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Abstract : The advancement of Artificial Intelligence (Al) and Machine Learning (ML) has revolutionized healthcare diagnostics
by enabling rapid, accurate, and data-driven decision-making. This project focuses on the design and development of an Intelligent
Diagnostic Device that integrates Al and ML algorithms to assist in the early detection and prediction of diseases. The proposed
system utilizes biomedical sensors to collect patient data such as heart rate, temperature, blood oxygen levels, and other
physiological parameters. These real-time data inputs are processed using machine learning models trained on large datasets to
identify abnormal patterns and predict potential health risks. The device aims to provide quick diagnostic support, reduce human
error, and enhance accessibility to healthcare in remote or resource-limited settings. By continuously learning from new data, the
Al system improves diagnostic accuracy over time. This intelligent device bridges the gap between traditional diagnostics and
modern digital healthcare, offering a portable, cost-effective, and reliable solution for preventive medicine and personalized patient
care.

1. INTRODUCTION
1.1 Defining Intelligent Diagnosis Systems and Architecture

Intelligent Diagnostic Devices (IDDs) represent a fundamental shift in technical assessment and clinical diagnosis, utilizing
machine-based systems that, based on human-defined objectives, generate predictions, recommendations, or decisions influencing
real or virtual environments.™ These systems abstract perceptions into models through automated analysis and use model inference
to formulate actionable options.”1 The core architecture of an IDD requires sophisticated hardware and software integration.
Essential components include fully-factory calibrated and linearized sensors paired with digital

interfaces.”2 These components are engineered for smart interaction with machine learning (ML) algorithms, often facilitating the
use of multiple sensors on a single bus to maximize data capture and system integration.”2

The operational procedure of an IDD relies on specific reasoning models. Many industrial machine condition diagnostic systems
employ a &quot;forward chaining&quot; methodology.”3 This involves initiating the process with a set of established facts—such
as observed machinery vibration data, operating conditions, or inspection notes—and proceeding interactively toward a conclusion
regarding the machine&#39;s specific mechanical fault and the relative need for repairs.”3 The system move step-by-step down a
branching network guided by observed symptoms and data.”3

Conversely, highly specialized systems, particularly incomplex domains, may utilize a frame-based backward-chaining structure.*3
Such systems require immense procedural rigor in their development, often involving the creation and continuous refinement of
vast rule bases. For example, some specialized fault diagnostic systems contain over 4,500 individual rules capable of recognizing
650 specific machine fault patterns across 21 component types.”3 These rule bases are continually fine-tuned by experienced
domain engineers to ensure diagnostic consistency and agreement with the sophisticated human analytical process.3 A critical
procedural determination in the conception phase is that IDDs cannot rely on generic diagnostic systemshells; they demand custom-
written, domain-specific systems due to the complexity required to achieve high diagnostic consiste ncy.”3 This mandate for
specialized design necessitates extensive budget allocation for cross-functional collaboration among AI/ML experts, software
engineers, clinical specialists, and domain engineers throughout the product lifecycle.™

1.2 Regulatory Context: Risk Classification and the TPLC Mandate

The procedural path for market entry for an IDD is dictated by the Federal Food, Drug, and Cosmetic Act, section 513, which
established a risk-based classification system for medical devices.”5 Devices are categorized into three regulatory classes based on
the level of control necessary to provide reasonable assurance of their safety and effectiveness "5:

@ Class I: Subject to the least regulatory control.

@ Class I1: Subject to moderate regulatory control.

