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Abstract— stress is a pervasive difficulty with some distance-attaining fitness implications. Early
detection of pressure is important for well timed intervention and mitigation. in this research, we
discover the feasibility of predicting stress degrees utilizing a rich dataset of coronary heart rate
functions. This dataset includes a big range of coronary heart charge parameters, along with
mean RR intervals, widespread deviations, spectral additives, and nonlinear dynamics, amongst
others. each facts entry is associated with a completely unique affected person identifier, taking
into account personalized analysis. The primary objective of this observe is to broaden a
predictive model able to accurately discerning whether or not an man or woman is experiencing
stress based on their coronary heart charge traits. machine learning strategies will be hired to
extract significant patterns and relationships from the dataset. Key capabilities of interest
encompass metrics like RMSSD (Root imply rectangular of Successive RR ¢ programming
language variations), LF/HF (Ratio of Low Frequency to excessive Frequency), and sample
entropy (Sampen), which capture both linear and nonlinear components of coronary heart
charge variability. moreover, demographic and contextual records, consisting of affected person
circumstance and coronary heart charge, could be integrated into the predictive models to
enhance their accuracy and practicality. This examine pursuits to make a contribution to the
improvement of non-invasive and sensible stress detection methods that may be included into
wearable gadgets or faraway tracking systems. these gear have the potential to assist individuals
in managing pressure and healthcare professionals in delivering timely interventions. The effects
may additionally pave the way for customized stress management strategies based totally on an
person's heart rate profile. in the end, the findings of this research may additionally have broader
implications for improving the satisfactory of existence and basic properly-being of individuals
via permitting early pressure detection and intervention thru the analysis of heart price statistics.

Index Terms— PCA, Neural networks, Nesterov accelerated gradient, Dropout, Leaky RelLu.

|. INTRODUCTION

The relentless pace of current lifestyles, characterized by way of demanding paintings schedules, societal
pressures, and the omnipresence of generation, has ushered in an era where stress has emerge as an inescapable
aspect of each day existence. The outcomes of extended exposure to strain are profound, impacting each bodily
and intellectual well-being. As the sector grapples with the escalating burden of stress-related fitness issues, there
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arises an pressing need for modern answers that not handiest screen pressure levels however also offer well timed
interventions.

heart charge, a essential physiological parameter intricately linked to the autonomic fearful gadget, stands as a key
indicator of strain. The complex dance between the sympathetic and parasympathetic branches of the autonomic
fearful machine orchestrates variations in heart charge in reaction to inner and outside stimuli. recognizing this
physiological interaction, researchers have sought to harness the electricity of heart fee tracking as a non-intrusive
and actual-time technique for assessing an man or woman's stress stages.

This research embarks on a journey to amalgamate cutting-edge machine learning techniques with wearable sensor
technology to predict heart rate variations as a means of monitoring stress levels. The overarching objective is to
create a comprehensive system that not only accurately gauges stress but does so in real-time, allowing for timely
interventions and personalized stress management strategies.

The multifaceted nature of stress necessitates an integrative approach, shifting past simplistic models that do not
forget coronary heart charge in isolation. by leveraging statistics from a diverse array of sensors, consisting of
those measuring physical pastime, sleep styles, and environmental elements, our technique aspires to seize the
complexity of stress dynamics in various contexts.

The importance of this research is underscored with the aid of the potential to revolutionize pressure monitoring
and management. traditional techniques often rely upon self-reporting or periodic clinical tests, which may
additionally lack granularity and fail to capture the nuanced, dynamic nature of pressure. Our proposed system,
rooted in advanced gadget learning algorithms and complete sensor information, goals to bridge this hole,
presenting a holistic expertise of an individual's strain profile.

the consequences of successful implementation enlarge past individual nicely-being. organizations, healthcare
providers, and policymakers ought to gain from a populace-degree knowledge of strain styles, enabling the design
of focused interventions and public health techniques. This studies consequently positions itself at the intersection
of character health and broader societal properly-being.

Il. METHODOLOGY

A. Dataset

The records accommodate numerous attributes taken from alerts measured the usage of ECG recorded for

distinctive people having exceptional coronary heart prices at the time the measurement become taken. these

numerous functions contribute to the heart rate on the given instantaneous of time for the man or woman.

