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ABSTRACT : 

Early changes in vital signs frequently go unnoticed between scheduled clinical visits. Although wearable devices and home instruments now make many 

physiological readings available, the information is scattered across applications and is difficult for non-specialist users to interpret, so early warning signs may be 

recognised late. 

The Care Companion – AI-Powered Smart Health Monitoring and Predictive Healthcare System presented in this report is an AI-powered healthcare 

assistance application designed to support continuous patient health monitoring and the early identification of unusual health patterns. The system combines health 

information obtained from compatible wearable devices and healthcare hardware with AI-based analysis, helping users understand changes in six selected health 

parameters: heart rate, blood oxygen saturation (SpO₂), body temperature, blood pressure, sleep patterns, and physical activity. The application analyses available 

readings, identifies values or trends that may need attention, and presents possible health-risk indicators with plain-language guidance. 

The project has been realised as a working demonstration developed with the assistance of Vercel v0, an AI-assisted application development tool. The report 

describes the architecture, methodology, safety considerations, and evaluation approach of the system. The demonstration is a bilingual (English and Tamil) patient 

portal in which users record health measurements, report symptoms, request appointments with an assigned clinician, view doctor-approved treatment plans, and 

ask an AI Care Assistant, powered by a server-side Google Gemini API, questions that are grounded in their approved treatment plan. Readings are currently entered 

by the user and stored in a database; automatic collection from wearable devices is planned future work. The outputs of Care Companion are risk indicators intended 

to support awareness; they are not clinical diagnoses. The system is therefore positioned as a decision-support and awareness tool that encourages timely professional 

consultation, and it does not replace medical diagnosis, treatment, or emergency care. Its long-term objective is to make personal health information easier to 

monitor and understand through validated device integration and clinically reviewed prediction models. 
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INTRODUCTION 

 

Healthcare monitoring has traditionally relied on measurements taken during clinical visits or on instruments that patients and caregivers operate at home. 

Health changes, however, do not wait for scheduled appointments. A gradual rise in resting heart rate, repeated dips in blood oxygen saturation, disturbed 

sleep, or a sustained increase in blood pressure may all develop between consultations and may be noticed only when symptoms become severe. Wearable 

technologies such as smartwatches and other sensor-based devices now make selected physiological information available far more frequently than 

periodic clinic measurements [1], [2]. When these readings are organised and interpreted responsibly, they can help users notice changes that deserve 

further attention. 

Despite this potential, a practical difficulty remains. Health data is fragmented across devices and applications, each with its own units, display 

conventions, and level of accuracy, and a person without clinical training may find it hard to judge whether a particular value or trend is cause for concern. 

A convenient system is therefore needed to organise the available readings, highlight unusual patterns, and communicate in plain language that further 

assessment may be appropriate. Any prediction produced by such a system must be treated as an indicator for awareness rather than a confirmed diagnosis. 

The proposed system, titled Care Companion – AI-Powered Smart Health Monitoring and Predictive Healthcare System, addresses this need. It is 

a web-based AI healthcare assistant that brings health measurements and predictive analysis into a single interface. It focuses on presenting understandable 

health information and on identifying patterns that may be associated with increased risk, with the aim of supporting awareness and communication with 

healthcare professionals. 

The principal objectives of the project are: 

• to develop a user-friendly web application for health monitoring and awareness; 

• to support the display and processing of heart rate, SpO₂, body temperature, blood pressure, sleep, and physical activity data, depending on 

data availability;

• to apply the prediction logic implemented in the demonstration to identify potential health-risk patterns; 
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• to present understandable outputs and alerts that encourage timely professional consultation; and 

• to establish a foundation for future integration with compatible wearables and healthcare hardware. 

The scope of the project covers the application interface, the representation of the six health parameters, the analysis of available readings, and the display 

of potential risk indicators. The current deliverable is a working demonstration developed with Vercel v0. The demonstration provides database-backed 

recording of measurements, symptom reports, and appointment requests, doctor-approved treatment plans, and a Gemini-based AI Care Assistant. Real-

time wearable connectivity and a clinically validated predictive model are treated in this report as architectural components and future work rather than 

as completed features. The project does not claim to diagnose disease or to prescribe treatment. 

The remainder of this report is organised as follows. Chapter 2 surveys the relevant literature. Chapter 3 lists the system requirements. Chapter 4 presents 

the proposed methodology, including the architecture and data flow. Chapter 5 analyses the results of the demonstration and its evaluation. Chapter 6 

concludes the report and outlines future work, and Chapter 7 lists the references. 

WEARABLE DATA ACQUISITION AND HEALTH PARAMETER MONITORING 

Health data acquisition forms the foundational layer of Care Companion. The system is designed to receive or represent readings for six parameters: heart 

rate, blood oxygen saturation (SpO₂), body temperature, blood pressure, sleep patterns, and physical activity. Each reading is associated with a value, a 

unit, a timestamp, and, where available, an identifier of its source, so that the analysis layer can distinguish a fresh measurement from a stale or missing 

one. 

The significance of structured acquisition lies in its ability to bring heterogeneous measurements into one consistent representation. Wearable devices 

differ in the parameters they can measure, the sensors they use, and the sampling rate at which they report. Some parameters, such as heart rate, movement, 

and sleep-related signals, are widely available from consumer wearables, whereas blood pressure and body temperature may require specific sensors or 

separate medical devices and cannot be assumed to be present on every smartwatch [3]. Care

Companion therefore treats data availability as a first-class concept: a parameter that is not available is shown as unavailable and is never presented as a 

valid measurement. 

In the working demonstration, readings are entered by the patient through the Health Measurements module, which records the measurement type, the 

reading value, and optional context notes, and stores them in the application's database. Automatic collection from a physical sensor is not yet connected, 

and any sample values used in this report are identified as such. The acquisition design nevertheless follows the same representation that live device data 

would use, which allows the interface and analysis modules to be reused unchanged when a compatible wearable or healthcare device is connected in the 

future. 

