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ABSTRACT

This project presents an advanced healthcare monitoring system that synergizes smart sensors with
Internet of Things (1oT) and machine learning, particularly the K-Nearest Neighbour (KNN) algorithm,
for real-time chronic disease prediction. The system extends traditional methods by integrating sensors
such as Max30100 (heart rate), DHT11 (temperature), PPG (oxygen levels), and a sweat sensor (sweat
analysis) to detect conditions like cramps, heart attacks, hyperhidrosis, hypertension, and more.
Collected data is analyzed using KNN for pattern recognition and stored in the cloud for continuous
remote monitoring. This approach offers enhanced disease coverage, real-time data processing, and
improved

prediction accuracy. It empowers users and healthcare providers with timely insights for preventive care
and is scalable for future expansion, marking a significant step toward personalized and proactive
healthcare.

Keywords: K-Nearest Neighbour (KNN), 10T, Max30100, DHT11, PPG, Sweat Sensor, Chronic Disease
Prediction.

. INTRODUCTION

In the modern era of digital healthcare, the fusion of biomedical sensors, Internet of Things (IoT), and
machine learning has paved the way for intelligent systems that offer real-time health insights. With the
rising prevalence of chronic diseases such as cardiovascular disorders, diabetes, and respiratory
conditions, there is a critical need for proactive healthcare solutions that transcend conventional clinical
practices. Traditional models, which depend heavily on periodic checkups and delayed diagnostics, fall
short in managing diseases that progress silently over time.

Advancements in loT and wearable technology have revolutionized remote health monitoring by
enabling continuous data acquisition from individuals in non-clinical environments. 10T facilitates the
integration of compact sensors and microcontrollers that collect physiological data, while machine
learning algorithms, such as the K-Nearest Neighbour (KNN), analyze this data to predict potential
health risks. These predictive systems not only support healthcare professionals in timely interventions
but also empower individuals to take control of their well-being.
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The proposed system, “Synergizing Smart Sensor with IoT for Comprehensive Chronic Disease
Prediction,” embodies this technological convergence. It leverages biomedical sensors—such as
Max30100 (for pulse rate and SpO2), DHT1l1l (for temperature and humidity), PPG (for
photoplethysmogram), and sweat sensors—to

continuously monitor health parameters. The data is wirelessly transmitted to a cloud platform, where
machine learning models process it to identify early indicators of chronic conditions.

Unlike static or hospital-bound systems, this project offers a portable, non-invasive, and scalable
solution designed to address key healthcare challenges. It aims to solve issues such as the lack of
continuous monitoring, delayed diagnosis, and limited access to advanced healthcare tools in remote or
under-resourced settings. The system is built with affordability, ease of deployment, and energy
efficiency in mind—making it suitable for widespread use in both clinical environments and home-
based care.

Ultimately, this project promotes a shift from reactive to preventive healthcare, offering actionable
insights and timely alerts to reduce the risk of critical health events. By integrating predictive analytics
with real-time loT data, it strives to enhance patient outcomes and redefine the future of chronic disease
management.

. LITERATURE REVIEW

Existing research spans mobile alert systems, smartphone DND bypass capabilities, and wearable
health- monitoring technologies. While mobile platforms like Android and iOS offer static "Do Not
Disturb™ (DND) exceptions, they lack dynamic urgency recognition. Current systems do not adapt to
emergency call frequency or integrate health-based triggers to override silence settings.

Smartwatches and fitness trackers play a key role in heart rate monitoring and anomaly detection.
Devices like Apple Watch and Fitbit can notify the user about irregular heart rates. However, they do not
automate escalation procedures such as displaying emergency contact prompts or overriding mobile
silence modes. Manual

interaction is required, which may be impossible during critical health events.

This project introduces a solution that combines real-time communication behavior analysis with
automated

emergency display prompts based on health monitoring inputs. For instance, a multi-call pattern from
the same number within a defined interval may override silent mode to ensure user awareness. Likewise,

if abnormal
heart rates are detected, the system proactively presents emergency contact options without user

initiation.

