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Abstract—Stress is an important physiological and
psychological reaction which, when prolonged, has a negative
impact on the health and well-being of humans. Traditional stress
assessment methods tend to be subjective and are not scalable in
real-time. In this research, a lightweight machine learning
framework to predict stress from easily measurable
environmental and activity-related features, temperature,
humidity, and steps, is introduced. The proposed method is
different from the approach that depends on complex
physiological signals and uses minimal non-invasive inputs that
can be applied in the wearable and 10T field. The stress level is
considered as the target variable, and all the features used as input
variables are independent from each other to prevent data
leakage. There are several machine learning and deep learning
models and their performances are measured, such as LightGBM,
Support vector machine (SVM), AdaBoost, Gated Recurrent Unit
(GRU). Bayesian hyperparameter optimization is used to improve
the performance of the model and guarantee strong
generalization. Experimental results show that LightGBM
outperforms the other models, giving an accuracy of 97% and a
balanced precision, recall and F1 score of 95%. The results
demonstrate promising predictive performance on the evaluated
dataset. However, since the model was validated on a relatively
small publicly available dataset, further evaluation using larger
and more diverse real-world datasets is required before practical
deployment.

Index Terms— Machine Learning, Stress Detection, LightGBM,
Bayesian Optimization, Classification Model.

. INTRODUCTION

TRESS is an ordinary as well as adaptive reaction of human

beings to unpleasant or dangerous conditions, also knowas

flight or flights response. This is an instinctive biological
response that helps people deal with immediate challenges,
threats or stressors. Stress is good in small doses, as it helps
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people attend to tasks, be alert and push through challenges.
However, prolonged stress that persists over a long period of
time can have a significant negative impact on physical and
mental health. Cardiovascular disease (high blood pressure,
heart disease), weakened immune system, gastrointestinal
disease (Gl), anxiety disorders and depression are among the
medical problems that have been correlated with chronic stress.
These conditions impact on an individual's life, their
community life and also have a significant burden on a
country's health care systems as well as society. It is only
recently that following observations of the effects of
unmanaged stress several years after exposure have occurred,
making it crucial to recognize stress early to take effective
countermeasures [1].

In today's world stress, which has become one of the leading
causes of diseases and is prevalent in our fast paced and more
demanding society. With more pressure than ever to work more
to secure employment in the job market and to pay our bills, it's
not surprising we are experiencing high levels of stress more
than ever. Technology has evolved at a high speed, reducing
our energy and setting new standards for connectivity and this
has caused us to lose the balance of work and life. Stress is
therefore a silent, silent disease that has become common
amongst individuals, organizations and communities. This is
because, these days the demand for efficient and accurate Stress
Detection systems has been increased by a lot. Early and
accurate detection of stress can help to provide timely
interventions to support adequate stress management before it
develops into chronic stress [2]. This is especially so in settings
that are likely to be stressful, such as in the workplace,
education institutions and healthcare settings, where stress can
impact a person's productivity and decision making both
individually and in group settings, which can impact wellbeing.
Stress assessment has been achieved by traditional means like
questionnaires, interviews and observation studies for many
years. These are useful tools to measure self-reported stress, but
can be subjective and prone to bias. Self-reports are based on
the memory of the person and his/her capacity to talk about
everything that happened, and that may be influenced by factors
like 'mood memory' and 'social desirability'. Stigma may lead
to an underreporting of stress, and an over reporting of stress
for attention. Studies used in an observational manner are more
variable and prone to error, and rely on the interpretation of the
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researchers or clinicians. This needs a paradigm shift in order
to find solutions that can objectively, reproducibly and scalable
detect the stress [3].

Because of the lack of objectivity in these traditional
methods, and the possibility of bias among the experts, other
methods are being explored that will likely lead to more reliable
and generalizable measures of stress. This system
implementation has been enhanced with the aid of
physiological and behavioral indices, which can be utilized to
transform the system into a continuous and automatic
unobtrusive way to measure stress electronically. These
systems can make more objective and non-invasive assessments
of stress via the characterization of physiological signals (e.g.
cardiovascular activity such as blood pressure, respiratory
pattern such as breathing rate and real time kinematics such as
facial expression) Blood pressure and the respiratory rate are
well-known parameters for the changes during the stress
response as the autonomic nervous system counters with
stressors by modulating them [4]. Similarly, the facial
expressions and micro expressions might be an indicator of a
fluctuant mood and hence to explore the psyche of a human
being. This was pivotal to the idea of getting physiological data
in the real world using wearable technology such as
smartwatches and fitness trackers. They also have sensors that
can sense humerous physiologic signals that generate a wealth
of data, suitable for a variety of stress detection analyses. The
automated stress detection systems can detect stress patterns
from multiple data sources, thanks to the latest advances in
machine learning (ML) and deep learning (DL). They have
been shown to be effective in analyzing both the environmental,
physiological and behavioral information to improve the
accuracy of predictions, and also to monitor real time stress
with no invasiveness in healthcare and wearable applications
[5]. These technologies can produce advanced algorithms that
can detect patterns or relationships in the data these
technologies collect, which can be converted into action and
utilized to help inform an individual's stress level. It's the
automatic systems to detect stress that really change lives and
are applied to thousands of applications. These systems can be
deployed at work to recognize those employees that might be
heading for burnout and, in turn, to enable targeted measures
like stress management training, flexible working or mental
health services. However, if it finds that the employee is under
alot of stress it should give him a break from his boss or a ‘help’
in the shape of a counsel service [6].

