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Abstract: Mental health disorders constitute a significant global challenge, compounded
by the limitations of traditional management approaches that rely heavily on subjective
self-reports and infrequent professional evaluations. This study presents a groundbreaking
IoT-based system that integrates big data analytics, fuzzy logic, and machine learning to
revolutionise mental health monitoring. In contrast to existing solutions, the proposed
system uniquely incorporates environmental factors, such as temperature and humidity in
enclosed spaces—critical yet often overlooked contributors to emotional well-being. By
leveraging IoT devices to collect and process large-scale ambient data, the system provides
real-time classification and personalised visualisation tailored to individual sensitivity
profiles. Preliminary results reveal high accuracy, scalability, and the potential to gen-
erate actionable insights, creating dynamic feedback loops for continuous improvement.
This innovative approach bridges the gap between environmental conditions and mental
healthcare, promoting a transformative shift from reactive to proactive care and laying the
groundwork for predictive environmental health systems.

Keywords: mental health monitoring; IoT; ambient data analytics; temperature and
humidity; big data; fuzzy logic; machine learning; personalised visualisation; environmental
health systems

1. Introduction
Mental health disorders constitute a critical global health challenge, impacting mil-

lions of lives and imposing significant social and economic burdens. The World Health
Organization (WHO) identifies mental health conditions such as anxiety, depression,
and stress-related disorders as leading causes of disability worldwide [1]. Despite in-
creasing awareness, existing mental health management strategies remain hindered by
reliance on subjective self-reports and periodic professional evaluations [2], which often
lack objectivity, immediacy, and accessibility. These shortcomings severely limit the delivery
of effective, personalised interventions, particularly in resource-limited environments.

1.1. Mental Health and Environmental Factors

Recent advancements in emotional well-being monitoring systems have begun to
address these challenges by utilising data-driven techniques to identify emotional states [3].
Many of these systems leverage wearable sensors, smartphones, and other digital platforms
to gather physiological and behavioural data, offering insights into individuals’ mental
health [4]. However, these solutions primarily focus on internal factors, such as heart
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rate variability and sleep patterns, while neglecting the impact of external environmental
conditions, including temperature, humidity, air quality, and lighting. Research has shown
that such environmental factors significantly influence emotional well-being and mental
health, particularly in enclosed spaces where people spend a substantial portion of their
time [5,6]. Ignoring these factors limits the comprehensiveness and efficacy of current
monitoring solutions. Studies have shown that temperature, humidity, and other ambient
factors can profoundly affect mental health [7]. However, they remain underutilised in
treatment and prevention strategies.

1.2. The Role of Big Data and IoT in Mental Health Management

In this context, the Internet of Things (IoT) has emerged as a transformative technology
capable of addressing mental health monitoring gaps. IoT devices equipped with envi-
ronmental sensors can continuously collect vast amounts of real-time data, creating new
opportunities for monitoring the interplay between environmental conditions and mental
health. The application of IoT in health monitoring is increasingly prevalent, with several
studies exploring its role in managing chronic conditions, sleep disorders, and stress lev-
els [8–10]. When combined with big data analytics, fuzzy logic, and machine learning (ML)
techniques, IoT systems can process and analyse these datasets to uncover meaningful
patterns, provide actionable insights, and deliver personalised recommendations. With the
proliferation of IoT devices, environmental data can now be collected continuously at an
unprecedented scale. Big data analytics offers a powerful framework to process, analyse,
and extract actionable insights from these data.

This paper proposes a novel IoT-based system for mental health monitoring that
integrates these technologies to address critical shortcomings in traditional and emerging
methods. The system aims to offer real-time classification, visualisation, and predictive
analytics tailored to individual needs by capturing and analysing ambient environmental
data alongside personal sensitivity profiles. The proposed approach enhances the accuracy
and relevance of mental health monitoring. It fosters a shift from reactive to proactive care
by enabling early detection of adverse conditions and their impact on emotional well-being.