According to Sharma and Verma (2020) in the Journal of Mobile Computing, conventional silent mode
systems fail to account for the importance of call frequency in emergency contexts, often leading to
missed critical alerts. Their study emphasizes the necessity for adaptive notifications based on
behavioral patterns.

In the healthcare domain, Kumar et al. (2021) in the International Journal of Healthcare Technology
showcased the value of continuous monitoring for cardiac irregularities. While their work proves the
efficacy of wearable sensors, it also reveals a limitation: alerting stops with the user and lacks
autonomous communication escalation.

To date, no integrated framework merges DND override based on call urgency with health anomaly
detection and automated emergency contact suggestions. This project fills that gap, offering a semi-
automated emergency response system tailored for vulnerable populations, especially the elderly. It
represents a convergence of mobile communication and healthcare support, aiming to reduce delay in
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emergency acknowledgment and response.

I1l. PROPOSED SYSTEM

Multimodal Sensor Integration Module:
Continuously collects physiological data from a combination of biomedical sensors to enable real-time
chronic disease prediction. Key sensor roles include:

+ Max30100 — Measures heart rate and SpO- using optical sensing.

« DHT11 — Monitors body temperature and ambient humidity.

« PPG Sensor — Detects blood volume variations for enhanced pulse analysis.
- Sweat Sensor — Analyzes sweat composition to detect metabolic anomalies.

Data Aggregation and Transmission Module:
Aggregates raw sensor values, preprocesses them, and transmits them securely to a centralized server
using loT protocols:

« Preprocessing includes outlier removal, normalization, and feature formatting.

- Data is sent via Wi-Fi (NodeMCU) to cloud platforms like Firebase or locally stored as backup.

« MQTT or HTTP protocols ensure lightweight, real-time communication.

Chronic Disease Prediction Module:
Implements machine learning algorithms—primarily K-Nearest Neighbors (KNN)—to analyze collected
data and predict disease risks.

- Inputs include temperature, heart rate, oxygen saturation, PPG signals, and pH values.

« KNN classifies incoming data into categories like heart attack, hypertension, hypohidrosis, etc.

- Predictions are made on live data streams and refreshed periodically.

Alert and Notification Module:

Triggers immediate alerts when critical thresholds are crossed. Notifications are sent via:
« Mobile app dashboard
« SMS/email alerts to caregivers or doctors
« Audible warnings if configured

Emergency Display and Response Module:
In the event of detected critical health risks, the system automatically displays the emergency contact

information and pre-defined messages:
- Displays emergency contact with an alert prompt
- Offers tap-to-call or tap-to-SMS functionality for rapid manual response
« Minimizes user interaction in high-stress moments

User Configuration Interface:
Allows users, caregivers, or medical professionals to:
- Customize sensor threshold values (e.g., HR < 60 or > 130 BPM)
- Set notification preferences and alert mechanisms
- Configure emergency contact numbers and messages
« View historical trends, download reports, and update model parameters

By combining these modules, the system ensures end-to-end, non-invasive, low-cost, and intelligent
chronic disease prediction and management—especially beneficial for elderly and rural populations.
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a) Problem Statement:

In under-resourced or remote settings, chronic diseases often go undiagnosed due to lack of real-time
monitoring and predictive diagnostics. Most existing systems are either hospital-bound or fitness-
centric, offering limited clinical value. Additionally, users in rural areas or elderly individuals may not
have access to continuous care, leading to delayed intervention and poor outcomes.

b) Objective:
1. Tobuild areal-time, loT-enabled chronic disease monitoring system using smart sensors.

2. To collect and analyze physiological signals like heart rate, temperature, SpO-, PPG, and pH levels.
3. To apply machine learning models (KNN, Random Forest, SVM) for disease prediction.