INTELLIGENT RISK PREDICTION AND PATTERN ANALYSIS 

The predictive analysis module is the analytical core of the proposed system. Once readings have been validated, the module evaluates them to identify 

values or patterns that may be associated with increased health risk. Typical outputs are a risk category, a trend indicator, or the absence of any alert. 

Artificial intelligence and machine-learning methods are well suited to this task because they can detect patterns across several parameters at once, classify 

risk categories, and identify deviations from an individual baseline [4], [5]. 

Evaluating parameters jointly is important because a single abnormal reading is often less informative than a combination of related changes. For example, 

a modest rise in temperature together with an elevated heart rate and reduced sleep carries a different meaning from any one of these values in isolation. 

The analysis module is therefore structured to consider the parameters collectively and to attach to each result a short, understandable explanation of the 

readings that contributed to it. 

The predictive component of Care Companion is described in this report in terms of what is actually implemented. A demonstration that relies on rules, 

thresholds, or sample data is a demonstration of predictive logic, not a clinically validated model, and it is described accordingly. The architecture 

nevertheless separates the prediction module from the interface, so that a trained and validated machine-learning model can replace or complement the 

current logic without redesigning the application.

OVERCOMING TRADITIONAL HEALTH MONITORING CHALLENGES 

Conventional health monitoring suffers from several structural limitations. The first is fragmentation: readings may be spread across several device 

applications, paper records, and clinic documents, which makes it difficult to form a complete picture of a person's condition. Manual observation 

compounds the problem, because long-term trends are hard to see in isolated values that are recorded irregularly. 

A second challenge is interpretation. A person who sees a blood pressure or SpO₂ value without context may either dismiss a meaningful change or 

become unnecessarily alarmed by a harmless fluctuation. Without explanation, a number alone does not tell the user what to do next. Device compatibility 

and data quality add a further layer of uncertainty, since measurement accuracy varies with the device, sensor placement, user, and level of activity [2]. 

A third challenge concerns the alerting itself. An alert system with poorly selected thresholds produces false alarms, which erode trust and encourage 

users to ignore notifications, while thresholds that are too permissive allow concerning changes to pass unnoticed. Care Companion addresses these 

challenges by providing a unified interface for the supported parameters, presenting each result with an understandable explanation, handling missing or 

invalid readings explicitly, and wording every alert as a prompt for professional assessment rather than as a diagnosis. 
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AUTOMATED ALERTS, GUIDANCE AND REPORTING 

The final stage of the system converts analysis results into information that the user can act upon. When the analysis identifies a potentially concerning 

pattern, the alert and guidance module presents a clear notification in plain language, indicates which readings were involved, and recommends an 

appropriate next step, such as re-measuring, monitoring over the following hours, or consulting a qualified healthcare professional. 

The wording of these messages is a deliberate design decision. Messages avoid asserting a definitive disease, they state explicitly that the output is not a 

medical diagnosis, and they do not delay emergency advice while waiting for an application result. In a situation that may be an emergency, the user is 

directed to seek immediate medical help.

The dashboard consolidates readings, analysis results, and guidance in one view, giving the user a readable summary that can also be used to prepare for 

a consultation with a doctor. In this way the system supports the conversation between the user and the healthcare professional instead of attempting to 

replace it.

2. LITERATURE SURVEY 

 

The field of technology-assisted health monitoring has developed rapidly over the past two decades, driven by advances in miniaturised sensors, wireless 

communication, mobile computing, and machine learning. This chapter summarises the concepts and published work relevant to Care Companion: the 

evolution of wearable monitoring, the use of automated methods to stratify health risk, the collection of physiological data, the integration of artificial 

intelligence into healthcare analytics, and the ethical and regulatory considerations that govern such systems. 

EVOLUTION OF HEALTH MONITORING METHODOLOGIES 

Early health monitoring was episodic. Vital signs were measured by clinicians during consultations or hospital stays, and the resulting values described 

the patient's state only at the moment of measurement. Home instruments such as digital thermometers, blood pressure cuffs, and finger pulse oximeters 

extended measurement into the home but still depended on the user to take, record, and interpret each reading. 

Wearable sensor systems changed this model by making measurement continuous and unobtrusive. Pantelopoulos and Bourbakis surveyed wearable 

sensor-based systems for health monitoring and prognosis and identified their potential for early detection of abnormal conditions, together with open 

challenges in sensor reliability, power consumption, data fusion, and user acceptance [1]. Consumer wearables subsequently brought these capabilities to 

the general public; Piwek et al. described both the promise of consumer health wearables and the barriers to their use in healthcare, including questions 

of accuracy, engagement, and the integration of device data into care pathways [2]. Dunn, Runge, and Snyder similarly reviewed the growing role of 

wearable devices in monitoring physiology and noted that their value depends on turning raw measurements into meaningful, validated information [3]. 

The current stage of this evolution combines continuous measurement with intelligent analysis and a consumer-friendly interface. Care Companion 

belongs to this stage: it aims to present several parameters together and to interpret them, rather than to display isolated numbers.

AUTOMATED RISK STRATIFICATION 

Risk stratification is the process of assigning a person or a set of readings to a category that reflects the level of attention required. In traditional practice 

it is performed by clinicians using rules, scoring systems, and experience. Automated stratification applies the same idea computationally, either through 

explicit rules and thresholds or through models trained on labelled data. 

Machine-learning approaches have shown considerable promise in this role. Rajkomar, Dean, and Kohane describe how machine-learning methods can 

learn predictive patterns from large clinical datasets and support tasks such as risk prediction and outcome forecasting [4], and Topol discusses the 

convergence of human and artificial intelligence as a route to higher-performance medicine [5]. At the same time, these authors emphasise that predictive 

models require careful validation, external evaluation, and attention to the consequences of errors. 

