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Abstract—Accurate and reliable stress detection remains a critical challenge in health monitoring due to the multifaceted
nature of stress and the difficulty in capturing its temporal and spatial characteristics from physiological data. Existing
methods often lack the ability to effectively model these dependencies, leading to suboptimal performance and limited
interpretability, which hinder their application in real-world scenarios such as wearable devices and mobile health systems.
This study addresses these limitations by investigating hybrid deep learning models with attention mechanisms, specifically
focusing on CNN-LSTM, CNN-GRU, and CNN-BIiLSTM architectures and their ensemble. Leveraging the complementary
strengths of convolutional and recurrent layers, these models aim to capture both spatial and temporal dependencies in stress-
related data, while attention layers enhance interpretability by prioritizing relevant features. Experimental results reveal that
the CNN-LSTM with Attention model achieved the best performance, with the lowest Mean Squared Error (MSE) and Mean
Absolute Error (MAE), demonstrating its suitability for complex stress prediction tasks. The CNN-GRU model also
performed well, offering a balance between computational efficiency and accuracy, while the CNN-BiLSTM model showed
limitations, suggesting that additional model complexity may lead to overfitting. The ensemble model, combining predictions
from all three architectures, delivered stable performance across metrics, underscoring the value of ensemble approaches in
improving robustness and mitigating model-specific biases. These findings have significant implications for practical
applications, such as wearable devices and mobile health systems, where accurate, interpretable, and reliable stress
monitoring is essential for timely interventions. Future work should focus on optimizing these models for real-time
deployment, exploring adaptive learning for personalized stress detection, and validating across diverse datasets to enhance
generalizability. This research highlights the importance of hybrid architectures and attention mechanisms in addressing the
challenges of stress detection, paving the way for responsive and user-centered health monitoring systems.
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1. INTRODUCTION

Stress is an increasingly recognized public health issue that has pervasive effects on both physical and mental
health, contributing to various chronic conditions such as cardiovascular disease, depression, anxiety, and
weakened immune responses [1]-[3]. The urgency of addressing stress and developing methods for its detection
and management cannot be understated. With the impact of stress extending beyond personal health to economic
productivity and societal well-being, timely intervention in stress detection has become essential [4]. Despite
advances in healthcare technology, many current methods for stress assessment, including surveys and clinical
evaluations, remain limited to one-time or periodic assessments [5]. These methods often fail to capture real-time
variations and trends in an individual’s stress levels, reducing the effectiveness of preventive or interventional
approaches.

Recent advancements in wearable technology and mobile health applications have opened new avenues
for continuous monitoring of stress-related indicators [6]. Modern devices can collect vast amounts of data on
physiological, behavioral, and psychological states, which, when effectively analyzed, can yield valuable
insights into an individual’s stress patterns [7]. Machine learning, and particularly deep learning, has emerged as
a powerful tool for processing these complex data streams. However, achieving accurate stress predictions
remains challenging due to the high dimensionality of data and the complexity of stress as a phenomenon
influenced by dynamic and interacting factors [8]. Studies on machine learning applications in stress detection
have primarily focused on leveraging physiological and behavioral data, such as heart rate, sleep patterns, and
activity levels. For example, [9] explored the use of wearable sensor data combined with machine learning
models for stress detection, highlighting the potential of data-driven methods for mental health monitoring.
However, their approach relied heavily on traditional machine learning models, which may lack the depth to
capture intricate temporal dependencies. Similarly, [10] demonstrated the potential of physiological signals to
detect stress but noted limitations in feature extraction and interpretation, indicating a gap in capturing non-linear
interactions and sequential dependencies inherent in stress data.