This study aims to address the following questions:

1. How can big data and IoT technologies improve environmental monitoring for mental
health management?

2. What predictive capabilities can be introduced to anticipate adverse conditions?
3. How can these predictions be personalised to account for individual sensitivities?

The remainder of this paper is organised as follows: Section 2 reviews related work
in IoT-based mental health monitoring and the role of environmental factors. Section 3
outlines the design and architecture of the proposed system, detailing the integration of
IoT devices, big data analytics, fuzzy logic, and machine learning. Section 4 presents
initial experimental results, highlighting the system’s performance in terms of accuracy,
scalability, and real-world applicability. Section 5 discusses the implications of the findings,
including their potential to empower mental healthcare providers and individuals. Finally,
Section 6 concludes the paper, summarising contributions and outlining directions for
future research.

2. Related Work
2.1. Environmental Factors and Mental Health

Environmental factors play a significant role in influencing mental health outcomes.
Various studies have highlighted the impact of physical surroundings, such as urban envi-
ronments, pollution, noise, and climate change, on psychological well-being. Urbanisation,
for instance, has been linked to increased stress levels and higher risks of anxiety and



Appl. Sci. 2025, 15, 912 3 of 14

depression due to factors like overcrowding, lack of green spaces, and heightened exposure
to noise pollution [11,12]. Air pollution, particularly exposure to fine particulate matter
(PM2.5), has been associated with cognitive decline and the exacerbation of psychiatric dis-
orders [13]. Similarly, natural disasters and extreme weather events, which are intensifying
due to climate change, have been shown to contribute to post-traumatic stress disorder
(PTSD), depression, and anxiety disorders [14].

Understanding these relationships underscores the need for interdisciplinary ap-
proaches combining public health, environmental science, and urban planning to address
the mental health challenges associated with environmental factors.

2.2. Recent Advancements in Predictive Modelling

Recent advancements in predictive modelling have significantly contributed to en-
vironmental monitoring and mental health fields. Among these, two of the most notable
developments are the application of cognitive computing to predict the flow status of flexi-
ble rectifiers and the predictive modeling of flexible electrohydrodynamic (EHD) pumps
using Kolmogorov–Arnold Networks (KAN).

The first advancement leverages cognitive models to enhance the accuracy of stress
prediction systems by integrating environmental and physiological data. Peng et al. [15]
explore this methodology, demonstrating its potential in adaptive stress detection systems.

The second advancement involves the use of KAN, which employs learnable spline-
based activation functions to model complex nonlinear relationships. This approach
offers improved predictive accuracy over traditional models. Peng et al. [16] highlight
KAN’s effectiveness in capturing intricate interactions between environmental factors and
individual responses, which can be applied to refine stress detection models for better
precision in predicting mental health outcomes.

These advancements underscore the growing role of intelligent, flexible systems in en-
hancing prediction accuracy within uncertain and dynamic environments, with promising
applications in mental health prediction and stress detection.

2.3. Big Data in Healthcare

The integration of big data analytics in healthcare has transformed the way medical
professionals diagnose, treat, and manage diseases. With the proliferation of electronic
health records (EHRs), wearable devices, and other health-related technologies, an unprece-
dented volume of data are now available for analysis [17]. Big data enable the identification
of patterns and trends in patient populations, facilitating predictive analytics and person-
alised medicine. For example, machine learning algorithms can analyse large datasets to
predict disease outbreaks, optimise treatment plans, and improve patient outcomes [18].

However, challenges such as data privacy, interoperability, and the need for advanced
computational infrastructure must be addressed to fully harness the potential of big data in
healthcare. As the field evolves, ethical considerations surrounding the use of patient data
and the potential for algorithmic bias remain critical areas of focus [19].

2.4. Fuzzy Logic in Environmental Data Analysis

Fuzzy logic, a mathematical approach based on degrees of truth rather than binary
logic, has emerged as a powerful tool for analysing complex and uncertain environmental
data. Environmental systems often involve intricate interdependencies and imprecise
information, making traditional analytical methods less effective [20]. Fuzzy logic provides
a framework for dealing with such uncertainties, enabling researchers to model complex
environmental phenomena more accurately. Applications of fuzzy logic in environmental
data analysis include air quality monitoring, climate change modelling, and disaster risk
assessment. For instance, fuzzy logic systems can evaluate air quality indices by integrat-
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ing multiple parameters, such as pollutant concentrations, humidity, and temperature,
to produce comprehensive assessments [21].

