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Abstract. Efficiently gathering relevant patient information before a
medical visit can enhance diagnosis, streamline consultations, and im-
prove patient care. Traditional methods rely on in-person questioning,
which can be time-consuming, inconsistent, and prone to biases. This
study explores an AI-powered pre-visit system designed to collect the
information doctors typically ask for during consultations,enabling a
more structured and efficient diagnostic process. The system features an
AI-driven questionnaire that dynamically adapts to patient responses
using Natural Language Models and Retrieval-Augmented Generation
(RAG). Additionally, an interactive 3D body representation tool allows
patients to visually indicate symptoms, improving communication and
anatomical precision. By generating structured pre-visit reports, the
system provides physicians with key insights before consultations, allow-
ing them to focus on diagnosis and treatment rather than information
gathering. This AI-driven approach aims to reduce consultation time,
enhance diagnostic accuracy, and improve doctor-patient communication,
ultimately improving patient outcomes.
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1 Introduction

Accurate medical history-taking is widely recognized as one of the most powerful
and versatile tools in a physician’s diagnostic process. [1] Studies estimate that
nearly 70 percent of diagnoses for certain diseases are based solely on information
gathered during the patient interview. [2] Given this critical role, enhancing how
patient histories are collected has the potential to significantly improve both
clinical efficiency and diagnostic accuracy. Research shows that implementing
structured pre-visit questionnaires can support more thorough history-taking
and reduce the time physicians spend on data collection during appointments.
[3] These tools have also been associated with improved communication; patients
who believed their clinicians reviewed their responses reported higher levels

33



A. Gholami et al.

of shared decision-making and overall satisfaction with care. [4] Additionally,
automated history-taking tools can help alleviate the documentation burden on
healthcare professionals, allowing them to focus more on clinical reasoning and
patient interaction. [5, 6]

Building on this, the principles of patient-centered care (PCC) emphasize
active patient involvement, shared decision-making, and effective communica-
tion—all of which are enhanced when patients are engaged prior to their con-
sultation. [7, 8] PCC encourages a shift from physician-led decision-making to a
more collaborative approach, where patients contribute essential context about
their symptoms, medical history, and lifestyle. Pre-visit tools support this model
by enabling patients to reflect on and communicate their concerns in a structured
manner ahead of time. [9] This preparatory step helps create more focused and
efficient consultations, empowering clinicians to interpret data more effectively
and respond to individual patient needs. [9]

Recent advances in artificial intelligence, particularly the development of Large
Language Models (LLMs), have opened new possibilities for enhancing the way
pre-visit data is collected and interpreted. These models are capable of processing
vast amounts of complex medical information, including symptoms, diseases,
and treatment options, allowing them to understand and generate context-aware
medical content. [10] One such application is the use of AI-powered systems for
pre-visit assessments, where LLMs dynamically adapt to patient responses and
generate clinically relevant questions in real time. [11] Chatbots based on this
technology can assist from the earliest stages of consultation by engaging patients
in preliminary assessments and delivering structured, relevant data to clinicians
to support diagnosis and treatment planning. [11]

In this study, we propose a creative and engaging web-based system for col-
lecting patients’ medical histories prior to doctor visits. Our goal is to reimagine
the pre-consultation experience by developing a platform that not only gathers
essential clinical information, but also promotes patient engagement through
an intuitive and interactive interface. The system integrates adaptive AI-driven
questionnaires powered by LLMs with a 3D body model that allows patients to
visually indicate symptoms, enriching the context and clarity of the information
provided. By generating structured pre-visit reports, this solution aims to stream-
line the diagnostic process, improve communication, and ultimately contribute
to more accurate and patient-centered clinical encounters.

2 Related Works

In the evolving landscape of AI-assisted healthcare, several systems have been
developed to enhance patient-provider interactions. Here’s a comparative overview
highlighting how this project distinguishes itself from existing solutions:
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System Focus Methodology Limitations
Talk2Care [12] Facilitates asynchronous

communication between
older adults and health-
care providers.

Utilizes LLM-
powered voice
assistants for patients
and dashboards for
providers.

Primarily targets older
adults; lacks structured
clinical frameworks like
SOCRATES; limited to
asynchronous settings.