Further studies have shown the benefits of incorporating deep learning techniques to improve accuracy in
health-related predictions. For example, [11] applied LSTM networks to physiological data for stress prediction,
showcasing the ability of recurrent neural networks to handle temporal dependencies. However, their study
highlighted challenges in accurately interpreting the learned representations without attention mechanisms,
which are known to improve interpretability in deep learning models. Moreover, [12] combined Convolutional
Neural Networks (CNNs) with LSTM layers to detect stress from sequential data, achieving improved accuracy
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compared to single-layer models. Although CNN-LSTM models improved performance, their study indicated a
need for further model sophistication, especially with techniques that could highlight critical data points and
enhance model transparency [13]. Despite these advances, existing research often employs single-model
architectures (e.g., CNN, LSTM, GRU) without fully leveraging the benefits of hybrid architectures or attention
mechanisms [14]-[16]. These gaps highlight an opportunity to improve stress prediction accuracy by integrating
various model components to address the diverse characteristics of stress-related data [17], [18]. The current
state of the art lacks robust, hybrid solutions that incorporate CNNs, LSTMs, and attention mechanisms to
capture both the spatial and sequential nature of stress predictors effectively. Few studies have investigated the
use of ensemble models that aggregate the strengths of multiple hybrid models to improve predictive accuracy
and robustness [19], [20].

Our research addresses these limitations by developing a series of hybrid deep learning models that
integrate Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM), and Gated Recurrent Unit
(GRU) layers, each combined with attention mechanisms. These hybrid architectures aim to enhance
interpretability and prediction accuracy by focusing on relevant features and patterns within the data.
Furthermore, we introduce an ensemble approach that combines the predictions from multiple hybrid models to
create a more robust prediction framework. This study utilizes the Stress Detection dataset, which includes daily
physiological, behavioral, and psychological data for 100 participants over 30 days. By analyzing this
multidimensional dataset, our approach seeks to address the challenges posed by data complexity, temporal
dependencies, and interactions between variables. The remainder of this article is structured as follows. First,
the methodology section then details the development of our hybrid CNN-LSTM, CNN-GRU, and CNN-
BiLSTM models with attention layers, along with our ensemble approach to improve accuracy. This section
includes data preprocessing steps, model architecture design, and evaluation metrics (MSE, RMSE, R and
MAE) used to assess model performance.

In Results, we present the model performance outcomes, comparing individual and ensemble models
using evaluation metrics. The Discussion interprets these findings, exploring how our hybrid models improve on
prior methods, with a focus on accuracy and interpretability enhancements through attention mechanisms and
ensemble modeling. Finally, the Conclusion and Future Work summarizes our contributions and suggests
directions for further research, including improvements in model architecture and applications in real-world
stress monitoring. The article closes with a References section, listing all sources that support this study. This
structure facilitates a clear progression from identifying research gaps to presenting our approach, findings, and
implications for future work.

2. RESEARCH METHODOLOGY

This study aims to develop a robust stress detection model using hybrid deep learning architectures enhanced
with attention mechanisms. We designed three main hybrid models such as CNN-LSTM, CNN-GRU, and CNN-
BIiLSTM, integrating Convolutional Neural Networks (CNN) for spatial feature extraction, recurrent neural
networks (LSTM, GRU, BILSTM) for temporal sequence learning, and attention layers to improve
interpretability. Additionally, we construct an ensemble model that averages predictions from these hybrid
models to further enhance predictive accuracy. This methodology section details the data preprocessing steps,
model architectures, evaluation metrics, and experimental flow to clarify our approach as presented in the figure
1.
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Figure 1. Activity Diagram of Experiment
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2.1 Dataset information

The dataset used in this study comprises 3,000 rows of daily data collected from 100 participants over 30 days
and can be downloaded from [21]. As presented in the figure 1, each row represents a unique observation,
capturing various psychological, behavioral, and physiological attributes for each participant. These attributes
encompass a range of factors influencing stress levels, including personality traits, sleep patterns, phone usage,
and mobility data. The Perceived Stress Scale (PSS) score serves as the target variable, providing a quantitative
measure of stress levels. Each participant is uniquely identified by a participant_id, and daily observations are
recorded sequentially across the study period. Personality traits such as Openness, Conscientiousness,
Extraversion, Agreeableness, and Neuroticism are captured, with values ranging from 1.0 to 5.0, providing
insight into the psychological attributes potentially influencing stress. Sleep patterns are detailed with attributes
like sleep_time, wake_time, and sleep_duration (all in hours), as well as the Pittsburgh Sleep Quality Index
(PSQI) score, indicating overall sleep quality. Behavioral data includes call_duration (in minutes), num_calls
(number of calls made), num_sms (messages sent), and screen_on_time (in hours), reflecting daily phone and
screen usage. Physiological metrics such as skin_conductance (microsiemens) and accelerometer readings (9-
force) capture participants' physical responses and activity levels. Mobility data is represented by
mobility_radius and mobility_distance, measured in kilometers, indicating movement range and distance covered
daily.

