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ABSTRACT 

Chronic non-communicable diseases account for a substantial portion of global morbidity, yet structured, privacy-

preserving pre-screening tools remain inaccessible to many individuals in low-connectivity or resource-

constrained environments. This paper presents the Offline Multi-Disease Health Assistant—a Flask-based, 

browser-deployed screening system covering five health domains: diabetes, heart disease, chronic kidney disease, 

liver disease, and breast cancer risk. The system integrates adaptive question prioritization, synthetic categorical 

Naive Bayes risk evaluation, local large language model (LLM) support via GPT4All, browser-local session 

persistence, Web Speech API interaction, and a custom PDF report builder. All inference and conversational 

generation execute on-device without cloud API dependencies, ensuring data locality and user privacy. 

Lightweight disease engines, built from Cartesian-product synthetic training sets labeled by domain-specific 

scoring rules, provide interpretable risk labels alongside confidence bands, explanations, and actionable next 

steps. Smoke testing confirmed correct behavior across bootstrap loading, disease prediction, conversation 

progression, and PDF generation. User acceptance evaluation returned average ratings above 4.3 out of 5 across 

ease of use, result clarity, and offline experience. The system demonstrates that a unified, explainable, privacy-

first health screening prototype can be implemented with open-source tools and standard consumer hardware, 

providing an educational and practically deployable baseline for future community health applications. 
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B. INTRODUCTION 

Chronic non-communicable diseases—including diabetes, cardiovascular disease, chronic kidney disease 

(CKD), hepatic disorders, and breast cancer—collectively contribute to 74% of all global deaths annually [1]. 

Early identification of risk significantly improves clinical outcomes, yet widespread pre-screening remains 

constrained by geographic inequality, economic barriers, and inadequate digital health infrastructure [2]. While 

digital symptom checkers and online risk calculators have proliferated, they predominantly require persistent 

internet connectivity, offer single-condition focus, and depend on proprietary cloud inference pipelines that raise 

legitimate privacy concerns [3]. 

Concurrent advances in local AI execution, browser-native storage APIs, and edge-deployable machine 

learning models have created new opportunities for privacy-first health tooling. Systems such as GPT4All 

demonstrate that natural language generation is achievable on consumer hardware without cloud API calls [4]. 

Browser Web Storage and Service Worker standards enable persistent, offline-capable web applications without 

backend database infrastructure [5]. Lightweight probabilistic classifiers—particularly Naïve Bayes—remain 

effective for structured categorical health screening, offering computational simplicity, interpretability, and fast 

inference even on low-specification devices [6]. 

Despite these advances, a clear gap persists: no openly deployable, multi-disease, offline-first conversational 

health 

assistant combines adaptive question guidance, local LLM conversational phrasing, explainable risk outputs, and 

downloadable session reports in a single unified system. This paper addresses that gap. We present the Offline 
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Multi-Disease Health Assistant, a Flask-based web application that delivers structured screening for five 

conditions through an adaptive conversational interface operating entirely on the local machine. 

The principal contributions of this work are: (1) a unified multi-disease screening architecture spanning five 

health domains in one conversational workflow; (2) a synthetic categorical Naïve Bayes engine derived from 

domain-specific legacy scoring rules, enabling interpretable risk estimation without real patient training data; (3) 

integration of local LLM support via GPT4All with deterministic graceful fallback; (4) a custom browser-

persistent session system and PDF report builder requiring no external libraries; and (5) empirical evaluation 

confirming functional correctness, sub-second prediction latency, and favorable user acceptance. 

 

II. RELATED WORK 

B. Conversational Symptom Assessment Platforms 

Ada Health and similar platforms demonstrate the clinical utility of guided conversational question flows for 

preliminary health triage [7]. These systems employ dynamic question selection and condition suggestion, 

achieving broad symptom coverage and polished user experience. However, they operate exclusively through 

cloud-hosted inference, proprietary medical ontologies, and commercial APIs that preclude offline reproduction, 

academic inspection, or privacy-sensitive deployment. Babylon Health similarly illustrated the scalability of AI-

augmented triage at population scale, but the operational architecture remains opaque and cloud-dependent, 

limiting adaptability for low-connectivity contexts [8]. 