Usage in Healthcare for example, stress detection can assist
health care workers to check people with mental illness that
have a high degree of resemblance and consequently observing
how well they are progressing throughout treatment. At an
individual level, such a system can be used to provide them with
individualized feedback and suggestions for further action,
allowing them to take action and reduce stress. A device, for
example, that is able to detect a more serious situation of
physical strain with a person could recommend that they take a
break or practice being mindful. These foster coping skills and
reduce issues stemming from ongoing stress such as becoming
more adapted or a non-negative fixation [7].
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Itis not just that the multimodal data has not been referenced
at any point to improve the accuracy, but also the data from the
physiology (e.g. heart rate variability), behavior (e.g.
movement acceleration) and the environment (e.g. humidity)
has not been referenced at any point to improve the resiliency
for detecting stress. With that in mind and even more
importantly it appears that all of those little details about where
the subject is (home vs workplace) and maybe when (what
happens after 5:00 p.m.) it is taken gets into the head of blood
pressure. Meanwhile, the voice at least the language-voice
appears to offer a better set of metrics for various aspects of life
(more settings than moments). This way, it is easier to feel
stress and more focused (but perhaps less individualized but
flexible at best) interventions can be applied. When the system
detects that the user is in an advanced working situation, for
example, at an early working meeting, it could offer a breathing
exercise or just remind users to take short breaks [8].

If the system can have multiple stress (towards user, noise,
poor air quality etc) then it's more robust since it can provide
some kind of visualization of the situation and of the individual,
so the individual feels understood by the system; Sense the
reasoning as to why one can be stressed up, literally from
within? Well, that's the missing puzzle piece in the stress
detection puzzle, anyway. Once those signals can be explained,
then it's not all that difficult to cool it down or deal with it.
Hence the present requirement and use of stress detection
systems. Older approaches are limited in that respect; tech
advances don't have that limitation, and they open up new paths
and enable novel approaches to noninvasive real time stress
monitoring via automation, here. They might be a big stress
management game changer everywhere: at work, in health care
and in life. This is the only way people/businesses can minimize
stressors and keep them from becoming chronic stressors.
Thanks to the evolution of technologies, however, there is hope
for a world without the negative impacts of stress on patients if
they are diagnosed early and monitored ongoing [9].

By developing more accurate, reliable & personalized testing
devices, integration of superior ML/DL techniques and
knowledge base from physiological, behavioral and
environmental data can help enhancement in accuracy of stress
anomaly detection systems. As these technologies advance,
they will be more focused on assisting humans to live a more
balanced lifestyle in terms of mind and body wellness.
Hyperparameter tuning is also a significant aspect when
creating a strong stress detection system, optimizing parameters
of ML and DL models to utilize them for maximum stress
prediction accuracy. Hyperparameters are parameters such as
learning rate (stepsize), number of layers, number of units in
each layer, regularization parameters to prevent overfitting and
kernel functions that control the learning of a model. There are
many hyper-parameters for DL models, like CNN for vision, or
sequential data for RNN, and in addition to determine their
values, you also need to make sure that you don't overfit each
hyper-parameter on your training data: for each hyper-
parameter, you need to use something like validation set with
Adversarial examples before you can generalise on your test
set. In case of checking different ensemble methods like
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Gradient Boosting Machines(GBMs), Random Forests etc most
of the hyperparameters are very essential parameters such as
tree depth, number of estimators and learning rate etc. This is
the best configuration obtained by exploring a systematic way
in the hyperparameter space using Grid Search, Random search
and Bayesian Optimization techniques. From the application
point of view, the improvement in the evaluation of the
hyperparameter tuning can contribute to the enhancement of
detection accuracy, and the establishment of robust stress
detector systems [4]. With optimized parameters; researchers
and practitioners can obtain more resilient models that might be
used to face the complexity of the stress-based data, which in
turn, will help them develop more effective stress mitigation
approaches [10].

The study is not really in-depth, on the physiological aspects
like EEG, HRV, GSR etc. as most of the studies are based on.
However, it is more about the environmental and activity's
weak reminders, or cues, which is somewhat different. The
entire purpose is to see if it's possible to detect stress patterns
with a few, easily-collected data points, such as those that can
be tracked by a wearable and 10T based system, that are suitable
for computationally efficient machine learning models.

