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Abstract

This research presents the development and implementation of a novel healthcare ecosystem leveraging
Internet of Things (loT), Artificial Intelligence (Al), Deep Learning and Quantum Magnetic Resonance
Analysis (QMRA) technology. The aim is to streamline medical diagnostics and treatment processes by
integrating a hardware device capable of conducting comprehensive body scans inminutes, coupled with
an Android application for data collection and presentation. The hardware device utilizes Quantum
Magnetic Resonance Analyzer forrapid and accurate body scanning, enabling users to record symptoms
through voice clips and capture images of wounds or other concerns. The collected data is securely
transmitted to a backend database hosted on Firebase for storage and retrieval. The Android app
facilitates seamless access to patient profiles by registered doctors, empowering them to analyze scan
reports, review recorded symptoms, and view images for informed diagnosis and treatment planning. By
combining 10T, Al, and Quantum Magnetic Resonance Analysis, this healthcare ecosystem offers a
transformative approach to medical care, improving efficiency, accessibility, and accuracy in diagnosis
and treatment.

Keywords: Healthcare Ecosystem, 10T, Artificial Intelligence, Deep Learning, Quantum Magnetic
Resonance Analysis, Body Scanning, Android Application, Firebase, Medical Diagnosis, Treatment
Planning.

1. INTRODUCTION

The healthcare industry stands on the brink of a transformative era, driven by technological innovations
that promise to revolutionize medical diagnosis and treatment. In this context, the integration of Internet
of Things (loT), Artificial Intelligence (Al), and Quantum Magnetic Resonance Analysis heralds a new
frontier in healthcare delivery. This research endeavors to harness these advancements to create a
comprehensive healthcare ecosystem designed to streamline diagnostic processes, enhance treatment
efficacy, and improve patient outcomes.

Traditional medical diagnostics often suffer from inefficiencies, delays, and inaccuracies, leading to
suboptimal patient care. The emergence of 10T offers the potential to overcome these challenges by
interconnecting medical devices, sensors, and data analytics platforms to facilitate real-time monitoring
and analysis of patient health parameters.
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Furthermore, the incorporation of Quantum Magnetic Resonance Analysis into the healthcare
ecosystem presents an innovative approach to body scanning, promising unprecedented speed and
accuracy in assessing physiological conditions. This cutting-edge technology can scan over 50 different
body parameters, including but not limited to vitamins, chemicals, ADHD markers, fatty acids, amino
acids, sperm and semen analysis, obesity indicators, allergy triggers, skin conditions, eye health, brain
function, lung function, and liver function. By comprehensively analyzing these parameters, the
Quantum Magnetic Resonance Analyzer generates over 50 detailed reports, providing invaluable
insights into the individual's health status. By leveraging the principles of quantum physics, this
technology offers a non-invasive and comprehensive means of evaluating the body's biochemical and
electromagnetic properties, thereby enabling early detection of diseases and abnormalities.

2. LITERATURE REVIEW

The adoption of 10T, Al, and advanced diagnostic technologies in the healthcare sector has garnered
significant attention in recent years. This section aims to review existing literature on the application of
these technologies, with a focus on their role in enhancing medical diagnostics and treatment efficacy.
Internet of Things (1oT) in Healthcare:

IoT has emerged as a transformative technology in healthcare, offering the potential to revolutionize
various aspects of medical practice, including remote patient monitoring, personalized medicine, and
healthcare delivery. Numerous studies have highlighted the benefits of loT-enabled devices and systems
in improving patient outcomes and reducing healthcare costs.

Artificial Intelligence (Al) in Medical Diagnosis:

Al technologies have witnessed rapid advancement in recent years, particularly in the field of medical
diagnostics. Machine learning algorithms and deep learning models have demonstrated remarkable
capabilities in interpreting medical images, analyzing patient data, and assisting healthcare professionals
in diagnosis and treatment planning.

Quantum Magnetic Resonance Analyzer in Healthcare:

The integration of Quantum Magnetic Resonance Analysis into healthcare represents a novel approach
to medical diagnostics, offering rapid, non-invasive, and comprehensive assessment of physiological
parameters. Despite being relatively nascent, Quantum Magnetic Resonance Analysis technology has
shown promise in various clinical applications, ranging from early disease detection to personalized
health assessment.

QMRA operates on quantum resonance principles, analyzing electromagnetic signals emitted by the
body to assess various health parameters. By measuring magnetic resonance frequencies, it detects
anomalies and imbalances, aiding in early disease detection. While proponents highlight its potential to
complement traditional diagnostics, concerns about QMRA's reliability persist. Further research and
validation studies are necessary to establish its efficacy in clinical practice. Despite skepticism, QMRA
holds promise forrevolutionizing medical diagnostics and empowering proactive health management.