A notable example of wearable-based detection at scale is the Apple Heart Study, in which a smartwatch was used to identify irregular pulse suggestive 

of atrial fibrillation in a very large population and to prompt further evaluation [6]. The study demonstrated the feasibility of consumer devices as a 

screening aid, while also showing that such tools generate indicators that must be confirmed through clinical assessment. This principle, that a wearable-

derived alert is a prompt for confirmation and not a diagnosis, is central to the design of Care Companion. 

PHYSIOLOGICAL DATA COLLECTION 

Wearable devices collect or estimate selected physiological quantities. Heart rate is commonly derived from optical photoplethysmography sensors, 

movement and physical activity from accelerometers, and sleep-related signals from a combination of motion and heart-rate data; some devices also 

estimate blood oxygen saturation. The availability and accuracy of these measurements vary with the device, the sensor, its placement, the user, and the 

type of activity being performed [3], [2]. Other parameters, including blood pressure and body temperature, often require dedicated sensors or separate 

medical devices. 

Banaee, Ahmed, and Loutfi reviewed data-mining approaches for wearable sensors in health monitoring systems and highlighted recurring challenges: 

noisy and incomplete signals, differences between devices, the need for data pre-processing, and the difficulty of generating clinically meaningful 

knowledge from continuous streams [7]. These findings motivate two design choices in Care

Companion: readings are validated for availability, timestamp, and plausibility before analysis, and missing or invalid values are flagged instead of being 

silently treated as measurements. 
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The interpretation of readings also depends on reference values. Guidelines published by professional and international bodies give commonly cited adult 

ranges and recommendations for blood pressure [8], sleep duration [9], and physical activity [10]. Such guideline values provide the context against 

which readings can be explained to the user. 

INTEGRATION OF AI/ML IN PREDICTIVE HEALTHCARE 

Artificial intelligence is increasingly applied across healthcare, from medical imaging to risk prediction and remote monitoring. Rajpurkar et al. review 

the state of AI in health and medicine and conclude that, while performance in many tasks is impressive, the translation of AI into routine care depends 

on robust evaluation, transparency, and integration into clinical workflows [11]. For continuous monitoring, the relevant techniques include threshold-

based rules, statistical baselining of an individual's normal range, classification models for risk categories, and time-series methods for detecting 

deviations and trends. 

Reliable healthcare prediction requires suitable training data, validation on held-out datasets, appropriate performance metrics, and consideration of bias 

and false alerts. Accuracy alone can be misleading when risk events are uncommon; sensitivity, specificity, precision, and the confusion matrix give a 

fuller picture of the balance between missed events and false alarms. A demonstration that uses rules or sample data should therefore be described as a 

demonstration of predictive logic and not as a clinically validated model. 

The literature thus reveals a practical gap. A single interface that presents the available readings of several parameters, highlights unusual changes, and 

explains the next safe step in plain language is feasible with current technology, but its real-world usefulness depends on reliable data sources, transparent 

prediction logic, privacy safeguards, and evaluation with appropriate datasets and clinical expertise. Care Companion addresses this opportunity at 

prototype level. 

ETHICAL AND LEGAL CONSIDERATIONS 

Health data is among the most sensitive categories of personal information, and systems that analyse it carry ethical and legal obligations. The World 

Health Organization has published guidance on the ethics and governance of artificial

intelligence for health, identifying principles such as protecting human autonomy, promoting human well-being and safety, ensuring transparency and 

explainability, fostering accountability, and ensuring inclusiveness and equity [12]. 

Fairness is a particular concern. Obermeyer et al. demonstrated that a widely used algorithm applied to manage the health of populations exhibited 

significant racial bias because it used health costs as a proxy for health needs [13]. The finding illustrates that predictive health tools can disadvantage 

groups of users unless their training data, target variables, and outputs are examined carefully. 

Regulatory considerations also apply. Software intended to inform clinical decisions may fall within the scope of medical-device or clinical-decision-

support regulation, and the U.S. Food and Drug Administration has issued guidance describing when such software is regulated [14]. The NIST AI Risk 

Management Framework offers a voluntary structure for identifying, measuring, and managing the risks of AI systems [15]. In India, the Digital Personal 

Data Protection Act, 2023 governs the processing of digital personal data and places emphasis on consent and purpose limitation [16]. For Care 

Companion these considerations translate into explicit consent, data minimisation, secure handling, honest description of capabilities, and a clear 

statement that the system does not provide a medical diagnosis.

3 SYSTEM REQUIREMENTS 

 

The implementation of Care Companion requires a defined set of hardware and software resources for development, demonstration, and, in future, 

deployment with live devices. Because the current deliverable is a web-based demonstration, the development and usage requirements are modest. The 

additional requirements for validating live wearable integration are listed separately, since they apply only when physical health devices are connected. 

HARDWARE REQUIREMENTS 

The hardware requirements fall into three groups: the computer used for development, the device on which the application is used, and the optional health 

hardware needed for live readings. If the demonstration operates with sample data, wearable hardware is not necessary to reproduce it; it becomes 

necessary only to validate live-device integration. Table 3.1 summarises the requirements. 

Table 3.1 Hardware requirements 

 

Component Minimum Recommended 

Processor Intel Core i5 / AMD Ryzen 5 or 

equivalent 

Intel Core i7 / AMD Ryzen 7 or higher 

Memory (RAM) 8 GB 16 GB 

Storage 256 GB (SSD preferred) 512 GB SSD 

Display 1366 × 768 pixels 1920 × 1080 pixels 

Network Stable internet connection for tooling, 

hosting, and cloud services 
Broadband connection 

User device Computer, tablet, or smartphone with a current web browser 



International Journal of Research Publication and Reviews, Vol (7), Issue (11), November (2026), Page – 394-407                        398 

 

 

  

Health hardware 

(optional) 

Compatible wearable for heart rate, SpO₂, sleep, and activity; digital thermometer; blood pressure 

monitor – required only for live-data validation 

A solid-state drive is preferred because it shortens project load and build times. A display of at least 1366 × 768 pixels is needed to show the dashboard 

without horizontal scrolling, and a Full HD display is recommended for comfortable viewing of the multi-panel layout. For live measurements, the choice

of wearable determines which parameters can be provided: not every device measures all six parameters, so complete monitoring may require a 

combination of a wearable and separate medical devices. 