B. Breast Cancer Risk Estimation 

The Gail Model, developed at the National Cancer Institute, established the paradigm of structured 

questionnaire-based breast cancer risk estimation using statistically derived factors including age at menarche, 

reproductive history, first-degree family history, and prior biopsy findings [9]. Its influence on subsequent risk 

calculator design is profound: structured categorical inputs, without imaging or laboratory requirements, can 

meaningfully stratify five-year and lifetime risk. The model’s interpretability and clinical familiarity make it a 

foundational reference for the breast cancer screening module in the proposed system, although updated models 

such as BCRAT and Tyrer-Cuzick extend its predictive scope [10]. 

C. Heart Disease Prediction 

Machine learning applied to cardiovascular risk prediction has been extensively studied using the Cleveland 

Heart Disease dataset and its derivatives. Supervised models including Naïve Bayes, logistic regression, random 

forests, and support vector machines achieve accuracy in the 80–88% range on standard tabular features: age, sex, 

resting blood pressure, serum cholesterol, fasting blood glucose, exercise-induced angina, and ST segment 

characteristics [11]. These studies confirm that structured feature sets of moderate dimensionality suffice for 

meaningful risk stratification, validating the feature design of the cardiac screening module. However, most 

published implementations remain as standalone research notebooks without user-facing interfaces, session 

continuity, or report generation. 

D. Diabetes Screening and Classification 

Diabetes prediction literature commonly employs the PIMA Indian Diabetes Dataset, using fasting glucose, 

BMI, insulin levels, age, blood pressure, skin thickness, and family history as predictors. Classification 

benchmarks for Naïve Bayes on this dataset range from 72–76% accuracy, while ensemble methods reach 77–

82% [12]. Shukla and Tripathi (2024) proposed an ensemble machine learning technique for diabetes prognosis 

combining random forests and K-nearest neighbors, reporting improved sensitivity over single-classifier baselines 

[6]. The consensus finding is that simple categorical encodings of these features support adequate screening-level 

risk discrimination, motivating the glucose-band and BMI-band feature encoding used in the present system. 

E. Chronic Kidney Disease Detection 

CKD prediction studies leverage clinical laboratory markers including serum creatinine, blood urea, specific 

gravity, albumin in urine, hemoglobin, and hypertension status. Salama et al. (2022) surveyed machine learning 

techniques applied to kidney disease diagnosis, finding that random forests and neural networks consistently 

achieve area under the curve values above 0.94 on the UCI CKD dataset [13]. Naïve Bayes achieves competitive 

sensitivity with dramatically lower computational cost, an important consideration for offline deployment on 

consumer hardware. The proposed system encodes creatinine bands, urine protein presence, and blood pressure 

into categorical features that align with standard CKD staging indicators. 

F. Liver Disease Prediction 

Liver function test-based prediction systems use biochemical markers including total bilirubin, direct 

bilirubin, alkaline phosphatase, alanine aminotransferase, aspartate aminotransferase, total proteins, and albumin-

globulin ratio. Studies on the Indian Liver Patient Dataset (ILPD) report Naïve Bayes classification accuracy of 

https://ijetrm.com/issue/
http://ijetrm.com/


Volume-10 Issue 04, April -2026                                                                                          ISSN: 2456-9348 

                                                                                                                                           Impact Factor: 8.232 

  

 
International Journal of Engineering Technology Research & Management (IJETRM) 

Journal Article 

https://ijetrm.com/issue/  

 

IJETRM (http://ijetrm.com/)   [236]   

 

 

approximately 70–74%, with gradient boosting methods reaching 77–80% [11]. The relatively lower accuracy 

compared to other disease domains reflects the heterogeneity of liver pathologies and the overlap in laboratory 

values between disease and non-disease groups. The present system uses categorical bands for key liver markers 

to provide screening-level guidance while explicitly disclaiming clinical diagnostic capability. 

