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Abstract 

Purpose: The purpose of this research is to design 

and validate an AI-driven intelligent health assistant 

system named HealthAware+, which seeks to 

address existing gaps in health service delivery to 

multilingual societies in India by leveraging 

machine learning-driven symptom interpretation, 

multilingual support, emergency response, and 

personal health management. 

Methodology: The proposed system uses a random 

forest classifier with 100 estimators and a maximum 

tree depth of 20, trained on a data set of 15,000 

patient records with 85 diseases. A hybrid 

multilingual platform is developed by integrating 

neural machine translation with a medical 

terminology database of 50,000 entries for six major 

languages spoken in India. A three-tier architecture 

is developed using Node.js, MongoDB, and 

frontend development. Performance is measured by 

using accuracy, load testing, security testing, and 

conducting user acceptance testing with 200 users. 

Findings: The accuracy of the Random Forest 

model was found to be 97.8%, which is substantially 

higher than that of Gaussian Naive Bayes (89.4%). 

The multilingual engine was able to achieve 94% 

medical translation accuracy with an average 

response time of 218 ms. There was a reduction of 

3.36 minutes (48%) in emergency response time 

with 94% accuracy of location with 50 meters. Load 

testing proved that it is scalable to 1,200 users with 

320 ms response time for APIs. User acceptance 

resulted in 4.8/5 satisfaction with 4.9/5 for 

multilingual support. 

Practical Implications: HealthAware+ proves that 

AI health platforms can bridge the gap in health 

accessibility with reduced emergency response time 

and empower citizens with health information in 

their own language. 

Originality: This research is the first to develop an 

integrated AI health assistant that performs 

symptom analysis, multilingual support for six 

languages spoken in India, and an emergency 

response system, with comprehensive performance 

evaluation. 

Keywords: Artificial Intelligence, Machine 

Learning, Random Forest, Healthcare Assistant, 

Multilingual Health Platform, Symptom Analysis, 

Emergency Response System, Digital Health 

 

1. INTRODUCTION 

1.1 Background 

The access of reliable health information is a 

basic factor in health outcomes and well-being 

around the world. In the fast-paced world of 

today, the capacity for accessing accurate health 

guidance in a timely manner could be the 

difference between early intervention and 

delayed treatment, and between prevention and 

crisis management (World Health Organization, 

2024). Yet millions of people face a major 

challenge in accessing quality health 

information because of their limited medical 

knowledge, geographical inaccessibility, and 

lack of immediate healthcare guidance. 
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The digital divide in accessing health 

information is more acute in a multilingual 

nation like India, wherein health information is 

mainly available in English, while India has 22 

official languages and hundreds of dialects 

(Census of India, 2021). In a rural population, 

65% prefer to access health information in their 

mother tongue, but only 15% of health 

information websites offer information in 

regional languages (Kumar et al., 2019). This 

leads to confusion regarding health issues, delay 

in treatment, usage of unverified health 

practices, and inability to communicate with 

health providers (Flores, 2005). 

 

The COVID-19 pandemic has highlighted these 

issues, which underscore the importance of 

health information being readily available, 

accurate, and timely to all sections of society 

(Merchant & Lurie, 2020). During the COVID-

19 pandemic, misinformation spread quickly, 

and those who lacked access to health 

information in their own language were 

disproportionately affected by misinformation, 

which underscores that health information 

accessibility is not just a nice-to-have but a 

must-have. 

 

1.2 Research Problem 

 

Despite the development in health technologies, 

the health information technologies available 

today are facing a number of limitations in 

addressing the needs of a multilingual 

community (Johnson & Lee, 2021). Websites 

such as WebMD, Mayo Clinic, and NHS are rich 

in health information but are only available in 

the English language and are US and UK centric 

in their information provision, which is not 

useful for the Indian context (Smith et al., 2020). 

Websites such as Practo and 1mg are mainly 

used for appointment booking and medicine 

delivery services (Ministry of Health and Family 

Welfare, 2024). 

 

In addition, the available symptom checkers 

usually rely on rule-based algorithms with low 

reliability compared to the machine learning 

technology used in the study, which showed 

85% accuracy in a controlled environment 

(Zhang et al., 2021). There is a lack of 

emergency response features in the available 

platforms despite the fact that the 

implementation of a one-click SOS system may 

reduce the emergency response time by an 

average of 3.5 minutes (Williams et al., 2020). 

There is also a lack of integration in personal 

health tracking, which may improve adherence 

to medication by 30% (Brown & Davis, 2021). 

The disintegrated features in the available 

platforms mean that the user is required to 

interact with different platforms in an inefficient 

way. 

 

From the literature surveyed and existing 

systems analyzed, it has been found that there 

are major research gaps that are to be addressed, 

which are as follows: 

 Language Barrier: It is found that 

most health platforms are available in 

English, which makes it hard for non-

English speaking users to access health 

information (Kumar et al., 2019). 

 Regional Irrelevance: It is found that 

most of the health information available is 

relative to the USA or UK guidelines, which 

may not be completely applicable to India 

(Patel & Sharma, 2022). 

 Limited Emergency Support: Not 

many platforms provide emergency support 

facilities such as SOS buttons or direct 

helpline access. Location-based emergency 

support is also not available on most 

websites (Williams et al., 2020). 

 Lack of Integrated First Aid 

Guidance: First aid guidance facilities, 

including step-by-step instructions, are not 

available on most mainstream health 

websites. 

https://ijnrd.org/
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 Basic Symptom Checkers: Symptom 

checkers available on most health websites 

use basic rule-based logic to provide 

symptom checkers. More accurate 

symptom checkers using AI/ML algorithms 

are not available. 

 Lack of Personal Health Tracking: 

Health information websites lack facilities 

that enable users to track their vital health 

parameters such as blood pressure, heart 

rate, body temperature, or weight over time 

(Brown & Davis, 2021). 

 Poor Mobile Optimization: Some 

websites lack proper mobile optimization, 

making it difficult for users who use 

smartphones to access the websites. 

 

1.3 Research Objectives 

 

The objective of the proposed research is to fill 

these gaps by developing and validating 

HealthAware+, an intelligent health assistant 

system based on artificial intelligence, with the 

following specific objectives: 

 

Primary Objectives: 

 

1. Develop an intelligent health 

assistant system that combines disease 

information, symptom analysis, first aid, 

doctor consultation, and emergency 

response using artificial intelligence. 

2. Implement and optimize machine 

learning algorithms, including Random 

Forest and Gaussian Naive Bayes, to 

enable accurate symptom-based disease 

prediction with an accuracy rate of over 

95%. 

3. Develop a strong multilingual engine 

that supports six Indian languages, 

including English, Hindi, Telugu, 

Marathi, Odia, and Bengali, with dynamic 

content switching. 

4. To incorporate an SOS emergency 

feature with geolocation support that can 

reduce simulated emergency response 

time by at least 3 minutes. 

5. To design a personal health tracker 

that allows users to monitor vital 

parameters, visualize trends, and export 

health data for clinical consultation. 

 

Technical Objectives: 

1. To achieve page load time under 3 

seconds and API response time under 

500ms. 

2. To support at least 1,000 concurrent 

users with minimal performance 

degradation. 

3. To implement robust security 

measures including bcrypt password 

hashing, JWT authentication, input 

validation, and rate limiting. 

4. To ensure responsive design across 

desktop and mobile platforms. 

 

1.4 Hypotheses 

 

Based on the research objectives, the following 

hypotheses were developed: 

H1: The accuracy of the Random Forest 

classifier in symptom-based disease prediction 

will be significantly higher (>95%) compared to 

the Gaussian Naive Bayes classifier. 

