU-only and CNN-only models were stable, but they varied more than the combined model.
This indicates that collaboration helps prevent models from overfitting and improves their performance.
The suggested model's limited interquartile range and lack of outliers show that it is even more reliable
for use in the real world.

These results demonstrate that the model is consistent and reliable, which is crucial for healthcare
systems that require warnings that are eftective in various situations.

A seasonal error study showed that there were higher false negatives in spring and autumn. This is
likely due to allergens that were not taken into consideration, such as pollen. Additionally, the model's
recall decreased when the air quality was inferior (AQI > 150), indicating that the training set requires
more high-risk data. Adding pollen indicators or training in different seasons and AQI levels might
make it more resilient.

4.4.1. Seasonal Error Analysis

This study examined the model's errors throughout spring, summer, autumn, and winter by
utilizing time-stamped test data grouped by local weather definitions (Fig. 8). The aim was to identify
the model's limitations and behavior in different contexts.
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Seasonal variation in F1-score for asthma risk prediction.
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The study found that forecast accuracy varied significantly between seasons, especially in regions
where climate change was more evident. Summer had the highest F'1 score (0.93) because air pollution
levels remained stable and outdoor activities were easier to plan. The algorithm was less effective in
winter, as it missed more high-risk cases, probably due to rapid temperature shifts, increased indoor
pollution, and the presence of flu-like symptoms, which made accurate forecasting more challenging.
Spring and autumn yielded mixed results, with lower recall due to unpredictable weather and occasional
spikes in contaminants such as pollen and PM2.5. These findings suggest that future models should
include season-specific adjustments or add modules that consider seasonal context to improve
performance in real-world settings, especially in clinical environments or asthma alert systems during
high-risk times.

4.4.2. AQI-Level Error Analysis

In addition to seasonal trends, we examined model performance across various Air Quality Index
(AQI) levels to understand how the severity of pollutants influences prediction accuracy. AQI values
were categorized into four standard groups: Good (0-50), Moderate (51-100), Unhealthy for Sensitive
Groups (101-150), and Unhealthy or worse (>150), following guidelines from the WHO and EPA. The
model achieved better results in the Moderate and Unhealthy for Sensitive Groups categories, where
pollution levels were sufficiently high to be strongly associated with asthma cases. Notably, the F1-
score reached a peak of 0.91 within the 101-150 range, likely due to clearer signal patterns in the data.
Conversely, prediction accuracy fell significantly within the “Good” AQI range (F1-score approximately
0.68), often due to false positive instances where asthma attacks occurred despite relatively clean air.
These cases may be influenced by non-environmental triggers such as stress or indoor allergens, which
were not captured in the dataset. Performance also declined slightly in the Unhealthy or worse group
(>150), with an increase in false negatives, likely due to overlapping health conditions or delays in
emergency response in real-world reports. These findings suggest that the model performs best when
air quality is moderate. However, it may require additional specific information about patients or indoor
air conditions to provide more accurate classifications in environments that are either very poor or
optimal.
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F1-score across different AQI levels in asthma risk prediction.

4.4.3. Results and Discussion

The experimental results demonstrated that the proposed CNN + GRU + Attention model
outperformed traditional methods, including logistic regression, SVM, and single-branch deep learning
models. It achieved an AUC of 0.89 and an F1-score of 0.84 (Figures 5 & 6), demonstrating robust
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discrimination between high-risk and low-risk asthma cases. This underscores the effectiveness of
integrating air quality (AQI) and weather data using parallel processing and attention mechanisms.
Seasonal analysis (Figure 7) revealed superior performance in winter and spring, likely due to higher
pollution and dynamic weather providing richer features for training. In contrast, poorer results in
summer may stem from less distinct signals during that season. AQI-level analysis (Figure Y) indicated
the model performs best in the USG (101-150) and Moderate (51-100) categories, where patterns are
more distinguishable. Lower performance in the “Good (0-50)" range may be due to weak signal
contrasts, while reduced accuracy in the “Unhealthy+ (>150)" category could result from data
imbalance and limited samples. Two key areas require improvement: (i) enhancing seasonal stability
through strategies such as seasonal weighting or synthetic data augmentation, and (ii) strengthening
generalization in low-AQI settings by better detecting subtle clinical risk signals. Lastly, the confusion
matrix (Figure 8) highlights some false positives, mainly for low AQI cases where individuals still
exhibited asthma risk. Future models could integrate personal health data, including medical history
and inflammation biomarkers, to enhance prediction accuracy.