G. Local Large Language Models for Health Applications 

The emergence of locally executable language models—including LlaMA-based variants distributed through 

GPT4All—has enabled natural language interaction without cloud dependencies [4]. Research by Rao et al. 

explored clinical chatbot applications of open-source LLMs, noting that smaller models (3–7 billion parameters) 

can provide contextually appropriate conversational responses for structured health Q&A when given well-formed 

prompts, though factual reliability requires careful system prompt design and scope limitation [14]. The proposed 

system uses GPT4All exclusively for conversational rephrasing of deterministically generated content, not for 

medical reasoning, mitigating hallucination risk while preserving interaction fluency. 

H. Clinical Decision Support and Explainability 

Clinical decision support systems (CDSS) have evolved from early rule-based expert systems toward machine 

learning-augmented tools that assist rather than replace clinician judgment [15]. A persistent challenge in CDSS 

design is explainability: systems must communicate not just risk labels but the factors that drive them, in language 

accessible to non-clinical users. Hanis et al. (2022) demonstrated that meta-analytic evaluation of ML diagnostic 

systems reveals significant variance in explainability practices across published models [16]. The proposed system 

addresses this through structured result objects containing risk label, confidence band, factor-level explanation, 

and next-step guidance—providing layered interpretability at each screening completion. 

 

III. SYSTEM ARCHITECTURE 

B. Overview and Design Philosophy 

The system adopts a modular, local-first architecture organized into six functional layers: (1) Presentation—

single-page chat interface with quick-reply chips, voice controls, and sidebar status; (2) Application—Flask routes 

exposing /api/bootstrap, /api/conversation/next, /api/predict, and /api/report/pdf; (3) Conversation Engine—

adaptive question ordering and state management; (4) Disease Engines—disease-specific synthetic Naïve Bayes 

predictors; (5) Local LLM Wrapper—GPT4All or local endpoint with deterministic fallback; and (6) Data 

Layer—JSON configuration files and browser local storage. 

All inference occurs server-side on the local machine; no data traverses external networks during core 

operation. The browser maintains session state through a HealthStorage utility, enabling session resumption after 

page reloads. Service worker caching accelerates repeated asset loading and enables partial offline operation even 

when the Flask server is temporarily unavailable. 

 
 

B. Disease Screening Modules 

Five disease-specific screening modules are integrated within the unified conversational workflow. Each 

module defines its feature set, categorical option bands, legacy scoring function, label thresholds, explanations, 

and next-step guidance in JSON configuration. Table I summarizes the feature domains and question counts per 

module. 

C. Adaptive Question Prioritization 
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The conversation engine implements dynamic question ordering rather than rigid sequential presentation. Let 

Q be the complete question set for a disease, A the set of already-answered questions, and P(q, A) a priority score 

for unanswered question q given current answers. The next question q* is selected as: 

q∗ = \arg\max{q ∈Q ∖A}P(q,A) 

where P(q, A) assigns higher priority to questions whose informational value increases when specific prior 

answers are observed. For example, a high glucose band answer elevates the priority of blood pressure and BMI 

questions in the diabetes module, since their combined effect refines risk stratification more efficiently than 

arbitrary ordering. This adaptive strategy reduces the average number of questions needed to reach confident risk 

evaluation. 

D. Synthetic Naïve Bayes Risk Engine 

Each disease engine generates synthetic training data by computing the Cartesian product of all categorical 

option values, applying a domain-specific legacy scoring function to each combination, and mapping scores to 

risk class labels using disease-specific thresholds. A scikit-learn CategoricalNB model is fitted on this synthetic 

labeled dataset at application startup. 

For user answers X = (x₁, x₂, …, xₙ), the posterior risk class probability is computed as: 

 

P( C ∣ X ) ∝ P(C) ∏

{i}P( xi∣∣C )

 

 

where C ∈ {Low, Medium, High}, PNAÏVE is the class prior estimated from synthetic training proportions, 

and P(xᵢ | C) is the categorical conditional probability. The predicted class is Ĉ = arg max P(C | X). A confidence 

band (Low / Moderate / High) is derived from the maximum posterior probability and the number of answered 

questions, providing an intuitive uncertainty signal alongside the risk label. 