The adaptability of fuzzy logic allows for the incorporation of expert knowledge and
subjective judgments, making it particularly useful for decision-making in environmental
management. Despite its advantages, the implementation of fuzzy logic requires careful
design and validation to ensure reliability and accuracy. As environmental challenges
become increasingly complex, the role of fuzzy logic in providing actionable insights is
expected to grow significantly.

3. Methodology
This section outlines the methodology employed in the proposed IoT-based mental

health monitoring system, which leverages big data, machine learning, and environmental
sensors to monitor temperature and humidity levels in enclosed settings for managing the
mental health status of residents. The system’s objective is to identify correlations between
environmental parameters (specifically temperature and humidity) and emotional states
(particularly stress level), as well as to develop predictive models for early intervention.

3.1. Datasets

For this study, three publicly available datasets containing temperature and humidity
measurements from enclosed environments were selected. These datasets were chosen be-
cause they offer a variety of environmental conditions and span multiple settings, providing
a diverse range of data points for analysis.

1. Correlating Indoor and Outdoor Temperature and Humidity in a Sample of Build-
ings in Tropical Climates [22]—This dataset includes absolute humidity, relative
humidity, and temperature measurements for indoor and outdoor environments
across 35 buildings in eight tropical cities. We extracted Tmp and RH data from each
building to create a consolidated dataset, referred to as dataset1 , for our subsequent
analyses.

2. Indoor Temperature and Relative Humidity Dataset [23]—This dataset comprises
indoor temperature and relative humidity measurements collected over a month
using twelve Xiaomi Mijia sensors in Medellín, Colombia. We consolidated all sensor
data into dataset2 for further analysis.

3. Temperature and Humidity Dataset [24]—This dataset includes temperature and hu-
midity measurements for three regions, including Shenyang, Beijing, and Guangzhou.
The data from all three cities have been combined into dataset3 for subsequent analysis.

Each dataset contains time-stamped records of temperature and humidity levels, which
were merged into a unified database for analysis. The primary objective was to analyse
the relationship between these environmental variables and the emotional well-being of
individuals within these environments.

3.2. Data Collection and Preprocessing

Data were collected using IoT-enabled devices, including temperature and humidity
sensors, which transmitted real-time readings to central servers. These IoT devices were
distributed across the environments. They collected data at different intervals depending
on the dataset, as described in Section 3.1.

Environmental factors, particularly temperature and humidity, significantly influence
emotional well-being and stress levels. Extreme temperatures and high humidity have been
linked to increased stress, discomfort, and negative emotional states, while moderate condi-
tions are generally more conducive to emotional balance and reduced stress [25]. Research
indicates that high temperatures can negatively affect mental health, leading to increased
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hospitalisation for mental illness [26]. Moreover, high humidity levels, particularly when
combined with elevated temperatures, can exacerbate stress and discomfort [27]. Con-
versely, moderate temperatures and humidity levels are associated with better emotional
well-being and reduced stress [28]. On the other hand, exposure to cold temperatures can
lead to increased stress and negative mental health outcomes. For instance, individuals
living in cold homes are at a higher risk of severe mental distress [29].

High humidity levels, particularly when combined with elevated temperatures, can
exacerbate stress and discomfort. Florido et al. [30] found that relative humidity showed a
significant correlation with suicide rates, indicating that both temperature and humidity
are important factors in mental health.

Based on findings from prior studies, the relationship between temperature, humid-
ity, and stress levels can be systematically analysed and categorised into distinct categories,
as outlined in Table 1. These categories provide a structured framework for associating envi-
ronmental conditions with stress levels, serving as a foundation for real-time stress monitoring
and personalised mental health interventions.The thresholds used for categorising stress levels
were informed by a combination of empirical studies and domain-specific knowledge.