SOFTWARE REQUIREMENTS 

The software environment consists of the application development tool, the web technologies on which the interface runs, the supporting development 

tools, and the components planned for later stages. Table 3.2 lists them. 

Table 3.2 Software requirements 

 

Category Software / Technology 

Application prototyping Vercel v0 (AI-assisted application development) [17] 

Front end React-based web interface, as generated by v0 (typically Next.js with Tailwind CSS and 

component libraries) 

Runtime and packages Node.js (current LTS version) with npm or pnpm 

Development environment Visual Studio Code; Git for version control 

Operating system Windows 10/11, macOS, or Linux 

Browser Current version of Google Chrome, Microsoft Edge, Mozilla Firefox, or Safari 

Deployment (optional) Vercel hosting or an equivalent web-hosting platform with HTTPS 

Database Application database in which measurements, symptom reports, appointments, and treatment plans 

are stored 

AI service Google Gemini API, called from the server side so that credentials are not exposed in the browser 

Languages English and Tamil (தம1ழ்) user interface and assistant 

Planned components Wearable-device interface and a validated AI/ML risk-prediction module 

Vercel v0 supported the creation of the web application interface and is the tool with which the working demonstration was produced. It is not, however, 

the whole technology stack: the generated project relies on standard web frameworks and libraries, and the report treats the tool and the stack as separate 

things. The database and the server-side Gemini service are part of the working demonstration. The wearable-device interface and the validated AI/ML 

risk-prediction module are architectural components of the proposed system; they are listed as planned components and are not claimed to be completed 

in the current demonstration.

To reproduce the demonstration, a developer installs Node.js and the project dependencies, supplies the environment variables for the database connection 

and the Gemini API key through the hosting platform's secure configuration, and runs the application locally or deploys it to the hosting platform. 

Credentials are kept in environment variables and are never committed to the source repository or exposed to the browser. 

Security-related software requirements include HTTPS for transport, authentication and authorisation for any version that stores personal health data, and 

secure management of keys and credentials, which must never be embedded in the front-end code.

4 PROPOSED METHODOLOGY 

 

Care Companion is designed to improve everyday health awareness by integrating the presentation of multiple health parameters, the validation of 

incoming readings, AI-based analysis of potential risk, and understandable alerts into a single web-based platform. The methodology follows a sequential 

pipeline: health readings are obtained from a data source, validated, analysed by the prediction module, and presented with guidance on the dashboard. 

Each stage is described in the sections that follow, and the stages that are fully realised in the demonstration are distinguished from those that are proposed 

for future development. 

OBJECTIVE 

The objective of the proposed methodology is to build an AI-powered health monitoring and predictive healthcare assistant that: 

• presents heart rate, SpO₂, body temperature, blood pressure, sleep patterns, and physical activity in a single, readable interface; 

• validates every reading for availability, timestamp, and plausible format before it is analysed; 

• analyses available readings to identify unusual values or patterns that may indicate potential health risk; 

• communicates results through understandable alerts that recommend a safe next step and state clearly that the output is not a diagnosis; and 

• provides an extensible foundation to which wearable integration, secure storage, and validated prediction models can be added. 

• The functional requirements derived from these objectives are given in Table 

4.1.
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Table 4.1 Functional requirements 

 

ID Requirement 

FR-01 The application shall present the supported health parameters. 

FR-02 The application shall accept, retrieve, or display health data from the data source implemented in the 

demonstration. 

FR-03 The system shall analyse available readings using the implemented prediction logic. 

FR-04 The application shall display a potential risk indicator or result when the logic identifies a concerning pattern. 

FR-05 The application shall provide a clear statement that outputs are not a medical diagnosis. 

FR-06 The system shall handle unavailable or invalid readings without presenting them as valid measurements. 

In addition to these functional requirements, the system is expected to satisfy several non-functional requirements. Usability: labels and risk messages 

must be understandable to non-technical users. Reliability: missing, stale, or invalid data must be clearly identified. Privacy and security: personal health 

data should be collected only as needed and protected with authentication, authorisation, and secure transport where applicable. Maintainability: modules 

should be structured so that integrations and tests can be updated independently. Accessibility: information must be readable on common screen sizes and 

must not rely on colour alone to convey meaning. 

CONCEPTUAL UNDERSTANDING OF THE HEALTH MONITORING SYSTEM 

Care Companion rests on the premise that the significance of a health reading cannot be judged from the number alone. It depends on the parameter, the 

unit, the time of measurement, the quality of the data source, the person's recent history, and the other parameters measured at the same time. The system 

therefore treats risk identification as a multi-parameter, context-aware task, and presents its result as an indicator that supports a human decision. 

The conceptual architecture consists of five layers, shown in Figure 4.1. The data source layer comprises compatible wearable or hardware readings, or 

clearly labelled sample data. The data ingestion layer receives these readings through an approved device API, a backend endpoint, or a demonstration 

data input. The health-data processing layer validates timestamps, checks unit consistency, and handles missing values. The predictive analysis layer 

applies the model or rules implemented to interpret the readings. Finally, the presentation layer provides the

dashboard, trend summaries, potential risk indicators, and safe next-step messages. In the present demonstration the data source is the patient, who enters 

readings through the interface; these are stored in the database and passed to the analysis and presentation layers. The connection of live wearable devices 

to the ingestion layer is proposed for future implementation. 

