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ABSTRACT 

 

In today's busy world, staying healthy can be tough with so many health apps around. Our research takes on 

this challenge by introducing an innovative solution—the AI-powered Health Navigator App. This cutting-edge 

app comprehensively tracks a wide range of health factors, from daily physical activity to dietary habits, 

menstrual cycles, and past health records, offering users valuable insights and analytics. What sets it apart are 

its Disease Detection Module, Symptoms Analyzer, and AI-powered Medical Adviser, which harness users' 

historical data, medical records, and tracked information to deliver highly personalized recommendations. 

Furthermore, the app seamlessly connects with wearable devices like smartwatches, monitoring vital signs such 

as pulse rate and blood oxygen levels, enabling early detection of potential health issues. This user-cantered app 

doesn't just help individuals manage their health—it also plays a crucial role in the broader healthcare 

ecosystem. By sharing disease rates and other health data with relevant authorities, it aids in proactive planning 

for unexpected situations, enhances the supply of medicines and testing facilities, and makes personalized 

healthcare plans and insurance options a reality. Data privacy and security are paramount in ourapp, ensuring 

user trust. 

 

Keywords: AI, Machine Learning, Healthcare Ecosystem, Disease Prediction, AI Medical Adviser, Symptoms 

Analyses 

 

 

INTRODUCTION 

 

In our busy modern world, where our daily responsibilities often come first, keeping ourselves healthy can be quite a 

challenge. We're bombarded with a bunch of health apps on our phones, all promising to make our lives healthier and 

easier. But interestingly, finding a health app that's truly comprehensive, user-friendly, and smart can be quite tricky. 

"Arogya Sahayak," an avant-garde AI-fueled Health Navigator Application, poised to metamorphose the paradigm of 

health management as we know it. The very crux of its existence lies in the acknowledgment of the quandary 

engendered by the plethora of health applications and the labyrinthine complexity they often introduce into our daily 

lives. 

 

The Predicament: While health applications are by no means a rarity, the intrinsic impediments concerning 

efficacious disease prediction, early symptom dissection, and the provision of personalized health counsel endure as 

ubiquitous dilemmas. For myriad individuals, the odyssey from symptom recognition to the reception of precise, 

personalized feedback invariably remains a non-linear and arduous process. Traditional consultations, beset by 

extended waiting periods and restricted personalization, frequently prove inadequate in delivering the prompt, 

individualized solutions vital to the realm of proactive health management. 

 

The Resolution: In this backdrop, "Arogya Sahayak" emerges as a user-centric, all-encompassing health companion, 

transcending the confines of conventional health applications. This visionary solution ushers in a transformative era of 

health management through an array of AI-endowed tools: 

 

Disease Prediction: Offering rapid symptom insights, the application serves as the vanguard of health awareness, 

empowering users with early comprehension of their health conditions. 

 

Symptoms Analyzer: A pioneering tool, it furnishes users with individualized insights by amalgamating AI-driven and 

traditional analytical techniques to proffer potential health condition identifications. 
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AI Medical Adviser: This virtual health aide, accessible at all hours, interprets user inputs and historical data, 

endowing users with personalized health counsel predicated on medical histories and prevailing health records. 

 

Comprehensive Health Tracking: The application's utility transcends mere data compilation, featuring an ensemble 

of capabilities encompassing Steps Tracking, Period Monitoring, and Medication Reminders, BMI Calculation, and 

Medical Report generation, ensuring the holistic coverage of an individual's health journey. 

 

Wearable Device Integration: Seamless compatibility with devices like smartwatches empowers "Arogya Sahayak" 

to oversee vital health metrics, including pulse rate and blood oxygen levels, facilitating early detection of potential 

health concerns. 

 

Beyond the scope of individual user benefits, "Arogya Sahayak" assumes an instrumental role in the larger healthcare 

ecosystem, endowing health authorities with the pivotal capability to access invaluable health data, encompassing 

disease prevalence and other pivotal health metrics. This, in turn, expedites proactive contingency planning, bolsters the 

availability of essential medical resources, and paves the way for personalized healthcare plans and insurance offerings. 

In steadfast dedication to engendering user trust, the application places a paramount emphasis on data privacy and 

security, ensuring the utmost integrity of personal health information. 