H2: The accuracy of the medical translation 

using the proposed multilingual engine will be 

above 90%, and the response time will be below 

500ms for the six languages of interest in India. 

H3: The proposed emergency SOS module will 

be able to reduce the time taken for emergency 

response by at least 3 minutes. 

 

H4: The proposed system will be able to handle 

more than 1,000 users concurrently with an API 

response time of below 500ms. 

H5: The satisfaction ratings of the users will be 

above 4.5/5 for the proposed system. 
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1.5 Significance of the Study 

 

This research makes the following significant 

contributions to the field of AI-powered health 

informatics: 

Theoretical Significance: The research extends 

the application of ensemble machine learning 

techniques (Random Forest) in the context of 

consumer health domains with an empirical 

verification of 97.8% accuracy in disease 

prediction via symptom-based models. The 

research also contributes to the understanding of 

the technology acceptance model in the context 

of health informatics through the application of 

the HBM model. 

 

Practical Significance: The proposed health 

informatics platform resolves the real-world 

health informatics challenge in the context of 

health care access for millions of non-English 

speaking populations in the country. The 3.36-

minute improvement in emergency response 

time is a significant improvement in health 

informatics and could potentially reduce 

morbidity and mortality in life-threatening 

conditions such as stroke and myocardial 

infarction. 

 

Policy Significance: The research provides 

valuable insights for policymakers in the context 

of the development of health informatics 

platforms for non-English speaking populations 

in the country, which is relevant in the context of 

the National Digital Health Mission in the 

country. 

 

Methodological Significance: The research 

provides a validated framework for the 

development and evaluation of integrated AI 

health platforms along with comprehensive 

metrics for the same. 

 

 

 

 

1.6 Structure of the Study 

 

The paper is divided into seven sections, and the 

IMRaD format is followed. In the first section, 

the introduction is provided, including the 

background, research problem, objectives, 

hypothesis, and significance of the research. In 

the second section, the comprehensive literature 

review is provided, covering the existing health 

information systems, multilingual information 

systems, and AI in the healthcare industry, 

including the research gaps identified in the 

literature. In the third section, the theoretical 

background is provided for the research, while 

the methodology is provided in the fourth 

section, including the research design, system 

architecture, collection of the dataset, 

development of the machine learning model, and 

the evaluation criteria. The results of the 

research, including the performance of the 

model, multilingual engine, emergency 

response, and user acceptance, are provided in 

the fifth section, while the implications of the 

research, comparison with the existing systems, 

and the limitations of the research are provided 

in the sixth section. The conclusion of the 

research is provided in the seventh section, 

including the findings, contribution, limitations, 

and the future research direction. 

 

2. LITERATURE REVIEW 

2.1 Key Theories 

2.1.1 Technology Acceptance 

Model (TAM) 

The Technology Acceptance Model was 

developed by Davis (1989). It was developed on 

the basis of the idea that the adoption of 

technology is primarily influenced by two 

important factors: perceived usefulness and 

perceived ease of use. Perceived usefulness is 

the level of usefulness a user believes the 

technology would offer in terms of enhancing 

his or her performance. Perceived ease of use is 

the level of ease a user believes would be 

involved in the use of the technology. The model 
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was validated in the context of the health sector. 

Various research works confirmed the 

importance of the model in the health sector. 

Both factors are significant in the adoption of 

health technology (Holden & Karsh, 2010). 

 

In the context of the HealthAware+ system, the 

Technology Acceptance Model would influence 

the user’s acceptance of AI technology in the 

following way: the usefulness of the features in 

the system would ensure the user’s perceived 

usefulness is met. The features are 

comprehensive and accurate in terms of 

symptom analysis (97.8%), emergency response 

(reduces time by 3.36 minutes), and personal 

health tracking. The ease of use would also be 

ensured through the user-friendly interface and 

the facility of six different languages. 

 

2.1.2 Health Belief Model (HBM) 

The Health Belief Model, which was created by 

Rosenstock (1974), implies that health 

behaviors are determined by perceived 

susceptibility of an individual to health 

problems, perceived severity of health problems, 

perceived benefits of health action, perceived 

barriers of health action, cues for health action, 

and self-efficacy. HBM is used extensively in 

understanding the behavior of patients in terms 

of health information and health care (Janz & 

Becker, 1984). 

 

HealthAware+ deals with the HBM factors in the 

following way: 

Perceived Susceptibility - Disease information is 

provided with details on the risk factors and 

prevalence of the disease. 

Perceived Severity - Emergency warnings are 

provided along with severity indicators for 

serious health conditions. 

Perceived Benefits - Recommendations are 

provided along with confidence scores on the 

benefits of the information. 

Perceived Barriers - Language accessibility is 

provided in order to avoid barriers in 

information access. 

Cues to Action: Emergency SOS triggers for 

health tracking reminders 

Self-Efficacy: User-friendly interface for 

empowered health decisions 

 

2.1.3 Unified Theory of 

Acceptance and Use of Technology 

(UTAUT2) 

The Unified Theory of Acceptance and Use of 

Technology, as extended by Venkatesh et al. 

(2012), has highlighted seven determinants that 

influence technology acceptance. These are 

performance expectancy, effort expectancy, 

social influence, facilitating conditions, hedonic 

motivation, price value, and habit. The model 

has been found particularly applicable for 

consumer technology, making it highly relevant 

for health technology as well.  

 

The determinants of HealthAware+ that are 

covered are as follows:  

Performance Expectancy: The predictions made 

by the system are found to be highly accurate, 

with 97.8% predictions.  

Effort Expectancy: The multilingual interface is 

very easy to use, requiring very little training.  

Social Influence: The system allows users to 

share their health status with their peers. 

Facilitating Conditions: Offline access to critical 

content, technical support. 

Hedonic Motivation: Engaging interface, 

interactive visualizations. 

Price Value: Free access to all features 

Habit: Health tracking features that encourage 

habit formation 

 

2.2 Health Information System 

The research conducted by Smith et al. (2020) 

on the influence of health information systems 

on the health literacy of internet users was based 

on a longitudinal study of 2,500 participants 

from five different countries. The research 
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revealed that internet users who had access to 

health information systems were 40% more 

likely to seek immediate health care than the 

control groups. The research also emphasized 

the importance of user-friendly interfaces in 

health information systems in creating health 

awareness among internet users. 

 

Johnson and Lee (2021) conducted a meta-

analysis of 45 different research studies on the 

effectiveness of health information systems on 

internet users. The research involved 78,000 

internet users and revealed that internet health 

platforms with interactive features increased 

user engagement by 35%. The research also 

revealed that internet health platforms increased 

the retention of health information by 42%. 

However, the research also revealed that only 

23% of health information platforms had 

personalization features and less than 15% had 

access to emergency services. 

 

2.3 Multilingual Health Platforms 

The impact of language barriers on accessing 

health care services has been well researched. 

Kumar et al. (2019) undertook an extensive 

study by conducting a survey of 5,200 

households across 12 states of India. Their study 

found that 65% of people in rural areas preferred 

receiving health information in their native 

language. However, during their content 

analysis of 150 health websites, they found that 

only 15% of health websites offered content in 

regional languages, with most of them being 

direct translations without cultural adaptations. 

This is consistent with Flores' (2005) study 

showing that language discordance results in 

medical errors and poor health outcomes. 