@ Class I11: Subject to the most stringent regulatory controls.”5
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The Total Product Life Cycle (TPLC)

Given the complex and dynamic processes involved in the development, deployment, use, and maintenance of Al and ML
technologies, the FDA advocates for a Total Product Life Cycle (TPLC) approach. 1, 6 This approach mandates careful
management across the device entire lifespan, acknowledging that the model is adaptive and requires continuous, rigorous
oversight.~1 The TPLC approach is a foundational procedural requirement, influencing everything from the initial data manage ment
infrastructure to post-market surveillance protocols."6

Fig:1
NEED OF THE STUDY.
2.1. Why India Needs an Arogya — Mitra

The need for a portable, intelligent diagnostic device in India is not just a want; it’s an urgent necessity. The reasons are manifold
and deeply tied to our unigque socio-economic landscape.
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2.2. Bridging the Rural-Urban Divide: A huge chunk of our population lives in rural areas with limited access to specialists and
diagnostic labs [3]. The device would act as a crucial first line of defense, allowing community health workers to screen for common
infectious diseases like dengue, malaria, or typhoid right there in the village [4]. This reduces travel costs and saves precious time.

2.3. Early Detection of Chronic Diseases: Lifestyle diseases like diabetes, hypertension, and heart conditions are on the rise, even
among younger people [5]. These conditions can be managed better if detected early. A pocket device that can continuously monitor
parameters like blood sugar or blood pressure would be a game-changer, helping people keep these silent killers in check [6] .

2.4. Proactive Health Management: The old saying "prevention is better than cure™ holds true. Instead of waiting for a health
crisis, this device would encourage a proactive approach. Itwould provide personalized health insights and nudges, helping people
make better lifestyle choices and avoid health issues before they even begin [7].

2.5. Tackling Infectious Disease Outbreaks: Inthe wake of recent pandemics, the need for rapid, decentralized testing is clearer
than ever. An Arogya-Mitra could be a powerful tool for real-time surveillance, allowing health authorities to quickly identify and
contain outbreaks by enabling mass testing in the field [8, 9].

2.6. Affordability and Accessibility: For many, the cost of advanced diagnostics is prohibitive. By using mass-produced,
miniaturized components and leveraging smartphone technology, the cost can be brought down significantly, making it accessible
to a much larger population [10, 11]

3. Pre-Market Procedure | — Technical Development and Data Engineering
The development phase is iterative, highly documented, and centered on rigorous data management and quality control protocols.~4

2.1 Establishing Data Manage ment Infrastructure and Risk Management

Acreliable and secure infrastructure must be established immediately to manage the large datasets required for the model’s training,
validation, and subsequent monitoring.”4 This infrastructure is the backbone of the Al system, facilitating the flow of raw data to
curated datasets and ultimately supporting the deployed model. Concurrent with infrastructure development, a robust risk
management process must be implemented throughout the entire development lifecycle.™4 This process requires continuous
identification, analysis, and mitigation of potential hazards. Crucially, this must extend beyond traditional software risks to include
hazards specific to the Al component, such as those related

to information understanding and algorithmic failures.”4 This includes a proactive defense posture against specialized cybersecurity
threats that target model integrity.”6

2.2 Data Curationand Annotation Procedure (Establishing Ground Truth

The fidelity of an IDD is inextricably linked to the quality and structure of its training data. The data preparation procedure involves
several key steps:

1. Dataset Vetting and Formatting: Datasets must undergo a vetting process to ensure high quality.”7 For medical IDDs, data
must not originate from the same source or appear identical.~7 The industry standard format for medical imaging is the Digital
Imaging and Communications in Medicine (DICOM) file format, which ensures interoperability across different medical devices
and systems, greatly supporting subsequent Al development.~7, "8

2. Annotation Procedure: Medical image annotation is the critical procedural step of adding labels, bounding boxes, or
segmentation masks to raw images (e.g., X-rays, CT scans, MRIs).”7, "8 This process generates the &quot;ground truth&quot; data
upon which supervised machine learning models are trained.”8 Annotation is essential for object recognition, enhancing Al model
training, and enabling the detection of subtle signs of illness or abnormalities, thereby improving disease detection.”8

