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Effective communication is crucial for trust-building, accurate information gathering, and clinical decision

making in healthcare. Despite its emphasis in medical curricula, traditional training methods, such as role

playing with standardized patients, remain costly, logistically complex, and fail to replicate real-life scenarios. 
Simulation-based training enhances communication and reasoning skills, but novice learners often struggle due 
to underdeveloped reasoning processes. Furthermore, limited access to asynchronous, autonomous simulated 
patient interactions restricts personalized practice. Virtual patient models offer scalable solutions with interac

tive scenarios and tailored feedback, but high development costs and resource demands hinder their widespread 
adoption.

To address these challenges, virtual patient systems powered by Large Language Models (LLMs) have emerged as a 
promising tool. These generative agents simulate human-like behavioral responses by leveraging LLM capabilities, 
cognitive mechanisms, and contextual memory retrieval. A tool was developed allowing students to select clinical 
cases and interact with a chatbot simulating a patient role. Teachers can also create custom cases. Evaluations 
showed that the agent provided consistent, plausible responses aligned with case descriptions and achieved a 
Chatbot Usability Questionnaire (CUQ) score of 86.25/100. Our results show that this approach enables flexible, 
repetitive, and asynchronous practice while offering real-time feedback.

1. Introduction

Communication and clinical reasoning are fundamental skills for 
healthcare professionals, playing a crucial role in building trust, gath

ering accurate information, and guiding clinical decision-making. Ef

fective communication, when combined with solid clinical reasoning, 
significantly improves patient outcomes, reduces errors, and minimizes 
dissatisfaction or misunderstandings that could escalate into legal con

cerns [1,2]. Studies reveal that poor communication contributes to ap

proximately 80% of critical errors and that 71% of patients who fail to 
follow treatment plans cite miscommunication or lack of understanding 
as the root cause [3].

Despite its importance [4--7], communication and clinical reason

ing training in medical education often relies on traditional methods 
such as scripted role-play with standardized patients (SPs) [8] or peer
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to-peer practice [9--11]. While these approaches have proven valuable, 
they face challenges, including logistical complexities and significant 
costs [12]. Furthermore, novice students frequently struggle with in

tegrating communication and clinical reasoning skills, hindering their 
ability to conduct effective patient interviews or navigate clinical inter

actions confidently [13].

To address these challenges, Virtual Standardized Patients (VSPs) 
have emerged as a promising technological innovation, offering flexi

ble, asynchronous, and personalized learning opportunities [14]. These 
digital platforms allow repetitive practice, tailored feedback, and expo

sure to diverse clinical scenarios [15,16]. However, their implementa

tion at scale remains constrained by high development costs, logistical 
demands, and the need for specialized multidisciplinary teams. Addi

tionally, many VSPs rely on predefined interaction patterns, limiting the 
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Fig. 1. Architecture of Generative Agents presented in [25]. 

spontaneity and unpredictability essential for realistic doctor-patient in

teractions [17--22].

Recent advances in artificial intelligence, particularly in LLMs, have 
opened new possibilities for enhancing virtual patient systems. Early 
attempts using dialogue scripts and classification models have shown 
promise but remain limited by finite question-answer pairs and the need 
for extensive manual scripting [14]. More recent approaches leveraging 
LLMs, such as GPT-3.5, have demonstrated improved conversational ca

pabilities through advanced prompting techniques [23]. However, these 
systems still lack contextual memory, emotional nuance, and the ability 
to simulate truly dynamic and adaptive patient interactions.

The next evolution in virtual patients lies in the integration of Gen

erative Agents(GA)�-artificial entities powered by LLMs that can per

ceive, plan, and act within their environment while storing and reflect

ing on past interactions [24]. These agents can simulate human-like 
conversations with memory, personality, and adaptive responses, offer

ing a far more immersive and authentic training experience [25,26]. GA 
not only converse naturally but can also emulate non-verbal cues, ex

press emotions, and respond dynamically to unexpected inputs, making 
them ideal for clinical communication training.

The primary objective of this study is to explore the potential of LLM

based GA as Virtual Patients for clinical history-taking training in med

ical education. To achieve this, we designed a user-friendly graphical 
interface enabling interaction between students and the agent, devel

oped three predefined patient cases along with a customizable scenario 
module, and evaluated the system’s performance through expert assess

ments, focusing on conversational plausibility, consistency, and educa

tional effectiveness.

2. Chatbot development

In this section, we present the development process of the chatbot, 
including the information used to feed it, the agent-based architecture 
employed, and the technical details of its functionalities.

For the development of the chatbot, it is essential to first estab

lish the context of the medical cases to be implemented. These cases 
are adapted from the standardized patient scenarios currently used in 
the medical skills laboratory at the University of Los Andes. They fol

low a case template modified into Spanish, derived from peer-reviewed 
formats such as those from the Association of Standardized Patient Ed

ucators (ASPE), UMASS iCELS, and the CHIPS SP Case Template by the 
Center for Healthcare Improvement and Patient Simulation [27].