5. Ablation Study
This paper conducted an ablation study by isolating model branches and attention layers to assess
the contribution of each architectural component.

5.1. Experimental Variants

e CNN-only model: Captures local spatial patterns in AQI data using 1D convolution, without
meteorological time series.

e  GRU-only model: Learns temporal sequences from weather data, excluding pollutant patterns.
e CNN+GRU (No Attention): Combines both branches without attention fusion.

e Complete Model (CNN+GRU+Attention): Employs a dual-branch architecture with dynamic
attention weights.

Table 2.

Ablation study results (Average Across Datasets)
Model Variant Accuracy F1-score AUC
CNN-only 0.80 0.76 0.82
GRU-only 0.81 0.78 0.83
CNN+GRU (No Attention) 0.84¢ 0.81 0.86
Full Model 0.87 0.84 0.89

5.2. Key Observations
The ablation study highlights the contributions of each component in the proposed model:

e Both the CNN and GRU branches are essential. The CNN-only model (IF'1 = 0.76) captures local
air quality fluctuations but struggles with sequential dependencies. In contrast, the GRU-only
model (1 = 0.78) captures temporal weather patterns, demonstrating a stronger link between
meteorological data and asthma incidence. However, their combined architecture outperforms
both, showing the complementary value of spatial and temporal information.

e The attention mechanism improves accuracy and interpretability. Removing it lowers the F1
score from 0.84 to 0.81, underscoring its importance in feature weighting. Attention fusion
dynamically prioritizes key inputs, especially in noisy or complex conditions, while enhancing
transparency by highlighting significant factors, such as PMa.s spikes or abrupt humidity changes.
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e The complete dual-branch architecture with attention achieves the highest AUC (0.89) and F1
score (0.84), excelling particularly in high-AQI scenarios and during seasonal transitions, where
simpler models tend to falter.

e - The model's modularity supports flexible deployment. When one data stream (e.g., AQI or
meteorological) is unavailable, either branch still provides accurate predictions. This flexibility
makes it ideal for edge computing and resource-constrained settings, such as mobile or wearable
health systems.

Overall, the CNN, GRU, and attention mechanisms each contribute significantly to the model’s
performance, robustness, and interpretability, creating an adaptable architecture for real-time
environmental health monitoring.

6. Conclusion and Future Work

This paper introduces a deep learning system that combines convolutional (Conv1D), recurrent
(GRU), and attention mechanisms to predict asthma risk based on environmental factors, such as air
quality and weather. The dual-branch design supports different input types, with the attention
mechanism highlighting key features. The CNN+GRU+Attention model surpasses previous machine
learning methods (such as Logistic Regression, SVM, and Random Iorest) and single deep learning
models (including CNN-only, GRU-only, and LSTM) in terms of AUC and I'1-score. Seasonal and
AQI-based evaluations show that the model responds to environmental changes, emphasizing the
importance of dynamic data for health risk prediction. However, the model encounters difficulties with
low pollution levels and imbalanced data over time. Future work involves adding more personal health
data and developing advanced models, such as transtormers. The model will also be optimized for real-
time use on mobile devices and calibrated for improved performance across various scenarios. This
research establishes a foundation for predicting individual asthma risk, ultimately aiding early
intervention and public health monitoring.
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