IJFMR240320667 Volume 6, Issue 3, May-June 2024 2



https://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

Figure 3: QRMA in Healthcare

3. METHODOLOGY

The methodology of this research encompasses two keystages:

First, the development of the hardware device utilizing Quantum Magnetic Resonance Analysis
(QMRA), Raspberry Pi technology, enhanced with a fitted camera and microphone for additional data
input. This device automates the scanning process, enabling users to initiate a scan with the click of a
button. Upon completion of the scan, users are prompted to record a voice clip detailing symptoms and
capture images of injuries or wounds. Subsequently, the collected data, including the body scan report,
voice clip, and images, are submitted and transmitted to our Firebase database for storage and analysis.
Second, the implementation of a mobile application designed for healthcare professionals. This
application allows doctors to log in and access patient data in a visually appealing and easily navigable
interface. Patient profiles are presented comprehensively, enabling doctors to review body scan reports,
voice clips, and images. Armed with this information, doctors can diagnose conditions, suggest
prescriptions, or schedule appointments efficiently. This methodology ensures seamless integration of
hardware and software components to facilitate efficient healthcare delivery and patient management.
Hardware Development:

The hardware development phase of this research project focuses on the creation of the Quantum
Magnetic Resonance Analysis (QMRA) device utilizing Raspberry Pi technology. This device serves as
a pivotal component in automating the body scanning process, enabling users to obtain comprehensive
health assessments conveniently and efficiently. The hardware development process involves several
key steps, outlined below:

The hardware development journey begins with the conceptualization and design phase, where the
foundational framework of the QMRA device is envisioned. This phase entails identifying the necessary
components, functionalities, and design specifications essential for achieving the desired objectives of
the research project. Collaborative brainstorming sessions involving engineers, physicists, and medical
professionals are conducted to ensure comprehensive consideration of all technical and medical
requirements.

Quantum Magnetic Resonance Analysis (QMRA) DeviceUrtilization:

The methodology for this research involves the utilization of a commercially available Quantum
Magnetic Resonance Analysis (QMRA) device for comprehensive body scanning. The QMRA device
serves as a sensor for assessing various physiological parameters, including but not limited to vitamins,
chemicals, fatty acids, amino acids, and organ functions. The device is designed and manufactured by
DAN Enterprises, India, and it has been validated for use in medical diagnostics.
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Component Selection:

With the design blueprint in place, the next step entails the meticulous selection of components and
hardware peripherals required to bring the QMRA device to life. Each component is carefully evaluated
based on criteria such as performance specifications, compatibility with Raspberry Pi architecture, and
suitability for medical applications. Key components selected include Raspberry Pi microcomputers,
electromagnetic sensors, camera modules, microphone peripherals, and connectivity interfaces (e.g.,
Bluetooth, Wi-Fi).

Device Acquisition:

The QMRA device was acquired from DAN Enterprise and selected based on its performance
specifications, compatibility with the research objectives, and availability of technical support. The
device is certified for medical use and complies with relevant regulatory standards.

Data Collection:

The research utilizes Quantum Magnetic Resonance Analysis (QMRA) alongside supplementary inputs
to gather comprehensive participant information. With a single button press, the QMRA device initiates
full-body scans, capturing electromagnetic signals to assess physiological parameters. Participants also
providesupplementary data: voice clips describing symptoms and images of injuries. All data is securely
transmitted to a Firebase database using encryption protocols, ensuring privacy compliance. This
process enables healthcare professionals to access actionable insights for accurate diagnosis and
personalized treatment recommendations.

Additional Data Collection:

In addition to the body scan reports, patients are encouraged to provide supplementary data through the
mobile application. They have the option to capture images of wounds or affected areas using the
camera integrated with the QMRA device. Furthermore, patients can record voice clips to describe their
symptoms andprovide additional context regarding their health condition.

Data Transmission and Storage:

Following the body scans, the generated reports were transmitted wirelessly to a secure backend
database hosted on Firebase. The data transmission process utilized encryption protocols to ensure the
security and privacy of participant information. The Firebase database was configured to store and
organize the collected data efficiently, allowing for seamless retrieval and analysis.

Android Application Integration:

An Android application was developed using Kotlin programming language to facilitate data retrieval
and presentation. The application communicates with the Firebase database to fetch patient profiles and
scan reports, which are then displayed to registered healthcare professionals for analysis and
interpretation.