The selected cases have undergone extensive validation through it
erative testing and refinement, having been executed more than 300 
times in real training scenarios. This repeated use has allowed for con

tinuous modification and correction, ensuring their robustness, clarity, 
and alignment with the intended learning objectives. This study includes 
the implementation of three distinct cases: one focusing on diabetes, 
dyslipidemia, and joint pain. Each case represents a unique patient pro

file with a tailored clinical history, specifically designed to facilitate the 
development and assessment of clinical history-taking skills.

The following subsections examine the agent-based architecture 
adopted and detail its implementation.

2.1. Generative agent architecture

GA are computational entities designed to simulate believable hu

man behavior. These agents capture a comprehensive record of their 
experiences in natural language and synthesize these memories into 
high-level insights through reflection and planning mechanisms. In this 
section, the construction of the GA architecture, as presented in [25], 
will be detailed (Fig. 1). The architecture comprises several key compo

nents [25]:

1. Memory Stream: Consolidates and organizes the agent’s memory. 
In the context of our virtual patient, these memories consist of 
interactions with the user during the conversation, as well as de

scriptions of the patient extracted from the selected clinical cases.

2. Retriever: Responsible for identifying and retrieving the most rel

evant memories based on three key metrics—recency, importance, 
and relevance�-in relation to the agent’s current context. In other 
words, before generating a response, the agent consults its memory 
bank to retrieve the most significant information to formulate an 
appropriate reply.

3. Cognitive Mechanisms: Comprise processes such as reflection and 
planning, which allow the agent to analyze prior experiences and 
devise coherent future actions. In cognitive science, a cognitive 
mechanism refers to the internal mental processes responsible for 
acquiring, storing, and applying knowledge. These mechanisms en

able intelligent behavior, such as reasoning, decision-making, and 
learning from experience.

4. Interview Functionality: Coordinates the workflow of the afore

mentioned components along with additional elements that enable 
effective interaction with the user, including audio generation, case 
selection, and more.

The chatbot is tailored explicitly for anamnesis tasks, integrating a 
mood or reaction mechanism within its architecture. This feature en

ables the agent to respond appropriately and realistically to the user’s 
questions, mimicking the behavior of an actual patient.

The selection of the GA architecture over alternative models is 
grounded in its ability to capture the nuanced and distinctive character

istics of human behavior effectively. Unlike other architectures, which 
often fall short in this regard, the GA architecture leverages cognitive 
mechanisms, such as reflection and planning, to simulate realistic human

like responses. These mechanisms are essential for enabling the chatbot 
to convincingly assume the role of a virtual patient, exhibiting behavior 
that closely mirrors fundamental human interactions. While this archi

tecture was chosen for its strengths in fulfilling these requirements, 



Computational and Structural Biotechnology Journal 27 (2025) 2481–2491

2483

N. Laverde, C. Grévisse, S. Jaramillo et al. 

Fig. 2. Example of patient memories. 

alternative architectures are not entirely excluded. A systematic eval

uation of these alternatives could provide valuable insights and further 
opportunities for refinement [28].

2.1.1. Memory stream

The agent continuously records observations, capturing all experi

ences since its initialization. These observations include events such as 
detecting a patient’s pain or identifying symptoms of an illness. Each 
observation includes metadata, such as the date and time of the event 
and an importance score assigned by the language model, which reflects 
its relevance to the patient’s health (Fig. 2). Additionally, every mem

ory carries a creation date to determine its recency. As the agent gathers 
new experiences, it systematically documents and organizes them within 
the Memory Stream. In order to store the memories, textual data is con

verted into vector representations and saved in a vector database for 
efficient retrieval. The underlying structure of the vector database, as 
well as the embedding techniques used to generate the vector represen

tations, are discussed in the following paragraphs.

2.1.2. Vector database and embedding model

To perform these searches over the agent’s observations, the system 
converts observations, represented in natural language, into vector em

beddings. In other words, textual information is converted into numeri

cal vectors. The OpenAI’s text-embedding-ada-002 model handles 
this transformation by tokenizing the input text, encoding it through 
a neural network trained on extensive text corpora, and generating a 
vector representation of the input. These vectors enable mathematical 
similarity calculations, such as cosine similarity, to identify relevant ob

servations efficiently. Our implementation employs FAISS as the vector 
database [29]. Although FAISS functions primarily as a library for effi

cient document searches rather than a standalone vector database, it ful

fills the system’s requirements due to its high-speed similarity searches.

2.1.3. The retriever mechanism

The retriever function is to extract the 𝑘 most relevant memories 
given the agent’s context. This implementation uses the LangChain 
framework [30], which was selected for its compatibility with FAISS 
and its seamless integration with LLMs. Within LangChain, the Vec

torStoreRetriever module manages the retrieval process. The retriever 
prioritizes memories using three key metrics: recency, importance, and 
relevance, aligning with the architecture described in [25].

1. Recency: The system applies a discrete exponential decay function 
to prioritize recent memories:

𝑓 (𝑥) = 𝛼 ⋅ (1 − 𝑏)𝑡 (1)

where 𝑏 represents the decay factor (0.01), 𝑡 represents the elapsed 
hours, and 𝛼 is the weight of this metric, which defaults to 1.