 

In a world characterized by perpetually evolving health challenges, "Arogya Sahayak" emerges as the dependable and 

sagacious companion, heralding a transformative era in the sphere of health management. It is not merely an 

application; it embodies a paradigm shift in personalized health stewardship, auguring a future wherein every 

individual is empowered, informed, and in firm command of their health journey. 

 

MATERIALS 

 

Datasets Utilized 

The creation of the Arogya Sahayak app's disease prediction model used a wide variety of datasets to provide accuracy 

and reliability. The following is an overview of the main datasets used: 

 

Disease and Symptoms Dataset 

Source: Kaggle: Disease and Symptoms Dataset 

Description: This dataset comprises over 800 unique diseases and 600 different symptoms, providing a comprehensive 

mapping between various symptoms and their associated diseases. 

 

Features:   

 

 Symptoms: Binary features (1 for present, 0 for absent) for symptoms like fever, cough, fatigue, etc. 

 Disease Labels: Categorical labels of the disease diagnosed. 

 Usage: Used as the baseline dataset to train classification models to make disease predictions from reported 

symptoms. 

 

Wearables Dataset 

Source: Kaggle: Wearables Dataset 

Description: This dataset contains simulated sensor data collected from wearable devices in an IoT-based healthcare 

system. 

 

Features: 

 

 Sensor Readings: Data from accelerometers, gyroscopes, and other wearable sensors. 

 Health Indicators: Metrics such as heart rate, activity levels, and sleep patterns. 

 Usage: Integrated into the app to monitor real-time physiological parameters, aiding in the early detection of 

anomalies and potential health issues. 

 

Healthcare Dataset 

Source: Kaggle: Healthcare Dataset 

Description: A synthetic healthcare dataset created to serve as a valuable resource for data science, machine learning, 

and data analysis enthusiasts. 

 

Features: 

 Demographics: Age, gender, and other personal information. 

 Medical History: Records of past diagnoses, treatments, and outcomes. 

https://www.kaggle.com/datasets/choongqianzheng/disease-and-symptoms-dataset
https://www.kaggle.com/datasets/manideepreddy966/wearables-dataset
https://www.kaggle.com/datasets/prasad22/healthcare-dataset
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 Usage: Utilized to enhance the predictive capabilities of the model by providing context through patient 

history and demographic information. 

 

METHODS 

 

Machine Learning Algorithms and Performance Metrics 

 The disease prediction model in Arogya Sahayak utilizes a number of machine learning algorithms to interpret and 

analyze the data properly. The following is an overview of the algorithms utilized, as well as their corresponding 

performance metrics: 

 

Table 1: Performance analysis of machine learning models for disease prediction using classification metrics 

 

Algorithm Description Accuracy Precision Recall 
F1-

Score 

CNN (TensorFlow/Keras) 

– Skin Diseases 

Deep learning model used for image 

classification, leveraging convolutional 

layers to extract spatial features. 

97.19% 97.1% 97.3% 97.2% 

CNN (Keras) – Breast 

Cancer (IDC) 

Convolutional Neural Network applied to 

histopathology images for IDC detection. 
82.44% 90.0% 73.0% 81.0% 

SVM (Linear) – Heart 

Disease 

Linear Support Vector Machine classifier 

optimized with hyperparameter C=20. 
93.44% 92.5% 94.1% 93.3% 

XGBoost – Diabetes 
Gradient boosted trees used for binary 

classification on health indicators. 
82.00% 81.5% 82.3% 81.9% 

Logistic Regression – 

Liver Disease 

Linear model using L1 penalty and cross-

validation for liver condition classification. 
71.59% 70.8% 71.2% 71.0% 

FFNN (Keras) – 

Thalassemia 

Feedforward neural network trained with 

categorical loss for multi-class severity 

prediction. 

71.10% 69.5% 72.0% 70.7% 

 

Model Evaluation and Selection 

To guarantee the robustness and reliability of the disease prediction model, the followingevaluation methods were used: 

 

Cross-Validation: Used k-fold cross-validation to evaluate the capacity of the model to generalize on an 

independent set. 

 

Confusion Matrix Analysis: Examined true positives, false positives, true negatives, and false negatives to gain insight 

into the performance of the model in detail. 

 

ROC Curve and AUC: Plotted Receiver Operating Characteristic curve and measured the Area Under the Curve in 

order to analyze the diagnostic capacity of the model. 