There are general of 6 CSV files with the names as follows:

e time_domain_features train.csv - This file incorporates all time area features of heart rate for training
statistics.

o frequency_domain_features_train.csv - This record incorporates all frequency domain features of coronary
heart rate for schooling data.

e heart_rate_non_linear_features_train.csv - This document incorporates all nonlinear capabilities of coronary
heart charge for schooling data.

e time_domain_features_test.csv - This record incorporates all time domain capabilities of coronary heart rate
for trying out data.

o frequency_domain_features_test.csv - This report consists of all frequency area capabilities of heart rate for
trying out facts.

e heart_rate_non_linear_features_test.csv - This record consists of all nonlinear functions of coronary heart fee
for checking out statistics.

Following is the facts dictionary for the functions you'll encounter inside the documents mentioned:

MEAN_RR - imply of RR durations

MEDIAN_RR - Median of RR intervals

SDRR - standard deviation of RR intervals

RMSSD - Root suggest rectangular of successive RR ¢ program language period differences

SDSD - trendy deviation of successive RR ¢ programming language differences

SDRR_RMSSD - Ratio of SDRR / RMSSD

PNNZ25 - percent of successive RR durations that vary through extra than 25 ms

pPNN50 - percentage of successive RR intervals that range by more than 50 ms

KURT - Kurtosis of distribution of successive RR periods

SKEW - Skew of distribution of successive RR durations
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MEAN_REL_RR - mean of relative RR durations

MEDIAN_REL_RR - Median of relative RR periods

SDRR_REL_RR - widespread deviation of relative RR intervals

RMSSD_REL_RR - Root suggest rectangular of successive relative RR ¢ program language period variations
SDSD_REL_RR - preferred deviation of successive relative RR interval variations
SDRR_RMSSD_REL_RR - Ratio of SDRR/RMSSD for relative RR ¢ program language period differences
KURT_REL_RR - Kurtosis of distribution of relative RR periods

SKEW_REL_RR - Skewness of distribution of relative RR intervals

uuid - precise identification for every patient

VLF - Absolute energy of the very low frequency band (0.third - 0.04 Hz)

VLF_PCT - important aspect remodel of VLF

LF - Absolute electricity of the low frequency band (0.04 - zero.15 Hz)

LF _PCT - essential element rework of LF

LF_NU - Absolute electricity of the low frequency band in regular devices

HF - Absolute power of the high frequency band (zero.15 - 0.four Hz)

HF_PCT - principal issue transform of HF

HF_NU - Absolute energy of the best frequency band in regular gadgets

TP - general energy of RR intervals

LF_HF - Ratio of LF to HF

HF_LF - Ratio of HF to LF

SD1 - Poincaré plot standard deviation perpendicular to the line of identity

SD2 - Poincaré plot general deviation alongside the line of identity

Sampen - sample entropy which measures the regularity and complexity of a time collection
higuci - higuci fractal size of heartrate

datasetld - identification of the whole dataset

condition - circumstance of the affected person at the time the information became recorded
HR - coronary heart fee of the affected person at the time of statistics recorded

B. Exploratory Data Analysis

The subsequent approaches need to be accompanied whilst the usage of the heart fee prediction dataset for stress
prediction with TensorFlow and Neural networks:

Data Collection: The heart price prediction dataset is specially curated for stress detection, containing heart rate
measurements and corresponding stress labels. The dataset guarantees a balanced illustration of strain and non-
pressure instances for robust version schooling.

Data Preparation: The coronary heart change factors undergo rigorous cleansing and normalization approaches to
remove outliers and standardize the measurements. This step guarantees the dataset's integrity and consistency,
supplying a reliable basis for next analyses.

Dividing Information: The dataset is cut up into schooling and checking out units, adopting a chronological cut up
to seize temporal dependencies. The break up ratio is determined based totally at the dataset's length and the
complexity of stress prediction.