Table 1. Categorisation of Stress Levels Based on Temperature and Humidity.

Stress Level Temperature Range Humidity Range

Very High Below −20 °C or above 30 °C Above 80%
High Below −10 °C or 31 °C to 35 °C 70% to 80%
Medium −10 °C to −1 °C or 26 °C to 30 °C 50% to 70%
Low 0 °C to 15 °C 30% to 50%
Very Low 16 °C to 25 °C 40% to 60%

These thresholds represent general boundaries derived from aggregated data, high-
lighting typical stress responses to specific temperature and humidity levels. However,
it is crucial to recognise that these categories may require personalisation to accurately
reflect individual experiences and environmental contexts. Factors such as acclimatisation
to local climates, cultural variations in comfort levels, and individual health conditions
significantly influence how environmental factors impact stress and emotional well-being.
Future implementations of these categorisations should consider adaptive mechanisms to
fine-tune thresholds based on personal and contextual variables, ensuring more accurate
and meaningful assessments.

The preprocessing steps involved the following:

• Data Cleaning: Missing data points were handled by using interpolation methods
based on surrounding values. Outliers were detected using z-scores and were removed
if they deviated significantly from the rest of the dataset.

• Normalisation: Temperature and humidity readings were normalised to a standard
scale to ensure uniformity and improve the performance of machine learning models.

• Data Labelling: Emotional states were labelled based on the literature, as mentioned
above. This labelling helped establish the ground truth for training the machine
learning models.

3.3. Machine Learning and Big Data Integration

Given the volume and complexity of the data from three different datasets mentioned
in Section 3.1, we used big data tools for distributed data processing and machine learning.
The following steps were undertaken:

• Data Processing: The data were processed using standard machine learning and deep
learning techniques in Python. The datasets were loaded using pandas and then
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cleaned and preprocessed through normalisation and feature scaling. We applied
z-score normalisation to temperature and humidity values and handled missing data
through interpolation. The final dataset was then labelled based on predefined stress
levels derived from temperature and humidity conditions. Models were trained and
evaluated on a 70–30% split for training and testing data.

• Feature Selection: A combination of statistical analysis and domain knowledge was
used to identify the most relevant features for predicting emotional states. The selected
features included temperature (T), humidity (RH), and historical temperature and
humidity values, which were used to classify stress levels into five categories: very
low, low, medium, high, and very high.

• Model Training: Several machine learning algorithms were implemented, including:

1. Logistic Regression (LR): LR was chosen as a baseline model due to its simplicity,
interpretability, and efficiency for binary and multi-class classification tasks. It
is particularly effective for datasets where the relationship between features
(temperature and humidity) and the target (stress levels) is approximately linear,
making it a natural choice for initial model comparison.

2. Support Vector Machines (SVM): SVM was selected for its ability to perform
well in high-dimensional spaces and its robustness in handling both linear and
non-linear decision boundaries. The Radial Basis Function (RBF) kernel was used
to capture the complex relationships between temperature, humidity, and stress
levels, especially when the data are not linearly separable. This makes SVM a
powerful tool for classification problems where accuracy is critical.

3. Long Short-Term Memory (LSTM) Networks: LSTM was chosen to model the
sequential dependencies between historical temperature and humidity values.
As a type of Recurrent Neural Network (RNN), LSTM is designed to capture
long-term dependencies, which is critical for predicting stress levels based on
time-series data. This ability to account for temporal patterns makes LSTM
ideal for scenarios where emotional states may evolve over time, driven by the
continuous fluctuations in temperature and humidity.

Each model was trained using a 70–30% split for training and testing data. We
performed hyperparameter tuning for each algorithm using grid search and cross-
validation to optimise model performance.

• Model Evaluation: The models were evaluated using various performance metrics,
including accuracy, precision, recall, and F1 score. We also assessed the ability of
each model to predict stress levels based on historical temperature and humidity
values, simulating a 30 min prediction window to enable early intervention in real-
world scenarios.