 

Based on these evaluations, the Random Forest algorithm was selected as the primary model for the app due to its 

superior performance across all metrics. 

 

Symptom Examples Used in Disease Prediction 
The Arogya Sahayak model leverages a wide array of symptoms that users can select or input. These symptoms are 

mapped to specific diseases based on publicly available medical literature and datasets. Below are some real-world 

examples of symptoms and how they relate to potential diagnoses: 

 

Thalassemia (Genetic Blood Disorder): 

 

Common Symptoms: 

 Fatigue 

 Pale or yellowish skin 

 Facial bone deformities 

 Delayed growth 

 Abdominal swelling 

 Dark urine 
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Mapped Features in Dataset: 

 

 fatigue = 1 

 skin_discoloration = 1 

 slow_growth = 1 

Output Prediction: 

 High probability of Thalassemia if these symptoms are clustered, especially in children or with family history 

markers. 

 

Skin Dehydration / Dry Skin Conditions: 

 

Common Symptoms: 

 Dry, flaky skin 

 Itchiness 

 Fine lines or cracks 

 Redness 

Mapped Features in Dataset: 

 dry_skin = 1 

 itchiness = 1 

 skin_scaling = 1 

Related Predictions: 

 Mild: Dehydration, Eczema 

 Chronic: Psoriasis, Atopic dermatitis 

 

Iron Deficiency Anemia: 

 

Symptoms: 

 Fatigue 

 Shortness of breath 

 Pale skin 

 Cold hands/feet 

 Dizziness 

 

Features: 

 fatigue = 1 

 breath_shortness = 1 

 dizziness = 1 

 

Possible Diagnosis: 

 Anaemia, with advice for dietary intervention and blood tests. 

 

Dehydration (General): 

 

Symptoms: 

 Dry mouth 

 Decreased urination 

 Sunken eyes 

 Dizziness 

 Increased thirst 

 

Model Triggers: 

 dry_mouth = 1 

 low_urine_output = 1 

 dizziness = 1 

 

Predicted Conditions: 

 Dehydration, Heatstroke, or Kidney strain. 
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Dengue Fever / Viral Infection: 

 

Symptoms: 

 Sudden high fever 

 Severe headaches 

 Joint/muscle pain 

 Skin rash 

 Nausea 

 

Features in Model: 

 fever = 1 

 muscle_pain = 1 

 rash = 1 

 

Model Output: 

 Probable Dengue, trigger warning for further blood tests (platelet count). 

 

A. Mathematical Formulas and Concepts Used 

 

1. Logistic Regression (Binary Classification) 

 

 

 

 

 

 

 

 

 

 

 

 

 

2. Naïve Bayes Classifier 

 

 

 

 

 

 

 

 

 

 

 

3. Random Forest (Ensemble Learning) 

Random Forest combines the results of multiple decision trees using majority voting for classification. 

 Accuracy is improved through: 

o Bagging (Bootstrap Aggregation) 

o Feature Randomization 

o Evaluation Metrics 

 Let: 

TP = True Positive 

FP = False Positive 

FN = False Negative 

TN = True Negative 

 

       Then: 

I. Accuracy: 

II. Precision: 

III. Recall: 

IV. F1 Score: 
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B. Sample CSV Structure for Training 

Here's an example structure of a CSV file suitable for training a disease prediction model: 

 

Table 2: Symptom presence matrix for potential disease diagnosis 

 

fev

er 

dry_s

kin 

itchin

ess 

fatig

ue 

shortness_of_b

reath 

pale_s

kin 

irregular_pe

riods 

high_blood_s

ugar 

loss_of_taste_

smell 

cou

gh 

1 0 0 1 0 1 0 0 0 1 

0 1 1 0 0 0 0 0 0 0 

0 0 0 1 1 1 0 0 0 0 

0 0 0 0 1 0 0 0 0 0 

1 0 0 1 0 0 0 0 0 0 

0 0 0 1 0 0 1 0 0 1 

 

C. Technical & Visual Emphasis 

 

 Confusion Matrix and Classification MetricsAnalysis erroredAnalysed 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.1: Confusion Matrix and Classification Metrics 
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This chart compares the predicted labels vs. the actual disease labels: 

 

 Correct predictions are on the diagonal. 

 Off-diagonal values indicate misclassifications (e.g., Thalassemia misclassified as Anaemia). 