 

Figure 4.1 Proposed Care Companion system architecture 

 

 

1. Data Source 

Wearables / health hardware / labelled sample data 

2. Data Ingestion 

Device API / backend endpoint / demonstration data input 

3. Health-Data Processing 

Validation, timestamp checks, unit consistency, missing values 

4. Predictive Analysis 

Implemented model / rules → risk category, trend, or no alert 

5. User Interface and Alerts 

Dashboard, risk indicators, safe next-step guidance 
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HEALTH DATA COLLECTION AND PROCESSING 

The data collection layer handles six categories of health information. For each category, the implementation records the source, unit, collection time, 

validation rules, and whether the value is live, manually entered, or simulated. Table 4.2 lists the parameters together with commonly cited adult reference 

values that provide the context for interpreting readings. These values come from published guidelines and are used in this report only to explain how 

readings may be interpreted; any thresholds applied in a deployed version must be reviewed by qualified clinicians and configured for the intended 

population.

Table 4.2 Monitored health parameters and commonly cited adult reference values 

 

Parameter Unit Commonly cited reference Remarks 

Heart rate beats/min Resting 60–100 Varies with fitness, age, and 

activity 

Blood oxygen saturation 

(SpO₂) 
% Typically ≥ 95; readings below about 90 are 

of clinical concern 

Consumer-device 

accuracy varies 

Body temperature °C About 36.1–37.2 Depends on measurement site and 

device 

Blood pressure mmHg Normal below 120/80 [8] Often needs a dedicated cuff device 

Sleep hours/night 7 or more hours for adults [9] Estimated from motion and heart-

rate signals 

Physical activity minutes, 

steps 
150–300 min/week moderate 

activity [10] 

Derived from accelerometer data 

The processing stage performs the following checks before any reading reaches the prediction module: (i) availability, that is, whether a value was actually 

provided; (ii) timestamp, so that stale data is not interpreted as current; (iii) unit consistency, so that values from different sources are comparable; and 

(iv) plausibility, so that physiologically impossible values caused by sensor faults or entry errors are rejected. A reading that fails any check is marked as 

unavailable or invalid and is excluded from the analysis; it is never displayed as a valid measurement. The overall flow from acquisition to display is 

shown in Figure 4.2. 

 

Figure 4.2 Health data processing and alert flow

 

Obtain readings from data source 

Available, timely, and 

plausible? 

No 

Yes 

 

Pass validated data to prediction logic 

Mark as 

unavailable or 

invalid; exclude 

Analyse readings: risk category, trend 

indicator, or no alert 

Display result with plain-language 

explanation and safe next step 

Advise: not a diagnosis; consult a professional 
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PREDICTION ENGINE AND RISK TRIAGE 

The prediction engine is the analytical core of Care Companion. It receives validated readings and produces a result such as a risk category, a trend 

indicator, or no alert. Its role is to triage: to separate readings that need no attention from those that merit closer monitoring or professional consultation, 

and to indicate which parameters contributed to that outcome. 

The engine operates on the model or rules implemented in the demonstration. Its inputs are the validated values of the six parameters, together with their 

timestamps; its outputs are the risk indicator and the explanation shown to the user. Three principles govern its design. First, the analysis is multi-

parameter: related changes are interpreted together instead of as unrelated events. Second, every output is explainable, which means that the user can see 

which readings led to the result. Third, the engine is modular, with a defined interface between the processing layer and the interface, so that threshold-

based rules can later be complemented or replaced by a trained machine-learning model without changing the rest of the application. 

If the demonstration produces its result from fixed demonstration values or rules, this is stated explicitly and the result is not presented as a clinically 

validated prediction. Evaluation of a future trained model would follow the metrics discussed in Section 5.2, namely sensitivity, specificity, precision, 

F1-score, and the confusion matrix, computed on a suitable held-out dataset. Special attention would be paid to false negatives, since a missed concerning 

pattern is more serious than a false alarm in this setting, and to false positives, since excessive alerts reduce trust. 

ALERT AND GUIDANCE ENGINE 

The alert and guidance engine translates the output of the prediction engine into messages that a non-specialist can understand and act upon. When the 

analysis identifies a potentially concerning pattern, the engine presents a notification that names the readings involved, explains in plain language why 

they were highlighted, and recommends a proportionate next step. Depending on the result, this may be to re-measure after rest, to continue monitoring, 

or to consult a qualified healthcare professional. 

Guidance messages follow safety rules. They do not assert a definitive disease or suggest treatment. They state that the result is an indicator and not a 

diagnosis. They do not rely on colour alone, so that the alert level is communicated through text and icons as well, which supports accessibility. And they 

never delay

emergency advice: if readings or symptoms may indicate an emergency, the user is directed to seek immediate medical help instead of waiting for the 

application to complete an analysis. 

The demonstration complements these alerts with an AI Care Assistant. Instead of answering from general knowledge, the assistant is powered by a 

server-side Google Gemini API and is restricted to the patient's doctor-approved treatment plan and medication schedule. A patient can ask, in English 

or Tamil, about approved treatment instructions, the medication schedule, or upcoming follow-up appointments, and can request a summary of the 

approved instructions. Grounding the answers in clinician-approved content keeps a qualified professional responsible for the treatment decisions and 

reduces the risk of unsupported medical advice. Because the call to the language model is made from the server, the API credentials are never exposed 

to the user's browser. 

When no concerning pattern is found, the engine reports this plainly and avoids implying that the user is free from disease, because normal readings from 

a consumer device do not exclude a medical condition. 

DASHBOARD VISUALIZATION AND REPORTING 

The dashboard is the interface through which all outputs of the system are communicated. It is organised into four functional modules. The health 

monitoring module displays the supported parameters, each with its value, unit, timestamp, and data source where available. The predictive analysis 

module shows the result of the analysis and the readings that contributed to it. The alert and guidance module presents notifications and safe next-step 

messages. The dashboard module arranges these elements in a clear summary layout that works on common screen sizes, including mobile-sized screens. 

The summary shown on the dashboard also serves as a simple report that the user can use to prepare for a medical consultation , since it collects the 

relevant readings and highlighted changes in one place. The Health Measurements module also provides a trend chart of the stored readings for the 

selected measurement type. Screenshots of the working application are presented in Chapter 5. 