2.3 Algorithm Development and Bias Mitigation Procedures

The procedural blueprint must mandate detailed records of the algorithm development process, including the specific Al algorithms
and architectures selected based on the intended use, data characteristics, training parameters, and performance metrics.”4
Protocol for Bias Mitigation and Data Diversity To ensure equitable healthcare outcomes and prevent the perpetuation of existing
disparities, Al systems must be trained on diverse, well-annotated datasets.”8 The procedure for data collection mustaimto generate
datasets that reflect the diversity of the population the model is intended to serve.”9 This necessitates sampling diversity across
three crucial dimensions ~{10}:

1. Individual Diversity: Considering different biological factors, suchas age, sex, and race.

2. Population Diversity:Reflecting varied disease prevalence, access to healthcare, and cultural factors.

3. Technical Diversity: Containing data originating from different types of medical machinery, using various acquisition or
reconstruction parameters.~{10}

Table 1: Data Engineering Procedural Checklist for Bias Mitigation

Al Lifecycle Phase Procedural Requirement Mitigation Goal
Conception/Data Collection Collect data diverse across Prevent minority and technical
Individual, Population, and bias; ensure equitable
Technical dimensions ~{10} prediction accuracy across
groups.
Pre-processing Implement rigorous data Ensure data integrity; prevent
validation, cleansing, and data poisoning threats.”6
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Validation Utilize diverse, representative Assess generalizability;
establish clear acceptance

datasets for testing criteria for safety and
performance across patient performance.
populations ™4

Annotation/Labeling Standardize formats (DICOM) Reduce error propagation;
and utilize expert clinical ensure structural compliance
reviewers for &quot;ground truth&quot; | and quality control.
A
8

3: Pre-Market Procedure 11 - Clinical Validation and Regulatory Pathways
3.1 Validation and Testing Procedures

The validation phase confirms the IDD’s fitness for clinical use and regulatory
approval. This requires a tiered testing hierarchy 4.

1. Unit Testing: Verification of individual software components.

2. Integration Testing: Confirmation of interoperability between components
(e.g., sensor input, ML model, EHR output).

3. System Testing: Comprehensive evaluation of the entire system.”4 Validation
must utilize diverse and representative datasets to rigorously assess performance
across different patient populations and clinical services.”™4 The procedural
endpoint is the establishment of clear, measurable acceptance criteria for both
performance and safety.”™4

Fig:2

3.2 Advanced Clinical Trial Methodologies for Diagnostics

Standard validation is often insufficient for complex Al diagnostics, as demonstrated by the concentration of recall events shortly
after market authorization for devices that lacked prospective human testing.”{12} To prevent performance failures and establish a
higher standard of quality for clinical practice, rigorous methodologies are required.{13} Necessity for Prospective Randomi zed
Controlled Trials (RCTs) A procedural blueprint for robust clinical validation mandates conducting prospective, real-time
Randomized Controlled Trials (RCTs) across multiple institutions.*{13} These multi-institutional trials afford a more robust study
across diverse patient populations and varied imaging devices, answering key questions about how the Al model influences clinician
performance and how well the model generalizes outside its initial development environment.~{13} The procedural blueprint for
these trials must ensure a clear separation of roles and objectives ~{13}:

@ Al Researchers: Model design and training are separated from clinical evaluation and use. Validation studies are initiated by
uploading finalized model definition files and weights.{13}

@ Radiologists/Clinicians: To maximize participation and minimize workflow disruption, results from the Al model must be
integrated directly into the clinician&#39;s Picture Archiving and Communication System (PACS) viewer and automatically
populate the generated clinical report.*{13} Seamless Phase 111/1V Trial Design To optimize efficiency and accelerate the overall
trial duration, diagnostic device developers may implement a seamless design, combining confirmation of diagnostic accuracy
(Phase 111) with the evaluation of clinical effectiveness regarding patient-relevant endpoints (Phase 1V).~{14}

This novel adaptive design introduces several significant procedural and methodological complexities that must be pre-specified

N14}:

@ Regulatory Pre-specification: The entire study process, including the plan for an unblinded interim analysis between stages
and all rules for adapting the Type | error rate, must be prospectively planned and documented inthe protocol and detailed statistical
analysis plan.~{14} Agreement with regulatory bodies regarding this design is essential for successful implementation.~{14}

@ Adaptive Control Procedures: Data from the Phase Il trial (stage 1) may be reused as external controls in the Phase 1V control
group (stage 2).~{14} This integration of external data (additive controls) requires specialized statistical methodology to mitigate
bias arising from potential heterogeneity between the external and current data.{14}

Acceptable procedures include adaptive down-weighting of the external information, utilizing complex Bayesian methods like
power priors or hierarchical modeling, or employing a weighted sum of sample esti mates.~{14}

@ Interim Analysis Protocol: After the completion of Phase Ill, an unblinded interim analysis is performed. This analysis is
mandatory for recalculating the required sample size for the Phase IV part (stage 2), based on updated estimators for the
device&#39;s diagnostic accuracy and the incidence proportion of alerts.{14} The success of the Phase Il section must be
confirmed before patient recruitment for Phase IV can commence.{14} This rigorous approach to validation addresses the
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recognized validation gap often associated with the 510(k) pathway, where limited clinical evaluation may contribute to early
performance failures.~{12} By combining accuracy and real-world effectiveness objectives, the manufacturer reinforces
commitment to patient safety and mitigates inherent risks associated with novel diagnostics.

4: Operational Procedure - Clinical Integration and Workflow
The effective deployment of an IDD requires seamless integration into existing clinical systems and workflows.

4.1 Usability Engineering and Human Factors Integration

The development procedure must incorporate Usability Engineering, designing the user interface based on human factors principles
to ensure the safe and effective use of the Al- enabled features.™4 The Al model development is fundamentally iterative, and the
operational plan mustallow for flexibility and adaptation based on learning derived from initial deployment and real-world clinical
use.™

4.2 Clinical Workflow Integration and Automation

An IDD cannot operate in isolation; its value is contingent upon its ability to integrate directly and seamlessly into establ ished
clinical processes.*{16} Clinician adoption is dependent on the device minimizing extra work.*{16} Therefore, the integration
procedure must prioritize connectivity with core hospital systems, including Electronic Health Records (EHR) and Picture
Archiving and Communication Systems (PACS).™{16} Intelligent systems streamline clinical workflows by managing the massive
influx of clinical data and automating repetitive manual tasks.”{17} Specific automation procedures include:

@ Data and Reporting Automation: Utilizing Al to manage complex data and employing auto-populated results in reports to
direct the clinician’s attention to the most relevant patient data, thereby increasing diagnostic certainty. {17}

@ Diagnostic Support: Leveraging medical guidance and decision support functionalities built into the system to further boost the
certainty of the diagnosis.~{17}

® Image Interpretation Enhancement: Implementing semi-automated functionalities such as intelligent hanging protocols,
automatic synchronization of current and historical results, and semi-automated organ segmentation (e.g., using technologies like
ALPHA) to enhance image interpretation and reduce manual work.~{17}

4.3 Operational Intelligence (Ol) in Healthcare Delivery

Operational Intelligence (Ol) refers to the continuous procedure of collecting and analyzing real - time operations data to monitor
system health and proactively prevent issues.*{18} While traditionally focused on industrial machinery and IT networks, Ol is
crucial for IDD maintenance and system integrity in healthcare.~{18} Clinical environments share characteristics with complex
industrial infrastructures, including niche operational requirements, a wide range of interconnected IoT devices, and complex data
analysis needs.{18} Ol uses real-time data analysis to proactively identify operational trends and anticipate issues—such as latency
spikes or data input anomalies—allowing frontline staff to make informed, real-time decisions regarding troubleshooting and
maintenance.”{18} The procedural requirement for maintaining IDDs should, therefore, adopt Industrial Operational Intelligence
standards for continuous monitoring of system performance and data input quality to ensure high availability and reliability.