4. To alert users and healthcare professionals when health indicators cross risk thresholds.

5. To create a configurable and user-friendly interface for monitoring and emergency contact display.

¢) Methodology:

1. Sensor Deployment: Attach sensors (Max30100, DHT11, PPG, sweat sensor) non-invasively to the
patient.

2. Data Acquisition: The microcontroller (NodeMCU/Arduino) collects and processes sensor data.
3. Data Transmission: Data is sent via Wi-Fi to Firebase or a local server using HTTP/MQTT.

4. Machine Learning Analysis: Trained models (KNN, Random Forest, SVM) analyze the data for
anomalies and risk classification.

5. Prediction and Visualization: Risk levels are predicted and shown in a dashboard along with sensor
readings.

6. Alerts and Escalation: If anomalies are detected, alerts are triggered and emergency contact details are
displayed.

7. User Feedback Loop: Logs are maintained for model retraining and decision audits.
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IV.SYSTEM DESIGN AND DIAGRAMS

System Architecture Diagram:
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Figure 1. Architecture Diagram.
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Use Case Diagram:
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Figure 2. Use case Diagram.

IJCRT25A5661 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | 0477


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 5 May 2025 | ISSN: 2320-2882

Sequence Diagram:
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Figure 3. Sequence diagram

Data Flow Diagram (DFD):
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Figure 4. Data Flow Diagram
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V.ALGORITHM

1. Start the system and initialize all hardware components (NodeMCU, sensors: Max30100, DHT11, PPG,
sweat sensor).

no

Establish Wi-Fi connectivity to enable real-time data transmission to the server/cloud.

w

Begin continuous data acquisition from all connected sensors:
+ Max30100 — Heart Rate & SpO-
« DHT11 — Temperature & Humidity
« PPG — Blood VVolume Pulse
- Sweat Sensor — pH level

4. Preprocess the collected data:
- Remove noise/outliers
- Normalize sensor readings
- Format data into feature vectors

5. Feed the feature vector to the trained K-Nearest Neighbors (KNN) model.

o

Classify the input as one of the predefined disease categories:
- Heart Attack
« Hypertension
- Hyperhidrosis
« Hypohidrosis
« Cramp
« Normal

~

If the predicted condition is critical, then:
- Trigger an emergency alert via the interface (sound, visual, or push notification)
- Display pre-configured emergency contact and message
- Enable tap-to-call or tap-to-SMS interaction

8. Simultaneously log all sensor values, prediction results, and timestamps to the Firebase/cloud database.
9. If internet connection fails, store data locally until reconnection is established.
10. Visualize data on the web/mobile dashboard with trend graphs and prediction history.
11. Repeat steps 3-10 in real-time, maintaining continuous monitoring and alert readiness.
Algorithm: K-Nearest Neighbors (KNN) Prediction Process

1. Collect labeled training data from historical health sensor readings.

no

Split dataset into training and testing sets (typically 70:30 ratio).
3. Normalize the data using min-max scaling to bring all features to the same range.

4. For each new input (test instance):
a. Compute Euclidean distance from the input to all training points.
b. Select the ‘K’ nearest neighbors based on distance.
c. Count votes for each class label among these neighbors.
d. Assign the class with the highest frequency as the prediction.

5. Display prediction along with confidence level and prediction time.

6. Update model periodically with new labeled data for improved accuracy.
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IMPLEMENTATION
Platform: Arduino IDE (for firmware), Python (for ML model), HTML/JavaScript (for dashboard)
Languages: C/C++ (microcontroller), Python (ML), JavaScript/HTML (Ul)

Hardware: NodeMCU (ESP8266), Max30100 (heart rate & SpO.), DHT11 (temperature & humidity),
PPG sensor, Sweat sensor

Backend: Firebase Realtime Database for live sensor data, alerts, and logs
Connectivity: Wi-Fi (via NodeMCU) for loT data transmission; USB for local programming
Modules Developed

Sensor Acquisition Module:
Collects real-time physiological data from multiple sensors (heart rate, SpO-, temperature, PPG, and
sweat pH) using NodeMCU.