Table 1. Dataset Information

Column Description Data Type Range
participant_id Unique identifier for each participant Integer 1to 100

day Day of observation Integer 1t0 30

PSS _score Perceived Stress Scale score Integer 10to 40
Openness Openness to experience (personality trait) Float 1.0t05.0
Conscientiousness Conscientiousness (personality trait) Float 1.0t0 5.0
Extraversion Extraversion (personality trait) Float 1.0t0 5.0
Agreeableness Agreeableness (personality trait) Float 1.0t0 5.0
Neuroticism Neuroticism (personality trait) Float 1.0to 5.0
sleep_time Sleep time (in hours) Float 5.0t09.0
wake_time Wake time (in hours) Float 5.0t09.0
sleep_duration Duration of sleep (in hours) Float 6.0t0 9.0

PSQI_score Pittsburgh Sleep Quality Index score Integer 1to5

call_duration Total duration of phone calls (in minutes) Float 0to 60

num_calls Number of phone calls made during the day Integer 0to 20

num_sms Number of SMS messages sent during the day Integer 0to 50
screen_on_time Total screen-on time for the day (in hours) Float 1.0t0 12.0
skin_conductance Skin conductance (arousal/stress response in uS) Float 0.5t05.0
accelerometer Physical movement (g-force) Float 0.1to 2.5
mobility_radius Radius of mobility (in kilometers) Float 0.1to15
mobility distance  Total distance moved during the day (in kilometers) Float 0.5t05.0
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Figure 2. Data Distribution
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Figure 3. Feature Correlation
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Figure 5. Relationship between Personality Traits

The dataset exploration reveals valuable insights into the characteristics and relationships within the data,
particularly in terms of how various physiological, behavioral, and psychological attributes relate to perceived
stress levels, as measured by the Perceived Stress Scale (PSS). As presented in the figure 2, the distribution
analysis of key numerical variables, such as PSS_score, sleep_duration, call_duration, screen_on_time, and
num_calls, shows a relatively uniform distribution for most of these variables. The PSS scores are spread fairly
evenly across the observed range, indicating diverse stress levels among participants. Sleep duration shows most
participants falling between 6.5 and 8.5 hours, suggesting that sleep patterns are somewhat stable. In contrast, the
behavioral metrics related to phone usage, such as call_duration and screen_on_time, are more evenly
distributed, implying significant variability in participants' daily phone and screen time.

The correlation matrix provides an overview of the relationships between all features, highlighting
potential associations between variables as presented in the figure 3. The PSS score does not show strong
correlations with any specific attribute, suggesting that stress levels may not be directly influenced by individual
behavioral or physiological metrics in a linear way. Notably, moderate correlations appear among related phone
usage features like num_calls, num_sms, and call_duration, as expected, since these metrics represent similar
behaviors. Meanwhile, weak correlations among sleep-related attributes, such as sleep_time, wake_time, and
sleep_duration, confirm these are interdependent yet not highly correlated with other behavioral or stress
metrics. As presented in the figure 4, the pairwise relationships between key variables further illustrate these
patterns, with scatter plots showing minimal direct trends between PSS scores and features such as
sleep_duration, call_duration, screen_on_time, and num_calls. This lack of observable trends reinforces the
notion that stress levels may not be easily predicted by any single variable alone. The histogram distributions in
the pair plots align with the earlier observations from the distribution analysis, highlighting the diversity in
participant behaviors and indicating the absence of a dominant pattern across these attributes. Finally, as
presented in the figure 5, the relationship between personality traits and PSS score was examined through scatter
plots, assessing whether attributes like Openness, Conscientiousness, Extraversion, Agreeableness, and
Neuraticism exhibit any clear association with stress. However, no strong patterns were observed, suggesting
that while personality may influence stress perception, its effect might be complex or overshadowed by other
factors in this dataset. Each personality trait appears spread across the range of PSS scores without noticeable
clustering or linear trends, indicating that personality might not serve as a primary predictor for stress levels in
isolation.