2. Importance: Using a structured prompt, the LLM assigns an im

portance score (ranging from 1 to 10). For example, mundane tasks 

Fig. 3. Examples of memories extracted by the retriever with 𝑘 = 4 and with the 
3 metrics: recency, importance, and relevance, in the case of diabetes.

like brushing teeth receive low scores, while events such as experi

encing abdominal pain or undergoing surgery score higher.

3. Relevance: The system calculates relevance by measuring cosine 
similarity between the query and the stored memory embeddings. 
The FAISS vector database handles these calculations efficiently 
through GPU-powered processing.

The retriever combines these metrics into a final weighted score:

score = 𝛼recency ⋅ 𝑟𝑒𝑐𝑒𝑛𝑐𝑦+ 𝛼importance ⋅ 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒+ 𝛼relevance ⋅ 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒

(2)

This approach enables the retrieval of the top-𝑘 most relevant memo

ries for the agent. Based on experimental results, setting 𝑘 = 4 produced 
satisfactory outcomes. Through experimentation, we determined that 
assigning equal weight to the three relevance metrics—recency, impor

tance, and semantic relevance�-yielded the most balanced results. There

fore, all 𝛼 values were set to 1.

When higher weights were assigned to relevance, the retriever 
tended to favor memories that were syntactically similar to the user 
query but not necessarily meaningful within the current temporal con

text. The inclusion of the importance score, computed via a LLM, along 
with the recency score, helped mitigate this issue by promoting memo

ries that were not only topically relevant but also temporally and con

textually appropriate.

An example of memory extraction, depending on the user’s query 
and the associated metrics, can be seen in Fig. 3.

2.1.4. Cognitive mechanisms: reflection

Reflection allows the agent to infer high-level insights that raw ob

servations often fail to capture. According to [25], agents struggle to 
generalize or derive meaningful inferences about themselves without 
this mechanism. For example, when a patient consistently jogs every 
morning, eats fruits, and consumes unprocessed foods, the agent can in

fer that the patient maintains a healthy lifestyle. Humans also rely on 
reflection, often unconsciously, to draw conclusions from recurring pat

terns in their behavior.

Beyond self-reflection, the agent can infer insights about individuals 
it interacts with. For instance, it can detect a user’s questioning style, 
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Fig. 4. Reflection Mechanism Process: 1. An accumulated threshold of importance is reached, 2. The most recent memories are extracted, 3. The LLM is asked for 
the most relevant questions based on the memories, 4. Using the Retriever, the most relevant memories are extracted for each question, 5. Insights are generated 
from the extracted memories and are then stored in the Memory Stream.

Fig. 5. Reflection Tree. Reflections can be derived from memories or previous reflections. 

recognize courteous behavior, or even sense if the user feels unattended 
during an interaction.

The system integrates these high-level inferences into the Memory 
Stream alongside raw observations. This integration allows the Retriever 
to extract reflections and use them as context for future queries. How

ever, reflections do not activate continuously. Instead, the system trig

gers this mechanism when the accumulated importance score exceeds a 
threshold, set at 20 in this implementation. When reflections activate, 
the system follows the steps in (Fig. 4).

These reflections rely on raw observations and build upon previous 
reflections. This iterative process creates a reflection tree, as described 
in [25]. In this tree; leaf nodes represent foundational observations, and 
non-leaf nodes represent increasingly abstract inferences. As reflections 
progress upward in the tree, they grow more generalized and insightful 
(Fig. 5).

2.1.5. Cognitive mechanisms: planning

Agents often take plausible actions based on specific situations; how

ever, ensuring that these decisions remain consistent with their context 

and reality presents an ongoing challenge [25]. The planning mecha

nism helps the agent align its decisions with its interests and priorities, 
preventing deviations that could result in incoherent actions. For in

stance, if a patient takes medication at 8 a.m. but later claims to have 
taken it again at 10 a.m., this mechanism detects and prevents such 
inconsistencies. The system stores both plans and reflections in the mem

ory stream, ensuring their availability for contextual retrieval.

In addition, plans remain dynamic and adapt based on the agent’s 
observations. After analyzing new data, the LLM evaluates whether the 
plan requires adjustments or if it should remain unchanged. For exam

ple, if a patient routinely takes low doses of over-the-counter painkillers 
every morning for joint pain, the agent can detect when a physician rec

ommends switching to a higher dosage or a stronger medication. This 
recommendation triggers the agent to update its initial plan accordingly.

2.1.6. Interview mechanism

The system also includes functionality for interviewing the agent, al

lowing users to conduct an anamnesis by posing questions. The agent 
responds using the previously described mechanisms, enabling users to 
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engage with the agent’s perceived reality. Throughout the interaction, 
the agent operates under the belief that it is consulting with a doctor. 
When generating responses, the system queries the LLM based on a de

fined context. This context integrates several key elements:

1. Current time context: The agent retrieves the current time from 
the Memory Stream. Each observation includes an associated times

tamp, which the agent combines with the recency metric to calcu

late a total score. This timestamp helps the agent anchor itself in 
the appropriate temporal context, ensuring time-consistent actions 
and responses.

