Speech-Driven Web Forms: Requirements & Design Document
1. Introduction
This document describes the requirements and design for a Proof of Concept (PoC) web application that enables clinicians to input data using voice. The application will process speech input into structured clinical data using Large Language Models (LLMs).
The system has two versions:
1. Continuous Speech-to-Text Version: Accepts continuous voice input and converts it into a long descriptive text. The LLM extracts structured clinical data from this text.
2. Field-Specific Speech Input Version: Users provide voice input separately for each field. The system focuses on form fields using numerical identifiers or labels.
The application improves clinical workflows by reducing manual data entry time and improving accuracy.

2. System Components
· Frontend: A web-based UI for speech input, form display, and structured output.
· Backend: A Java Spring Boot application using Spring AI for LLM integration.
· LLM Model:
· Integration with cloud deployed third-party LLM services
· Deployed via Hugging Face, Ollama, or local servers.
· Integrated with Spring AI for inference.
· Fine-tuned using Python (Hugging Face, PyTorch, LoRA, or QLoRA).


3. Functional Requirements
3.1 Continuous Speech-to-Text Version
· Capture continuous speech and convert it into descriptive text.
· Extract structured data (e.g., symptoms, diagnoses, prescriptions) from text using an LLM.
3.2 Field-Specific Speech Input Version
· Each form field is assigned a number or label.
· Users speak the field identifier + value (1 or Patient Name→ populates Name field).
· The system fills in the respective field based on voice input.

4. Technology Stack
4.1 Frontend
· React.js (for handling speech input and UI interactions)
· Web Speech API (for speech recognition)
4.2 Backend
· Java Spring Boot
· Spring AI (for integrating Open AI's GPT-4, GPT-3.5, Whisper, etc., Hugging Face’s open-source LLMs like BERT, BioBERT, MedPaLM, GPT-J, or Ollama models for running LLMs locally (e.g., LLaMA 2, Mistral, Phi-2))
· PostgreSQL(for data storage) – Future versions
4.3 AI Model
· Fine-tuned in Python
· Deployed via Hugging Face, Ollama, or local model hosting
· Integrated into Spring AI for real-time processing

5. General-Purpose & Medical Text Processing LLMs
	Model
	Type (Medical/General)
	Medical NLP Accuracy
	Customizable (Fine-Tuning)
	Deployment (Cloud/Local)
	Best For

	Med-PaLM 2
	Medical-Specific
	⭐⭐⭐⭐⭐
	No public fine-tuning
	Cloud (Google API)
	Clinical Question Answering (validated on medical exams)

	BioGPT (Microsoft)
	Medical-Specific
	⭐⭐⭐⭐
	Fully fine-tunable
	Local (Hugging Face)
	Biomedical text processing, research papers

	ClinicalBERT
	Medical-Specific
	⭐⭐⭐⭐
	Fully fine-tunable
	Local (Hugging Face)
	EHR analysis, extracting clinical entities

	OpenAI GPT-4
	General-Purpose (with Medical APIs)
	⭐⭐⭐⭐
	API-based fine-tuning only
	Cloud (OpenAI API)
	General medical text extraction, chatbot applications

	DeepSeek LLM
	General-Purpose
	⭐⭐⭐
	Fine-tunable
	Cloud & Local
	Multilingual NLP, customizable for medical

	LLaMA 3 (Meta)
	General-Purpose
	⭐⭐⭐
	Fine-tunable
	Cloud & Local
	Open-source, can be trained for clinical NLP

	Mistral 7B
	General-Purpose
	⭐⭐⭐
	Fully fine-tunable
	Local & Cloud
	Lightweight and efficient for medical fine-tuning

	Mixtral (MoE)
	General-Purpose
	⭐⭐⭐
	Fine-tunable
	Local & Cloud
	Cost-effective for NLP tasks, needs medical tuning

	Falcon 40B
	General-Purpose
	⭐⭐⭐
	Fully fine-tunable
	Local
	Strong open-source alternative, high compute needed

	Claude 3 (Anthropic)
	General-Purpose
	⭐⭐
	API-based
	Cloud (Anthropic API)
	Reasoning, but limited medical specialization

	Gemini 1.5 (Google)
	General-Purpose
	⭐⭐
	No public fine-tuning
	Cloud (Google API)
	Google ecosystem integration

	Ollama-based Models
	Varies (Medical & General)
	⭐⭐
	Fine-tunable
	Local (Ollama runtime)
	Easy on-device execution for NLP tasks


6. Fine-Tuning & Deployment
6.1 Fine-Tuning Process (Python)
1. Use Hugging Face Transformers for dataset preparation.
2. Apply LoRA/QLoRA techniques for parameter-efficient tuning.
3. Train the model on medical datasets.
4. Deploy to Hugging Face, Ollama, or a local server.
6.2 Integration with Spring AI (Java)
· Call Hugging Face API for cloud models.
· Use Ollama API for local model execution.
· Process LLM responses in Spring Boot backend.

7. Security Considerations (Future Versions)
7.1 Data Privacy & Compliance
· HIPAA/GDPR Compliance: Ensure patient data is handled securely and not stored without consent.
· Encryption: Use TLS for data transmission and AES-256 for sensitive data storage.
· Access Control: Implement OAuth 2.0 or JWT-based authentication for secure API access.
· Audit Logging: Track speech-to-text inputs and LLM-generated outputs for compliance.
7.2 Model Security
· Prompt Injection Protection: Sanitize user input to prevent adversarial attacks on LLMs.
· Fine-Tuning Control: Restrict training data access to prevent unauthorized model manipulation.
· Secure Model Hosting: Deploy models in isolated environments (e.g., Docker containers, VMs, or on-premise).

8. Performance Optimization (Future Versions)
8.1 Backend Performance
· Spring AI Caching: Cache LLM responses to reduce redundant API calls.
· Async Processing: Use Kafka/RabbitMQ for handling heavy processing tasks asynchronously.
· Load Balancing: Deploy multiple instances of backend services with NGINX or Spring Cloud Gateway.
8.2 Speech Processing Efficiency
· Real-Time Transcription: Optimize Web Speech API settings to improve accuracy and reduce latency.
· Noise Filtering: Implement background noise suppression techniques to improve transcription quality.
· Low-Latency API Calls: Optimize API requests to the LLM using gRPC instead of REST where applicable.
8.3 Model Optimization
· Quantization: Use INT8 quantization for faster inference without significant accuracy loss.
· Batch Processing: Process multiple text inputs in a single LLM request to improve efficiency.
· Edge Deployment: Deploy LLMs on local servers or edge devices to reduce latency and cloud dependency.



