International Journal of Computer Science Trends and Technology (IJCST) — Volume 11 Issue 4, Jul-Aug 2023

RESEARCH ARTICLE OPEN ACCESS

IOT Wearable Healthcare Monitoring and Mobile-Based Prediction
System Using Deep Boltzmann Machine Based Conditional
Adversarial Autoencoders

Dr. T.S.Baskaran

Associate Professor& Research Supervisor,
PG & Research Department of Computer Science,
A.V.V.M Sri Pushpam College (Autonomous),Poondi - 613503, Thanjavur,

Mr. C. Veeraprakashkumar
Research Scholar,
PG & Research Department of Computer Science,
A.V.VV.M Sri Pushpam College (Autonomous), Poondi - 613503, Thanjavur
“Affiliated to Bharathidasan University, Tiruchirappalli-620024”, TamilNadu, India.

ABSTRACT

Advancements in technology have paved the way for innovative healthcare monitoring solutions, particularly
through the utilization of 10T wearable devices. In this research, we present a novel approach that combines loT
wearable technology, mobile applications, and advanced machine learning techniques to create a comprehensive
healthcare monitoring and prediction system. The combination of Deep Boltzmann Machines (DBMs) and
conditional Adversarial Autoencoders (AAEs). 0T wearable devices collect real-time physiological data, including
heart rate, temperature, and activity levels, from individuals. This data is then transmitted to a mobile application
that acts as a prediction system. The application employs a DBM to model intricate relationships within the
collected data, enabling the extraction of meaningful features and patterns. To enhance the predictive capabilities of
the system, we introduce conditional AAEs. These specialized neural networks generate predictions based on the
learned data representations from the DBM. This integrated system holds promise in revolutionizing healthcare
management by providing continuous, non-intrusive monitoring and timely predictions of potential health issues.
Keywords:

loT wearable devices, healthcare monitoring, Deep Boltzmann Machines, conditional Adversarial Autoencoders,
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. INTRODUCTION

In recent years, the convergence of technology and healthcare has opened up new horizons for continuous
monitoring and predictive analysis of individual health [1]. Internet of Things (IoT) wearable devices offer a non-
intrusive means of collecting real-time physiological data, while advanced machine learning techniques enable the
extraction of valuable insights from this data [2,3]. This study introduces a cutting-edge approach that harnesses the
potential of loT wearable technology, mobile applications, and deep learning [4] to create a comprehensive
healthcare monitoring and prediction system [5].

Traditional healthcare monitoring often involves sporadic measurements and clinic visits, leading to missed
opportunities for early detection and intervention [6]. 10T wearable devices have emerged as a promising solution to
this challenge, enabling continuous data collection and personalized health tracking [7]. Deep learning models have
demonstrated exceptional capabilities in capturing intricate relationships within complex datasets, thus providing a
foundation for accurate prediction models [8].

Despite the advancements in technology, several challenges persist in the development of an effective healthcare
monitoring and prediction system. These challenges encompass data quality assurance, real-time data processing,
model complexity, and interpretability of predictions. Additionally, ensuring seamless integration between loT
devices, mobile applications, and machine learning components poses a technical hurdle [9,10].

This research addresses the challenge of creating an integrated healthcare monitoring and prediction system using
IoT wearable devices and deep learning models. The goal is to design a system that not only collects real-time
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physiological data but also uses advanced modeling techniques to generate context-aware health predictions. The
system effectiveness lies in its ability to provide timely insights into an individual health status and potential risks.

The primary objectives of this study include: Designing and implementing a seamless integration between 10T
wearable devices and a mobile application for data collection and transmission. Developing and training a Deep
Boltzmann Machine (DBM) to model the complex relationships within physiological data. Introducing a conditional
Adversarial Autoencoder (AAE) to generate personalized health predictions based on the learned data
representations. Addressing challenges related to data quality, real-time processing, and interpretability of
predictions.

The novelty of this research lies in the integration of 10T wearable devices, mobile applications, and advanced deep
learning models to create a holistic healthcare monitoring and prediction system. The introduction of a conditional
AAE for context-aware predictions enhances the system accuracy and relevance. The study contributes to the fields
of healthcare technology, machine learning, and IoT by demonstrating the potential of combining these domains to
improve individual health management.

Il.  RELATED WORKS
Each of these works highlights different aspects of healthcare technology and offers solutions to various challenges.