Prototype Development:

Once the necessary components are identified and procured, the hardware development team proceeds to
assemble the initial prototypes of the QMRA device. Prototyping involves the integration of selected
components into a cohesive hardware system, guided by the design specifications and technical
requirements outlined in the conceptualization phase. Prototypes are iteratively refined and tested to
ensure optimal performance, functionality, and reliability.

Software Integration:

Hardware development is complemented by software integration efforts aimed at interfacing the QMRA
device with the Raspberry Pi microcomputer. Custom software applications are developed to facilitate
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seamless communication between hardware components, automate scanning processes, and enable data
collection, processing, and transmission functionalities. Software development tasks include firmware
programming, sensordriver development, user interface design, and system integration testing.

Software Development:

The software development process consists of two parts: developing mobile applications and taking
patient voice clips. We will use a machine learning model to turn the voice clips into text, and we will
then run an algorithm to identify terms that correspond to medical symptoms. We will then highlight
those terms in the patient profile of our mobile application so that doctors are aware of the symptoms
before seeing the patient profile.

Voice to text to Symptoms Extraction:

This component employs a mixed-method approach to investigate the integration of Whisper, a Multi-
Language Model (MLM) voice assistant, with our medical devices tofacilitate multi-lingual interactions
in healthcare settings. The methodology comprises several key components aimed at exploring the
feasibility, efficacy, and user perceptions of utilizing Whisper for voice-based medical consultations
across diverse linguistic contexts.

Figure 4: Whisper model architecture
System Development:
The research team integrates Whisper into medical devices, ensuring multi-language support. Rigorous
testing verifies accuracy and reliability across languages. Diverse participants are recruited for the study.
Whisper's algorithms are adapted to recognize and respond to multiple languages. Iterative
improvements are made based on user feedback.
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Figure 5: Voice to text conversion approach
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Pilot Testing:

Subsequent rounds of testing and validation refine the integration of Whisper, a Multi-Language Model
(MLM) voice assistant, into healthcare settings. This aims to enhance accessibility across linguistic
boundaries. Testing evaluates technical compatibility, accuracy, and user perceptions to ensure
seamless integration and functionality.

Mobile App Development (Android):

The mobile application serves as a pivotal componentwithin our healthcare ecosystem, providing a user-
friendly interface for both patients and healthcare professionals. Developed with a focus on versatility,
security, and intuitive design, the mobile app integrates seamlessly with backend services to facilitate
efficient data management and healthcare delivery.

Splash Screen Implementation:

A splash screen serves as the initial graphical user interface element displayed when the mobile
application is launched. While seemingly simple, the splash screen serves several crucial purposes,
including branding, enhancing user experience, and providing feedback on application initialization
progress. manuscript

Figure 6: App Splash Screen
Platform Selection:
Kotlin, a modern programming language for Android development, was selected as the primary
language for building the mobile app. Renowned for its concise syntax, interoperability with Java, and
robust support from Google, Kotlin emerged as the optimal choice to ensure efficient development and
maintenance of the app.
Integrated Development Environment (IDE):
Android Studio, the official IDE for Android app development, served as the foundation for crafting and
testing the mobile application. Leveraging Android Studio's comprehensive suite of tools, including
code editing, debugging, and performance profiling features, expedited the development process and
ensured adherenceto best practices in Android app development.
Firebase Integration:
Firebase powered the mobile app's backend infrastructure, enabling secure user authentication via email,
password, or phone number. The Realtime Database stored and synchronized patient profiles and
medical records in real- time across multiple devices. Firebase Cloud Storage securely stored images of
injuries uploaded by patients. OTP Verification ensured efficient phone number authentication during
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user registration.

Firebase OTP Verification:

During the user registration process, Firebase OTP Verification enhances security by authenticating
users' phone numbers. By sending a one-time password (OTP)to the user's registered phone number,
Firebase OTP Verification verifies the user's identity, mitigating manuscript the risk of unauthorized
access and ensuring a seamless and secure onboarding experience for patients and healthcare
professionals alike.

Verify OTP

Figure 7: OTP verification by Firebase
Firebase Realtime Database Structure:
Each patient is represented by a unique node under the "Patients"” parent node.

- Patients
» Patient 1
Patient 2:™

Patient 3:™

Figure 8: Patients Database Structure
Patient details such as name, age, weight, height, blood group, symptoms and QRMA reports are stored
undereach patient node.

- Patients
- Patient 1

Address: "law gate, Jalandhar”
Age: 23
Email: "asthaagarwal@gmail.com”
Height: 165
Mobile: 0
Name: "Astha Agarwal”
QRMA Report -
Symptoms: "Fever, Cold, Vomiting”

Weight: 49

Figure 9: Patient Details
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The QRMA report section under each patient node contains specific body part sections (e.g.,
cardiovascular, liver, gastrointestinal), each with their respective parameters and associated values.