2. Agent state: The agent maintains awareness of its current state, 
which represents its ongoing activity. For example, the state might 
indicate: Mario Antonio Guzman is in a medical consultation with 
Dr. White. In this implementation, the agent focuses exclusively on 
anamnesis, making state changes unnecessary. However, the state 
can adapt dynamically if replanning or environmental changes oc

cur.

3. Memories retrieved by the retriever: Using the user’s question as 
input, the retriever identifies and selects the most relevant memo

ries.

4. Agent summary: The summary encapsulates essential agent char

acteristics, including traits, symptoms, profession, and other defin

ing attributes.

5. Short-term memory: The system includes the last two questions 
and answers from the interaction. This short-term memory supports 
smoother and more contextually coherent conversations.

The system instructs the LLM to follow three primary guidelines 
when generating responses:

1. Audio-oriented responses: The agent prepares responses suitable 
for audio delivery. Experimental observations indicate that this ap

proach produces more natural-sounding outputs.

2. Consistent agent characteristics: The agent incorporates pre

defined traits and expressions to maintain character consistency 
throughout the interaction.

3. Focused responses: The agent limits each response strictly to the 
user’s current question, avoiding unnecessary elaborations.

2.2. Web app development

This project’s goal goes beyond adapting a state-of-the-art agent ar

chitecture; it implements the architecture as a practical tool to benefit 
medical students and professors. The backend uses Python with Quart, 
a web framework that supports asynchronous functionality and works 
seamlessly with Flask. This framework adapts well to applications re

quiring high concurrency. The backend includes several key compo

nents:

1. Case Selection Modules: Each clinical case functions as an inde

pendent module, dynamically loading based on the user’s selection.

2. Core Chatbot Functionality: This component processes user 
queries and generates responses, relying on the agent interview 
mechanism detailed in Section 2.1.

3. Audio and Video Generation for the Avatar: This functionality 
generates the avatar’s audio and video. To enhance user immer

sion, the avatar responds with synchronized audio and facial anima

tion. The text-to-speech component is implemented using Pyttsx3, a 
lightweight engine that enables fast audio generation. For the visual 
component, we employ SadTalker [31], an audio-to-image anima

tion model capable of producing expressive facial movements based 
on the generated speech. However, real-time video synthesis us

ing SadTalker is computationally intensive and typically requires 
more than 30 seconds per video on average hardware. To address 
this, we adopt a practical compromise: avatar videos are generated 

Fig. 6. Chatbot interface where the user can begin conducting the patient’s 
anamnesis. This interface includes various components, such as a text field for 
the user to type, a conversation history area, the patient’s avatar, a button to 
view current progress, and a button to complete the anamnesis.

asynchronously and pre-rendered based on the duration of the TTS 
audio. These are then synchronized using MoviePy. While this ap

proach does not achieve perfect lipsync, it maintains the illusion of 
a responsive, lifelike agent. 

Each of these functionalities has its own endpoint within the API, 
specifically handling each request through POST and GET methods.

2.2.1. Frontend features

The frontend offers an intuitive and customizable interface that en

hances user engagement and supports a seamless interaction with the 
system. Users begin by personalizing their experience, entering the 
name by which the patient will address them (e.g., ``Dr. White''). This 
personalization helps create a more realistic simulation of a medical 
consultation.

Case selection. The interface lets students select one of three prede

fined clinical cases. The predefined cases cover commonly encountered 
clinical scenarios, ensuring relevance to medical education: diabetes, 
dyslipidemia, and joint pain. Teachers can also create custom cases: The 
system guides them through a structured template designed in collabora

tion with educators, ensuring all critical anamnesis details are captured. 
Some important fields include the patient’s name, age, general attitude, 
medical context, reason for consultation, and other relevant informa

tion for the medical history. This flexibility allows teachers to tailor the 
tool to specific learning objectives and adapt it to diverse clinical con

texts.

Anamnesis interface. Once a case is selected, users access the anamne

sis interface. This chatbot-style interface enables users to type questions 
for the virtual patient. The agent responds in real-time, simulating a 
dynamic patient interaction (Fig. 6). A video at the top of the screen 
features an animated avatar that represents the patient. This avatar up

dates its expressions, gestures, and audio in response to each question, 
offering an immersive and engaging experience.

1. Conversation Tracking: Users can view a running history of the 
dialogue with the virtual patient, allowing them to review prior 
questions and responses at any point during the session.

2. Progress Monitoring: A ``Current Progress'' button provides a sum

mary of the anamnesis, including fields like the patient’s name, age, 
symptoms, and other relevant details. This feature helps users track 
the completeness of their anamnesis.
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Fig. 7. Pie chart illustrating the proportions of the categories for all 1051 QAPs. 

3. Session Completion and Documentation: At the end of the ses

sion, users can finalize the interaction, generating a downloadable 
text file that contains the entire conversation. This file serves as a 
valuable resource for both students and educators, supporting re

view, evaluation, and progress tracking over time.