Himi et al. [11] propose a smartwatch-based prediction system named MedAi that predicts multiple diseases using
machine learning algorithms. The system includes a smartwatch equipped with sensors, a machine learning model
for analysis, and a mobile app for displaying predictions. The study evaluates various machine learning algorithms
and finds Random Forest to be the best performer with a 99.4% accuracy. The system aims to provide continuous
assistance to users by reporting health conditions and suggesting remedies.

Anikwe et al. [12] review mobile and wearable sensors for health monitoring. They categorize sensors into
homogeneous, dual, and heterogeneous types. Heterogeneous sensors are widely implemented due to their ability to
combine multiple sensors from different domains, enhancing accuracy. The study observes common procedures for
implementing health monitoring systems, including data collection, preprocessing, feature extraction, and algorithm
evaluation. Supervised machine learning algorithms are commonly used for implementation.

Balakrishnan et al. [13] focus on an loT-based healthcare system using machine learning for patient monitoring. The
system aims to improve healthcare delivery, address cost concerns, and enhance patient experiences. The study
highlights the benefits and challenges associated with implementing such a system, emphasizing trust, privacy, and
security issues that must be addressed.

Xiao et al. [14] propose a CNN module for stroke subtype classification and employs the GBRF algorithm for
predictive modeling. The system aims to enhance medical care data delivery and stroke patient care.

Al Bassam et al. [15] design an loT-based wearable monitoring device for measuring through real-time GPS data
monitoring. The system comprises 10T sensors, cloud storage, and an Android app layer. The integrated system aims
to provide timely alerts and information to prevent potential infections.

Keserwani et al. [16] develop a system that uses sensors to measure body temperature, heart rate, and breathing rate
to prevent burnout in healthcare professionals. The system employs AR glasses, an Arduino controller, and WiFi
modules for data transmission. The Adafruit 10T platform stores patient data for access by medical professionals.
The system goal is to improve patient care and reduce burnout among healthcare workers.

These works collectively contribute to the advancement of healthcare technology, ranging from disease prediction
and patient monitoring to loT-based solutions for COVID-19 management and healthcare professional support. Each
work presents innovative ideas and solutions to address specific challenges in the healthcare domain.

I11. PROPOSED METHOD

The method involves creating an integrated healthcare monitoring and prediction system that combines loT
wearable devices, mobile applications, and advanced deep learning techniques, specifically DBMs and AAEs. The
architectural flow of the proposed method is given in Figure 1.
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Figure 1: Flow of the proposed method
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Figure 2: Process flow

Algorithm: 1oT Wearable Healthcare Monitoring and Prediction System using AAE

Input: Physiological data from loT wearable devices (e.g., heart rate, body temperature), Contextual information
(e.g., medical history, lifestyle attributes)

Initialize hyperparameters (e.g., learning rate, latent dimension, lambda values)

Initialize neural network architecture for AAE (encoder, decoder, discriminator)

Normalize and preprocess physiological data and contextual information
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Train the encoder and decoder jointly with reconstruction loss:
Encode input data (physiological + contextual) to latent space
Decode latent samples to reconstruct input data
Calculate reconstruction loss using mean squared error

Train the discriminator with adversarial loss:

Concatenate latent samples and contextual information

Generate synthetic samples and real samples with labels

Calculate binary cross-entropy adversarial loss for discriminator
Optimize the encoder, decoder, and discriminator using gradient descent
Given new physiological and contextual data:

Encode the input data to obtain latent representation

Generate predictions by decoding the latent samples

3.1. Data Collection and Transmission:

The system starts with 10T wearable devices equipped with sensors to collect real-time physiological data, such as
heart rate, temperature, and activity levels, from individuals. These devices transmit the collected data to a
centralized repository or a mobile application for further processing.

3.1.1. Data Collection:

Let us say the loT wearable device collects various physiological parameters such as heart rate (HR), body
temperature (Temp), and activity level (Act). These parameters can be represented as variables:

Heart Rate: HR = {HR1, HR2, HR3, ...}
Body Temperature: Temp = {Templ, Temp2, Temp3, ...}
Activity Level: Act = {Actl, Act2, Act3, ...}

where, HR1, Templ, and Actl represent the first data points collected by the sensors, HR2, Temp2, and Act2
represent the second data points, and so on.

Table 1. Measurement of measuring heart rate (HR), body temperature (Temp), and activity level (Act)

Data Point Heart Rate (bpm) Body Temperature (°C) Activity Level
1 75 36.7 Low
2 82 371 Moderate
3 78 36.8 High
4 85 37.2 Moderate
5 89 37.0 Low

In table 1, each row represents a different data point collected at different times. The heart rate is measured in beats
per minute (bpm), the body temperature is measured in degrees Celsius (°C), and the activity level is categorized as
"Low," "Moderate," or "High." These values are collected over time to create a dataset that can be used for further
analysis, such as training a machine learning model for prediction.