3.4. System Architecture

This system is designed to enable continuous environmental data collection and
real-time analysis for stress level prediction. The system architecture is illustrated in
Figure 1, which provides a detailed representation of the integration between data collection,
processing, and predictive analysis.

The system comprises the following key components:

• IoT Devices: These devices are equipped with sensors to continuously monitor
temperature and humidity levels, which are critical environmental factors influencing
emotional states. The real-time data collected by these sensors form the foundation
for predicting stress levels by capturing fluctuations in environmental conditions.

• Data Collection and Processing Platform: This platform handles the acquisition and
preprocessing of sensor data using Python libraries such as pandas and NumPy. The pre-
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processing workflow includes addressing missing values, normalising temperature and
humidity, and calculating z-scores to standardise the data. This ensures the data are
clean and ready for machine learning model training and real-time predictions.

• Data Processing and Machine Learning Framework: The processed data are utilised
to train and evaluate multiple machine learning models, including Logistic Regres-
sion (LR), Support Vector Machines (SVM), and Long Short-Term Memory (LSTM)
networks. Training is performed using a 70–30% train–test data split, with hyperpa-
rameter tuning applied to optimise model performance. These models are rigorously
evaluated using metrics such as accuracy, precision, recall, and F1 score to ensure
dependable predictions of stress levels.

• Model Deployment: The trained machine learning models are deployed to provide
real-time predictions of emotional states based on live environmental data. The models
categorise stress levels into five predefined categories, enabling dynamic assessment of a
user’s emotional well-being in response to current temperature and humidity conditions.

Figure 1. System Architecture: A comprehensive framework integrating IoT devices, data processing
platforms, and machine learning models for real-time stress monitoring and prediction.

4. Results and Experiment
This section presents the experimental results based on the three datasets, focusing

on the analysis of temperature and humidity levels in enclosed environments and their
relationship with emotional states. The following experiments evaluate the effectiveness
of the proposed system using three machine learning models: Logistic Regression (LR),
Support Vector Machine (SVM), and Long Short-Term Memory (LSTM).

4.1. Performance of Machine Learning Models

Table 2 provides a comprehensive summary of the performance of three machine
learning models—Logistic Regression (LR), Support Vector Machines (SVM), and Long
Short-Term Memory (LSTM) networks—in classifying stress levels based on environmental
data. The evaluation metrics include accuracy, precision, recall, and F1 score, offering a
detailed assessment of each model’s effectiveness.
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Table 2. Performance Metrics of Machine Learning Models for Stress Level Classification.

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%)

LR 96.04 94.34 96.04 95.18
SVM 97.95 96.22 97.95 97.07
LSTM 70.03 49.00 70.03 56.65

The results highlight that the SVM model outperformed the others, achieving the
highest accuracy (97.95%) and demonstrating balanced performance across all metrics.
The Logistic Regression (LR) model also performed well, with a slightly lower accuracy of
96.95%. In contrast, the LSTM model showed moderate performance, with an accuracy of
70.03% but significantly lower precision (49%), likely due to the limited size of the training
dataset and a lack of diverse temporal patterns in the environmental data. These findings
suggest that while SVM is the most suitable for stress level classification in this context,
the LSTM model’s performance may be improved with further optimisation, such as
hyperparameter tuning (e.g., adjusting learning rate, number of layers, and units per layer)
and by using a more suitable dataset with stronger temporal dependencies. In addition,
the lack of diverse temporal features in the dataset may have limited LSTM’s ability to
capture important patterns, potentially limiting its ability to improve prediction accuracy.
This insight opens avenues for future work, where temporal models like LSTM might
perform better with more data or refined feature engineering.

4.2. Predictive Accuracy

Figure 2 illustrates a comparative analysis of the predictive accuracy of the three
machine learning models—Logistic Regression (LR), Support Vector Machines (SVM),
and Long Short-Term Memory (LSTM) networks—based on their classification results.
The chart highlights that the SVM model consistently outperformed LR and LSTM across
all evaluation metrics, including precision, recall, and F1 score. This visual comparison
validates the robustness and reliability of the SVM model for classifying stress levels using
static environmental data.