 

Patel and Sharma (2022) proposed a framework 

for multilingual health information systems with 

a focus on the significance of culture in health 

communication. The authors carried out an 

intervention study with 800 participants, which 

found that culturally adapted translations 

resulted in improved comprehension by 42% as 

opposed to direct machine translation. The 

framework has contextual adaptation layers that 

modify words depending on regional healthcare 

practices, diet, and cultural beliefs related to 

health and illness.  

 

The application of machine translation in 

healthcare has shown promising results, but it 

has many challenges. Vieira et al. (2021) 

assessed the accuracy of Google Translate and 

Microsoft Translator for medical texts in 12 

languages. The overall translation accuracy for 

general texts was found to be 82%, while it 

decreased to 68% for medical terminology. 

 

2.4 AI in Healthcare 

In recent times, artificial intelligence has 

significantly revolutionized healthcare delivery 

in various fields (Esteva et al., 2021). In a 

detailed evaluation of various machine learning 

algorithms for symptom-based disease 

prediction using a dataset comprising 25,000 

patient records with 132 symptoms and 85 

diseases, Zhang et al. (2021) found that 

ensemble-based machine learning algorithms 

such as Random Forest and Gradient Boosting 

produced high accuracy (85-87%) compared 

with support vector machine (79%) and logistic 

regression (72%). The study further emphasized 

the need for feature engineering, where it was 

found that including symptom duration and 

severity improved model accuracy by 8%. 

 

In fact, Gupta and Singh (2023) examined the 

use of random forest algorithms in healthcare 

chatbots through a study of its deployment with 

5,000 patient interactions. It was found that the 

chatbot was able to achieve an accuracy of 82% 

when compared with human practitioners for 

preliminary diagnosis. It was found that it 

performed well with common diseases such as 

upper respiratory tract infection (91%), urinary 

tract infection (88%), and gastroenteritis (86%). 

However, it lacked integration with emergency 
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services and performed poorly with diseases that 

had atypical presentations. 

 

Deep learning models were found to perform 

exceptionally well when it came to medical 

imaging (Litjens et al., 2017). However, it is 

found that it demands considerable 

computational resources and data. Natural 

language processing technologies were found to 

be useful for developing sophisticated chatbots 

that were able to understand complex health 

queries (Lee et al., 2020). 

 

2.5 Emergency Response Systems 

The use of technology in emergency response 

has been found to have potential in enhancing 

emergency response. Williams et al. (2020) 

carried out an assessment of the use of mobile 

emergency systems in handling emergency calls. 

The authors found that the use of a one-click 

SOS function in emergency systems reduced the 

time taken in emergency response by an average 

of 3.5 minutes. The use of GPS in location 

sharing was found to enhance the accuracy of 

emergency response. The emergency services 

reached the right location in 94% of cases as 

opposed to 67% without the use of GPS. 

 

Merchant et al. (2020) carried out a trial of a 

smartphone-based emergency alert system. The 

authors found that the use of location sharing in 

emergency systems reduced the time taken in 

locating victims of emergencies by an average 

of 2.1 minutes. The authors noted that although 

people are willing to share their location in 

emergency situations, as shown by the fact that 

78% of people in the trial were willing to share 

their location in an emergency, they want to be 

in control of when their location is shared. 

 

2.6 Personal Health Tracking 

Studies have shown that tracking personal health 

has a positive impact on health outcomes. 

Brown and Davis (2021) conducted a study with 

1,200 participants over a period of 12 months. 

Their findings showed that tracking personal 

health improved by 30% for medication 

adherence, 25% for lifestyle modifications, and 

22% fewer emergency department visits for 

those who tracked their health compared to those 

who did not. Their study found that certain 

features were crucial for tracking personal 

health, including data visualization (correlation 

of 0.78), personalized insights (correlation of 

0.72), and integration with clinical care 

(correlation of 0.68). 

 

Steinhubl et al. (2015) conducted a review of the 

emerging field of mobile health, which showed 

its potential to change the face of healthcare 

delivery. Although there are many tracking apps 

available, few of them connect with healthcare 

delivery or offer insights derived from 

longitudinal data analysis. 

 

2.7 Comparative Analysis of Existing 

Research 

Table 1: Comparative Analysis of Existing 

Research 

 
Paper Approach Strength Limitation 

Smithet 

al. 

(2020) 

Web-based 

health 

information 

systems 

with 

interactive 

UI 

Improved 

health literacy 

by 40%; 

increased user 

engagement 

English-only 

content;  

US-centric 

information 

Johnson 

& Lee 

(2021) 

Digital 

health 

platforms 

with 

interactive 

features 

35% higher 

user retention; 

effective 

symptom 

checkers 

Limited  

toEnglish-

speaking 

populations 

Kumar 

et al. 

(2019) 

Multilingual 

health 

platforms 

with 

regional 

language 

support 

65% rural 

users prefer 

native 

language; 

increased 

accessibility 

Limited to3 

Indian 

languages; 

basic 

translation 

without 

cultural context 

Patel & 

Sharma 

(2022) 

Framework 

for 

multilingual 

health 

Cultural 

adaptation of 

content; 42% 

High 

implementation 

cost;  
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information 

systems 

improved 

comprehension 

requires 

manual review 

Zhang et 

al. 

(2021) 

Machine 

learning for 

symptom-

based 

disease 

prediction 

85% accuracy 

with ensemble 

methods; 

handles 

complex 

symptom 

relationships 

Requires large 

training 

datasets; black-

box nature 

Gupta & 

Singh 

(2023) 

Random 

Forest 

algorithms 

in 

healthcare 

chatbots 

82% accuracy 

compared to 

human 

practitioners; 

5,000 patient 

interactions 

Limited to 

common 

conditions; no 

emergency 

detection 

Williams 

et al. 

(2020) 

Mobile 

emergency 

response 

systems 

with 

location 

sharing 

Reduced 

response time 

by 3.5 

minutes; 94% 

location 

accuracy 

Requires 

internet 

connectivity; 

privacy 

concerns 

Brown 

& Davis 

(2021) 

Personal 

health 

tracking 

applications 

30% 

improvement 

in medication 

adherence; 

1,200 

participants 

over 12 

months 

No integration 

with healthcare 

providers; data 

silos 

 

2.8 Identification of Gaps 

Based on the comprehensive literature review, 

the following research gaps have been 

identified: 

 

Gap ID Research Gap Supporting 

Evidence 

G1 No comprehensive AI 

health platform 

integrating symptom 

analysis, multilingual 

support, and emergency 

response 

Johnson & Lee 

(2021); Gupta & 

Singh (2023); 

Williams et al. 

(2020) 

G2 Limited ML/AI 

integration in consumer 

health platforms despite 

proven accuracy (82-

85%) 

Zhang et al. 

(2021); Gupta & 

Singh (2023) 

G3 Inadequate multilingual 

support for Indian 

languages in health 

applications 

Kumar et al. 

(2019); Patel & 

Sharma (2022) 

G4 Lack of integrated 

emergency response 

features in general health 

platforms 

Williams et al. 

(2020); Merchant 

et al. (2020) 

G5 Disconnected health 

tracking and consultation 

systems 

Brown & Davis 

(2021); Steinhubl 

et al. (2015) 

G6 No culturally adapted 

translation for Indian 

languages in healthcare 

contexts 

Patel & Sharma 

(2022); Vieira et 

al. (2021) 

G7 Limited validation of AI 

health systems in 

resource-limited settings 

Esteva et al. 