3.1.2. Data Transmission:

The collected data is then transmitted to a centralized system or a mobile application for further processing. This
transmission can be represented conceptually as: Transmit(Data). The Transmit function takes the collected data
(HR, Temp, Act) and sends it to the processing system for analysis.

3.2. Deep Boltzmann Machine (DBM)
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The collected data is fed into a DBM, a type of generative neural network model. The DBM is designed to capture
intricate relationships within the data, creating a rich representation of the underlying patterns. DBMs are
particularly adept at modeling complex and hierarchical dependencies in data. The DBM is the energy function,
which captures the relationships between visible and hidden units. The energy function determines how likely a
given configuration of visible and hidden units is in the model. For a DBM with two layers of visible (V) and hidden
(H) units, the energy function is defined as:

E(V,H)=-2aV,- X bjH; - > VW;H,
i j i
Where:

aiV and b;‘ are the biases of visible unit i and hidden unit j respectively.

Vi and H; are binary states of visible unit i and hidden unit j respectively.
Wi is the weight connecting visible unit i and hidden unit j.

The probability of a configuration (V, H) in the DBM is defined using the energy function and the Boltzmann

distribution:
e—E(V,H)
P (V ,H ) =
Z
Where Z is the normalization constant (partition function) that sums over all possible configurations of visible and
hidden units.

Figure 3: DBM

Learning in a DBM typically involves training the model to adjust the biases and weights to minimize the difference
between the model learned distribution and the distribution of the training data. This process is often carried out
using contrastive divergence or other training algorithms. DBMs are generally trained layer by layer, initializing one
layer weights using a RBM trained on the layer below it.

Thus, DBMs are powerful generative models that can learn complex probability distributions. The equations
presented capture the energy function, which defines the likelihood of configurations in the model, and the
probability distribution that relates to the Boltzmann distribution. Learning in DBMs involves adjusting biases and
weights to fit the training data distribution.
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3.3. Conditional Adversarial Autoencoder (AAE):

To enhance the predictive capabilities of the system, a conditional AAE is introduced. The AAE takes advantage of
the learned data representations from the DBM and generates context-aware health predictions. This conditional
approach allows the predictions to be personalized based on specific contextual information, improving the
relevance and accuracy of the generated predictions.

Input
\ 4
Encoder
Latent
Representation
Y
Decoder

Discriminator

A

A 4
Output Real/Fake classification

Figure 4: AAE architecture
3.3.1.  Autoencoder Component:

An AAE consists of an encoder, a decoder, and a discriminator, similar to a traditional autoencoder. The encoder
maps the input data x to a latent space z, and the decoder maps z back to the data space. This is represented as E(x) =
z and D(z) = x’, where x’ is the reconstructed output.

3.3.2.  Adversarial Component:

The adversarial component introduces a discriminator Dy(z) that aims to differentiate between the real latent samples
z and generated latent samples z'. It is trained to minimize the binary cross-entropy loss between its predictions and
the true labels y, indicating whether a sample is real (y=1) or generated (y=0).

3.3.3.  Conditional Component:

The key distinction of a Conditional AAE is the inclusion of a conditioning variable y, which can represent various
attributes or features of the data. This conditioning variable is used to guide the generation process. It is
concatenated with the latent samples z as an additional input to the decoder, creating a conditional decoder Dy(z, y).

3.3.4. Loss Functions:
Reconstruction Loss encourages the decoder to reconstruct the input data accurately.

Lrec = MSE(X, X’)
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Adversarial Loss trains the discriminator to differentiate between real and generated latent samples.
Laa = BCE(Dy(2), y) + BCE(Dy(Z, ¥), 1Y)
Latent Regularization encourages the encoded latent samples to match a specific distribution (e.g., Gaussian).
Lreg = KL(N(w, ©%), N(0, 1)) \]
The total loss combines the above components and can be expressed as:
Lota= Lrec + A1 Lagv + A2 Lreg

Where 4; and A, are hyperparameters that control the importance of the adversarial loss and latent regularization,
respectively.

AAE incorporates conditioning variables and adversarial components to guide the generation process. This enables
the generation of data samples that adhere to certain attributes or properties specified by the conditioning variable.
The loss functions balance the reconstruction accuracy, adversarial training, and latent regularization to ensure
effective learning and generation.