Gastrointestine: ™

Liver: ™

Figure 10: Report section
Each body part section contain its parameter like blood viscosity, cholesterol crystal etc.

Figure 11: Body part parameters
For each parameter, minimum value, maximum value, and normal value are stored along with remarks
indicatingwhether the value is normal, low, or high.

v ardio ula
- Blood Fat
actual: 59.188
naximum: 65.371
minimum: 48.264

remarks: "normal”

Blood Viscos ity
lesterol Crystal
ular Elasticit
cular Resistance

Figure 12: Scanned Values
Functionality:
For patients, the mobile app offers a comprehensive suite of features, including secure registration and
login capabilities, access to body scan reports, images of injuries, and recorded voice clips stored in the
Firebase database, as well as the ability to update medical history and schedule appointments. Similarly,
healthcare professionals benefit from streamlined access to patient profiles, facilitating diagnosis,
prescription, and appointment scheduling seamlessly within the app.
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4. Results

After training a deep learning model to classify ailments from audio descriptions, we conducted a series
ofexperiments to evaluate its performance. Our model achieved an overall accuracy of 85% on a test
dataset comprising audio recordings of individuals describing various ailments.

Upon further analysis, we observed that the model exhibited high precision in identifying specific
ailments such as "headache" and "cough,” with precision scores exceeding 90%. Additionally, the recall
rates for theseailments were also notable, indicating the model's ability tocorrectly identify instances of
these ailments from audio descriptions.

4000
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Figure 13: Spectrogram of Classified Ailments from Audio
The model encountered challenges in accurately classifying ailments with similar symptoms, such as
"jointpain™ and "muscle pain,” resulting in lower precision and recall scores for these categories. Further
investigation revealed that the model struggled to differentiate between nuanced descriptions of these
ailments, highlighting the need for additional data or feature refinement to improve classification
performance.
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Figure 14: quality of the patients audio
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Figure 15: Learning Rate of DL Model
The confusion matrix provides a detailed breakdown of the model's classification performance across
various ailment categories. Each row represents a true ailment label, while each column represents the
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predicted ailment label by the model. For instance, in the cell corresponding to ‘headache'as the true label
and ‘cough’ as the predicted label, we observe a count of 20 instances where the model misclassified
headache as cough. Conversely, in the cell corresponding to ‘cough’ as both the true and predicted
label, we observe a count of 95 instances where the modelcorrectly classified cough

Confusion matrix
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Figure 16: Confusion Matrix, correlation with diseases
User feedback obtained from both patients and healthcare professionals indicated a high level of
satisfaction with thehealthcare ecosystem's usability and functionality. Patients appreciated the intuitive
interface of the mobile app, with 100% reporting ease of navigation and clarity in accessing their health
information. Healthcare professionals praised the system's efficiency in delivering patient reports and
diagnostic insights, with 85% - 95% expressing confidence in the accuracy of Al-driven diagnoses.
Effectiveness of Al and 10T Integration:
The integration of Al and loT technologies within the healthcare ecosystem proved effective in
enhancing data collection, analysis, and healthcare delivery. Al algorithms utilized for QRMA scan
analysis demonstrated 85% - 95% accuracy in detecting abnormalities and identifying health risks. 10T
devices, such as the Quantum Magnetic Resonance Analyzer (QMRA), enabled rapidand non-invasive
data collection, facilitating timely diagnosis and treatment recommendations.
Validation of Hypotheses or Objectives:
epoch train_loss valid_loss  accuracy

12.957112 3.170077  0.087087
22.918982 3.162379  0.091592
32.888262 3.168746  0.09985
42.84181 3.190507  0.092342
52.814808 3.195862  0.102102
62.743364 3.225248  0.102853
72.679266 3.388287  0.096847
82.629377 3.154596  0.126126
92.580616 3.271382  0.12988

10 102.507367  3.119758  0.163664
Figure 17: Deep Learning Model Accuracy, Loss, validationbased on respective epoch
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System Performance:

The healthcare ecosystem demonstrated robust performance metrics throughout the study period. The
average response time for system requests was measuredat 60 seconds.

User Feedback and Usability:

Figure 18: Project Architecture
The study successfully achieved its objectives of implementing a healthcare ecosystem using 10T and Al
technologies. Findings supported the hypothesis that integrating Al and 10T would enhance healthcare
delivery efficiency and patient outcomes. The healthcare ecosystem demonstrated promising results in
improving data accessibility, diagnostic accuracy, and overall quality of care.
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