 

IV. IMPLEMENTATION 

B. Technology Stack 

The backend is implemented in Python 3.11 with Flask 3.0+ providing RESTful local endpoints. Disease 

engines use scikit-learn 1.3+ CategoricalNB. Local LLM interaction uses GPT4All 2.8+ Python SDK. The 

frontend is implemented in vanilla JavaScript with DOM-driven state management, requiring no external 

JavaScript framework. PDF generation uses a custom layout engine built from Python’s standard library, without 

third-party PDF packages. 

B. Module Implementation 

The Flask application layer (app.py) exposes four primary endpoints. The /api/bootstrap endpoint returns 

application metadata, disease definitions, disclaimer text, and local LLM runtime status. The 

/api/conversation/next endpoint delegates turn management to ConversationEngine, returning the next question 

object with its options and a GPT4All-generated or fallback-phrased prompt string. The /api/predict endpoint 

validates the incoming disease identifier against DISEASE_ENGINES registry and returns the evaluated 

RiskResult dictionary. The /api/report/pdf endpoint accepts the complete session payload and streams a generated 

PDF with content-disposition attachment headers. 

The disease engine base class (engines/base.py) implements SyntheticModelEngine with four core methods: 

fit(rows) trains CategoricalNB on synthetic rows; predict(answers) returns the predicted class and class 

probabilities; legacy_score(answers) implements disease-specific weighted scoring; and evaluate(answers) 

produces the RiskResult with score, max_score, risk_label, confidence, explanation, and next_steps. 

The frontend (static/js/chat.js) maintains a state object containing currentDisease, answers, completed, 

history, currentQuestion, stage, and voiceMode. The persist() function serializes this state to browser local storage 

via HealthStorage after each interaction. The resolveAnswer() function maps typed numeric inputs to categorical 

option bands, enabling natural numeric entry rather than forcing option-chip selection. Voice interaction uses the 

browser Web Speech API for both SpeechRecognition (input) and SpeechSynthesis (output), with feature 

detection ensuring graceful degradation on non-supporting browsers. 

C. PDF Report Builder 

The custom PDF generator (reports/pdf_builder.py) implements a PdfLayout helper that tracks page vertical 

position and opens new pages as needed. Report sections include a header with application name and generation 

timestamp, a summary panel showing total screenings completed and risk distribution, disease-specific result 

blocks with risk label, confidence band, and next-step guidance, and a safety disclaimer paragraph. The builder 
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uses Python’s built-in io and struct modules to construct valid PDF binary structures without third-party 

dependencies, eliminating licensing concerns in academic deployment. 

 

V. EXPERIMENTAL EVALUATION 

A. Functional Testing 

A smoke test suite validated four critical backend pathways. UT01 verified that /api/bootstrap returns valid 

JSON containing application metadata and exactly five disease definitions. UT02 confirmed that submitting a 

complete diabetes answer set to /api/predict returns a structured response with risk_label, confidence, score, 

explanation, and next_steps fields. UT03 validated that /api/conversation/next returns appropriate question objects 

from the expected question pool given partial answer sets. UT04 confirmed that /api/report/pdf returns an HTTP 

200 response with Content-Type: application/pdf and a non-empty byte stream. All four unit tests passed. 

Three integration tests verified cross-module cooperation. IT01 confirmed that initiating a screening and 

requesting a first turn returns a valid question flow payload from the combined Flask + ConversationEngine 

pipeline. IT02 verified that submitting final answers for all five diseases returns structured risk responses from 

each disease engine. IT03 confirmed that completing screenings and requesting a report generates and streams a 

valid downloadable PDF. All integration tests passed. 

B. System-Level Testing 

Four system-level scenarios were executed through the browser interface. ST01 confirmed the complete new-

user workflow: application load, greeting display, disease selection, and first question presentation. ST02 verified 

free-text symptom entry causes the intake module to suggest relevant screening paths. ST03 confirmed that 

completing all questions for a disease produces a risk result with explanation and next-step guidance. ST04 

verified that the PDF download button produces a consolidated multi-disease report. All system tests passed 

without errors or blocking defects. 