A. Related Work

The science of stress identification has continued to grow in
the last ten years or so, and there are now much more advanced
stress detection using showier biosensors, wearable devices and
computation techniques. The use of physiological signals and
machine learning (ML) and deep learning (DL) models has
been suggested in previous research to achieve accurate stress
detection results is very effective. Singh et al. proved the
feasibility of stress detection through biosensor and also
showed how the physiological responses like galvanic skin
response (GSR) and heart rate variability (HRV) can be
captured [11]. Fernandes et al. (2022) also investigated the
effectiveness of the use of blood pressure and GSR as indicators
of stress, and they revealed a good association between both
indicators. The stress detection systems based on sensors [12].
Alberdi et al. (2020) previously pointed out that multimodal
data for stress detection should be employed, and in their review
they mentioned a previous stress recognition system in the
office environment [13]. They stated that, when several
physiological signals are combined, such as HRV, skin
temperature, and respiratory patterns, the overall performance
of the system tends to become better, but in a more stable
manner. In addition, Pluntke et al. (2020) noted the role of
HRV in predicting physical and psychological stress in
firefighters, based on what is achievable with the use of ML
approaches. [14] The same HRV was also touted as a parameter
with high practical relevance, as it becomes more relevant in
various settings. The overall message in this piece was that
although the data is complex and physiological, ML models can
handle it, but do not break when the data gets messy. The use
of Wearable Technology for Advanced Stress Detection. In
addition, Sano and Picard (2021) demonstrated that the use of
wearables to collect human motion and physiological data is
useful for monitors. And even mobile phones, which are
sometimes used to sense stress in the real world, and results so
far, look promising [15].
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Likewise, Sandulescu et al. (2019) examined wearable
physiological sensors and found that they are a relatively useful
device for continuous monitoring of stress related biomarkers
such as heart rate and electrodermal activity (skin conductance)
[16]. A few years later, delmastro et al. (2023) [17] took this
idea forward, also in the same direction, of using cognitive
training coupled with stress detection for elderly people, and
measured it using wearable sensors. Several different methods
have been suggested for employing ML and DL advances for
stress detection. For instance, Elzeiny and Qarage (2022)
presented a fairly detailed review of ML techniques, and
highlighted their advantages, especially SVMs, Random
Forests, and ANN [18]. They also emphasized the need for
advanced DL models, such as CNN and RNNSs, to handle
complex time-series physiological data. Fajrin et al. (2024)
developed a fuzzy logic-based stress detection system using
physiological parameters, including blood pressure and body
temperature, to classify stress levels. Periyaswamy and
Balasubramanian [19] suggested the application of fuzzy logic
in the detection of stress using various physiological signals, in
the analysis of stress caused by battle dress uniform. They
demonstrated that using some combination of the physiological
parameters with fuzzy logic does lead to a more reliable and
accurate classification of stress level [20]. This sort of result
basically underlines the feasibility of using signals from brain
activity as an additional modality, to help identify stress.
However, Zhang et al. (2) explored the concept of stress
detection using facial expression analysis, while Jha et al.
(2020) discussed an application which is Computer Vision.
They extracted facial muscle movements using CNNs and
micro-expressions, and fed them into the CNN to perform real-
time stress level recognition [21].

Stress measurement is non-invasive, contactless and very
valuable in the working environment and in the educational
sector. Gjoreski et al. (2021) have designed a stress detection
system that takes into account the context, and uses sensors on
a smartphone and wearable devices. Information from context
like location, activity and time of day were incorporated in the
design and this led to higher accuracy in detecting stress in real
world scenarios [22]. As well, Wang et al. (2023) studied the
relationship between environmental factors and stress states,
and even included physiological markers with the streams
which were collected using the Internet of Things (IoT) sensors
(such as temperature, noise and air quality sensors). They
realized that there are factors in the environment that can affect
stress levels and that's why the significance of multimodal data
integration is relevant [26]. The stress detection system
proposed by Kumar et al., (2022) based on Thermal imaging
recommends that there will be change in face temperature.
After that, they employed DL models to decipher the thermal
image pattern, and reported a high accuracy for the stress
identification. It is a noninvasive, and private method, to the
earlier sensor based methods [27]. Tao et al. (2023) delved
deeper into the subject and investigated the application of
reinforcement learning (RL) in the realm of adaptive stress
detection systems. They did train RL agents to adjust model
parameters of the system, but with the use of real-time
feedback. Well, at least in the 1st, it worked better and was more
flexible in other environment as per the result of their process
[28]. The other study on stress detection was done by
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Hernandez et al. (2022) which was on social media activity.
Natural language processing (NLP) of text and sentiment
analysis. Based on the results, it can be concluded that social
media data can be used to obtain insightful data on stress level
especially to the young people [29].

Nguyen et al. (2023) then presented a stress detection
framework in which they performed a fusion of multi-modal
data. These were physiological, behavioral, and environmental.
They used DL models to combine those different data types and
analysed them together and claimed state-of-the-art
performance for the stress classification [30]. Gupta et al.
(2021) looked at gait analysis for stress detection, and used ML
methods to study the gait of people as well as human posture.
The results they achieved showed that gait based stress
detection is a potential low distraction method of unobtrusive
monitoring [31]. Since the data set is small, to achieve better
performance of the system, the authors of the above paper, Lee
et al. (2023), stepped in the field of transfer learning (TL),
which is the use of already trained DL models. Transfer
learning appears to have been helpful for them to reduce their
reliance on large, annotated databases to some degree, and thus,
stress detection is becoming possible [32].