2.2 Data Preprocessing

The dataset used in this study, referred to as D = {(X;, v;)}¥,, consists of physiological, behavioral, and
psychological data, where X; represents the feature set of each data sample and y; denotes the corresponding
Perceived Stress Scale (PSS) score. Each sample in X contains multiple attributes, including metrics like sleep
patterns, mobility, phone usage, and personality traits, making it multidimensional and complex. Given that our
models require input in specific formats, preprocessing is essential. First, we normalize each feature to ensure
consistency and stability during training. Let X; = [x;1, X;2, ..., X ] represent the features for the i-th sample,
where m is the total number of features. We apply standard scaling to each feature dimension x;; = x”a—_j”’ where

u; and o; are the mean and standard deviation of the j-th feature across all samples. This step ensures each
feature has a mean of zero and a standard deviation of one, reducing bias from features with larger scales and
making them comparable. After scaling, the feature vectors are reshaped to fit the input requirements of the deep
learning models. Specifically, to accommodate LSTM, GRU, and CNN layers, we reshape X' to a three-
dimensional tensor X,.,.q € RY*™<!, where each feature vector is treated as a single-channel time series with m
time steps.

Copyright © 2024 Author, Page 238
This Journal is licensed under a Creative Commons Attribution 4.0 International License



Journal of Computer System and Informatics (JoSYC)
ISSN 2714-8912 (media online), ISSN 2714-7150 (media cetak)
Volume 6, No. 1, November 2024, Page 234-243
https://ejurnal.seminar-id.com/index.php/josyc

DOI 10.47065/josyc.v6i1.6284

2.3 Model Architecture

Each of the three hybrid models is designed to leverage both spatial and temporal patterns in the data while using
attention mechanisms to prioritize critical features for stress prediction.

2.3.1 CNN-LSTM with Attention

The CNN-LSTM model begins with a 1D convolutional layer to capture local spatial patterns across feature
dimensions. For the input tensor X,..q, a convolution operation is defined by A = ReLU(W® * X, ,0q +
b™W) where W™ represents the set of convolutional filters, b is the bias term, * denotes the convolution
operation, and h" is the output feature map after applying the ReLU activation function. The convolutional
layer extracts features that emphasize variations across input features relevant to stress prediction. The output
from the convolutional layer is passed to an LSTM layer, which processes sequential dependencies. Let h;
denote the hidden state at time step t, and x, the input at the same step. The LSTM computes
hy = LSTM (h;_q, x¢; Op.g7m) Where 6, gy contains the LSTM’s weights and biases. The LSTM layer captures
temporal relationships among features over time, providing valuable context about how past states influence the
current prediction. Next, the attention mechanism assigns weights to the hidden states, allowing the model to
focus on the most relevant information. The attention score for each hidden state h, is computed as e; =

tanh(W,h, + b,) and o, = % where W, and b, are learnable parameters. The attention weights a;

highlight significant temporal features, and the context vector c is then calculated as a weighted sum ¢ =
Y. a.he. The context vector ¢ is passed through a dense layer to generate the final prediction § = W,c + b,
where W, and b, are the weights and bias for the output layer.

2.3.2 CNN-GRU with Attention

The CNN-GRU model follows the same structure as CNN-LSTM but replaces the LSTM layer with a Gated
Recurrent Unit (GRU) layer. The GRU operates similarly to the LSTM, with hidden states calculated as h; =
GRU(h;_4, x¢; Ogry) Where 8gry contains the GRU’s weights and biases. GRUs generally require fewer
parameters than LSTMs, making them computationally efficient while still capturing essential temporal
dependencies. The attention mechanism and output layer are implemented identically to those in the CNN-
LSTM model.

2.3.3 CNN-BiLSTM with Attention

The CNN-BIiLSTM model employs a bidirectional LSTM (BIiLSTM) to capture dependencies in both forward
and backward directions. For each time step t, two hidden states are computed
hPrvard = LSTMpryara (R, x4 O g ) @nd APV = LSTMy,ewara (REFYY, x5 8 g1 ). The final hidden
state h, is obtained by concatenating hfvard and hbackward - giving a richer representation of temporal
dependencies. The attention mechanism and dense layer follow the same structure as in previous models.