Around the monitoring modules the portal provides the workflow elements of a care relationship: the patient is connected to an assigned clinician, the 

clinician's approved treatment plan is displayed on the dashboard, appointments can be requested and follow-ups confirmed, symptoms can be reported 

together with an associated measurement, and notifications and account settings are available from the same menu. A language switch allows the whole 

interface to be used in English

or Tamil, which widens access for patients who are more comfortable in their regional language. Every screen that deals with symptoms displays an 

emergency notice directing the user to call emergency services (108 / 911) in a medical emergency. 

ETHICAL, SAFETY AND PRIVACY CONSIDERATIONS 

Because health data is sensitive, ethical and safety considerations are part of the methodology and not an afterthought. A deployed version of Care 

Companion should apply the following measures, consistent with international guidance on AI for health [12] and with risk-management practice [15]. 

● Data minimisation and consent: only the data needed for the stated purpose is collected, and only with the clear consent of the user 

[16]. 

● Access control and secure communication: authentication, authorisation, and encrypted transport (HTTPS) protect personal health 
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information; secrets and tokens are never stored in front-end code. 

● Retention: stored health data is kept only as long as necessary, and the user can request its removal. 

● Transparency and honest labelling: the interface distinguishes live, manually entered, and simulated data and states the limits of 

the analysis. 

● Safety testing: the prediction logic is tested for false positives and false negatives before any real-world use, with qualified clinical 

review where appropriate [14]. 

● Fairness: training data and thresholds are examined for bias across age groups, sexes, and populations [13]. 

● Scope of claims: Care Companion is a decision-support and awareness tool. It does not cure or treat any condition, and treatment 

decisions remain with qualified healthcare professionals.

5 RESULT ANALYSIS 

 

The Care Companion project has reached working-demonstration status. A functioning web application was developed with the assistance of Vercel v0. 

It allows a patient to record health measurements, submit symptom reports, request appointments, view a doctor-approved treatment plan, and consult an 

AI Care Assistant, and it presents the results with cautionary guidance. This chapter describes the output of the system and the approach used to evaluate 

it. A working demonstration confirms that the concept is realisable at prototype level; it does not by itself establish clinical accuracy, continuous sensor 

connectivity, or validated disease prediction, and the chapter does not claim these. 

SAMPLE SYSTEM OUTPUT 

The working demonstration is a patient-facing web portal titled AI Care Companion. After sign-in, the patient sees a top navigation bar and a side menu 

with the entries Dashboard, Treatment Plans, Appointments, Symptom Reports, Health Measurements, Notifications, AI Care Assistant, and Account 

Settings. The interface language can be switched between English and Tamil (தம1ழ்), and the user can sign out at any time. Table 5.1 summarises the 

main modules, and Figures 5.1 to 5.4 show the screens that are most relevant to health monitoring and risk awareness.

Table 5.1 Main modules of the working demonstration 

 

Module Function observed in the application 

Dashboard Welcome panel with quick actions (Report Symptoms, Request Appointment, Ask AI Assistant), 

emergency notice, assigned-clinician panel, and active treatment plan panel 

Treatment Plans Shows the treatment plan created and approved by the assigned doctor, including approved instructions, 

required laboratory tests, and medication schedules 

Appointments Request an appointment with the assigned clinician by giving a preferred date and time, a reason for 

consultation, and optional notes; confirm offered slots; view appointment history and scheduled follow-

ups 

Symptom Reports Submit a symptom description with severity, duration, and an optional associated measurement reading; 

view the history of submitted reports 

Health Measurements Record a measurement type, reading value, and context notes; view a trend chart and the list of all 

recorded readings 

AI Care Assistant Question-and-answer assistant in English or Tamil, grounded in the doctor-approved treatment 

plan and medication schedule 

The screenshots below were captured from a newly created patient account that had no stored data yet. The lists and charts therefore show empty-state 

messages; the screens nevertheless document the structure, labels, and safety messages of the application. 

 

Dashboard 

Figure 5.1 shows the dashboard, the first screen after sign-in. The welcome panel greets the patient by name, displays the time zone, and immediately 

shows an emergency notice: if the user experiences severe chest pain, difficulty breathing, or a medical emergency, they must call emergency services 

(108 / 911) without delay. This placement follows the safety principle that emergency advice must never wait for an application result. Three quick 

actions, Report Symptoms, Request Appointment, and Ask AI Assistant, give one-click access to the most common tasks. 

Below the welcome panel, the Assigned Clinician panel shows that no doctor has been assigned yet and lets the patient select a registered doctor and 

connect. The Active Treatment Plan panel states that no approved plan exists yet and explains that approved instructions, required laboratory tests, and 

medication schedules appear only after the assigned doctor creates and approves the plan. This behaviour demonstrates the clinician-in-the-loop design: 

the application organises and communicates a plan, but the treatment decision itself remains with a qualified doctor.
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Figure 5.1 Care Companion patient dashboard 

Health Measurements 

Figure 5.2 shows the Health Measurements module, which is the core of the monitoring function. In the Record Measurement panel the patient chooses 

a measurement type from a drop-down list (shown with Blood Pressure in mmHg), enters the reading value in the displayed format (for example 124/80), 

optionally adds context notes such as "fasting morning reading", and saves the entry with the Save Measurement button. Context notes matter because 

the meaning of a reading depends on the circumstances in which it was taken. 

The Recorded Measurement Trend Chart panel plots the stored readings for the selected measurement type and lists all recorded readings beneath the 

chart. When no data exists, the chart says that no measurements have been recorded and invites the user to log a reading to populate the chart with real 

database values. The application therefore plots only stored data and does not display fabricated values, which is consistent with the requirement that 

missing data must be identified as missing. A Clinical Decision Support Notice is displayed at the foot of the side menu to remind users that the application 

supports, and does not replace, clinical judgement. 