B. Contributions of the Paper

The literature review demonstrates that physiological signals
can effectively be combined with more sophisticated
classification methods to aid in stress detection — but there are
significant gaps that make it hard to get this to become a
common practice in the field. Many of the datasets are rather
small, and they tend to be very specific in the type of population
that they represent, so the models don't generalize well. Not to
mention the amount of works that are bound to offline stress
detection, which don't really offer on-the-fly processing
capabilities, which is very important to the actual use. Also, the
method of combining multi modal data, such as physiological
and behavioral and contextual information, is still rather narrow
and weak in general, which is why the detection systems are not
that strong. If the idea is to advance the stress detection
technology and make it more realistic in the real world and less
laboratory-based, it is important to correct these types of
problems.

This paper introduces a ML model that can detect the stress
level in a constant and true way with the complementary
parameter. The aim of this study is to develop an advanced
stress assessment model based on ML that has high accuracy
for identification and to solve the drawback of the human stress
identification process. It was rigorously tested against accuracy,
precision and F1-Score as performance metrics to provide
justification of the robustness of the proposed framework. In
addition, it is competitive compared to the SOTA methods in
its effectiveness and viability for practical stress tracking and
intervention paradigms in the real world. The main outcomes of
this research are:

v" To develop a machine learning model that can better
detect stress using environmental cues and features
that evolve with time, which are activity-related

v' To create a stress detection model using different ML
and DL models, optimize the performance of the
model using a Bayesian hyper parameter tuning, yes,
that kind of strategy.
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v" To check the proposed framework using performance
metrics such as accuracy precision and F1 score.

v' To compare and contrast the model with the best-

known models available to demonstrate its superiority.

In the remaining paper, methodology is introduced in Section

Il with details on the stress detection framework such as data

description and preparation, and the architecture of the ML and

DL models proposed. Results are then discussed in more detail

in Section 111, where the performance of the various models is

compared, and in which explanations are provided for the

results. Finally, Section IV wraps up the study, then offers

future research directions in the area of stress detection, using

ML and DL approaches.

Il. METHODOLOGY

A. Dataset Description

The public “Stress Level Detection” dataset available on
Kaggle includes the following features: Temperature, Step
Count, Humidity, and Stress Level [23]. It is designed to assess
and analyze stress levels in individuals based on their physical
activity [21]. The dataset contains 2,001 samples, including
body temperature, humidity, step count, and the corresponding
stress level labels.

To avoid any data leaking, the stress level is treated as the
target variable, so it is left out from the group of input features
used during training for this study.

Although the dataset provides a useful benchmark for stress
prediction, it contains only 2,001 samples, which may limit the
generalizability of the developed model. Consequently, the
reported performance should be interpreted within the context
of this dataset, and further validation using larger and more
diverse datasets is required.

B. Data Preparation

The critical factor behind this model is the quality of the data.
The dataset created for this study is publicly available on kaggle
and ensures an effective training, evaluating and testing using a
cross sectioning approach. The method will allow a complete
comparison to study and includes DL and ML models as
described in the research.

Data processing workflow in fig.1 where it demonstrates the
sequential steps to make a dataset ready. The process start with
loading the dataset which is the first step in data manipulation.
In case class imbalanced is detected, SMOTE (Synthetic
Minority Over Sampling Technique) is only performed on the
training data as this would lead to information leakage if it were
done before train-test split. Then, handle missing values with
statistical methods (mean, median or mode) or by removing
incomplete records.

Train-TestSplit

Encode Categorical
Variables

Al 4
) T~ e
\ .

\n’”w

Gener®®

Fig. 1. Data Preprocessing workflow
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After handling missing values categorical variables are
converted into numerical forms so that it can be used in
different models. Subsequently feature normalization is
performed to keep all the features at the same level of influence.
Next, it splits the data set into training and testing, to learn the
model and test it. This methodical approach ensures data
cleansing, boosting reliability and optimizes performance.

C. Deep Learning Model

1) Gated Recurrent Unit (GRU)

The GRU are a type of RNNs borrowed from HMMs and
required for overcoming the missing sequential structure and
the temporal sequencing limitations of memory cells due to the
vanishing gradient problem. Unlike LSTMs, the GRUs have
just two gates: an update gate and a reset gate, in contrast to
three gates. The GRUs have only two gates, an update gate and
a reset gate, as opposed to three gates in the LSTM model,
which makes the LSTM model simpler. The GRUs have fewer
parameters in their structure compared to LSTMs that help them
to train faster, require less memory, easy implementation and
there is still a good performance of mitigating the gradient
vanishing problem. The update gate and reset gate control the
number of bits of the last hidden state retained, and how many
bits are added to the hidden state [19]. In tasks with longer
sequences, LSTMs typically outperform, because they have a
more complex memory mechanism but in cases where the
sequences are relatively short and/or computational power is
constrained GRUs usually beat or at least match performance
of LSTMs. GRUs get used in a variety of applications including
natural language processing, time series analysis, speech
recognition and video analysis because they can learn to process
sequential data very efficiently and effectively. Although GRUs
have advantages, they may face challenges in ultra-long
sequences and are less interpretable than LSTMSs. In general,
GRU provides a compelling and useful alternative to LSTMs
whilst being particularly advantageous for mobile or resource
constrained learning tasks, where training and prediction needs
to occur quickly [20]. In Fig. 2: Input sequences run through a
GRU-based neural network, where each unit passes information
through its own dropout and dense layers, resulting in the final
output. This illustrates the graph view of dataflow in one
direction through a network.