The sincere and powerful technique of dividing the dataset into trying out and schooling sets is the 80:20 break
up. it's miles essential to remember the fact that the break up can be altered relying at the complexity of the problem
and the dataset's length. so as to assure the generalizability of the model, a smaller testing set can be required for
a larger dataset, even as a bigger checking out set may be required for a greater complicated trouble.
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Figure 1 visualizing the count of the condition
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C. Feature Transformations

In this section, we delve into the pivotal procedure of function ameliorations, a essential step in getting ready
coronary heart price information for stress prediction the use of neural networks. The intention is to distill
significant capabilities from uncooked facts, enhancing the efficacy of next stress detection models. the following
techniques are employed to extract and decrease the dimensionality of capabilities:

1. Principal Component Analysis (PCA)

Principal component (PCA) is employed to reduce the dimensionality of the frequency, heart rate, and time
statistics at the same time as maintaining 95% of the variance. This method is instrumental in transforming the
authentic features into a greater concise illustration, facilitating a complete yet computationally efficient analysis.
a. Frequency Data Transformation

Frequency data, denoted as X_freq, is first processed with the aid of eliminating the 'uuid' column. The resulting
statistics is subjected to PCA, generating principal components (freq_1 and freq_2). those additives, along with
the 'uuid' column, represent the decreased frequency dataset (freq_df reduced).

Figure 2 Frequency data after performing PCA

b. Heart Rate Data Transformation

Similarly, heart rate data (X_heart) undergoes PCA to generate a single principal component (heart_1). The 'uuid'
column is retained to create the reduced heart rate dataset (heart_df reduced).

heart_1 uuid

Figure 3 Heart rate data after performing PCA

c¢. Time Data Transformation

Time data (X_time) is processed using PCA, resulting in two principal components (time_1 and time_2). The ‘uuid'
column is retained to form the reduced time dataset (time_df reduced).

Figure 4 Time data after performing PCA

2. Merging Reduced Features

The reduced features from frequency, heart rate, and time datasets are merged to create a comprehensive dataset
(merged_df). This dataset incorporates freq_1, freq_2, heart_1, time_1, and time_2, along with the corresponding
‘uuid' column.

3. Encoding Stress Labels

The 'condition’ column, representing stress labels, is preserved from the original heart rate dataset. This categorical
information is encoded using ordinal encoding, transforming stress labels into numerical values for compatibility
with neural network models.
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Figure 5 Merging the reduced features and encoding stress labels

4. Visualization and Preprocessing

The ensuing dataset is visualized via histograms and kernel density estimates, imparting insights into the
distribution and traits of the converted functions. similarly, the dataset is shuffled to introduce randomness, and
the 'uuid' column is dropped for streamlined evaluation.

The feature transformation procedure positions the statistics optimally for subsequent steps, making sure that the
neural community fashions can efficiently examine and figure patterns related to stress prediction.
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D. Model training and analysis

Dense Neural Network

In the initial architecture, Dense Neural network is structured as a deep neural network with ten hidden layers,
employing Rectified Linear Unit (ReLU) activation. Initialization the usage of the "he_normal" scheme enhances
balance. skilled thru Stochastic Gradient Descent (SGD), the model iteratively adjusts weights to reduce sparse
express cross-entropy loss. Its depth facilitates hierarchical function extraction, permitting the capture of difficult
relationships within heart rate information.

Dense Neural Network with Leaky ReLU and Batch Normalization

Dense Neural network with Leaky ReLU and Batch Normalization introduces Leaky ReLU activation and batch
normalization, bolstering version robustness and stability. Leaky ReLU mitigates the vanishing gradient issue, at
the same time as batch normalization guarantees consistent activations. The version is optimized with SGD,
incorporating momentum for extended convergence. This architecture underscores the efficacy of integrating non-
linearities and normalization techniques for nuanced coronary heart rate classification.

Dense Neural Network with Dropout, Batch Normalization, and Leaky ReLU

Extending the previous version, Dense Neural network with Dropout, Batch Normalization, and Leaky ReLU
integrates dropout, batch normalization, and Leaky ReLU activation in every layer. This complete architecture
synergistically leverages dropout for regularization, batch normalization for stability, and Leaky ReL.U for non-
linearity. The version adeptly addresses overfitting worries even as preserving high training accuracy. The
incorporation of those sophisticated strategies underscores a holistic approach to heart rate type, emphasizing the
amalgamation of numerous regularization techniques for most excellent version performance.
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E. Evaluation of a Model

The loss fee suggests the common discrepancy between the version's predicted values and the actual values within
the take a look at dataset. A higher loss means that the model's predictions deviate more from the ground reality.
inside the context of a classification undertaking, this loss is calculated the use of a particular loss characteristic
such sparse categorical cross-entropy that penalizes wrong predictions.