Figure 2. Comparison of Precision, Recall, and F1 Score Across Machine Learning Models: SVM
Outperforms LR and LSTM in Handling Static Environmental Data.

Each model’s performance was further analysed using confusion matrices for the
five stress level categories: Very Low, Low, Medium, High, and Very High. These matrices
provided detailed insights into the models’ classification capabilities and highlighted areas
for potential improvement. The following subsections discuss the key findings from this
evaluation in detail, focusing on each model’s strengths and limitations in addressing the
classification task.
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4.3. Class Imbalance and Model Performance

Figures 3–5 illustrate the impact of class imbalance on the performance of the Logistic
Regression (LR), Support Vector Machine (SVM), and Long Short-Term Memory (LSTM)
models. The dataset is dominated by the “Very Low” and “Very High” classes, which
skew model performance towards these categories. While all models demonstrate high
accuracy for the “Very Low” class, their ability to correctly classify the “Low”, “Medium”,
and “High” classes is significantly limited.

Figure 3. Confusion Matrix for Logistic Regression (LR): The model performs well for dominant
classes but struggles with mid-range categories.

Figure 4. Confusion Matrix for Support Vector Machine (SVM): The model shows improved accuracy
for “Very High” and slight improvements for “Low” and “Medium” classes.
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Figure 5. Confusion Matrix for Long Short-Term Memory (LSTM): The model excels in predicting
“Very High” but fails entirely for “Low”, “Medium”, and “High” classes.

4.3.1. Logistic Regression

As shown in Figure 3, the strengths and weaknesses of the LR model are as follows:

• Strengths: The LR model correctly predicts 113,195 instances for the “Very Low” class
and 6621 instances for the “Very High” class, showcasing its strong performance on
the dominant classes.

• Weaknesses: The model struggles with mid-range classes, misclassifying 625 instances
of “Very High” as “Very Low” and 124 instances of “Very Low” as “Very High”. This
indicates limited capacity to differentiate between these mid-range stress levels.

4.3.2. Support Vector Machine

As depicted in Figure 4, the SVM model exhibits the following strengths and weaknesses:

• Strengths: SVM improves predictions for the “Very High” class with 7166 correct
predictions. It also demonstrates marginal improvement over LR in identifying “Low”
(16 correct predictions) and “Medium” (6 correct predictions) classes.

• Weaknesses: Despite improvements, the SVM model misclassifies the majority of
“Medium” and “High” instances as “Very Low”, highlighting its difficulty with under-
represented classes.

4.3.3. Long Short-Term Memory

Figure 5 shows the strengths and weaknesses of the LSTM model:

• Strengths: LSTM achieves comparable results to SVM and LR for the “Very Low” class,
with 113,329 correct predictions. It also performs the best among the three models for
the “Very High” class, achieving 7246 correct predictions.

• Weaknesses: The LSTM model fails to predict any instances of the “Low”, “Medium”,
and “High” classes, misclassifying them all as “Very Low”. This suggests significant
overfitting to dominant class patterns, likely due to insufficient representation of
minority classes in the training data.
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4.3.4. Comparative Insights

Across all three models (Figures 3–5), the significant class imbalance skews predictions
heavily towards the “Very Low” and “Very High” categories:

• SVM (Figure 4) demonstrates slightly better performance for the “Low” and “Medium”
classes compared to LR and LSTM.

• LSTM (Figure 5) outperforms both LR and SVM for the “Very High” class but performs
poorly for mid-range classes due to overfitting.

These findings highlight the need for techniques to address class imbalance, such as
oversampling minority classes or employing advanced cost-sensitive learning methods to
improve classification performance for underrepresented categories.