Eqg. (1) describes fundamental operation in RNN or other
similar architecture. In here, is the output at time step t which
calculate weight matrix on a new vector that merges together
both the previous hidden state and the new input. If it is passed

Fully - Connected
Dropout Layer Layer
[ '

Input Layer GRU Layer Dense Layer

to an activation function like sigmoid function which gives
nonlinearity in output. The hidden state contains information
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from earlier time steps, letting the net have kind of a memory,
and is the input data at this time step. The learned parameters
are inside the weight matrix which control how the inputs and
embedding state affect output. Due to this, it allows a network
to keep track of data that unfolds sequentially, meaning it can
simultaneously update its own internal hidden state at each time
step positively impacting on sequential dependencies and
structural patterns of the data [28].

Zy = oW, X [heq, X¢] (1)
D. Machine learning Model

1) Adaptive Boosting (AdaBoost)

AdaBoost is a powerful ML algorithm that enhances the
performance of weak classifiers by combining them into a
strong ensemble model. It works by training weak classifiers
sequentially, focusing on correcting errors made by previous
models at each step. The algorithm assigns weights to training
samples, increasing the weights of misclassified samples and
decreasing those of correctly classified ones, ensuring that
subsequent classifiers pay more attention to harder to classify
data [29]. Once trained AdaBoost calculates a weight for each
classifier based on its accuracy, and the final prediction is then
a weighted vote of all classifiers. The fact that AdaBoost
employs an iterative and adaptive algorithm makes it very
efficient in classification tasks, as usually only a few parameters
need to be set to get high classification accuracy. But AdaBoost
is sensitive to noisy data and outliers as it pays too much
attention to misclassifications and can overfit [35]. However,
there are still some limitations to the AdaBoost algorithm [7]
and they are: AdaBoost is not robust to noisy data, as it can take
poor weak classifiers producing complex

Inputl —

Input2 —

Input3 ——

Input 4 ——

Input Layer Output Layer

Hidden Layer

Fig. 3. AdaBoost Model Representation [36]

models; other ensemble methods prevail over it; in most of
practical use situations, if used as a complete model selection
process instead of for fine tuning in fig. 3. Although AdaBoost
is still a very popular choice for complex classification
problems, it can be seen as an efficient and effective method
that leverages its strengths.

Eg. (2) The key idea of boosting algorithms such as
AdaBoost (when we combine multiple weak learners into a
single strong learner). Where is the weight of a weak learner at
iteration t, and in most algorithms it defines how much that
weak will affect the base model. Here, t indicates the error rate
of the weak learner at iteration and how accurate it is when

Page 127



predicting on the training data. The term reduces the weight
depending on how well the weak learner performs by applying
a natural logarithm function to the error ratio. when the weak
learner has great accuracy then will become large, this gives it
more powerful influence. But the weak learner does poorly will
be small, so it has very little influence. This process works as a
way of learning from the mistakes made by past weak learners
to create a strong ensemble that performs very well and is
resilient [36].

1 1-¢
a, ==>In ( t)
2 &t

2) Support Vector Machines (SVM)

The SVM is a powerful and versatile ML algorithm which
can be applied to classification or regression problems in Fig.
4. It is especially designed to find the best hyperplane which
can maximally separate both of these classes in our data. If the
data is linearly separable, SVM generates a linear hyperplane,
and if the data is not linearly separable, kernel functions are
used such as polynomial, radial basis function (RBF), sigmoid
etc. to transform the input features in a higher dimensional
space such that linear separation is possible [33]. This
versatility of being able to deal with both linear and non-linear
data makes SVM really useful such as for image classification,
text categorization, and bioinformatics. Nevertheless, SVM
may be computationally expensive (mainly when it comes to
large datasets) due to the fact that solving quadratic
optimization problem [10]. In addition, it requires fine-tuning
of hyperparameters, such as the choice of kernel, regularization
parameter, and other kernel-specific hyperparameters. Even
though these challenges SVM is the preferred one because it is
robust, accurate and can out of the box generalize particularly
in high dimensional space for solving complex ML problems
[34].