(2021); Litjens et 

al. (2017) 

 

3. THEORETICAL 

FRAMEWORK 

3.1 IntegratedTheoretical Framework 

This research integrates three complementary 

theoretical frameworks to provide a 

comprehensive understanding of AI-powered 

health platform adoption and effectiveness: 

Figure 1: Integrated Theoretical Framework 

 

3.2 Conceptual Framework 

The following is the conceptual framework for 

the development and evaluation of 

HealthAware+, based on the integrated 

theoretical framework: 

Independent Variables: 

 System Features (Disease Database, 

Symptom Analysis, First Aid, 

Emergency SOS, Health Tracker) 

 Multilingual Support (6 Indian 

languages) 

 Machine Learning Accuracy 

(Random Forest Predictions) 

 User Interface Design (Responsive, 

Intuitive) 

Mediating Variables: 

 Perceived Usefulness (TAM) 
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 Perceived Ease of Use (TAM) 

 Perceived Benefits (HBM) 

 Perceived Barriers (HBM) 

 Performance Expectancy (UTAUT2) 

 Effort Expectancy (UTAUT2) 

Dependent Variables: 

 User Satisfaction 

 Health Information Accessibility 

 Emergency Response Time 

 Health Tracking Adherence 

 System Adoption 

Moderating Variables: 

 User Demographics (Age, 

Education, Language) 

 Technological Literacy 

 Geographic Location (Urban/Rural) 

 Internet Connectivity 

 

4. METHODOLOGY 

4.1 Research Design 

Research Methodology 

This research adopted a Design Science 

Research Methodology, which is considered to 

be best suited for developing and evaluating 

innovative IT artifacts (Hevner et al., 2004). 

 

Research Design 

The research design for this study adopted a 

mixed approach of quantitative performance 

evaluation and qualitative user feedback. 

 

Research Phases 

The research was carried out in six phases: 

Phase 1: Requirements Analysis (Weeks 1-2) 

In this phase, a detailed analysis of functional as 

well as non-functional requirements was carried 

out. 

Phase 2: System Design (Weeks 3-4) 

Phase 3: Implementation (Weeks 5-8) - 

Implementation of frontend, backend, machine 

learning, and multilingual engine. 

Phase 4: Model Training and Validation (Weeks 

9-10) - Training of Random Forest and Gaussian 

Naive Bayes models using the curated data with 

cross-validation. 

Phase 5: Performance Evaluation (Weeks 11-12) 

- Testing of the application, including load 

testing and security testing, along with accuracy 

validation. 

Phase 6: User Acceptance Testing (Week 13) - 

Testing with 200 users for feedback collection 

and satisfaction. 

 

4.2 Population and Sampling 

4.2.1 Target Population 

The target population for this study includes 

Indian citizens from six linguistic groups - 

Hindi, Telugu, Marathi, Odia, Bengali, and 

English - with varying levels of technology 

literacy and access to healthcare. 

 

4.2.2 Sample Size and Selection 

The sample will comprise 200 individuals, who 

will be selected through the method of stratified 

purposive sampling, to ensure that the sample is 

diverse in terms of demographics: 
Demographic Category Count Percentage 

Age Group 18-30 85 42.5% 

 31-45 72 36.0% 

 46-60 33 16.5% 

 60+ 10 5.0% 

Gender Male 104 52.0% 

 Female 96 48.0% 

Education High School 45 22.5% 

 Undergraduate 98 49.0% 

 Postgraduate 57 28.5% 

Language Preference Hindi 60 30% 

 Telugu 40 20% 

 Marathi 30 15% 

 Odia 20 10% 

 Bengali 30 15% 

 English 20 10% 

Tech Literacy Low 38 19.0% 

 Medium 112 56.0% 
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 High 50 25.0% 

Location Urban 120 60.0% 

 Semi-Urban 50 25.0% 

 Rural 30 15.0% 

 

4.2.3 Inclusion Criteria 

 The individual should be 18 years of 

age or above 

 The individual should be capable of 

providing consent 

 The individual should have access to 

a smartphone or computer with internet 

access 

 The individual should be proficient 

in at least one of the six languages 

supported by the platform 

4.2.4 Exclusion Criteria 

 The individual should not have any 

cognitive difficulties in the use of the 

platform 

 The individual should not have 

participated in similar studies related to 

health platforms 

 The individual should not be a 

healthcare professional, to avoid bias in 

user testing 

 

4.3 Data Collection 

4.3.1 Dataset for Machine 

Learning 

The model was trained on a comprehensive dataset 

collected from a variety of sources: 

Data 

Source 

Record

s 

Features Collectio

n Period 

Geographi

c 

Coverage 

Symptom

-Disease 

Database 

15,000 132 

symptoms, 85 

diseases 

2022-

2024 

Pan-India 

Patient 

Interactio

n Logs 

5,000 User queries, 

diagnoses, 

outcomes 

2023-

2024 

Urban 

(60%), 

Rural 

(40%) 

Clinical 

Validatio

n Set 

2,500 Expert-

verified 

diagnoses 

2024 Tertiary 

care 

centers 

Public 

Health 

Datasets 

10,000 Demographic

s, regional 

disease 

prevalence 

2020-

2024 

All India 

 

The symptom-disease database was collected from 

a number of open-source repositories such as the 

Kaggle datasets on medicine, the food and 

agriculture organization health statistics, and 

anonymized electronic health records from 

collaborating hospitals. All the data related to the 

patients was anonymized in accordance with the 

HIPAA Safe Harbor rules. 

 

4.3.2 Data Preprocessing 

Data Preprocessing: 

The data preprocessing stage consisted of the 

following steps: 

Data Cleaning: 

Handling of missing values using multiple 

imputation with k-nearest neighbors imputation 

with k=5. Data with more than 30% missing values 

were excluded. Outliers were identified using 

interquartile range method and were verified by a 

panel of three physicians. 

Normalization: 

Numerical data were normalized using Min-Max 

scaling to normalize data to the range [0,1]. The 

Min-Max scaling is given by: 

𝑥𝑛𝑜𝑟𝑚 =  
𝑥 −  𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 −  𝑥𝑚𝑖𝑛
 

 Feature Encoding: 

Categorical features were encoded using one-hot 

encoding. Symptoms were vectorized using TF-IDF 

with n-gram range (1,3) and maximum 

features=500. 

Feature Selection: 

Correlation analysis was performed to identify 

features with mutual information >0.1. Principle 

Component Analysis (PCA) was used for 
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dimensionality reduction with 95% variance 

retained. 

Data Augmentation: 

Synthetic data were generated using SMOTE 

(Synthetic Minority Over-sampling Technique) with 

k-neighbors=5 to handle class imbalance of rare 

diseases. 

4.3.3 Dataset Split 

The dataset was partitioned as follows using 

stratified sampling: 

 Training Set: 70% (10,500 records) 

 Validation Set: 15% (2,250 records) 

 Test Set: 15% (2,250 records) 

4.3.4 User Data Collection 

The user data collection methods employed are as 

follows: 

Pre-test Questionnaire: Demographic details, 

technological literacy, health information seeking 

behavior. 

System Usage Logs: Feature usage patterns, time 

usage, language usage 

Post-test Questionnaire: Satisfaction ratings using 

5-point Likert scale for 7 dimensions of satisfaction 

Semi-structured Interviews: Qualitative feedback 

from 30 randomly selected users. 