3. Evaluation

The evaluation of the Generative Agent architecture is based on the 
framework outlined in [23]. It is worth mentioning that the entire eval

uation is based on results obtained using GPT-4o. By adopting a similar 
procedure, it becomes possible to compare the results to some extent. 
This evaluation consists of a qualitative analysis to better understand 
the user-patient interaction using Question-Answer Pairs (QAP), which 
is based on the Braun-Clarke inductive approach [32]. Each QAP was 
also associated with different categories. This categorization was carried 
out by specialists and faculty members in the field.

Another evaluation conducted was the CUQ (Chatbot Usability Ques

tionnaire), aimed at assessing user satisfaction with the tool [33]. This 
questionnaire consists of 16 questions that take into account the user’s 
perception across various categories: personality, user experience, er

ror handling, onboarding, and other key features that enable the user 
to evaluate the tool. The questionnaire is completed after the user has 
experienced all the functionalities offered by the tool. In the question

naire, a metric called the CUQ Score was also developed, which serves 
as a representative measure of the questionnaire. This metric is calcu

lated by averaging the individual CUQ Scores of the participants. Each 
CUQ Score is calculated using the following formula:

CUQ Score =
(∑

𝑝− 8 + (40 −
∑

𝑛)
64 

)
× 100 (3)

where 𝑝 represents the positive questions, meaning that a higher value 
corresponds to a better rating, and 𝑛 represents the negative questions, 
meaning that the higher the value, the lower the rating. The values of 
the questions range from 1 to 5.

3.1. Demographics of the participants

The number of participants who tested the chatbot was 30. The age 
range of the participants was between 19 and 59 years. Seventeen of 
these participants are internal medicine doctors, ten are pediatric spe

cialists, two are third-semester medical students, and one is a student 
specializing in otorhinolaryngology. Thirteen (43.3%) of the partici

pants are male, and seventeen (56.6%) are female. All participants vol

untarily chose to test the tool. Each participant was instructed to interact 
freely with the virtual patient, playing the role of a doctor and freely 
selecting one of the three available cases. Thirteen of the participants 

selected diabetes, nine selected dyslipidemia, and eight selected joint 
pain. After this initial interaction with the virtual patient, they were 
asked to complete the CUQ.

3.2. Conversation length

A total of 1051 QAPs (questions and answers pairs) were obtained. 
The average number of QAPs per conversation was 35 QAPs. The av

erage chatbot response length was 19 words. In contrast, participants 
provided an average of 11 words per QAP.

As shown in Fig. 7, the vast majority of QAPs (n=821, 78.11%) were 
related to the clinical history category, followed by the introduction 
category (n=155, 14.74%), the interactive exchange category (n=43, 
4.09%), and the farewell category (n=32, 3.04%).

4. Results

4.1. Relationship between QAP and the case descriptions

In order to delineate the methods by which the agent utilizes the 
patient’s case information, we selected 926 QAP (greetings, farewells, 
and questions unrelated to the patient were not considered). For each 
QAP, we categorize how the chatbot uses the case description data. We 
defined three distinct categories:

• Explicit information: The agent directly cites or paraphrases de

tails clearly stated in the patient’s case description.

• Implicit information: The agent infers or deduces details that, al

though not explicitly stated, can be reasonably derived from the 
patient’s case description.

• Fictional (fabricated) information: The agent provides details 
that cannot be inferred from the case description or directly con

tradict the patient’s context.

Fig. 8a illustrates whether QAP fall within, partially overlap with, 
or lie beyond the scope of the patient’s case description, as well as 
whether the chatbot’s responses rely on explicit, implicit, or fictional 
information. Ideally, questions fully addressed in the description should 
elicit explicitly grounded responses. However, some queries exceed the 
boundaries of the provided details, prompting the chatbot to make in

ferences or fabricate information. Although ``fabrication'' often implies 
inaccuracy, it can sometimes arise simply because the user’s question 
extends beyond the case description’s coverage.

When focusing on questions fully covered by the description (𝑛 =
456, 78.0%), the chatbot’s responses were mostly explicit (425; 93.2%), 
with minimal reliance on implicit (23; 5.0%) or fictional (8; 1.8%) con

tent. By contrast, for questions only partially covered (𝑛 = 180, 18.4%), 
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Fig. 8. (a) Sankey diagram illustrating whether user questions are covered by the case description and whether the chatbot’s responses are based on explicit, implicit, 
or fictional (fabricated) information. (b) Correlation of response plausibility with the use of the provided description (the plausibility responses of the 5 specialists 
were used).

Fig. 9. Distribution of the plausibility of responses x-axis running from ``Very Implausible'' (left) to ``Very Plausible'' (right). 

explicit references dropped to 48 (26.7%), while implicit usage and fab

rication rose to 77 (42.8%) and 55 (30.6%), respectively. Finally, for 
questions not covered at all (𝑛 = 290, 33.6%), the chatbot depended 
heavily on implicit material (235; 81.0%), with a smaller subset based 
on fictional reasoning (50; 17.2%) or still attempting to cite explicit 
details (5; 1.7%). Overall, the chatbot tends to rely on fabricated or in

ferred responses when user queries exceed the precise content of the 
case description.