O]

Hidden Layer

Input Layer

Output Layer

"",

Output

Fig.4. Architecture of a Support Vector Machine (SVM) [30]

where «;is the Lagrange multiplier associated with the
i, support vector, y; is the class label of the i, training
sample, K(x; x) denotes the kernel function that measures the
similarity between the support vector x; and the input sample
x and b is the bias term. The sign of the decision function
determines the predicted class label.

f(x) = sign(Ti, a; yiK (x;x) + b) (3)
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3) Light Gradient Boosting Machine (LightGBM)

LightGBM, or Light Gradient Boosting Machine, is a fast
and scalable gradient boosting framework that uses the
histogram-based learning algorithm to achieve high efficiency
on very large datasets for faster training while maintaining
accuracy. LightGBM takes a different approach than other
gradient-boosted decision trees, as it uses leaf-wise growth,
meaning the tree will split on the leaf that has yielded the
greatest loss gain. This way, they reduce the training time and
give an often higher accuracy since it only aims for the most
important splits. In addition to being fast and super scalable on
clusters of computers, LightGBM is also able to process
categorical features without converting them to one-hot-
encodings [35] that makes it particularly conducive to large-
scale data. It can also effectively manage missing data, learning
how to optimally handle null values during training in Fig. 5.
LightGBM, on the other hand, is good for big data sets, but can
over-fit in small data sets if not tuned properly. The most
important hyperparameters such as number of leaves, learning
rate and regularization terms need to be tuned in order to
balance model complexity with generalization. In each of these
applications from ranking to classification to regression,
however, LightGBM is arguably one of the most widely used
algorithms and the speed, scalability and performance benefits
continue to keep LightGBM popular with data scientists and
ML practitioners.

Feature Vector

ETreel - . 1Tree2 H ETreeS N X 1 Treen
| @) | 1 Q b Q . | (v,/
1 1 I I 1 1 1
OO0 00T OO0 OO
I . I Pt P : ! .
PO Ot 1O Ot 1O O O O ..
| . ! [ N PO . ! [
T Miiuri;y—Vuting }- —
Final Class
Fig. 5. LightGBM Algorithm architecture [37]
where L is the overall objective function to be

minimized, [(yi, i) is the loss function that measures the
difference between the actual value yi and the predicted
value i, A is the regularization parameter controlling model
complexity, Q(T) represents the regularization term associated
with the complexity of the decision tree T, and T denotes the
tree structure. The objective function balances prediction
accuracy and model complexity to improve generalization.
L =YX, 1(yi,9i) + A0(T) 4)
Fig. 6 provides a framework you can follow to create a ML
model based on health data. Start of the process is data
collection with some tracking metrics like step counting,
humidity and body temperature. They are kept as separate
dataset because they have training, validation and test sample.
Model tuning Hyperparameter optimization for the model tune
it which is like AdaBoost and SVM and LightGBM. It includes

Page 128



an evaluation of the final classifier (the model) to validate that
its predictions are reliable and accurate for predicting health
outcomes. A systematic approach guarantees sealed model
development and validation [36].

Step
Count P

Data Body Temp

preprocessing
Training Validation Test
Set Set Set

Data

Bayesian

TABLE I. HYPERPARAMETER SEARCH SPACE FOR DIFFERENT MODELS

Optimization

Objective Value = — X "
[DelerminaﬂonH Space ] ..———‘i Hyperparameter Optimization |

Determination

Search For Best Termination at
Hyp Specified Trail
No.

Training Model

AdaBoost

| SVM |

| GRU ‘

LightGBM

[

Evaluate the Final Classifier }'7

Performance Evaluation of the model

Fig.6. Proposed flowchart to detect the model

E. Bayesian Hyper Parameter Optimization

Hyperparameter tuning is a critical step within ML which
improves model performance by hyper tuning the parameters
governing a learning algorithm. Egq. And minimization of (5)
are optimization problems in finding the better hyperparameter
on the separate test set with respect to the loss function L. The
training set is used to obtain using the model C, and will then
be iteratively modified in order to improve performance with
respect (w.r.t. This modelling is mainly driven from new data
so that the train and test are balanced giving the effectiveness
Hyper Parameter tuning in mathematical terms, this is written
as:

A =arg m/linL(XTS; CXrr; 1) =

arg m/lin F(X7s, X7, C, A, L) (5)

The traditional hyperparameter tuning methods, such as grid
search and random search, are based on an exhaustive or
random sampling of the space that can be computationally
expensive and time-consuming. Bayesian optimization is not a
random search of random combinations of parameters, but
rather it narrows the search space by using prior knowledge and
evaluating only the best in-class model in successive iterations
[37].

By modeling the performance of parameter combinations of
the hyperparameters, Bayesian optimization performs a
relatively small number of experiments to find an optimum
solution, while traversing the search space. The hyper
parameters tune for selected ML classifiers and hyper
parameter search space are summarized in Table I, which gives
a systematic foundation to tune and increase the performance of
them.
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Model Selected Type Search Space
Hyperparameter
n_estimators Integer [50,200]
learning_rate Continuous [0.001 - 0.3]
max_depth Integer [3,15]
Humidity ‘ LightGBM [ subsample Continuous [05, 1]
colsample_bytree Continuous [0.5, 1]
units Integer [32, 256]
learning_rate Continuous [0.0001, 0.01]
dropout Continuous [0.2,0.5]
GRU batch_size Integer [16, 128]
epochs Integer [10, 100]
n_estimators Integer [50, 200]
learning_rate Continuous [0.01, 2.0]
AdaBoost laorith Cat ical [SAMME,
algorithm ategorica SAMMER]
. [linear, poly,
kernel Categorical tbf, sigmoid]
SVM C Continuous [0.1,100]
gamma Categorical [scale, auto]

F. Perfromance Evaluation Matrics

Four main metrics are used to evaluate the effectiveness of
ML and DL models, True Positive (TP), True Negative (TN),
False Positive (FP) and False Negative (FN). In this con-text, a
positive instance corresponds to a stress predicted whereas a
negative instance refers to as a "normal state” (no stress
predicted). These are simple metrics that can be used to
compute the most critical demonstrate performance measures
such as accuracy, precision, recall and F1-score, which can be
used to assess system performance over a range of classification
tasks [38].