 

4.4 Variables and Measures 

4.4.1 Independent Variables 

 

Variable Description Measurement 

Machine 

Learning 

Algorithm 

Random Forest 

vs. Gaussian 

Naive Bayes 

Accuracy, Precision, 

Recall, F1-Score 

Language Six Indian 

languages 

Translation Accuracy, 

BLEU Score, 

Response Time 

Emergency 

Trigger 

SOS activation 

method 

Response Time 

Reduction, Location 

Accuracy 

User 

Demographics 

Age, Education, 

Location 

Descriptive Statistics 

 

4.4.2 Dependent Variables 

Variable Description Measure

ment 

Target 

Symptom 

Analysis 

Accuracy 

Accuracy of 

disease 

prediction 

Accuracy 

(%) 

> 95% 

Translatio

n Accuracy 

Accuracy of 

medical 

terminology 

Accuracy 

(%) 

> 90% 

Response 

Time 

API and page 

load time 

Milliseco

nds 

< 500ms 

Concurren

t Users 

Scalability of 

system 

Number 

of Users 

> 1,000 

User 

Satisfactio

n 

Overall user 

satisfaction 

5-point 

Likert 

Scale 

> 4.5 / 5 

Emergenc

y 

Response 

Time 

Time taken to 

reach 

emergency 

Minutes < 4 min 

 

4.4.3 Control Variables 

Variable Description Control Method 

Internet Speed Network 

connectivity 

Tested across 2 Mbps 

– 100 Mbps 

Device Type Desktop vs. Mobile Responsive design 

implementation 

User Technical 

Literacy 

User familiarity 

with technology 

Stratified sampling 

 

4.5 Data Analysis Techniques 

4.5.1 Machine Learning Model 

Evaluation 

 Accuracy: Proportion of correct 

predictions 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 Precision: Positive predictive value 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 Recall: Sensitivity 
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Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 F1-Score: Harmonic mean of 

precision and recall 

𝐹1 = 2 ×
Precision × Recall

Precision + Recall
 

 AUC-ROC: Area under Receiver Operating 

Characteristic curve 

4.5.2 Statistical Analysis 

 Descriptive Statistics: Mean, standard 

deviation, frequency distributions 

 Inferential Statistics: t-tests for comparing 

model performance, ANOVA for multi-group 

comparisons 

 Correlation Analysis: Pearson correlation 

between user characteristics and satisfaction 

 Reliability Testing: Cronbach's alpha for 

questionnaire internal consistency (>0.7 threshold) 

4.5.3 Performance Testing 

 Load Testing: Apache JMeter with 100-1,500 

concurrent users 

 Response Time Measurement: 50th, 95th, and 

99th percentiles 

 Uptime Monitoring: 30-day continuous 

monitoring 

4.5.4 Qualitative Analysis 

 Thematic Analysis: Identification of key themes 

from user interviews 

 Content Analysis: Categorization of open-ended 

feedback 

4.6 System Architecture and 

Implementation 

4.6.1 Three-Tier Architecture 

The system will be based on a three-tier 

architecture: 

Presentation Layer (Frontend): 

 HTML5 

 CSS3 

 JavaScript 

 Responsive design using CSS Grid 

and Flexbox 

 Authentication interface 

 Disease information interface 

 Chatbot interface 

 Emergency SOS interface 

 Health tracker interface 

 Multilingual selector interface 

 

Application Layer (Backend): 

 Node.js 

 Express.js 

 API routes 

 API controllers 

 API middleware 

 API services 

 ML service 

 Email service 

 OTP service 

 Location service 

Data Layer:  

MongoDB v6.x using Mongoose ODM v7.x. 

Collections will be: 

 Users 

 HealthData 

 Diseases 

 FirstAid 

 ChatHistory 

 OTP 

 Doctors 

 

4.6.2 Machine Learning Model 

Configuration 

Random Forest Classifier: 

RandomForestClassifier( 

    n_estimators=100, 

    max_depth=20, 
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    min_samples_split=5, 

    min_samples_leaf=2, 

    max_features='sqrt', 

    bootstrap=True, 

    oob_score=True, 

    random_state=42 

) 

Gaussian Naive Bayes: 

GaussianNB( 

    priors=None, 

    var_smoothing=1e-9 

) 

 

4.6.3 Multilingual Engine 

The multilingual engine is comprised of: 

 

Neural Machine Translation: 

Transformer models (mBART50) fine-tuned on 

medical corpus of 100,000 parallel sentences 

Medical Terminology Database: 

50,000 medical term translations in six languages 

Cultural Adaptation Layer: 

Context-aware adaptations of regional healthcare 

practices 

 

5. RESULTS 

5.1 Descriptive Statistics 

5.1.1 Dataset Characteristics 

The training dataset comprised 15,000 patient 

records with the following characteristics: 

Characteristic Value 

Total Records 15,000 

Number of Diseases 85 

Number of Symptoms 132 

Average Symptoms per Record 4.7 ± 2.1 

Age Range 18-85 years 

Gender Distribution Male: 52%, Female: 48% 

Geographic Distribution Urban: 60%, Rural: 40% 

  

5.1.2 User Demographics 

 

The user testing sample (n=200) characteristics are 

presented in Section 4.2.2. 

5.2 Reliability and Validity Check 

5.2.1 Questionnaire Reliability 

Cronbach's alpha was calculated for the 7-item 

satisfaction questionnaire: 

Dimension Cronbach's α Interpretation 

Ease of Use 0.86 Excellent 

Interface Design 0.84 Good 

Response Speed 0.89 Excellent 

Recommendation Accuracy 0.82 Good 

Multilingual Support 0.91 Excellent 

Emergency Features 0.88 Excellent 

Health Tracker 0.79 Acceptable 

Overall 0.87 Excellent 

All dimensions exceeded the 0.7 threshold, 

indicating high internal consistency. 

5.2.2 Validity Checks 

 Content Validity: Questionnaire 

items reviewed by 3 healthcare informatics 

experts 

 Construct Validity: Factor analysis 

confirmed single-factor structure 

(eigenvalue >1) 

 Face Validity: Pilot tested with 10 

users for clarity and relevance. 

 

5.3 Hypothesis Testing 

5.3.1 H1: Random Forest 

Accuracy (>95%) 

Table 2: Performance Comparison of Machine 

Learning Models 
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Metric Rando

m 

Forest 

Gaussia

n Naive 

Bayes 

Differen

ce 

t-

valu

e 

p-

value 

Accurac

y (%) 

97.8 ± 

1.2 

89.4 ± 

1.8 

+8.4 12.4

5 

<0.00

1 

Precisio

n 

0.976 ± 

0.015 

0.891 ± 

0.021 

+0.085 11.8

2 

<0.00

1 

Recall 0.975 ± 

0.014 

0.888 ± 

0.019 

+0.087 12.1

3 

<0.00

1 

F1-

Score 

0.975 ± 

0.013 

0.889 ± 

0.018 

+0.086 12.0

1 

<0.00

1 

AUC-

ROC 

0.992 ± 

0.008 

0.941 ± 

0.012 

+0.051 10.2

4 

<0.00

1 

Finding: H1 is supported. Random Forest 

achieved 97.8% accuracy, significantly exceeding 

the 95% target and outperforming Gaussian Naive 

Bayes (p<0.001). 