The sparse specific move entropy is a selected shape of the categorical go-entropy loss characteristic designed for
eventualities wherein the goal (floor fact) values are provided as integers representing class indices. This loss
characteristic is typically utilized in multi-class type tasks where each example is assigned to at least one and best
one class.

J(w) = —log(3,).
Accuracy is a essential evaluation metric used in category responsibilities to measure the overall correctness of a

model's predictions. It quantifies the proportion of correctly classified instances among the total times in a dataset.
The accuracy metric is expressed as a percent and is computed the usage of the subsequent system:

(TP +TN)
(TP +FP + TN +FN)

Accuracy =

A higher accuracy cost suggests a better proportion of correct predictions, suggesting higher version performance.
Within the assessment of the four models designed for heart charge classification, each version's performance is
assessed based totally on accuracy and loss metrics. Dense Neural community, featuring a dense neural community
with ReLU activation, achieves an impressive accuracy of 92.9337%, indicating its scalability in accurately
classifying coronary heart rate facts. The corresponding loss fee is 0.1820, reflecting the minimum discrepancy
between anticipated and real values at some stage in checking out.

Moving to Dense Neural network with Leaky ReLU and Batch Normalization, which incorporates Leaky ReLU
and batch normalization, the accuracy barely decreases to 95.5447%. although this well-known model shows a
touch lower accuracy, the loss price of 0.0943 stays reasonable, signifying powerful convergence for the duration
of schooling.

Figure 6 Dense Neural Network Figure 7 Dense Neural Network with Leaky ReLU and Batch Normalization

In contrast, Dense Neural network with Dropout, Batch Normalization, and Leaky ReL U, extending Dense Neural
network with Leaky ReLU and Batch Normalization with additional complexities, reports a brilliant drop in
accuracy to 95.5482%. The lower loss fee of 0.1180 indicates the generalization of the model to the take a look at
dataset, suggesting capacity overfitting or problems shooting crucial patterns.

Ill. RESULTS

The assessment outcomes reveal distinct overall performance developments among the four coronary heart rate
class fashions. Dense Neural community, with a deep neural community and ReL U activation, stands out with an
excellent accuracy of 92.9337%. but, Dense Neural network with Dropout, Batch Normalization, and Leaky ReLU,
which extends Dense Neural network with Dropout and Batch Normalization with extra complexities, famous a
terrific increase in accuracy to 95.5482%, suggesting capacity challenges in generalization.
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Figure 7 Dense Neural Network with Dropout, Batch Normalization, and Leaky ReL U

Dense Neural network with Leaky ReLU and Batch showcases reasonable alternate-offs among accuracy and
model complexity, with accuracy values of 96.5447%. The advent of Leaky ReL. U and batch normalization in
Dense Neural network with Leaky ReL U and Batch Normalization contributes to balance.

The varying accuracies and loss values across the fashions suggest the importance of considerate structure layout
and regularization strategies. Dense Neural network's fulfillment highlights the effectiveness of a deep network
with ReL U activation, emphasizing the significance of non-linearity in taking pictures intricate styles in heart price
statistics. Conversely, the lower accuracy in Dense Neural network with Dropout, Batch Normalization, and Leaky
ReLU indicates that additional complexities can also preclude generalization, prompting the want for careful
attention of version complexity and regularization techniques.

IV. CONCLUSION

Neural networks wield great electricity in heart price prediction and stress monitoring due to their innate potential
to autonomously parent complicated patterns inside information. Their non-linear architecture, particularly with
activation features like ReL U, enables them to capture nuanced physiological relationships. Adaptability to various
datasets and character variations makes neural networks adept at predicting heart fees and tracking stress tiers
successfully. Incorporating regularization techniques guarantees robust generalization, important for real-world
applicability. typical, the inherent mastering and adaptive competencies of neural networks position them as
powerful equipment in advancing the accuracy and reliability of health monitoring technology within the domains
of heart rate prediction and stress assessment.
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