True Positive (TP): Stress condition actually is present in data,
and the algorithm says that this is a stress.

True Negative (TN): When the stress is not present in the data,
and the classifier correctly labels it as not occurring.

False Positive (FP): A true condition of stress is indicated in the
actual data, but the algorithm indicates it to be a failure.

False Negative (FN: Actual condition is stress; however,
algorithm does not detect it in the data.

One of the key metrics used to assess the performance of a
classification system is called accuracy(Acc). It is de-fined as
the proportion of correct classification (both in true positive and
true negative) to overall sample size.

TP+TN

Acc = ——MMM
Total Predictions

)

Precision (P) measures the proportion of correctly predicted
stress-positive instances among all instances predicted as stress.
It is defined as:

TP
P= TP+FP (6)
Recall (R) or sensitivity, refers to the true positive rate. It
measures the sensitivity of the system if there are actually the

conditions for stress. Recall equals:

TP

R= (7

TP+FN

The F1-score is a metric that combines precision and recall into
a single value, providing a balanced measure of a model’s
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performance. It is the harmonic mean of precision (P) and recall
(R), particularly useful when there is an imbalance between
classes. The F1-score is defined as:

PxR

F1Score =2 x— ®)
P+R

1. RESULTS

The stress level is considered as the dependent variable or the
desired dependent variable in this study, or for prediction, and
temperature, humidity and steps are also the input variables to
the prediction. Based on the experimental results, these
contextual features fed to the model seem to be of relatively
low-dimensional space but still contain information
meaningfully related to the stress condition under which it is
considered.

An appraisal of the ML and DL models was conducted using
Python, in a Jupyter Notebook, and some variations in the
effectiveness of the stress detection process were observed.
Some of the models were more accurate and robust after they
were subjected to some kind of Bayesian hyperparameter
tuning or near it, and with a better generalization. The second
point was that the graphs were helpful as well sometimes not
from accuracy, precision, recall and the F1 score, but the other
graphs such as confusion matrices, precision recall curves etc.
that provided a certain context. Despite some models
developing errors in classification, others were quite consistent
and reliable, and generally, it provides a sense that they could
be useful in a light-weight use of stress prediction.

Fig. 7 shows how accurate the different ML models are.
LightGBM ends up with the best accuracy around 0.97, then
GRU is next at about 0.91. There's SVM at 0.86 after that.
Finally, AdaBoost has the smallest accuracy around 0.55 and
that one is definitely the lowest.

Model Accuracy Comparison

1.0

0.8

Accuracy
14
&

e
=

0.2 1

0.0 -

AdaBoost

Models

LightGBM SVM

Fig.7. Model Accuracy comparison

The Fig. 8 graph shows the comparison of Precision, Recall
and F1-Score of four ML models. The scores are led by
LightGBM (0.95, 0.95, 0.95) followed closely by GRU (0.92,
0.90, 0.91) and SVM (0.85, 0.87, 0.86). The AdaBoost
performs the worst with a scores of 0.60, 0.65 and 0.62
respectively. The performance of AdaBoost is by-land behind
LightGBM.
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Precision, Recall & F1-Score vs Models

—&— Precision
&~ Recall
—e— Fl-Score

GRU AdaBoost LightGBM SVM

Models
Fig.8. Based on the models performance comparison

For a few distinct models (GRU, AdaBoost, LightGBM and
SVM), the accuracy, precision, recall and F1-score is shown in
Table I, which is a summary of their accuracy and precision in
classifying the dataset we used. In particular, LightGBM
appears to perform best on basically all metrics, with the best
results on all. In the meantime, AdaBoost becomes the weakest
among all, with the least performance. As can be seen in Fig. 9,
a high accuracy is achieved by LightGBM with few
misclassifications in the confusion matrix. As most of the
predictions, it shows that the errors are well very small,
indicating high precision and reliability in the prediction of
stress.