3.4. Contextual Information:

The contextual information provided to the conditional AAE could include factors like the individual medical
history, lifestyle, environmental conditions, and any other relevant information. This information is used to guide the
generation of predictions that are tailored to the individual unique circumstances.

Contextual information is typically represented as additional variables or attributes that are considered alongside the
primary data. For example, let us consider a scenario where we're predicting a person health status (H) based on
their heart rate (HR) and medical history (MH). Here, MH represents the contextual information:

P(H|HR, MH)

This represents the conditional probability of the person health status given their heart rate and medical history. In
machine learning models like AAEs, contextual information is incorporated by conditioning the model generation
process on this information. For instance, while generating health predictions using an AAE, the conditional decoder
Dy(z, y) takes both the latent samples z and the contextual information y as inputs:

X' =Dy(z,Y)

This equation indicates that the generated health prediction x' is influenced by both the latent samples (z) and the
contextual information (y).

Contextual information enhances personalization by tailoring predictions or decisions to individual circumstances.
For example, if a person medical history indicates a certain susceptibility to a particular health issue, the system can
generate predictions that are more relevant to that specific risk. Contextual information often involves data fusion,
where multiple sources of information are integrated to provide a more comprehensive understanding. This
integration might involve combining physiological data from wearable devices with medical history from electronic
health records, lifestyle information from surveys, and environmental data from external sources.

IV. PERFORMANCE EVALUATION

The mobile application serves as the interface for users to interact with the system. It displays real-time health
monitoring data collected from the 10T wearable devices. Additionally, it provides personalized health predictions
generated by the conditional AAE based on the learned representations from the DBM.

Table 2: Experimental Setup

Parameter Value

Model AAE
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Latent Dimension 100
Learning Rate 0.001
Batch Size 64
Training Epochs 100
Lambda (Adversary) 0.5
Lambda (Regularization) | 0.01
Optimizer Adam

Performance Metrics:

Dataset: 10T healthcare collected from IEEE DataPort, https://ieee-dataport.org/keywords/iot-healthcare. A synthetic
dataset containing physiological data and medical history for health prediction. Features include Heart Rate (HR),
Body Temperature (Temp), Medical History (MH) with 1000 samples

The table 2 outlines the key parameters used in the experimental setup. The model is a Conditional AAE with a
latent dimension of 100. Learning rate, batch size, and other hyperparameters are specified. Lambda values control
the importance of adversarial loss and regularization in the loss function. Adam optimizer is used for training.
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Figure 5: Accuracy
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The proposed method consistently outperformed all three existing methods across all metrics, indicating its
superiority in predicting health statuses accurately. Accuracy values for the proposed method were consistently
higher by approximately 10% on average compared to the existing methods. Precision, recall, and F1-score also
demonstrated similar trends, showcasing the proposed method ability to make well-informed predictions with a
balanced trade-off between precision and recall (Figure 5-8).

For regression tasks, the proposed method continued to show remarkable performance improvements. The MAE
values of the proposed method were approximately 20% lower on average compared to existing methods, indicating
its better predictive accuracy in numerical health parameter estimation. Similarly, the RMSE values were
consistently lower for the proposed method, showcasing its ability to provide more precise predictions with smaller
errors (Figure 9, 10).

The results showcase the substantial advantages of the proposed method over existing approaches, with percentage
improvements ranging from approximately 10% to 20% across various metrics. These findings emphasize the
potential of the proposed healthcare monitoring and prediction system to enhance accuracy and reliability, ultimately
leading to improved patient care and outcomes.

V. CONCLUSION

In this study, we presented a novel 10T wearable healthcare monitoring and prediction system that leverages a AAE
architecture. The system objective was to provide accurate health predictions and insights for users based on
contextual information and physiological data collected from 10T devices. Through experiments, we demonstrated
the significant effectiveness of our proposed method compared to existing methods. The proposed method
consistently outperformed the existing methods across various performance metrics, showcasing its superior
predictive capabilities and potential for enhancing healthcare monitoring. The experimental results revealed an
average accuracy improvement of approximately 10%, indicating the proposed method ability to make more
accurate health predictions. Moreover, the precision, recall, and F1-score improvements collectively showcased the
model balanced trade-off between correctly identifying positive cases while minimizing false positives. For
regression tasks, the proposed method exhibited an average of 20% reduction in MAE and RMSE, emphasizing its
enhanced ability to accurately estimate numerical health parameters. The proposed approach can be attributed to the
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integration of contextual information within the AAE framework, allowing the model to generate predictions that
are tailored to individual circumstances and attributes.
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