Figure 2: ROC Curves Comparison 

 

5.3.2 Feature Importance 

Analysis 

Feature Importance 

Score 

Clinical 

Relevance 

Fever 0.142 Core symptom of 

infections 

Cough 

Duration 

0.118 Distinguishes acute 

vs chronic 

Chest Pain 0.105 Cardiac event 

indicator 

Shortness of 

Breath 

0.097 Respiratory 

severity marker 

Fatigue 0.082 Common across 

conditions 

Age 0.076 Risk factor 

modifier 

Temperature 0.068 Fever 

quantification 

Blood 

Pressure 

0.061 Cardiovascular 

indicator 

 

5.3.3 H2: Multilingual Engine 

Accuracy (>90%) 

Table 3: Multilingual Engine Performance 

Languag

e 

BLE

U 

Score 

Medical 

Accurac

y (%) 

User 

Comprehensio

n (1-5) 

Respons

e Time 

(ms) 

Hindi 0.86 94.2 ± 

2.1 

4.7 ± 0.3 210 ± 25 

Telugu 0.84 92.8 ± 

2.4 

4.6 ± 0.4 235 ± 30 

Marathi 0.85 93.5 ± 

2.2 

4.7 ± 0.3 215 ± 28 

Odia 0.82 91.2 ± 

2.8 

4.5 ± 0.5 260 ± 35 

Bengali 0.87 94.8 ± 

2.0 

4.8 ± 0.2 220 ± 27 

English 0.92 97.5 ± 

1.5 

4.9 ± 0.2 180 ± 20 

Average 0.86 93.8 4.7 218 

Finding: H2 is supported. The multilingual engine 

achieved average medical translation accuracy of 

93.8%, exceeding the 90% target, with average 

response time of 218ms (<500ms target). 

 

5.3.4 H3: Emergency Response 

Time Reduction (>3 minutes) 

Table 4: Emergency Response Time Comparison 

Scena

rio 

Tradit

ional 

Metho

d 

(min) 

HealthA

ware+ 

(min) 

Redu

ction 

(min) 

Redu

ction 

(%) 

t-

va

lu

e 

p-

val

ue 

Cardi

ac 

Emer

gency 

8.2 ± 

1.2 

4.5 ± 0.8 3.7 45% 8.4

5 

<0.

001 
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Stroke 

Sympt

oms 

7.8 ± 

1.1 

4.2 ± 0.7 3.6 46% 8.2

1 

<0.

001 

Sever

e 

Bleedi

ng 

6.5 ± 

0.9 

3.1 ± 0.5 3.4 52% 9.1

2 

<0.

001 

Choki

ng 

5.2 ± 

0.8 

2.4 ± 0.4 2.8 54% 8.9

8 

<0.

001 

Poiso

ning 

7.1 ± 

1.0 

3.8 ± 0.6 3.3 46% 8.3

4 

<0.

001 

Avera

ge 

6.96 ± 

1.0 

3.60 ± 

0.6 

3.36 48% 12.

45 

<0.

001 

Finding: H3 is supported. Emergency response 

time was reduced by an average of 3.36 minutes 

(48%), exceeding the 3-minute target (p<0.001). 

Location accuracy achieved: 

 Within 10 meters: 87% of cases 

 Within 50 meters: 94% of cases 

 Within 100 meters: 98% of cases 

5.3.5 H4: System Scalability 

(>1,000 concurrent users) 

Table 5: Load Testing Results 

Metric Result Targe

t 

Status 95th 

Percentil

e 

Page Load 

Time 

1.8 s < 3 s ✓ 

Exceede

d 

2.2 s 

API Response 

Time 

320 ms < 500 

ms 
✓ 

Exceede

d 

410 ms 

Concurrent 

Users 

1,200 1,000 ✓ 

Exceede

d 

1,200 

Uptime (30 

days) 

99.95

% 

99.9% ✓ 

Exceede

d 

- 

Mobile 

Responsivenes

s 

100% 100% ✓ 

Achieve

d 

- 

Finding: H4 is supported. The system successfully 

handled 1,200 concurrent users with API response 

time of 320ms, exceeding both targets. 

5.3.6 H5: User Satisfaction 

(>4.5/5) 

Table 6: User Satisfaction Scores 

Aspect Me

an 

Sco

re 

Standa

rd 

Deviati

on 

95

% 

CI 

Minim

um 

Maxim

um 

Ease of Use 4.8 0.4 4.7

4-

4.8

6 

4 5 

Interface 

Design 

4.7 0.5 4.6

3-

4.7

7 

3 5 

Response 

Speed 

4.9 0.3 4.8

6-

4.9

4 

4 5 

Recommend

ation 

Accuracy 

4.6 0.6 4.5

2-

4.6

8 

3 5 

Multilingual 

Support 

4.9 0.3 4.8

6-

4.9

4 

4 5 

Emergency 

Features 

4.9 0.3 4.8

6-

4.9

4 

4 5 

Health 

Tracker 

4.6 0.7 4.5

0-

4.7

0 

3 5 

Overall 

Satisfaction 

4.8 0.4 4.7

4-

4.8

6 

3.8 5 

Finding: H5 is supported. Overall satisfaction was 

4.8/5, exceeding the 4.5 target, with all individual 

dimensions above 4.5 except Health Tracker (4.6). 

 

5.4 Security Testing Results 

Test Result Methodology 

SQL Injection Protected Parameterized 

queries, input 

validation 
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Cross-Site 

Scripting 

(XSS) 

Protected Output encoding, 

Content-

Security-Policy 

Cross-Site 

Request 

Forgery 

(CSRF) 

Protected CSRF tokens, 

SameSite 

cookies 

Password 

Hashing 

bcrypt (10 

rounds) 

Automated 

testing 

JWT Security  Token 

validation & 

expiration 

15-minute 

expiration, 

refresh tokens 

Rate Limiting  Implemented 100 requests / 15 

minutes per IP 

Brute Force 

Protection 

 Implemented Account lockout 

after 5 failed 

attempts 

 

5.5 Summary of Hypothesis Testing 

Hypothesi

s 

Descriptio

n 

Targe

t 

Resul

t 

Statu

s 

H1 Random 

Forest 

Accuracy 

>95% 97.8

% 
✓ 

Supp

orted 

H2 Multilingu

al 

Translation 

Accuracy 

>90% 93.8

% 
✓ 

Supp

orted 

H3 Emergency 

Response 

Reduction 

>3 

min 

3.36 

min 
✓ 

Supp

orted 

H4 Concurrent 

Users 

>1,00

0 

1,200 ✓ 

Supp

orted 

H5 User 

Satisfactio

n 

>4.5/5 4.8/5 ✓ 

Supp

orted 

 

6. DISCUSSION 

6.1 Interpretations of Findings 

6.1.1 Performance of Machine 

Learning Algorithms 

The Random Forest Classifier has an overall 

accuracy of 97.8%. This was much better than both 

our desired threshold (>95%) as well as prior results 

from similar uses (82-85%) (Zhang et al., 2021; 

Gupta and Singh, 2023). There are a number of 

reasons for this exceptional accuracy: 

Ensemble Averaging: By aggregating 100 Decision 

Trees, the overall model experienced less variance 

and was less likely to overfit, producing more 

accurate predictions across a variety of symptom 

presentations (Breiman, 2001). 

Feature Importance Ranking: Through the Random 

Forest's ability to choose the best features by 

themselves, the best clinically relevant symptom 

features (fever 0.142; duration of cough 0.118; chest 

pain 0.105) were identified and any noise from the 

patient-reported symptom data was excluded. 

Managing Non-Linear Relationships: Random 

Forest is more adept than linear models at 

representing the multiple, complex relationships of 

the variables involved in them. That is, Random 

Forest properly captures the interactions of your 

symptoms, age, and risk factors that characterize the 

actual presentation of disease (e.g., Caruana & 

Niculescu-Mizil, 2006). 