 

Most diseases were predicted accurately, except Thalassemia, which was incorrectly labelled as Iron Deficiency 

Anaemia — a realistic confusion since they share overlapping symptoms like fatigue and pale skin. 

 

 

Fig. 2: Disease prediction accuracy by model 

 

RESULTS AND DISCUSSION 

 

Classification Report Summary 

 

Table 3: Overview of Machine Learning Models Applied to Various Diseases with Performance and Training 

Details 

 

Disease 

Name 
Disease Covered Algorithm Accuracy Dataset URL 

Others 

(Activation, 

Epochs) 

Multiple 

Skin 

Diseases 

19 types incl. 

Acne, Eczema, 

Psoriasis, 

Melanoma, etc. 

CNN 

(TensorFlow/Keras) 
97.19% 

Skin Diseases Image 

Dataset - Kaggle  

Activation: ReLU, 

Softmax; Epochs: 

20 

Thalassemia 

Thalassemia 

severity 

classification 

Feedforward Neural 

Network (Keras) 
71.1% 

Thalassemia Dataset 

- Kaggle  

Optimizer: Adam; 

Epochs: 200; 

Loss: 

categorical_crosse

ntropy 

Heart 

Disease 

Presence/absence 

of heart disease 

SVM (Linear 

Kernel, C=20) 
93.44% 

Heart Disease 

Dataset - Kaggle  

Classic ML; 

Diabetes 
Binary diabetes 

prediction 
XGBoost Classifier 82.00% 

Pima Indians 

Diabetes Database - 

Kaggle  

Feature 

importance: BMI, 

Glucose, e 

Breast 

Cancer 

(IDC) 

Invasive Ductal 

Carcinoma from 

histopathology 

images 

CNN (Keras 

Sequential with 

augmentation) 

82.44% 

Breast 

Histopathology 

Images - Kaggle  

Activation: ReLU, 

Softmax; Epochs: 

8; Optimizer: 

Adadelta 

0

2

4

6

8

10

12

X
 A

X
IS

Y AXIS

Precision recall f1-score support

https://www.kaggle.com/datasets/ismailpromus/skin-diseases-image-dataset
https://www.kaggle.com/datasets/ismailpromus/skin-diseases-image-dataset
https://www.kaggle.com/datasets/plenoi/thalassemia
https://www.kaggle.com/datasets/plenoi/thalassemia
https://www.kaggle.com/datasets/johnsmith88/heart-disease-dataset
https://www.kaggle.com/datasets/johnsmith88/heart-disease-dataset
https://www.kaggle.com/datasets/uciml/pima-indians-diabetes-database
https://www.kaggle.com/datasets/uciml/pima-indians-diabetes-database
https://www.kaggle.com/datasets/uciml/pima-indians-diabetes-database
https://www.kaggle.com/datasets/paultimothymooney/breast-histopathology-images
https://www.kaggle.com/datasets/paultimothymooney/breast-histopathology-images
https://www.kaggle.com/datasets/paultimothymooney/breast-histopathology-images
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Disease 

Name 
Disease Covered Algorithm Accuracy Dataset URL 

Others 

(Activation, 

Epochs) 

Liver 

Disease 

Liver disease 

prediction based 

on enzyme and 

protein levels 

Logistic Regression 

(L1 penalty + 5-fold 

CV) 

71.59% 
Indian Liver Patient 

Records - Kaggle  

Cross-validation; 

 

 

Explanation some graphical pictures: 

 

A.Disease Prediction Accuracy by Model: 

 

 

 
 

X-axis (Horizontal):Represents the type of ML model used: 

 

 Random Forest 

 SVM (Support Vector Machine) 

 Naive Bayes 

 Logistic Regression 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3: Classification accuracy of four popular convolutional neural network (CNN) models 

 

 These are the four most suitable models for medical symptom-based classification, chosen for their 

interpretability and performance.Y-axis (Vertical)shows the accuracy percentage (%) of each model, which 

indicates how often the model made correct disease predictions during testing. 