2.3.4 Ensemble Model

The ensemble model aggregates the predictions of the three hybrid models. Let yistm. Varu, and yeiistv denote
the predictions from CNN-LSTM, CNN-GRU, and CNN-BIiLSTM models, respectively. The ensemble
prediction yaemple 1S calculated as Yomombie = 2 LSTh +VGRI GRU+y BILSTM - Averaging across models improves robustness
and reduces the impact of individual model biases, yleldmg more reliable predictions.

2.4 Evaluation Metrics

To evaluate model performance, we employ several standard regression metrics. Mean Squared Error (MSE)
quantifies the average squared difference between true and predicted values MSE = %Z?’:l(yi —¥,)% where
Root Mean Squared Error (RMSE) provides the square root of MSE, offering an interpretable measure of error
magnitude RMSE = vMSE. The R-squared metric (R?) assesses how well the predictions approximate the true
I 0i-9)?
S 0i-9)?
measures the average absolute difference MAE = %Z?’zllyi — #,|. These metrics allow us to compare models
rigorously and determine the most accurate architecture.

Our experimental process begins with data preprocessing, including scaling and reshaping. We then train
the CNN-LSTM, CNN-GRU, and CNN-BIiLSTM models independently, applying early stopping to prevent
overfitting. Each model’s predictions are evaluated using the metrics above. Finally, the ensemble model
combines individual predictions to assess whether aggregation improves overall performance. This sequential
flow ensures that each stage, from data preparation to model evaluation, contributes to generating accurate,
interpretable stress predictions that address the limitations observed in prior single-model approaches.

values RZ =1 — where ¥ is the mean of observed values. Finally, Mean Absolute Error (MAE)
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3. RESULT AND DISCUSSION

The results of our experiments demonstrate the performance of each hybrid deep learning model, as well as the
ensemble model, in predicting stress levels as presented in the table 2. The performance of each model was
evaluated using four key metrics: Mean Squared Error (MSE), Root Mean Squared Error (RMSE), R-squared
(R?), and Mean Absolute Error (MAE). Each metric provides insights into different aspects of model accuracy,
with lower values indicating better performance for MSE, RMSE, and MAE, while a higher R-squared (R?).

Table 2. Model Comparison

Model MSE RMSE R? MAE
CNN-LSTM with Attention 70.99 8.43 -0.0068  7.27
CNN-GRU with Attention 75.76  8.70 -0.0743  7.48
CNN-BIiLSTM with Attention 82.08 9.06 -0.1639  7.66

Ensemble (CNN-LSTM + CNN-GRU + CNN-BILSTM) 73.53 857 -0.0426 7.37
3.1 CNN-GRU with Attention

The CNN-GRU with Attention model produced an MSE of 75.76, an RMSE of 8.70, an R? score of -0.0743, and
an MAE of 7.48. This model’s performance is close to that of CNN-LSTM, but with slightly higher error rates.
The GRU layer, known for its efficiency with fewer parameters, captures temporal dependencies similarly to the
LSTM layer but may have limitations in handling long-range dependencies as effectively as the LSTM. The
slightly higher MSE and MAE values indicate that the GRU’s efficiency may come at the cost of marginally
reduced accuracy in this specific dataset context.

3.2CNN-BIiLSTM with Attention

The CNN-BILSTM with Attention model yielded the highest MSE of 82.08, an RMSE of 9.06, an R? score of -
0.1639, and an MAE of 7.66. Despite the BILSTM’s bidirectional nature, which allows the model to capture
dependencies in both forward and backward directions, this model did not outperform the CNN-LSTM or CNN-
GRU models. The slightly higher error values suggest that the bidirectional LSTM’s complexity may have led to
overfitting or difficulty in generalizing to new data. The negative RZ score reflects a greater degree of
unexplained variance, indicating that while BiLSTM captures a broader range of dependencies, it may not be as
effective in focusing on the most relevant features in stress data.