Dr. A.I. [13] Conducts pre-visit pa-
tient interviews and
drafts clinical notes.

Leverages generative
AI to create differ-
ential diagnoses and
clinical notes.

Focuses on note generation;
lacks interactive symptom lo-
calization tools; does not em-
phasize structured question-
ing.

Bayesian LLM Frame-
work [14]

Enhances history-taking
for recurrent medical con-
ditions.

Integrates LLMs
within a Bayesian
framework for it-
erative diagnostic
refinement.

Tailored for recurrent condi-
tions; may not address acute
or diverse medical scenarios;
lacks real-time patient inter-
action tools.

Chatbot-Based
Symptom Checker
[15]

Pre-visit symptom
screening, notably for
COVID-19.

Employs chatbot
interfaces to collect
symptom data before
consultations.

Limited to specific condi-
tions; lacks integration with
advanced AI models; does
not provide dynamic follow-
up questioning.

German Outpatient
Documentation Sys-
tem [16]

Structured medical his-
tory documentation in
outpatient settings.

Uses tablet-based
workflows to guide
patients through
history-taking.

Relies on static question-
naires; lacks AI-driven adapt-
ability; does not include vi-
sual symptom mapping.

Table 1. Comparison of various AI-driven healthcare systems

In contrast to existing projects, our proposed RAG-based system, which is
still a work in progress, combines Retrieval-Augmented Generation (RAG) with
LLMs to create a highly adaptive and personalized medical history collection
process. By leveraging past patient data from a secure database, it generates
dynamic, context-aware follow-up questions and provides real-time, interactive
symptom localization through a 3D model. This system addresses the limitations
of existing approaches by integrating structured frameworks like SOCRATES
and offering real-time, personalized engagement, making it more comprehensive
and interactive than the alternatives outlined in the table.

3 Methodology

This section outlines the technical and design methods used in developing an AI-
powered medical history collection system. The goal is to create an adaptive, user-
friendly platform that collects comprehensive patient information before a clinical
consultation. The methodology is divided into five key components: questionnaire
development and AI integration, 3D body representation, user interface design,
Retrieval-Augmented Generation (RAG) and Database Integration, and data
collection and reporting. Each component contributes to improving the accuracy,
clarity, and completeness of the medical history while reducing the time and
cognitive load on both patients and healthcare providers.
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Fig. 1. System architecture showing the interaction between components.
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3.1 Questionnaire Development and AI Integration

The system’s questionnaire is developed based on clinically validated resources and
established medical literature that guide history-taking in professional practice.
[17] These questions are aligned with the formats typically used by healthcare
providers during consultations and adhere to widely recognized protocols for
comprehensive medical interviews. The content covers essential areas such as the
patient’s current complaints, past medical history, ongoing treatments, general
health, lifestyle factors, and family medical background.

To operationalize this within the system, the questionnaire is deployed through
an AI-driven interface that leverages a Large Language Model (LLM) to en-
hance adaptability and relevance. Patient responses dynamically influence the
progression of questions, enabling real-time generation of personalized follow-ups.
Furthermore, the SOCRATES framework is integrated into the symptom analysis
process to ensure a structured, clinically grounded evaluation of patient-reported
complaints.

3.2 3D Body Representation

To facilitate more accurate symptom description, the system includes an interac-
tive 3D model of the human body. Patients can use this model to visually indicate
the exact location of pain or discomfort. This spatial input enhances the clarity
of patient-reported symptoms and minimizes potential miscommunication. The
3D model is built using open-source libraries such as Three.js or Babylon.js, and
it integrates directly into the web application interface. The system encodes and
stores the spatial information as part of the structured health data for physician
review.

3.3 Retrieval-Augmented Generation (RAG) and Database
Integration

To further enhance the accuracy and personalization of the medical history
collection system, Retrieval-Augmented Generation (RAG) is integrated with
a database of patient medical records. This methodology allows the system to
both retrieve relevant past data and generate contextually aware responses or
follow-up questions, resulting in a more tailored and efficient user experience.