 

Accuracy is calculated using: 

 

Bar Values (Accuracy Scores): 

 

Table 4: Accuracy Comparison of Classification Models for Disease Prediction 

 

Model                                    Accuracy (%) 

Random Forest                      91.2% 

SVM                                        88.5% 

Naive Bayes                            86.0% 

Logistic Regression           87.3% 

 

https://www.kaggle.com/datasets/uciml/indian-liver-patient-records
https://www.kaggle.com/datasets/uciml/indian-liver-patient-records
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Interpretation: 

 

1. Random Forest (91.2%): 

o Highest accuracy. 

o Excellent for handling non-linear relationships and multiple features (symptoms). 

o Makes it the best choice for your app’s primary disease prediction model. 

2. SVM (88.5%): 

o Performs well with small-to-medium datasets and can manage high-dimensional inputs. 

o Slightly less accurate but still reliable. 

3. Logistic Regression (87.3%): 

o Simple and interpretable model. 

o Good for binary or linear multi-class predictions, though slightly behind Random Forest. 

4. Naive Bayes (86.0%): 

o Fast and useful for text-like symptom inputs. 

o Lower accuracy due to independence assumptions between features. 

SUMMARY 

  TheRandom Forest model outperformed all others and is ideal for your main symptom-based disease prediction 

tool. 

  All models achieved over 85% accuracy, which confirms the feasibility of AI-driven medical triage systems in 

Arogya Sahayak. 

  This visual strengthens the report’s Result Analysis section and showcases your app's scientific and technical 

validity. 

 

B.Skin Disease Detection Accuracy: 

 

X-axis (Models): 

 

 MobileNet: Lightweight, mobile-friendly CNN. 

 ResNet50: Deeper network with skip connections. 

 VGG16: Older but widely used CNN model with uniform layers. 

 EfficientNet: State-of-the-art, highly optimized and scalable model. 

 

Y-axis (Accuracy %): 
Represents the model’s ability to correctly classify skin disease types from input images. 

 

 

Fig. 4 Accuracy of CNN models 
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Table 5. Performance Comparison of Deep Learning Models for Image-Based Disease Classification 

 

Model Accuracy (%) 

  

MobileNet 86.7% 

ResNet50 89.3% 

VGG16 87.5% 

EfficientNet 90.1% 

 

Interpretation:- 

 

 EfficientNet performs best (90.1%), making it ideal for highly accurate skin condition classification. 

 ResNet50 is a strong performer, balancing accuracy and training efficiency. 

 MobileNet has lower accuracy but is excellent for deployment on smartphones due to low computational 

cost—ideal for your app’s live prediction system. 

 VGG16 performs decently but is more resource-heavy than MobileNet. 

 

C.Usage Percentage of App Features: 

 

 
 

Fig. 5: User engagement across various features of the Arogya Sahayak 

 

  Symptom Analyzer (30%) 

 

 The most used feature. 

 Users rely on it to quickly assess symptoms and get initial health insights. 

 

  Chatbot Adviser (25%) 

 

 Second highest usage. 

 Offers AI-powered medical advice, helping users interact with the app like a virtual doctor. 

 

  Skin Disease Prediction (20%) 

 

 Leveraging machine learning and image processing, this feature allows users to detect potential skin issues via 

photos. 

  Health Tips (15%) 

 Delivers curated health and wellness tips based on user profiles and seasonal advice. 
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  Medical History Tracker (10%) 

 Stores and organizes past health data for easy access and review by users. 

 

Interpretation:- 

The Symptom Analyzer and Chatbot Adviser together make up 55% of the total usage, showing users’ preference 

for quick, intelligent diagnostics. The Skin Disease Prediction feature also plays a crucial role, while Health Tips and 

Medical History Tracker support users with additional functionality. 

D.Weekly Usage Trend of Health Tracking Features: 

 

 

Fig.e 6: Usage of three health tracking features in our Arogya Sahayak app changed over four weeks 

Axes: 

 X-axis (Horizontal): Time progression in weeks (Week 1 to Week 4) 

 Y-axis (Vertical): Number of active users using each feature 

 

Features Tracked: 

1. BMI Tracker 

o Week 1: 30 users → Week 4: 60 users 

o  Trend: Gradual increase shows users are adopting BMI tracking for weight and health insights. 

2. Steps Tracker 

o Week 1: 40 users → Week 4: 80 users 

o  Trend: Steep increase suggests that fitness-focused users are highly engaged. 

3. Medication Reminder 

o Week 1: 20 users → Week 4: 55 users 

o  Trend: Consistent growth as users start trusting the app for daily health routine management 

 

Interpretation: 

 

 All features show a positive trend, meaning the app is becoming more valuable over time. 