4.2. Plausibility of the virtual patient responses

Determining whether the agent outputs make sense in the clinical 
context is as critical as verifying whether they rely on the case descrip

tion. To assess plausibility, five specialists (internal medicine doctors) 

reviewed each QAP and labeled it according to how well it fit the pa

tient’s scenario. Fig. 9 presents this distribution with an x-axis ranging 
from ``Very Implausible'' on the left to ``Very Plausible'' on the right, 
encapsulating five ordered categories.

Most responses (75.76% on average) clustered on the rightmost side 
of the distribution, labeled as ``plausible and highly relevant'' to the 
patient’s case. This category is the most represented, indicating that 
specialists consider the majority of responses to be highly relevant to 
the patient’s case. A smaller but notable proportion (12.97% on aver

age) were plausible but only moderately relevant to the case. These 
responses, while plausible, are not perceived as critical for the specific 
context of the patient.

Another subset (7.08% on average) was considered plausible but 
with low relevance to the patient’s case. This suggests that, although 
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Fig. 10. CUQ results. 

the responses have some degree of plausibility, their direct relevance to 
the patient’s case is questionable.

A small percentage (3.15% on average) was considered implausible. 
These responses do not meet clinical expectations and are considered 
unlikely in the context of the patient’s case. Finally, 1.31% of the re

sponses were judged to be very implausible, appearing at the leftmost 
side of the x-axis. These responses are perceived as highly improbable 
and not aligned with the patient’s case.

Although the figure and percentages capture distinct dimensions�-

coverage versus plausibility—the distribution helps illustrate how fre

quently the virtual patient responses align with expert clinical reason

ing.

4.3. Correlation between plausibility and adherence to the case description

While Fig. 9 outlines how plausible the responses are, Fig. 8b ties 
this back to whether the agent relied on explicit, implicit, or fictional 
information. The sankey plot categorizes the five specialist responses 
by their information source—explicit (2,390 responses, 51.6%), implicit 
(1,675 responses, 36.2%), and fictitious (565 responses, 12.2%)�-and 
by the five levels of response plausibility. In each source category, the 
vast majority of responses are rated as ``plausible, highly specific for 
case'' (1,811 for explicit, 1,269 for implicit, and 428 for fictitious), rep

resenting roughly 75.8% of responses across all groups. The remaining 
responses are distributed among lower plausibility ratings—with very 
small fractions (approximately 1--3%) classified as ``very implausible'' 
or ``rather implausible,'' and moderate shares falling into ``plausible, low 
relevance'' or ``plausible, relevant for case.''

This uniform distribution, as evidenced in the figure, suggests that 
the response generation mechanism consistently produces highly de

tailed and case-specific outputs regardless of whether the underlying 

information is derived directly from the case, inferred implicitly, or par

tially fabricated.

Although a large portion of the chatbot’s fictional or inferred re

sponses remained clinically coherent, these results suggest a clear ad

vantage when the chatbot grounds its output in explicitly stated facts. 
Strengthening the model’s capacity to identify information gaps—and 
either acknowledge uncertainty or refrain from offering unverified 
details—could help reduce the proportion of implausible or tangential 
answers.

4.4. Chatbot usability questionnaire

Fig. 10 presents the results of the CUQ, which was administered 
to our thirty participants. This questionnaire encompasses 16 items di

vided into five categories—agent’s personality, user experience, error 
handling, onboarding, and additional statements—resulting in a score 
out of 100 that indicates overall user satisfaction.

In terms of the agent’s personality, most participants held a favor

able view of the chatbot. Specifically, 26.7% agreed and 63.3% strongly 
agreed that it ``understood them well,'' while 80% strongly agreed that 
it was ``welcoming during initial setup.'' Opinions were more varied re

garding whether the chatbot’s personality felt realistic: 13.3% agreed, 
60% strongly agreed, 10% disagreed, 6.7% strongly disagreed, and 6.7% 
neither agreed nor disagreed. Responses concerning whether the chatbot 
was ``robotic'' or ``unfriendly'' were also generally positive. While 66.6% 
strongly disagreed and 13.3% disagreed that it was robotic, 6.7% agreed 
with the statement. Regarding the perception of unfriendliness, 10% 
agreed, whereas the majority—60% and 26.7%�-strongly disagreed or 
disagreed, respectively.

Moving on to user experience, the chatbot received notably positive 
feedback. A total of 96.7% of participants agreed or strongly agreed that 
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it was ``easy to navigate.'' Similarly, 93.3% stated that it was ``easy to 
use.'' None reported feeling confused while interacting with it; 76.7% 
strongly disagreed and 16.7% disagreed with the statement that it was 
confusing. Likewise, 63.3% strongly disagreed and 26.7% disagreed that 
the chatbot was ``overly complex,'' indicating that users found the inter

face and features to be straightforward.

In the category of error handling, 13.3% agreed and 66.7% strongly 
agreed that the chatbot handled errors or mistakes well, although 10% 
disagreed and 3.3% strongly disagreed. Moreover, 70% strongly dis

agreed and 23.3% disagreed with the statement that the chatbot was 
incapable of coping with spelling or grammatical errors, reflecting its 
adequate resilience to common user input issues.