3.3.1 Patient Data Storage and Retrieval The system stores patient
medical data securely in a relational or NoSQL database. This data includes:

– Personal details (age, gender, etc.)
– Medical history (previous conditions, treatments, surgeries)
– Symptoms and diagnoses
– Medications and prescriptions
– Responses to previous questionnaire entries
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By using a retrieval system the AI model can quickly access and retrieve
relevant data based on patient inputs. For example, if a patient mentions ex-
periencing symptoms similar to a past condition, the system can automatically
retrieve and reference previous relevant data from the database.

3.3.2 Contextual Question Generation Once relevant data is retrieved,
the Large Language Model (LLM) is used to generate follow-up questions. This
ensures that the system remains contextually aware of the patient’s history,
allowing for more precise symptom analysis. For example, if a patient previously
had a heart condition, the system may ask targeted follow-up questions such as,
“Given your history of hypertension, have you noticed any changes in your blood
pressure?”

This process of combining information retrieval with generative AI ensures
that the system’s questions are relevant, timely, and specific to the patient’s
unique medical background.

3.3.3 Continuous Memory and Update As patients complete their ques-
tionnaires and update their medical history, the system automatically updates
the database with new responses, treatment changes, or any additional relevant
information. This allows the AI model to “remember” and reference the patient’s
evolving medical profile, ensuring that future interactions build upon the most
up-to-date information.

The memory system allows the AI to adapt to changes in a patient’s con-
dition, reducing repetitive questioning and enhancing the overall consultation
efficiency. This also helps streamline diagnosis and treatment planning by pro-
viding healthcare providers with a comprehensive view of the patient’s ongoing
health journey.

3.4 User Interface Design

The system is delivered through a web-based interface that prioritizes accessibility,
usability, and intuitive navigation. The interface is designed following Human-
Centered Design (HCD) principles.

3.5 Data Collection and Reporting

After completing the questionnaire, the system automatically generates a struc-
tured report summarizing the patient’s medical history. This report includes both
text-based answers and annotated visual data from the 3D body representation.
The report is delivered to the physician in advance of the consultation, allowing
for informed pre-assessment and efficient diagnostic conversations. This struc-
tured and integrated approach improves data accuracy and helps streamline the
clinical workflow.
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4 Expected Outcomes

4.1 Improved Medical Histories

The AI-driven system will provide doctors with comprehensive, unbiased, and
consistent medical histories, reducing the likelihood of diagnostic errors.

4.2 Reducing Confirmation Bias

AI-driven pre-visit tools reduce confirmation bias by generating follow-up ques-
tions based on patient input rather than physician expectations. This ensures a
more objective and comprehensive data collection process, minimizing diagnostic
tunnel vision.

4.3 Patient-Signed Medical Histories

Allowing patients to self-complete and sign off on their medical history increases
accuracy and accountability. Unlike physicians, who may overlook or deprioritize
certain details, patients can ensure all relevant symptoms and concerns are
documented.

4.4 Enhanced Symptom Communication

The inclusion of the 3D body representation allows patients to visually indicate the
areas of discomfort, improving their ability to communicate symptoms accurately.

4.5 Enhanced Patient Experience

Patients will be able to provide their medical information in a less stressful
environment, improving the accuracy and completeness of their responses. The
interactive 3D tool will also make the process more engaging and easier for
patients to use.

4.6 Efficiency in Healthcare Delivery

Doctors will save time during consultations by receiving pre-compiled, detailed
medical histories, along with visual representations of the patient’s symptoms,
allowing them to focus on diagnosis and treatment.

5 Conclusion

The proposed AI-powered medical history collection system, combined with a 3D
body representation, represents a significant advancement in healthcare delivery.
By reducing biases, improving data accuracy, and streamlining the diagnostic
process, this system has the potential to enhance patient outcomes and increase
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efficiency in medical consultations. The 3D tool offers an additional layer of
precision, allowing patients to visually communicate their issues, which reduces
the chance of misinterpretation.

Moreover, the integration of Retrieval-Augmented Generation (RAG) and a
structured patient database introduces a form of contextual memory, enabling the
system to generate dynamic, personalized follow-up questions based on previously
recorded information. This memory-driven interaction supports continuity of
care, minimizes redundant questioning, and allows for more informed, efficient
consultations. Overall, this project not only addresses current limitations in
medical history collection but also lays the foundation for more intelligent,
adaptive, and patient-centered AI solutions in future healthcare environments.
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