5. Discussion
This study investigated the integration of IoT technology with machine learning mod-

els to classify stress levels based on environmental factors, specifically temperature and
humidity. The results highlighted the effectiveness of various machine learning approaches,
focusing on Logistic Regression (LR), Support Vector Machine (SVM), and Long Short-Term
Memory (LSTM) networks. Fuzzy logic was also employed to enhance the classification
process, particularly in dealing with the inherent uncertainty and variability in the environ-
mental data. This section discusses the implications of these findings, the limitations of the
proposed methodology, and potential avenues for future work.

5.1. Analysis of Model Performance

The comparative evaluation of LR, SVM, and LSTM models provided critical insights
into their performance. LR and SVM demonstrated high accuracy and precision, making
them well-suited for scenarios where computational efficiency and reliability are essential.
However, their limitations in capturing temporal dependencies in environmental data
were evident.

The LSTM model, which is designed to leverage sequential data, showed moderate
performance relative to LR and SVM. While it excelled in identifying temporal trends and
fluctuations, its overall accuracy and F1 score were comparatively lower. This discrepancy
may stem from the limited size of the training dataset or suboptimal hyperparameter
configurations. Nevertheless, the LSTM’s capacity to forecast stress-inducing conditions
highlights its potential for real-time applications requiring predictive capabilities.

5.2. Impact of Environmental Factors

The analysis revealed a strong correlation between environmental factors—temperature,
humidity—and stress levels. These findings align with existing research, confirming that
elevated temperatures and humidity levels are associated with higher stress. The thresh-
olds identified for temperature and humidity provide actionable insights for designing
interventions, particularly in enclosed environments such as offices and homes. These
results underscore the importance of addressing environmental conditions as a critical
factor in emotional well-being.

5.3. Limitations

Several limitations of this study must be acknowledged. Firstly, the dataset was specific
to tropical cities, which may limit the generalisability of the findings to other climates and
populations. Expanding the dataset to include a broader range of environmental conditions
and user demographics could improve the robustness and applicability of the models.

Secondly, while the models effectively classified stress levels, relying solely on tem-
perature and humidity as predictors may oversimplify the complex nature of stress. Incor-
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porating additional variables, such as air quality, noise levels, or physiological data (e.g.,
heart rate), could provide a more holistic understanding of emotional states.

Lastly, labelling stress levels based on predefined thresholds for temperature and hu-
midity may not account for individual differences in stress responses. Future work should
explore personalised models that adapt to users’ unique sensitivities to environmental
factors, enhancing the system’s relevance and accuracy.

6. Conclusions
This study demonstrated the potential of integrating IoT and machine learning tech-

nologies for stress classification using environmental data. LR and SVM models were
shown to be effective for classification tasks, while the LSTM model exhibited promise for
predictive applications. Despite certain limitations, the findings lay the groundwork for the
development of advanced stress monitoring systems that leverage real-time environmental
data. By addressing the identified challenges and exploring proposed future directions, this
work has the potential to significantly enhance human well-being in smart environments.

Future Directions

Building on the current findings, several avenues for future research and development
are recommended:

• Dataset Expansion: Collecting larger datasets from diverse environments and popula-
tions will enhance model accuracy and generalisability.

• Feature Augmentation: Expanding input features to include physiological signals,
activity data, or contextual information will provide a more comprehensive under-
standing of stress factors.

• Edge Device Deployment: Developing lightweight versions of the models for de-
ployment on edge devices can enable real-time stress monitoring and feedback in
resource-constrained settings.

• Adaptive Models: Designing adaptive models that learn individual users’ stress
responses over time can improve the system’s personalisation and accuracy.

• Integrated Intervention Systems: Combining stress monitoring with intervention
mechanisms, such as environmental adjustments or relaxation prompts, can create a
holistic stress management solution.

• Data Augmentation and Class Imbalance Mitigation: Addressing the challenge of
class imbalance in stress detection systems, and incorporating techniques such as
oversampling, synthetic data generation, or cost-sensitive learning to create more
robust models, can improve performance and fairness, especially when dealing with
underrepresented stress levels in the data.

These directions aim to refine the system and broaden its applicability, ensuring a
more impactful contribution to the field of stress management and mental well-being.
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