C. Performance Measurements 

TABLE III. Observed System Response Times 

Operation Average Latency Status 

Bootstrap load (/api/bootstrap) < 1 second Pass 

Question turn — no LLM 

(/api/conversation/next) 

< 500 ms Pass 

Risk prediction (/api/predict) < 100 ms Pass 

PDF generation 

(/api/report/pdf) 

< 2 seconds Pass 

Page reload with session 

restore 

< 1 second Pass 

Voice synthesis (browser 

SpeechSynthesis) 

< 300 ms Pass 

TABLE III. System Response Times 

Disease prediction latency below 100ms reflects the computational simplicity of the trained CategoricalNB 

models. Once initialized at startup, each engine performs only categorical lookup and Bayesian posterior 

computation, requiring no floating-point matrix operations at inference time. The primary source of latency 

variability is optional local LLM generation, which depends on model size and CPU/GPU specification; system 

response degrades gracefully to deterministic phrasing when LLM is unavailable. 

D. User Acceptance Testing 

User acceptance evaluation was conducted with five participants: two computer science students, two non-

technical users, and one faculty member. Each participant completed a full screening session for two diseases and 

downloaded a PDF report. Post-session ratings were collected on a five-point Likert scale. 

E. Comparative Analysis 

Table V positions the proposed system against representative existing approaches across dimensions critical 

to low-resource, privacy-sensitive screening deployment. 
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TABLE V. Comparison with Related Systems 

Feature Ada Health [7] Research ML [11][12] Proposed System 

Offline operation No Partial / Varies Yes — fully local 

Multi-disease coverage Broad (cloud) Usually single 5 integrated domains 

Explainability Moderate Low — label only Label + factors + steps 

PDF report export Not available Absent Built-in custom builder 

Privacy / data locality Cloud-dependent Dataset-bound Local-first, no upload 

LLM conversational support Cloud AI None GPT4All local / fallback 

Session persistence Account-based None Browser local storage 

Deployment complexity High — proprietary Medium — notebooks Low — Flask + browser 

TABLE V. Comparative System Analysis 

 

VI. RESULT 
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VII. CONCLUSION AND FUTURE WORK 

B. Conclusion 

This paper presented the Offline Multi-Disease Health Assistant, a privacy-preserving, browser-based screening 

system covering diabetes, heart disease, chronic kidney disease, liver disease, and breast cancer risk in a unified 

conversational interface. The system achieves genuine offline operation through Flask-based local inference, 

synthetic categorical Naïve Bayes disease engines, GPT4All local LLM integration, browser session persistence, 

and a custom PDF report builder. Functional testing confirmed correct behavior across all primary pathways; 

performance measurements confirmed sub-100ms prediction latency and sub-2-second report generation; user 

acceptance evaluation returned ratings above 4.3 across all assessed criteria. The work demonstrates that a 

structured, explainable, multi-disease health screening prototype is achievable with open-source tools, standard 

consumer hardware, and no cloud dependencies—providing a practical educational baseline and extensible 

foundation for privacy-conscious community health software. 

B. Future Work 

Six directions are identified for future extension. First, integration of publicly available clinical datasets 

(PIMA, Cleveland Heart, UCI CKD, ILPD) will replace synthetic training data with evidence-calibrated models 

and enable quantitative accuracy reporting against established benchmarks. Second, Tesseract OCR integration 

will enable automated extraction of structured laboratory values from uploaded PDF or image reports, reducing 

manual data entry burden. Third, multilingual configuration expansion—targeting major Indian regional 

languages initially—will broaden accessibility for non-English-speaking users in community health contexts. 

Fourth, adaptive threshold calibration using historical session data will dynamically tune Naïve Bayes decision 

boundaries per user cohort, improving sensitivity-specificity balance over time. Fifth, a secure longitudinal profile 

module with client-side encryption will enable repeated screenings to be compared over time, supporting trend 

monitoring without server-side data storage. Sixth, formal benchmarking against validated screening instruments 

(Gail Model, Framingham Risk Score, KDIGO CKD staging) will establish the system’s sensitivity and specificity 

characteristics, providing a rigorous foundation for future clinical validation studies. 
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