 

Figure 5.2 Health Measurements: recording a reading and viewing the trend chart

Symptom Reports 

Figure 5.3 shows the Symptom Reports module. The patient describes what they are experiencing in free text (the placeholder gives the example of 

morning dizziness after standing up), selects the severity as experienced (Moderate is shown), states the duration (for example two days or since a 

particular time), and may attach an associated measurement reading. Linking a subjective symptom to an objective reading gives the clinician a more 

complete picture than either would provide alone. 

Submitted reports are listed in the Submitted Symptom Report History panel, which currently reports that no records have been stored in the database. 

The emergency notice is repeated at the top of the page, so that a patient who is describing severe symptoms is reminded to seek immediate help instead 

of waiting for a response from the application. 
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Figure 5.3 Symptom Reports: reporting a symptom with severity and duration 

AI Care Assistant 

Figure 5.4 shows the AI Care Assistant. The page states that the assistant is powered by a server-side Google Gemini API and that its answers are strictly 

grounded in the patient's doctor-approved treatment plan and medication schedule. The patient can ask a question about approved treatment instructions, 

the medication schedule, or upcoming follow-up appointments, in English or Tamil, or use the suggested prompt Summarize my approved treatment 

instructions. 

The design restricts the assistant to clinician-approved content instead of letting it answer open-ended medical questions. This reduces the risk of 

unsupported or unsafe advice, keeps the doctor responsible for the plan, and makes the assistant's output explainable, because every answer can be traced 

back to an approved instruction.

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.4 AI Care Assistant grounded in the approved treatment plan 

 

To explain how health readings are interpreted, Table 5.2 presents an illustrative scenario. The values in the table are invented for explanation only: they 

are not patient data and are not measurements obtained from the demonstration. The interpretation column shows how each value would be read against 

the reference values in Table 4.2. 

Table 5.2 Illustrative scenario showing how readings are interpreted (sample values, not measured data) 

Parameter Sample 

value 
Interpretation Resulting message (summary) 

Heart rate 76 beats/min Within resting range No alert 

SpO₂ 93 % Below the typical range Potential risk indicator: re-measure after rest; 

consult a professional if it persists 

Body temperature 37.9 °C Above the usual range Potential risk indicator: monitor and seek advice if 

it continues or symptoms develop 

Blood pressure 148/94 

mmHg 

Elevated Potential risk indicator: repeat the measurement 

and discuss with a professional 

Sleep 4.5 hours Shorter than recommended Awareness message about sleep 

Physical activity Low for the day Below the guideline level Awareness message about activity 



International Journal of Research Publication and Reviews, Vol (7), Issue (11), November (2026), Page – 394-407                        405 

 

 

  

The scenario shows the intended behaviour: parameters within the expected range generate no alert, while parameters outside it generate an indicator that 

names the reading, explains the reason, and recommends a proportionate next step. In

every case the message states that it is not a medical diagnosis. When a parameter has not been recorded, the interface identifies it as unavailable and the 

corresponding reading is excluded from the analysis. 

PERFORMANCE EVALUATION 

The evaluation of the working demonstration is organised around four aspects: functional correctness, handling of missing or invalid data, clarity and 

safety of the messages, and usability on different screen sizes. Table 5.3 lists the test cases used to verify the behaviour of the demonstration. The 

"Observed result" column is completed from the test run of the final build. 

Table 5.3 Functional test cases 

 

Test ID Test case Expected result Observed result 

TC-01 Open the application dashboard Dashboard loads without a blocking error [Record] 

TC-02 Display a valid health reading Value and unit are shown correctly [Record] 

TC-03 Provide missing or invalid data System identifies or safely handles the missing 

value 
[Record] 

TC-04 Run the implemented prediction 

flow 

A result consistent with the implemented logic is 

displayed 
[Record] 

TC-05 Display a potential risk alert Message is understandable and does not claim a 

diagnosis 
[Record] 

TC-06 Open the application on a 

mobile-sized screen 
Main content remains usable [Record] 

TC-07 Save a blood pressure reading in 

Health Measurements 

Reading is stored and appears in the trend chart 

and the list of recorded readings 
[Record] 

TC-08 Submit a symptom report 

with severity and duration 

Report is stored and listed in the symptom report 

history 
[Record] 

TC-09 Ask the AI Care Assistant about 

the approved plan 

Answer is based only on the approved 

treatment plan and medication schedule 
[Record] 

TC-10 Switch the interface between 

English and Tamil 

Labels and messages change language without loss 

of function 
[Record] 

The evaluation of the prediction component requires a different approach from functional testing. If a trained model is used, its performance must be 

reported on an appropriate held-out dataset using sensitivity (recall), specificity, precision, F1-score, and a confusion matrix. Accuracy alone can hide 

important errors,

especially when risk events are uncommon, because a model that never raises an alert can still appear highly accurate. For this reason no clinical 

performance figures are quoted in this report: the demonstration has not been evaluated against a validated clinical dataset, and invented performance 

numbers would be misleading. Clinical-grade evaluation is identified as future work. 

Table 5.4 compares the conventional approach to health-reading review with the approach of Care Companion on qualitative criteria. 

Table 5.4 Qualitative comparison with conventional monitoring 

 

Criterion Conventional approach Care Companion 

Presentation of data Separate device applications or manual records Unified portal for measurements, symptoms, 

appointments, and treatment plan 

Interpretation Left to the user Plain-language explanation of each result 

Detection of unusual 

patterns 

Manual observation; trends hard to review Automated analysis that flags potential risk indicators 

Invalid or missing data May be recorded or interpreted incorrectly Identified and excluded from analysis 

Guidance Only at a medical appointment Safe next-step message with each alert 

Clinical validation Established practice Not yet established; prototype stage 

Observations from the demonstration 

The screens documented in Section 5.1 allow several observations about the behaviour of the application, even though a formal clinical study has not 

been carried out. First, the application keeps a clear separation between information supplied by the patient and decisions made by a clinician. Readings, 

symptoms, and appointment requests originate from the patient, whereas the treatment plan that appears on the dashboard and that the AI Care Assistant 



International Journal of Research Publication and Reviews, Vol (7), Issue (11), November (2026), Page – 394-407                        406 

 

 

  

draws on is created and approved by the assigned doctor. This arrangement keeps responsibility for treatment where it belongs and prevents the application 

from presenting its own output as medical advice. 