Robustness to Missing Data: By being able to work 

with missing data by utilising surrogate splits, it was 

beneficial to have a method that compensated for the 

variability and inconsistency of patient-reported 

symptoms (e.g., patient-reported symptoms were 

not identical, therefore the responses to the survey 

could have been very different given their differing 

symptoms). 

The 8.4% performance gap between the Random 

Forest and the Gaussian Naive Bayes methods 

highlights how important model selection is for 

healthcare applications. While Naive Bayes has the 

advantage of providing computational efficiency 

(i.e., 12x faster to train on the same dataset), the 

independence assumption restricts the model and 

does not capture important relationships between 

truly occurring symptoms in order to obtain an 

accurate diagnosis (e.g., Domingos & Pazzani, 

1997). 
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6.1.2 Multilingual Engine 

Performance 

Effective communication between doctors and 

patients through multiple languages is essential in 

providing quality healthcare services. As such, 

language translation tools are being used in 

healthcare organizations to aid multilingual 

physicians in providing accurate medical services. 

For this study, the author's translation tool was 

evaluated using a sample of healthcare 

professionals, with both quantitative and qualitative 

analysis of the translated material resulting in a 94% 

accuracy rate. The user experience was rated 4.7 out 

of 5 for understanding the translated material; this 

study supports the findings of Patel and Sharma 

(2022) that seek to emphasize cultural adaptations 

over direct translations. 

In conclusion, this study found that the average 

response time for switching between languages was 

218ms, showing that the multilingual functionality 

of the author's translation application would not 

detract from user's experience using the translation 

application. Some key elements that contributed to 

the successful performance of the author's 

translation tool include pre-compiled tables of 

common medical phrases and caching frequently 

used translations in localStorage on the browser, 

asynchronous loading of language resources, and 

lazy loading of content by language. 

Further justification of the need for domain-specific 

medical translations can be found in the significant 

difference between the accuracy of medical 

translations (93.8%) as opposed to non-domain-

specific translations (68%) reported by Vieira et al. 

(2021). 

 

6.1.3 Emergency Response 

Integration 

The average reduction of 3.36 minutes in emergency 

response time represents improvement in relation to 

"Clinical Significance". Delays in a timely manner 

can cause both morbidity & mortality with time 

critical situations. 

In the case of a stroke, for every minute treatment is 

delayed 1.9 million neurons are lost. (Meretoja et. al 

2014) 

In the case of a heart attack, there is a 1% increase 

in 30-day mortality for every 10 minutes that 

treatment is delayed. (De Luca et al. 2004) 

In the case of severe trauma, there is a 3% increase 

in the mortality rate for every 10 minutes that a 

patient delays in obtaining Definitive Care. (Dinh et. 

al 2013) 

The 48% reduction that was observed with 

HealthAware+ could translate to a: 

25% reduction in the number of stroke disabilities as 

long as treatment begins before the end of the "2 

hour" golden period. (Emberson et. al 2014) 

15% improvement in the survival rate following 

cardiac arrest when CPR & defibrillation occur 

early. (Hasselqvist-Ax et. al 2015) 

 

6.1.4 User Acceptance 

The high 4.8/5 user satisfaction rating as well as the 

fact that 92% of users said that their overall ability 

to independently make informed health care 

decisions has improved, show that user engagement 

is possible from thoughtfully designed AI platforms 

for health care. The three most important things that 

contributed to the high satisfaction by users were: 

• Simplicity: The easy-to-use interface 

required no training and was accessible to 

users with little technological skills (n=38) 

• Relevancy: The tailored content 

available from an Indian perspective and in 

the user's preferred language 

• Actionability: Users were 

empowered to make informed decisions by 

clear recommendations using confidence 

rating scores 

• Trust: Trust in the AI predictions was 

fostered by the platform providing a 

transparent basis for all decisions and the 

providing adequate disclaimer to the user. 
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6.2 Theoretical Implications 

6.2.1 Implications for TAM 

The results offer a clear affirmation of the primary 

constructs of the Technology Acceptance Model 

(TAM). The relationship between perceived 

usefulness, as represented by both accuracy (97.8%) 

and reduced emergency response time (3.36 min), 

with user satisfaction (r = 0.82, p < 0.001) indicates 

a strong correlation, while perceived ease of use, as 

represented by response time (218 ms) and language 

support, also had a significant correlation with user 

satisfaction (r = 0.79, p < 0.001). These results 

provide a basis for extending TAM to include AI-

based Health applications, showing that attributes 

measured with regard to technical performance 

translate directly into user acceptance. 

 

6.2.2 Implications for HBM 

The platform has successfully addressed each of the 

New Zealand Health Statistics Health Belief Model 

(HBM) constructs for perceived susceptibility (risk 

of developing disease) at a rating of 4.5/5; perceived 

severity (emergency alerts and warnings) at 4.8/5; 

perceived benefit (providing tangible 

recommendations for action) at 4.6/5 and; perceived 

barrier (access to information in language that is 

easy to read) decreased by 65% after the 

implementation of the integrated AI health platform 

to date. Therefore, the implementation of integrated 

AI in healthcare may positively influence health 

behaviours. 

 

6.2.3 Implications for UTAUT2 

There was good support for the UTAUT2 variables: 

 

Performance Expectancy 97.8% accuracy 

Effort Expectancy 218ms mean response time 

Facilitating Conditions - offline access/technical 

support rated 4.7/5 

Hedonic Motivation interface design rated 4.7/5 

 

6.3 Policy Implications 

6.3.1 Digital Health Guidelines 

The above findings will be used in developing the 

first evidence based practice guideline for AI health 

platforms including but not limited to: 

Minimum accuracy standard (symptom matching) 

should be >95% 

Multilingual capabilities will be required for 

different population groups 

Standards for the integration of emergency response 

Establishment of privacy and security protocols 

 

6.3.2 Healthcare Accessibility 

The Platform shows how technology can close the 

gaps in access to healthcare in low-resource settings 

for four areas: 

India's National Digital Health Mission 

Integration with Ayushman Bharat programme 

Expansion of guidelines for telemedicine 

Rural health delivery systems 

 

6.3.3 Emergency Response 

Infrastructure 

The 3.36-minute reduction in response times for 

EMS has significant implications for digital 

emergency services' handling of successful 

outcomes by better integrating with them. The major 

policies involved include: 

Integration of digital platforms into existing 

response systems (i.e., 108, 102, 100) via a 

formalized process; 

Establishment of a standardized approach for 

providing responders with location information; 

Providing first responders with training regarding 

how to utilize digital alerting capabilities. 
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6.4 Comparisons with Previous 

Studies 

6.4.1 Machine Learning 

Accuracy 

The accuracy of our Random Forest model is at 

97.8%, which is much better than Zhang et al. 

(2021) with 85% accuracy and Gupta & Singh 

(2023) with an accuracy of 82%. Our improved 

accuracy can be attributed to: 

• A larger sample size for training (15,000 

samples versus 8,000 samples); 

 

• A greater amount of feature engineering 

(132 features versus 78 features); 

 

• Clinical validation of the "ground truth"; 

 

• Data augmentation to address the problem of 

unbalanced classes. 

 

6.4.2 Multilingual Translation 

Medical translation accuracy is 94%. Vieira et al. 

(2021) found general-purpose translation to be 

approximately 68%. Additionally, we have 

demonstrated that cultural adaptation improves 

comprehension by 42%, which is consistent with the 

framework proposed by Patel & Sharma (2022). 

 

6.4.3 Emergency Response 

We have demonstrated a reduction in response time 

(3.36 minutes) that is greater than the response time 

reduction of Williams et al. (2020) (3.5 minutes) and 

Merchant et al. (2020) (2.1 minutes). This is most 

likely due to the ability to perform integrated 

symptom detection and multi-modal activation. 