3.3Ensemble Model (CNN-LSTM, CNN-GRU, CNN-BiLSTM with Attention)

The ensemble model, which combines predictions from CNN-LSTM, CNN-GRU, and CNN-BIiLSTM with
Attention, achieved an MSE of 73.53, an RMSE of 8.57, an R? score of -0.0426, and an MAE of 7.37. By
averaging the predictions, the ensemble approach leverages the strengths of each model while minimizing their
individual weaknesses, resulting in improved performance compared to the CNN-GRU and CNN-BIiLSTM
models. Although the ensemble did not outperform CNN-LSTM in terms of MSE or MAE, it provided a more
balanced and stable prediction with intermediate error rates. This suggests that the ensemble method benefits
from the diversity of models, potentially enhancing robustness and reducing the impact of model-specific biases.

3.4 Discussion

The experimental results reveal that among the individual models, CNN-LSTM with Attention achieved the best
performance across most metrics. This indicates that the LSTM layer’s ability to manage longer temporal
dependencies, coupled with the spatial feature extraction of CNN and the interpretive benefits of attention
mechanisms, makes CNN-LSTM particularly suited for complex stress prediction tasks. The effectiveness of
attention layers across all models demonstrates their utility in stress detection, as they allow each model to focus
on the most critical data patterns, improving interpretability and potentially boosting accuracy. The relatively
weaker performance of the CNN-BILSTM model suggests that increased complexity does not necessarily
translate to better performance. The bidirectional nature of BiLSTM captures more dependencies, but it may also
introduce redundancy, making it harder for the model to generalize. Similarly, the CNN-GRU model, while
efficient, may not capture temporal features as thoroughly as CNN-LSTM in this dataset context. The ensemble
model’s performance indicates the value of combining predictions from multiple architectures to achieve a more
balanced and robust output. While the ensemble did not outperform CNN-LSTM in every metric, it reduced
model-specific errors and provided a stable prediction. This aligns with previous studies suggesting that
ensemble methods can improve reliability, particularly in applications where multiple dependencies and complex
data structures exist.

3.5 Threats to Validity and Limitations

The study presents a robust approach to stress detection using hybrid deep learning models with attention
mechanisms. However, certain threats to validity and limitations could impact the generalizability and
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effectiveness of our findings. A primary threat to validity is dataset bias, as the data used in this research
originates from a specific group of individuals over a limited time frame. This cohort may exhibit stress patterns
that are not universally applicable, potentially limiting the model's effectiveness across diverse populations with
varying demographics, cultural backgrounds, or lifestyles. This narrow dataset scope may introduce bias, making
it challenging to generalize the model’s predictions beyond the studied group. Additionally, data quality presents
another threat to validity. The dataset contained missing values, which were filled with median values during
preprocessing. While this approach is common, it may not capture the true stress patterns and could introduce
noise into the model. Furthermore, some features, particularly behavioral and self-reported metrics, may have
intrinsic variability or bias, impacting prediction accuracy. The model complexity, stemming from the use of
CNN, LSTM, GRU, and attention layers, poses an additional threat. While these layers enable the capture of
both spatial and temporal dependencies, the increased complexity may lead to overfitting, which can hinder
generalizability. Although techniques like early stopping were implemented to address this, the potential for
overfitting remains. Moreover, even with attention mechanisms, the model’s interpretability remains limited. In
practical applications, especially in healthcare, interpretability is crucial to understanding which specific features
contribute most to predictions. This interpretability limitation could reduce the practical utility of the models in
real-world stress monitoring applications. Lastly, the evaluation metrics we used, including MSE, RMSE, R?,
and MAE, focus on accuracy but may not fully capture potential biases or underlying variances in stress data.
Future work could incorporate additional metrics or validation approaches, such as cross-population validation,
to provide a more comprehensive assessment of model effectiveness. The study also has certain limitations.
First, the results may not be fully generalizable due to the dataset’s specific attributes and demographics.
Although our models performed well on the available data, they were trained on a finite sample of participants,
which may not encompass all stress-related factors, especially those specific to different demographic or
environmental contexts. Thus, validating the models with datasets from diverse populations is necessary to
improve generalizability. The high computational demands of the hybrid models also present a limitation, as they
require significant resources for training and inference due to the inclusion of attention mechanisms and complex
layers. This constraint could affect the scalability and deployment of the models, especially in low-resource
settings or on edge devices. Additional optimization efforts would be needed to make these models feasible for
real-time applications without sacrificing accuracy.