Regarding onboarding, 26.7% agreed and 56.7% strongly agreed that 
the chatbot effectively explained its scope and purpose, and most of the 
participants rejected the notion that it failed to provide sufficient guid

ance about its functionality. This indicates that users felt well-informed 
at the start of their interaction.

The additional statements assessed how users perceived the chatbot’s 
responses overall. While 13.3% agreed and 73.3% strongly agreed that 
the chatbot provided ``useful, appropriate, and informative'' answers, a 
small portion (3.3% disagreed and 10% neither agreed nor disagreed) 
found them less satisfactory. Notably, no participants regarded the chat

bot’s output as irrelevant, suggesting that, overall, the responses were 
considered pertinent to their queries. The chatbot also appeared to rec

ognize user input satisfactorily in most cases, with only 6.7% agreeing 
and 6.7% strongly agreeing that it failed to recognize their inputs.

Consolidating these findings, the CUQ Score was 86.25 out of 100, 
reflecting a high degree of user satisfaction. While the chatbot excelled 
in ease of use, welcoming setup, and broad user-friendliness, slight dis

agreements about its personality and realism point to potential areas for 
further refinement.

4.5. Analysis and comparison of results with previous works

The ability to conduct clinical histories is fundamental for any 
medical professional. In this study, two main aspects were evaluated. 
First, we examined whether the Generative Agents architecture [25] �- 
adapted for a Virtual Patient (VP) scenario �- could emulate human 
behavior when performing an anamnesis. Second, we assessed how stu

dents and professionals perceived and interacted with the tool. Although 
this architecture has not, to our knowledge, been previously applied to 
VPs, the evaluation presented here allows a comparison against prior 
approaches that rely on LLMs like GPT but lack additional agent-based 
or cognitive mechanisms.

4.5.1. Performance analysis of generative agents architecture as a virtual 
patient

A key objective was determining the extent to which the chatbot 
provides responses grounded in the patient’s description, particularly 
whether the Generative Agents architecture (including its cognitive 
mechanisms and memory retrieval) fosters more context-aligned an

swers. As illustrated in Fig. 8a, most questions that were explicitly 
covered by the patient’s description prompted the chatbot to draw on 
the corresponding explicit information. This outcome is promising, as it 
indicates a preference for correct information over fabricated content, 
an important factor for successful anamnesis. Additionally, for questions 
that were implicitly covered by the description, the majority of the chat

bot’s answers drew either on explicit or implicit knowledge derived from 
the given details.

However, when questions lay beyond the scope of the description, 
the system generated mostly fictitious responses. This is not necessarily 
problematic: if user queries do not fall within the patient’s documented 
context, the agent is not bound by explicit knowledge and thus may ven

ture into creative reasoning. Nevertheless, such creativity should remain 
medically coherent and avoid contradicting the patient’s known traits 
or history.

Beyond verifying the chatbot’s reliance on explicit or implicit in

formation, another critical dimension is whether the resulting answers 
remain plausible for the patient’s case. Fig. 8b indicates that more than 
75% of all responses were regarded as highly plausible and nearly 95% 
as at least somewhat plausible, regardless of whether the agent’s in

formation source was explicit, implicit, or fictional. Intriguingly, even 
many of the fabricated responses aligned sufficiently well with the clini

cal context to be deemed plausible. Yet, there were also instances where 
responses explicitly referencing the description turned out to be im

plausible in the current conversational context, this can be attributed 
cognitive mechanisms of the generative agents architecture, which en

able the agent to exhibit behavior that more closely mirrors human-like 
characteristics.

4.6. Perception and feedback from the participants

Overall, the participants’ perception of the system was positive. Most 
students praised the concept and enjoyed interacting with the agent, de

scribing it as realistic. We attribute this realism, in large part, to the 
LLM’s extensive training on curated data, which enables it to produce 
highly human-like responses. Additionally, the Generative Agents archi

tecture, with its cognitive mechanisms that simulate human reasoning 
and behavior, further contributes to the authentic feel of the interaction. 
Nonetheless, participants also suggested areas for improvement.

Overall, the participants’ qualitative feedback regarding the chatbot 
highlighted a predominantly positive perception of its realism and inter

active potential. However, several recommendations were consistently 
articulated to enhance the educational experience. Many respondents 
noted performance-related issues, pointing out that the system’s re

sponse times were often too slow or that it occasionally froze after a few 
exchanges. In addition, users suggested improvements to the interface�-

such as refining the progress-tracking feature to incorporate a complete 
clinical history, providing clearer instructions at the outset, and even 
generating a final report that summarizes the quality of the interven

tion. These comments indicate that, while the concept is well received, 
there is a clear need to strengthen the system’s responsiveness and us

ability.

A second set of comments focused on the content and interaction dy

namics of the chatbot. Some participants called for more extensive and 
detailed responses that would foster a richer clinical dialogue; for in

stance, they recommended broadening the scope of the clinical history 
to include comprehensive antecedents and a more detailed characteriza

tion of symptoms. Conversely, other participating physicians questioned 
the virtual patient’s in-depth knowledge of their medical history and its 
sophisticated handling of clinical concepts.