 

6.4.4 User Satisfaction 

Our user satisfaction score (4.8/5) is significantly 

higher than the benchmark scores established by 

other health platforms (WebMD 4.2/5 and Practo 

4.3/5) and provides further evidence that 

multilingual, integrated platforms are more effective 

at meeting the needs of diverse populations. 

 

6.5 Limitations of Study 

6.5.1 Limitations due to data set 

Geographic bias: Most of the training data is from 

urban (>60%) which may limit its use for those 

people that live in rural locations. 

 

Disease coverage: 85 diseases, and not including 

rare diseases that affect small population groups. 

Self-reported symptoms. There is more variability 

than if clinical measurements would have been 

made. 

Old age has been under-represented in the sample 

(<5% compared to approximately 8% in the 

population). 

 

6.5.2 Scope of Validation 

Sample Size - 200 users insufficient to represent 

entire demographic segment. 

Follow-up Duration - Three month is not sufficient 

to validate use on a long-term basis. 

Clinical Validation - No prospective clinical trial 

available to compare outcome(s) to clinical trials. 

 

6.5.3 Technical Limitations 

Internet Dependency - The outage of the device will 

prevent access to full functionality (in rural India; 

only 25% have broadband access). 

Battery Drainage - The use of geolocation features 

will increase battery drain by 15%. 

Language Coverage - 6 languages are available on 

the device; Tamil, Kannada, Malayalam and Punjabi 
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languages (total population of over 200 million) will 

not be included in future programming. 

Voice Recognition - Only english, therefore, 

restricting access to low-literate users. 

 

6.5.4 Ethical Issues 

Over-reliance issues. A user might use AI-guidance 

in lieu of seeking a professional opinion. 

Privacy issues. The storage of health data raises 

privacy issues. 

Algorithmic bias. The training data used to train AI 

systems can create a bias regarding the disparities in 

care across the healthcare system. 

Emergency dependency. USA SOS will only work 

where there is a working mobile network. 

 

7. CONCLUSION 

7.1 Summary of Key Findings 

This project established and tested HealthAware+ an 

AI-Based Intelligent Health Assistant System that 

targets important needs in obterring multi-language 

access to health care in India. The following key 

discoveries were made:  

State of the Art Machine Learning: The Random 

Forest Classifier had an accuracy rate of 97.8% for 

Predictive Disease via Symptoms, growth on the 

success of the Gaussian Naive Bayes classifier with 

a successful accuracy of 89.4%. Also, it was above 

the planned target of 95% for accuracy. The most 

significant predictors for this classifier according to 

Feature Importance were Fever at (0.142), Cough 

Length at (0.118) and Chest Pain at (0.105) 

respectively. 

 

Hybrid Multi-lingual Engine: The Hybrid 

Translation and Transcription Engine achieved a 

medical translation rate of 94%, across six of India's 

languages at an average turn-a-round of 218 

milliseconds per request, thereby surpassing the 

respective accuracy rate of 90% and average turn-

around of 500 milliseconds. 

Emergency Response: The Integrated SOS (Save 

Our Subscribers) module reduced time per 

simulated emergency scenario by 3.36 minutes 

(48%) below the target of less than three minutes 

and has a location accuracy of 94% within 50 meters 

of the SOS request. 

System Performance: The results of full load testing 

demonstrate that the combined testing volume was 

able to support 1200 concurrent users, with an 

average API response time of 320 milliseconds and 

an average time to load a page of 1.80 seconds, all 

of which exceeded the associated technical target. 

User Acceptance: User acceptance testing (n=200) 

found that a majority of users reported being Very 

Satisfied (4.8/5.00) while receiving support in 

multiple languages (4.9/5.00) and while using the 

emergency features (4.9/5.00) were all well above 

an expected rating of 4.5/5.00. 

Security: Extensive security testing of the System 

showed conformity to ISO 27001 methodology with 

Protecting against SQL Injection; Protecting against 

Cross-Site Scripting (XSS); Protecting against 

Cross-Site Request Foregery (CSRF). Passwords 

being stored in the database as securely hashed 

passwords using Bcrypt, JSON Web Tokens (JWT) 

are also being implemented for authentication, and 

Rate Limiting is being enforced . 

 

7.2 Contributions to Knowledge 

7.2.1 Contributions to Theory 

Extended TAM Application: Advanced theory with 

concrete findings related to the use of technical 

performance metrics such as accuracy and response 

time as indicators of perceived usefulness and user 

acceptance for an AI health platform 

Integrated HBM-UTAUT Framework: Approved an 

integrated framework based on Health Belief Model 

and UTAUT2 as it pertains to adoption of health 

technologies 
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Cultural Adaptation Theory: Provided empirical 

evidence to support the 42% improvement in 

comprehension from the use of culturally adapted 

translations of medical documents. 

 

7.2.2 Contributions to 

Methodology 

Developed and validated a multi-dimensional 

evaluation framework that includes accuracy 

measures, performance testing, security testing, and 

user acceptance. 

Established a hybrid methodology for translating 

multilingual medical terminology using neural 

machine translation and curated medical 

terminology databases. 

Created standardized protocols for validating 

emergency response time reduction using simulated 

scenarios. 

 

7.2.3 Practical Contributions 

Convenient Health Care Framework: Demonstrated 

a working health care framework for over 100 

diseases, more than 50 first aid procedures, and over 

20 doctors, in six languages of India. 

Emergency Response System: With the introduction 

of an SOS function allowing location sharing, there 

was a 3.36 minute reduction in response time. 

Personal Health Tracking: Offered full health 

tracking solution with visual and exportable 

data. 

 

7.3 Study Limitations 

There are several limitations to the present study 

that should be addressed in future research: 

Geographical Bias in Dataset (60% Urban); Limited 

Number of Conditions (85 disease conditions); 

Follow-Up Duration (3 Months); Internet 

Dependent; and Limited Language Coverage 

(excludes several significant Indian Languages). 

 

7.4 Future Research Directions 

7.4.1 Short-term Enhancements 

Enhancement Description Priority 

Telemedicine 

Integration 

Video 

consultation 

with doctors 

High 

Medicine 

Reminder 

Push 

notifications for 

medications 

High 

Health Reports PDF export of 

health data 

Medium 

Wearable 

Integration 

Connect with 

fitness trackers 

Medium 

Voice Input Voice-controlled 

chatbot in 

multiple 

languages 

Medium 

 

7.4.2 Long-term Research 

Directions 

Integrate deep learning with transformer-based 

models(BioBERT, ClinicalBERT) to enhance 

natural language processing of patients' description 

of symptoms. 

Add image analysis for the diagnosis of wounds and 

other dermatological conditions using convolutional 

neural networks. 

Conduct randomized controlled clinical trials(5 

hospitals) comparing patient outcomes with and 

without the use of the system. 

Expand the languages of the system to include 

Tamil, Kannada, Malayalam, Punjabi, and Gujarati, 

which will result in coverage of 95% of the Indian 

population. 

There will be a follow-up study 5 years after the 

initial research to determine if subjects display a 

continued improvement in health behavior and 

overall health. 

Conduct an analysis of cost/benefit of this program, 

which will include the potential for reduced 
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emergency room visitations and increased rates of 

adherence to medication. 

Develop an entirely offline system, to be used in 

areas with limited access to internet. 

Utilize blockchain technology to store secure, 

decentralized, and private health records, thereby 

increasing security and interoperability. 
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