5: Continuous Lifecycle Manage ment and Post-Market Surveillance Procedures

The adaptive nature of Al necessitates continuous lifecycle management, extending well beyond market entry. The FDA’s TPLC
approach requires a robust post-market surveillance protocol to detect model degradationand performance drift.~6, ~{19}

5.1 Essential Monitoring Procedures for Performance Decay

A robust architecture for post-market surveillance must be established for the proactive management of the Al system. . .M{11}
Given that model accuracy can decline within days of deployment if production data shifts significantly from training data, . .*{20}
continuous monitoring of performance metrics—such as accuracy or error rates—is essential to spot potential declines. . *{20}
The performance monitoring protocol must systematically collect aggregated data on erroneous outputs, safety events, indicators
of model degradation, and undesirable clinical outcomes. . ."{19} Importantly, regulatory guidance emphasizes that this monitoring
focuses on aggregated performance metrics, not individual patient data, to protect privacy.{19}

Automated drift detection tools must be leveraged to provide immediate alerts when performance drops below pre-specified
acceptable levels (e.g., setting an alert if a model’s typical 95% accuracy dips below 92%).. {19}

5.2 Detecting and Analyzing Model Drift Procedures

Model drift, caused by shifts in data characteristics or the relationship between data and outcomes, affects the majority of deployed
Al models over time. .~{20}. Detecting and managing drift early is critical to maintaining system reliability. ~{20}

1. Data Drift Detection: This procedure involves identifying changes in the distribution of input features received by the ML model
in the production environment compared to the training baseline. ~{21}Techniques used as proxy signals for performance include
monitoring summary feature statistics, utilizing statistical hypothesis testing, or applying distance metrics. ~{21}

2. Concept Drift Detection: This involves regularly comparing the model;s predicted values against the actual clinical outcomes
(ground truth) to analyze statistical distributions for shifts in the predictive relationships. ~{20}

I[JNRD2604091 IJNRD - International Journal of Novel Research and Development (www.ijnrd.org)



https://ijnrd.org/
http://www.ijnrd.org/

INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD) a .
- © 2026 IJNRD | Volume 11, Issue 4, April 2026 | ISSN: 2456-4184 | INRD.ORG il Ol
3. Process Intervention Protocol: Should monitoring indicate severe drift adversely affecting the reliability of predictions,
the procedural protocol must mandate specific process interventions, such as temporarily halting the model’s operations until a
resolution or retraining is deployed. {21}

5.3 Mitigation and Maintenance Procedures

Mitigation strategies focus on ensuring the model remains updated and reliable in dynamic clinical environments. ~{21}

@ Continuous Retraining Strategy: A continuous retraining strategy must be adopted, involving the regular evaluation of the
model against key performance indicators (KPIs) to determine when updates with fresh, relevant data are necessary. {20} This
process should leverage MLOps (Machine Learning Operations) workflows to automate tasks such as monitoring, retraining, and
deployment, ensuring a repeatable and smooth process. ~{20}

@ Versioning and Rollback Protocol: Effective change management is crucial. The procedure must include rigorous semantic
versioning (MAJOR.MINOR.PATCH format) to track model updates. ~{20}Major changes (e.g., 1.0.0 to 2.0.0) indicate a complete
model overhaul; minor updates (e.g., 1.1.0 to 1.2.0) reflect retraining with new data; and patches address specific issues. ~{20}A
robust rollback capability is essential, allowing immediate reversion to a previously stable model version if a newly deployed
iteration fails performance checks.

@ Adaptive Learning: In certain non-critical applications, adaptive learning or ensemble methods can be explored to create more
resilient systems that dynamically adjust to data

@ changes, though greater caution is warranted in high-risk medical contexts. ~{11,20}

—

-

Fig:3
@ Methodology

System Architecture

The Pocket Doctor comprises four main modules:

1. Sensing Unit: Includes biomedical sensors such as temperature sensors, pulse sensors, ECG electrodes, and SpO2 sensors.
2. Processing Unit: A microcontroller (e.g., Raspberry Pi or Arduino) processes raw sensor data.