Participants also remarked on the chatbot’s overly robotic voice�-

recommending either significant improvements to its audio quality or 
its complete removal—as well as occasional issues with responsiveness 
to regional language nuances. Moreover, suggestions to incorporate el

ements that simulate natural, open-ended, and digressive conversation 
(including non-verbal cues such as facial expressions via camera inte

gration) were offered to better emulate real-world patient interactions. 
Together, these recommendations underscore the participants’ desire 
for a more robust, nuanced, and authentic virtual clinical agent that 
can adapt to both technical and conversational challenges in a medical 
training context.

4.6.1. Limitations

It is important to highlight that the proposed chatbot overcomes cer

tain constraints found in earlier works, chiefly by managing multiple 
clinical cases rather than a single scenario. However, it should be ac

knowledged that a wide variety of clinical cases exist, many of which 
differ substantially from those currently implemented. Another salient 
feature is that the chatbot was developed and evaluated in Spanish—yet 
given that LLMs like GPT exhibit multilingual capabilities, one could 
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feasibly adapt the same approach to other languages with comparable 
outcomes.

Albeit the results of the CUQ were rather positive with respect to 
the plausibility of, including, fabricated answers, LLMs always present 
an inherent risk of hallucinations, i.e., providing a factually wrong an

swer due to a lack of specific knowledge. As the chatbot is not a clinical 
decision support tool, the impact of hallucinations is limited: The cre

ation of misconceptions among students can be avoided by a thorough 
debriefing with a medical teacher [34].

As any artificial neural network, LLMs can be exposed to inherent 
biases, depending on their training data. Social or structural inequities 
with respect to, e.g., ethnicity or gender, can lead to such biases. If gen

erated responses follow such biases, LLMs can amplify the underlying 
inequities [35], which constitutes an ethical concern regarding medical 
training. As mentioned above, a possible mitigation strategy could be to 
include a debriefing with a human teacher. As an alternative, multiple 
LLMs could be used to find a consensus or analyze each other’s response.

A further limitation, noted by the evaluators via the CUQ, involves 
the chatbot’s response latency. In this instance, the delay stems primar

ily from rendering the avatar video, rather than the LLM’s inference 
process. Additionally, the OpenAI APIs used include content modera

tion filters designed to block certain categories of material. Should a 
user query trigger these filters, the chatbot may fail to respond and pro

duce an API call error. Another inherent constraint is that, while the 
chatbot focuses on the interview component of a patient consultation, 
it does not encompass a physical examination module. Furthermore, 
the study elicited only subjective evaluations of the tool’s utility, thus 
leaving open the question of whether it objectively improves students’ 
patient-history-taking skills. Consequently, no definitive claim can be 
made regarding its efficacy in skill enhancement. Lastly, the relatively 
small sample size of evaluators may limit the generalizability of these 
findings, underscoring the need for more extensive future assessments.

5. Conclusions and future work

This study set out to explore the feasibility of adapting genera

tive agent architectures for Virtual Patients (VPs) that assist in clinical 
history-taking training. Overall, evaluators responded positively, as ev

idenced by their high satisfaction scores on the CUQ questionnaire. In 
addition, the agent’s performance was assessed by examining whether 
it adhered to the patient case descriptions and produced contextually 
appropriate, plausible answers. Against current benchmarks, the chat

bot scored 86.25 out of 100 in the CUQ, surpassing existing solutions in 
usability. It also delivered a greater percentage of plausible responses 
compared to other state-of-the-art methods.

Despite these achievements, there remains substantial scope for en

hancing this tool. We believe that it holds the potential to significantly 
influence student education. One promising step would be to make the 
entire system open-source, for example by deploying an open model 
such as Llama rather than a commercial option like GPT. At the time 
of this study, Llama 3.2 exhibited performance close to that of lead

ing commercial models, and it supports fine-tuning with clinical history 
datasets as needed.

Future work should also address the chatbot’s response latency, con

sistently cited as a major drawback by evaluators. This delay arises 
predominantly from the time taken to generate the avatar video. The Re

altime API could help streamline interactions by reducing lag and han

dling user interruptions automatically, ultimately making conversations 
feel more natural. Additionally, refining the text-to-speech component 
with more advanced models may further enhance realism, delivering a 
more immersive experience that faithfully simulates real-world patient 
consultations.

It is also important to conduct the evaluation with a larger sample 
of students, with the possibility of stratifying them to assess whether 
the results differ or remain consistent. Stratification refers to dividing 
the results into different demographic groups: students in the first three 

semesters, students in the final semesters, graduates, those with spe

cialization, and professors with doctoral degrees. This approach allows 
us to determine if there are discrepancies in perceptions depending on 
the evaluator’s level of expertise. Finally, it is crucial to develop meth

ods for objectively assessing students’ progress in clinical history-taking. 
This would provide concrete evidence of the tool’s effectiveness in im

proving this critical skill.

After completing this work, it is evident that technology and ar

tificial intelligence hold significant potential to positively impact the 
learning experience of medical students. Based on this study and its re

sults, it is safe to conclude that LLMs, and specifically Generative Agents’ 
architecture, have the potential to support students in developing com

munication skills—not only in clinical history-taking but also in other 
areas where these skills are essential.
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