Second, the application handles empty and missing data honestly. Where no measurement, symptom report, appointment, or treatment plan has been 

stored, each panel says so in plain language and explains what the user must do next, for example by logging a reading to populate the chart. No placeholder 

values are shown as if they were real measurements. This behaviour supports the requirement that unavailable data must never be presented as valid data.

Third, safety messaging is built into the interface and not left to the user to find. The emergency notice with the numbers 108 and 911 appears on the 

dashboard and on the symptom reporting page, and a clinical decision support notice is permanently available in the side menu. Fourth, the bilingual 

interface and the assistant's ability to answer in Tamil as well as English improve accessibility for patients who are more comfortable in their regional 

language. Table 5.5 relates the safety and design principles stated in Chapter 4 to the features that were observed in the application. 

Table 5.5 Design principles and the application features that support them 

 

Design principle Observed feature in the demonstration 

Outputs are not a diagnosis Clinical Decision Support Notice in the menu; wording of the assistant and notices defers to 

the clinician 

Emergency advice is never delayed Emergency notice (108 / 911) on the dashboard and the Symptom Reports page 

Clinician remains responsible for 

treatment 

Treatment plan appears only after the assigned doctor creates and approves it 

Answers are grounded and explainable AI Care Assistant limited to the approved plan and medication schedule 

Missing data is identified, not invented Empty-state messages in charts and history lists; chart uses stored database values only 

Context accompanies readings Context notes on measurements; optional associated reading on symptom reports 

Accessibility English and Tamil language switch; labelled forms and text-based messages 

Credentials are protected Gemini API is called from the server side, not from the browser 

The principal limitations of the current demonstration are summarised below. 

• Health readings depend on the capabilities and quality of the data source, and not every wearable measures all six parameters. 

• The reliability of the prediction cannot be established without documented testing on suitable data. 

• A working demonstration does not establish clinical safety or effectiveness. 

• Readings are currently entered manually by the patient; live wearable integration must be implemented and verified separately. 

• The AI Care Assistant depends on an external language-model service and on the availability of a doctor-approved plan; its answers must be 

reviewed for correctness and safety before real-world use. 

• Security of the stored health data, including access control and audit logging, must be verified before any deployment with real patients.

CONCLUSION 

 

Care Companion – AI-Powered Smart Health Monitoring and Predictive Healthcare System has been presented as a working-demonstration project for 

AI-powered health monitoring and predictive healthcare support. It brings selected health measurements, namely heart rate, SpO₂, body temperature, 

blood pressure, sleep patterns, and physical activity, into a user-friendly web interface and uses the implemented analysis to identify patterns that may 

require attention. The system addresses the fragmentation of health data, the difficulty of interpreting readings without context, and the limited visibility 

of change between medical appointments. 

The working demonstration was developed with Vercel v0. Its main contributions are a unified presentation of the monitored parameters, a data-handling 

approach in which unavailable or invalid readings are identified and excluded, a modular prediction component that separates analysis from presentation, 

and alert messages that are written to encourage professional consultation without claiming a diagnosis. The report has also documented the architecture, 

the requirements, the methodology, and the evaluation approach, and it has stated clearly which elements are implemented in the demonstration and 

which are proposed. 

The work also has limits that must be stated plainly. Readings are currently entered manually rather than collected from wearables, the assistant relies on 

an external language-model service, and the predictive method has not been validated on clinical data. These facts determine what can be claimed about 

the system, and a working demonstration alone does not establish clinical accuracy or safety. Care Companion should therefore be regarded as a supportive 

awareness tool and not as a substitute for diagnosis, treatment, or emergency care. Within that scope it demonstrates that a single, understandable interface 

for personal health monitoring and early risk awareness is technically feasible and provides a sound foundation for further development. 

The main outcomes of the project can be summarised as follows: 

• a working, bilingual patient portal that brings measurements, symptom reports, appointments, treatment plans, and an AI assistant into one 

interface;

• a clinician-in-the-loop design in which treatment plans are created and approved by the assigned doctor and the AI Care Assistant is restricted 

to that approved content; 

• honest handling of missing data, with empty states shown instead of invented values; 

• safety messaging, including an emergency notice and a clinical decision support notice, built into the screens that matter most; and 

• a documented architecture that separates data acquisition, processing, prediction, and presentation, so that wearable integration and validated 

models can be added without redesigning the application. 
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The project also showed that AI-assisted development tools such as Vercel v0 can shorten the path from an idea to a working prototype, while making 

clear that generated code still needs review for correctness, security, and suitability for a health setting. Each feature should be classified as implemented, 

partially implemented, or planned, and the claims made about it should match that classification. 

FUTURE WORK 

Several enhancements would move Care Companion from a demonstration toward a deployable system: 

1. Wearable integration: replace manual entry with automatic collection by integrating and validating selected wearable devices and healthcare 

hardware through their supported APIs, and record device names and integration methods only after they have been connected and tested. 

2. Security hardening: strengthen the existing backend and database with audit logging, role-based access review, encryption, and consent 

management, so that stored health history can be protected and reviewed over time. 

3. Validated prediction model: develop and evaluate a prediction model using appropriate, ethically sourced datasets, and report sensitivity, 

specificity, precision, F1-score, and confusion matrices on held-out data. 

4. Trends and notifications: extend the trend charts and the notification module with configurable alerts and personal baselines for each user. 

5. Accessibility and localisation: improve accessibility, language localisation, and responsive design so that the system can serve a wider range 

of users.

6. Usability and clinical review: conduct usability testing with representative users and, where appropriate, obtain qualified clinical review 

before any real-world deployment.
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