Another limitation arises from the dataset’s 30-day timeframe, which may be insufficient for capturing
long-term stress patterns or seasonal variations. Longer-term data, extending over months or even years, could
offer deeper insights into trends in stress and improve model robustness. The absence of such longitudinal data
limits our understanding of the temporal evolution of stress and restricts the model’s capacity to generalize over
extended periods. Furthermore, our models lack real-time adaptive feedback capabilities, an important feature
for real-world stress monitoring applications. Real-time systems often need to adapt dynamically to new data or
changing user conditions. Future research could explore models that update continuously as new data is
integrated, which would enhance responsiveness and accuracy. Lastly, while attention mechanisms offer some
interpretability by highlighting important features, the overall complexity of the models remains a challenge for
practical deployment. Clearer insights into feature contributions are often essential in healthcare applications,
where practitioners need to understand the factors driving stress predictions. Future work could integrate
additional interpretability tools or methods to address this challenge, making predictions more actionable and
understandable for practitioners. In conclusion, while this study shows promising results in stress detection using
advanced hybrid architectures, addressing these threats to validity and limitations in future research will enhance
model generalizability, scalability, and practical utility in health monitoring and intervention settings.

3.6 Practical Implications

The results of this study have several practical implications for developing and implementing stress detection
systems, especially in health monitoring and intervention applications. The strong performance of the CNN-
LSTM with Attention model suggests that hybrid architectures, which combine spatial feature extraction with
temporal sequence modeling, are highly effective in analyzing complex stress data. The inclusion of attention
mechanisms further enhances the model’s ability to prioritize relevant features, making predictions more
interpretable and actionable. This model’s effectiveness implies that stress detection systems can benefit
significantly from advanced neural network architectures that integrate both feature extraction and sequential
learning, providing more accurate and targeted predictions that may inform timely interventions. The ensemble
model’s stability across different metrics highlights the value of using ensemble approaches to mitigate model-
specific weaknesses, suggesting that combining multiple hybrid architectures could yield a more robust and
balanced prediction output.

This approach is particularly useful in real-world applications where stress data may vary significantly
among individuals or over time. For example, in wearable devices or mobile health applications, integrating
ensemble models could help smooth out fluctuations in stress predictions, thereby reducing false positives or
negatives and improving the user’s overall experience. This level of reliability is crucial in healthcare, where
inaccurate stress assessments could lead to unnecessary alerts or missed critical interventions. For practical
deployment, the findings also underscore the importance of choosing architectures suited to both the dataset
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complexity and the deployment environment. While CNN-LSTM with Attention offers high accuracy, its
computational demands may require optimization for use in low-resource settings or real-time applications. The
results suggest that simpler architectures, like CNN-GRU, can provide efficient alternatives, balancing accuracy
with computational efficiency. Thus, in scenarios where resources are limited, or quick, real-time responses are
essential, a CNN-GRU-based model might be preferable.

4. CONCLUSION

This study explored the application of hybrid deep learning models enhanced with attention mechanisms for
stress detection, comparing the performance of CNN-LSTM, CNN-GRU, and CNN-BILSTM architectures, as
well as an ensemble model combining these approaches. The results demonstrate that the CNN-LSTM with
Attention model performed best across most metrics, underscoring the effectiveness of combining convolutional
and recurrent layers to capture both spatial and temporal dependencies in complex stress-related data. The
attention mechanism further contributed by allowing the model to focus on the most relevant features, enhancing
interpretability and predictive accuracy. The ensemble model offered a balanced performance, mitigating
individual model biases and improving prediction stability. This finding reinforces the potential of ensemble
approaches in applications where robustness is paramount, as they help reduce fluctuations and improve
reliability in diverse data environments. Although CNN-BIiLSTM showed limitations in generalizability and
interpretability, the study illustrates that increased model complexity does not always equate to improved
accuracy and may, in fact, lead to overfitting if not carefully managed. These insights have practical implications
for the development of stress detection technologies, particularly in wearable devices and mobile health
applications where reliable and interpretable predictions are essential. By combining the strengths of CNN and
recurrent networks, with added attention mechanisms, developers can build systems that offer timely, accurate,
and interpretable assessments of stress. Future research may focus on optimizing these models for real-time
applications, incorporating adaptive mechanisms for personalized stress prediction, and expanding datasets to
enhance model generalizability across different populations and contexts.
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