TABLE II. COMPARATIVE PERMANCE MATRICS (WITH AND WITHOUT
OPTIMIZATION) FOR STRESS DETECTION
Models GRU AdaBoost | LightGBM SVM
Accuracy 0.88 0.52 0.93 0.80
Accuracy 091 0.56 0.97 0.85
(with
Optimization)
Precision 0.85 0.55 0.91 0.74
Precision 0.88 0.60 0.95 0.79
(with Optimization)
Recall 0.84 0.65 0.91 0.74
Recall 0.87 0.71 0.95 0.79
(with Optimization)
F1 Score 0.84 0.55 0.91 0.74
F1 Score 0.87 0.60 0.95 0.79
(with Optimization)

The ROC curve in Fig.10 kind of shows the classification
performance of LightGBM, AdaBoost, SVM and GRU based
on their AUC (Area Under Curve) values. LightGBM ends up
with the top AUC at 1.00, then come GRU (0.991) and SVM
(0.991) almost at the same level. AdaBoost is at the bottom, at
about 0.980, suggesting the overall performance is a bit
suboptimal. In general, LightGBM outperformed the other
models evaluated, such as AUC of 1.00 in the experimental
dataset.

Although the proposed model achieved high classification
performance, these results should be interpreted with caution
because the evaluation was conducted on a relatively small
public dataset. Train-test separation and Bayesian
hyperparameter optimization were employed to reduce
overfitting; however, additional validation using larger and
independent datasets is necessary to confirm the robustness and
generalizability of the proposed framework.
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The reported performance metrics were obtained using a
single train—test split of the dataset. Although Bayesian
hyperparameter optimization was employed to improve model
performance and reduce overfitting, the results may still be
influenced by the limited size of the dataset. Hence, further
testing through replicated experiments and Kk-fold cross-
validation is suggested to validate the robustness and stability
of the proposed framework.

Confusion Matrix - LightGBM

True label

Predicted label

Fig. 9. Confusion matrix for the proposed model

ROC Curve

— LightGBM (AUC = 1,00)
AdaBeost (AUC = 0.98)

— SVM(AUC = 0.99)

— GRU (AUC = 0.99)

00 02 04 06 08 10
False Positive Rate

Fig.10. Compare classification performance of different models

Table Il gives kind of a comparative view of several ML and
DL models for stress detection, based on the main performance
measures like accuracy, precision recall and F1-score. Of them
LightGBM seems to be the best with an accuracy of 0.97,
precision of 0.95, recall of 0.95 and F1 score of 0.95, which
really demonstrates its ability to handle and learn from the data
set. Random forest also performs quite well with accuracy 0.92
and f1 score 0.93, so it is also a reliable alternative. Similarly,
KNN + SVM works well, having accuracy of approximately
0.90 and recall of 0.91 indicating that it is quite effective in
processing the dataset. Meanwhile CNN achieves good
accuracy of 0.89 and recall of 0.90; this shows that CNN is able
to capture the structure of the data. However, CNN + BiLSTM
and DNN on the other hand, have kind of moderate
performance, both having an accuracy of 0.68 and 0.78
respectively, which kind of indicates that they are not very good
at tackling the complexity of the dataset, or maybe they're not.
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TABLE III. PERFORMANCE COMPARISON WITH EXISTING STESS

PREDICTION APPROACHES.

Model Accuracy | Precision | Recall | F;Score
KNN+SVM [22] 0.90 0.89 091 0.88
CNN+BILSTM [27] 0.68 0.65 0.70 0.70
DNN [18] 0.78 0.79 0.78 0.80
CNN [21] 0.89 0.85 0.90 085
SVM+AdaBoost [18] 0.56 0.60 0.60 0.65
SPFHD [30] 0.87 0.85 0.84 0.79
Random Forest [18] 0.92 0.91 0.90 0.93
LightGBM
(Propgsed Model) 0.97 0.95 0.95 0.95

However, SVM + AdaBoost appears to underperform
significantly with low accuracy (0.56) and low F1 score (0.65)
and the combination Performance Comparison with other Stess
prediction Approaches is not quite as smooth. Overall, SPFHD
is a good or a decent model as it gets an accuracy of 0.87 and
an F1 score of 0.79 meanwhile. Overall, the findings suggest
that LightGBM and Random Forest models perform better in
stress detection tasks, while also revealing certain limitations in
other models, like SVM + AdaBoost.

IV. CONCLUSION

The goal of this study is to predict stress by considering
feature sets based on environmental and physical activity
parameters, such as temperature, humidity, distance travelled
(in steps), and using a machine-learning approach. The model
proposed using Light GBM with Bayesian hyper parameter
optimization gave a better result compared to Random Forest
where accuracy was 97%, precision and recall was 95% each
and F1 score was also 95%. The results were superior compared
to other tested models like a GRU, an SVM and an AdaBoost
with an accuracy of 91%, 86% and 55% respectively.
Additionally, a few models that were feature-specific, in
conjunction with the reasoning behind temperature and
humidity being important predictors aided the interpretability
and reliability of the system. The proposed framework is very
effective for the tested data-set as it achieves an AUC of 1.00
and high classification accuracy. However, for real world
deployment it still needs to have larger and more varied data
sets, and data needs to be collected independently. Also, the
experimental material was evaluated using only one train—test
split. Future studies should include k-fold cross validation and
repeated experimental trials to obtain a statistically valid
estimate of the performance of the proposed model and to
validate the consistency of the proposed model.

The proposed framework will be validated using larger and
more representative data sets collected from diverse
populations in the future. This validation will aid in the
evaluation of the robustness of the proposed stress prediction
model, its generalizability, and its applicability to real-world
scenarios.
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