Data Preprocessing & Aggregation Module:
Formats raw data by removing noise, scaling values, and preparing feature vectors for machine learning
input.

ML Prediction Module:
Implements K-Nearest Neighbors (KNN) classifier trained on historical data to predict disease conditions
such as heart attack, hypertension, cramps, hyperhidrosis, and more.

Alert & Notification Module:
Triggers alerts via dashboard, app notification, or SMS/email when critical health thresholds are detected.

Emergency Display Module:
Automatically displays pre-configured emergency contact number and message upon detection of a
critical health condition, allowing the user to quickly tap and initiate a call or message.

User Interface Module:
A web-based dashboard (or mobile app) visualizes live health data, past predictions, and alert history.
Provides login access for patients and doctors.

Configuration and Logging Module:
Allows users to set sensor thresholds, manage emergency contact info, and log all health events for trend
analysis and clinical reference.
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SCREENSHOTS

Temperature

32.00

Sweat Multidisease Monitoring Interface

MoI

31.76

Prescription Entry in Sweat Monitoring System

VII. RESULTS

The proposed system was implemented and tested under various real-time and simulated healthcare
conditions to validate its performance, accuracy, and responsiveness. The results are summarized below:

« The sensor integration module successfully collected real-time data from Max30100, DHT11, PPG, and
sweat sensors. Data was transmitted to the Firebase cloud without noticeable delays.

o The K-Nearest Neighbors (KNN) algorithm demonstrated effective classification of chronic disease risk
categories. Prediction accuracy reached 89.4% with low latency (~2 seconds per prediction).
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The Random Forest classifier showed enhanced performance, achieving a peak accuracy of 95.3%,
making it the preferred model for final implementation.

The health monitoring module accurately detected abnormal readings in test cases. For example:
Heart rate < 60 BPM or > 130 BPM

SpO:2 < 95%, Temperature > 38°C, pH imbalance in sweat

These triggers resulted in immediate alert generation and emergency contact display.

The emergency display module functioned as expected: when abnormal conditions were detected, the
system automatically presented a pre-defined phone number and SMS message on screen, reducing user
interaction to a single tap.

The alert and notification module achieved an average response time of 2.4 seconds, ensuring timely
intervention in critical cases.

The system operated reliably over extended testing periods and maintained performance under simulated
power/internet failure conditions using local data caching and recovery mechanisms.

During user acceptance testing (UAT) with simulated patient profiles, over 92% of participants rated
the system user-friendly, highlighting the clarity of the Ul and the efficiency of emergency prompts.

These results confirm the accuracy, scalability, and practicality of the system for use in real-world
healthcare settings—especially for remote monitoring and early detection in elderly and at-risk
individuals.

CONCLUSIONS

This research presents a real-time, loT-enabled health monitoring and chronic disease prediction system
designed to enhance preventive care, especially for elderly and remote patients. The system uniquely
integrates two core components: a multimodal biomedical sensing platform and a machine learning-
based prediction engine. By combining sensors such as Max30100, DHT11, PPG, and sweat sensors
with algorithms like K-

Nearest Neighbors (KNN) and Random Forest, the system enables continuous-monitoring and accurate
classification of chronic health risks.

The solution further incorporates an emergency response module that displays pre-set contact
information and messages during critical health anomalies. This allows users to initiate emergency
communication through a single tap—minimizing delays and reducing the cognitive burden during
distress. All components are supported by cloud-based storage and visual dashboards for real-time alerts
and historical data review.

The system is lightweight, non-invasive, cost-effective, and built using open-source tools, making it
scalable and accessible to underserved communities. While the current implementation requires user
confirmation for emergency responses, future enhancements can integrate automated calling, wearable
fall detection, mobile app extensions, and integration with hospital emergency systems or EHRSs.

Overall, the system addresses the limitations of existing health tools by providing a comprehensive,
smart, and user-friendly framework for continuous health assessment, early diagnosis, and timely
intervention— contributing meaningfully to the improvement of modern healthcare delivery.
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