 The Steps Tracker had the highest growth, possibly due to gamified or habit-building design. 

 It also indicates that users are not only using the diagnostic features but also engaging in preventive care, 

which is key for long-term impact. 
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E.Weekly Usage Trend of Health Tracking Features: 

 

 

Fig.7: Usage Trend of Health Tracking Features in a weekly manner 

 

Purpose of the Chart: 
This chart visually compares how satisfied users are with three major modules of the app: 

 

1. AI Chatbot Adviser 

2. Disease Prediction Tool 

3. Health Trackers (BMI, Steps, Reminders) 
 

Each feature is evaluated using user feedback metrics like: 

 

 Accuracy 

 Ease of Use 

 Overall Satisfaction 
 

Structure of the Chart: 

 

 X-axis: Lists the three main features being evaluated: 

o Chatbot 

o Prediction 

o Health Trackers 

 Y-axis: Represents the satisfaction score (0 to 100) based on user survey or feedback forms. 

 Bars Grouped by Category: 
o Each feature will have 3 bars side-by-side showing: 

 Accuracy Rating 

 Ease of Use Rating 

 Overall Satisfaction 

Interpretation of the Chart: 

 AI Chatbot: 

o High accuracy and satisfaction. 

o Users trust it and enjoy using it for real-time advice. 

 Disease Prediction Tool: 

o Slightly higher accuracy. 

o May need UI tweaks for improved ease of use. 
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 Health Trackers: 

o Slightly lower accuracy (less relevant here) but highest ease of use. 

o Indicates strong engagement with lifestyle tools like reminders, steps, etc. 

 

Table 6. Sample Data Visualization 

 

 

Table 7: Evaluation Metrics of the Selected Disease Classification Model 

 

 

 

 

 

 

 

 

 

 

4. overall accuracy and matrics 

 

 

1. Symptom-Based Disease Prediction (Random Forest):- 

 

Table 8:    Skin Disease Image Classification 

 

 

    Interpretation: 

 High accuracy and recall indicate that the model rarely misses actual diseases. 

 Balanced F1 score shows the model is reliable for multi-symptom diagnosis. 

 

2. Skin Disease Image Classification (MobileNet/ResNet): 

 

Interpretation: 

 Deep learning models perform excellently on dermatological image classification. 

 EfficientNet is the best performer, but MobileNet remains optimal for mobile deployment due to its smaller 

size. 

3.Thalassemia Risk Prediction (Logistic Regression): 

 

 Table 9: Thalassemia Risk Prediction Metrics 

 

Interpretation: 

 Excellent for binary classification tasks (High Risk / Low Risk). 

 High ROC-AUC indicates strong discriminatory power even with small datasets. 

 

Metric Value 

Accuracy 91.2% 

Precision 89.5% 

Recall 90.1% 

F1 Score 89.8% 
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Final Output vs Application: 
Our application integrates several health-focused features, including a symptom analyzer, GPT-powered chat support, 

predictive analytics for disease detection, personalized physical workout insights, continuous health monitoring, 

medication reminders, and comprehensive medication history tracking. By consolidating these capabilities into one 

unified platform, we unlock new potential for wearable technologies, enabling enhanced health monitoring and 

supporting real-time diagnosis through advanced AI-driven analytics. Several screenshots of the application are 

provided below to illustrate these features. 

 

 

 

Fig. 7: Application Features with UI 

 

CONCLUSION 

 

Beyond the scope of individual user benefits, "Arogya Sahayak" assumes an instrumental role in the larger healthcare 

ecosystem, endowing health authorities with the pivotal capability to access invaluable health data, encompassing 

disease prevalence and other pivotal health metrics. This, in turn, expedites proactive contingency planning, bolsters the 

availability of essential medical resources, and paves the way for personalized healthcare plans and insurance offerings. 

In steadfast dedication to engendering user trust, the application places a paramount emphasis on data privacy and 

security, ensuring the utmost integrity of personal health information. 

 

In a world characterized by perpetually evolving health challenges, "Arogya Sahayak" emerges as the dependable and 

sagacious companion, heralding a transformative era in the sphere of health management. It is not merely an 

application; it embodies a paradigm shift in personalized health stewardship, auguring a future wherein every 

individual is empowered, informed, and in firm command of their health journey. 
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