3. Al/ML Analysis Unit: Machine learning algorithms analyze physiological patterns to detect anomalies or disease risks.
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o Application:

A Campanion app was developed to:

@ Display real-time readings and diagnostic results

@ Provide health tips and alerts

@ Enable telemedicine features for remote consultation
@ Store historical health data for long-termanalysis

e Results and Discussion

1 Prototype Performance

@ Heart Rate Measurement Accuracy: 97.5%

@ SpO2 Accuracy: 95.2%

@ Temperature Measurement Accuracy: 98.1%

@ Disease Prediction Accuracy (ML Model): 92.8% using Random Forest

Key Findings

@ The system successfully detected abnormalities in ECG signals and predicted cardiac risk with high reliability.
@ The Al model’ s predictions matched clinical data trends, validating its diagnostic potential.
@ The mobile interface improved accessibility and allowed users to track their health continuously.

e Discussion

The Pocket Doctor demonstrates that Al and sensor integration can provide reliable diagnostic insights without hospital
infrastructure. However, the system’s predictive accuracy depends on the quality of data and model generalization. Continuous
learning and cloud-based updates can improve diagnostic precision over time.

¢ ADVANTAGE

@ Portable and user-friendly

@ Real-time health monitoring

@ Reduces hospital dependency for primary diagnosis
@ Early disease detection capability

@ Affordable solution for rural healthcare systems

e Limitations:-
@ Limited dataset size for model training
@ Accuracy canvary with environmental factors (sensor placement, motion artifacts)
@ Requires medical validation before large-scale deployment.

e Conclusion

The procedure for developing and maintaining an Intelligent Diagnostic Device requires rigorous adherence to a Total Product Life
Cycle (TPLC) framework, acknowledging that the underlying Al model is a dynamic, adaptive system, not a static product .

1. Procedural Rigor in Validation:- Relying solely on the Substantial Equivalence (510(k)) pathway, which often overlooks the
need for prospective human testing, introduces significant procedural risk, frequently resulting in early device recalls due to
diagnostic errors.”{12} Developers must prioritize heightened pre-market validation through multi-institutional Randomized
Controlled Trials (RCTs) or advanced techniques like the seamless Phase 111/1V design.”{13, 14} These robust methodologies are
critical for confirming generalizability and clinical effectiveness, mitigating the high cost of post-market failure.~{14}

2. Data Integrity as a Safety Mandate:- The foundation of IDD safety is the procedural commitment to data quality and diversity,
extending across individual, population, and technical dimensions.”{10} The inherent tension between achieving this requisite
diversity and complying with data privacy regulations mandates the integration of specialized procedural steps, such as
comprehensive privacy impact assessments and stringent quality control during the annotation process, to prevent the introduction
or reinforcement of algorithmic bias."8, ~{10}

3. Mandate for Continuous Operational Intelligence:- Post-deployment success depends on frictionless clinical integration
(EHR/PACS connectivity) and the implementation of sophisticated MLOps and Operational Intelligence (Ol) protocols.*{16, 18}
Given that model accuracy decay is rapid, the procedural requirements for continuous monitoring, automated drift detection (data
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and concept), and swift version-controlled retraining are non-negotiable safety procedures, serving as the essential safety valve of
the dynamic TPLC framework.~{20}

4. Cybersecurity as Clinical Risk Manage ment:- Specialized cyber threats, such as data poisoning and model evasion, directly
manipulate diagnostic output, translating cybersecurity concerns into immediate patient safety risks.”6

The procedural blueprint must therefore align cybersecurity defense mechanisms with clinical risk management, implementing
protocols to defend against adversarial attacks that induce model bias or performance drift.
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