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Resumo

Resumo

O erro de diagnóstico continua a ser uma causa relevante de dano evitável para os pacientes, fre-
quentemente associado a enviesamentos cognitivos como a ancoragem, o viés de confirmação e o
encerramento prematuro. A formação médica tradicional oferece poucas oportunidades, escaláveis
e seguras, para treinar o reconhecimento e a correção destes desvios de raciocínio.

Esta dissertação investiga se interações com um paciente virtual (VP), sensíveis ao enviesa-
mento e guiadas por intenção clínica, podem (i) suscitar e detetar enviesamentos durante o raciocínio
diagnóstico e (ii) fomentar reflexão metacognitiva associada a maior exatidão diagnóstica. A
hipótese central é que diálogos com divulgação progressiva, orientados pela intenção clínica, rev-
elam marcadores mensuráveis de enviesamento e que a reflexão estruturada se associa a uma
avaliação mais sistemática de hipóteses.

Para testar esta hipótese, foi desenvolvida a plataforma Smart-Doc, um paciente virtual supor-
tado por IA. A solução combina diálogo não roteirizado com divulgação progressiva de informação
baseada no reconhecimento de intenção clínica e integra deteção em tempo real de marcadores
comportamentais de enviesamento através de análises híbridas (regras + semântica). O sistema
suporta ainda reflexão metacognitiva pós-hoc, estruturada por prompts de feedback direcionados.

Realizou-se um estudo-piloto com seis médicos internos que resolveram um caso desenhado
para induzir enviesamentos. Foram analisadas as trajetórias diagnósticas, a usabilidade e a carga de
trabalho. O Smart-Doc reproduziu padrões de raciocínio propensos a erro: 50% dos participantes
chegaram a diagnósticos incorretos, sobretudo por ancoragem em evidência precoce e reconcili-
ação medicamentosa incompleta; os diagnósticos corretos associaram-se a avaliação sistemática
de hipóteses e procura ativa de contra-evidência. A usabilidade foi aceitável (SUS: 66,5). A carga
de trabalho (NASA-TLX) foi moderada e explicada sobretudo pela exigência temporal compatível
com a latência do diálogo (∼6 s por turno).

A arquitetura modular e case-agnostic da plataforma permite a autoria de novos casos clínicos
sem reengenharia, apoiando a escalabilidade curricular. As principais limitações incluem caso
único, amostra reduzida e dependência de pontuação automatizada; os prompts em tempo real
foram desativados no piloto.

O trabalho futuro inclui redução de latência, introdução de prompts metacognitivos em tempo
real com comparações controladas, expansão da biblioteca de casos e incorporação de adjudicação
por peritos.

Em conjunto, os resultados sustentam a exequibilidade de interações VP sensíveis ao enviesa-
mento para treino diagnóstico, posicionando o enviesamento cognitivo não apenas como fonte de
erro, mas como uma oportunidade para aprendizagem estruturada e reflexão sistemática.
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Abstract

Diagnostic error remains a leading cause of preventable patient harm, frequently driven by cog-
nitive biases such as anchoring, confirmation bias, and premature closure. Traditional medical
education offers limited, scalable opportunities to practice recognizing and correcting such rea-
soning flaws.

This dissertation investigates whether bias-aware, intent-driven virtual patient (VP) interac-
tions can (i) elicit and detect cognitive bias during diagnostic reasoning and (ii) foster meta-
cognitive reflection associated with improved diagnostic accuracy. The central hypothesis is that
progressively disclosed VP dialogues, guided by clinical intent, will reveal measurable bias mark-
ers and that structured reflection will align with more systematic hypothesis evaluation.

To test this hypothesis, an AI-powered VP platform, Smart-Doc, was engineered as the ex-
perimental apparatus. Smart-Doc combines unscripted dialogue with progressive information dis-
closure based on clinical intent recognition and integrates real-time detection of behavioral bias
markers via hybrid rule-based and semantic analyses. The system also supports structured, post-
hoc meta-cognitive reflection through targeted feedback prompts.

A pilot study involving six clinical interns, who used a bias-engineered case, examined diag-
nostic trajectories, usability, and workload. Smart-Doc reproduced bias-prone reasoning patterns:
50% of participants reached incorrect diagnoses, predominantly due to anchoring on early evi-
dence and incomplete medication reconciliation, whereas correct diagnoses were associated with
systematic hypothesis testing and counter-evidence reasoning. Usability was acceptable (System
Usability Scale: 66.5). Workload, measured with NASA-TLX, was moderate and driven primarily
by temporal demand consistent with dialogue latency ( 6 s per turn).

The modular and case-agnostic architecture of the platform enables the authoring of new clini-
cal cases without re-engineering, supporting the curricular scalability. Limitations include a single
case, a small sample size, and reliance on automated scoring; real-time prompts were disabled
during the pilot. Future work will reduce latency, introduce live meta-cognitive prompts with
controlled comparisons, expand the case library, and incorporate expert adjudication.

Overall, the findings support the feasibility of bias-aware VP interactions for diagnostic train-
ing, positioning cognitive bias not merely as a source of error but as an opportunity for systematic,
structured learning and reflection.
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Chapter 1

Introduction

Diagnostic error remains a persistent threat to patient safety, with cognitive biases a major con-

tributor to avoidable harm [21]. These biases—systematic deviations from rational judgment—can

derail even experienced clinicians, leading to premature closure, selective information use, or un-

warranted confidence in a favored hypothesis. As Croskerry [14] argues, traditional training often

fails to help students recognize and mitigate these pitfalls under real-world pressure.

Transitioning from student to clinician requires robust clinical reasoning that integrates knowl-

edge, pattern recognition, and reflective awareness [2]. Conventional approaches emphasize out-

comes but rarely make the process of reasoning visible, let alone train learners to detect and

counter bias in their own thinking. Addressing this gap demands pedagogy that elicits reasoning

patterns, exposes bias, and scaffolds reflection—reliably and at scale.

This dissertation introduces Smart-Doc, an AI-powered virtual patient platform that meets

this need. Leveraging large language models (LLMs), Smart-Doc provides naturalistic clinical

interviews and embeds mechanisms to detect cognitive biases in real time. Beyond replicating en-

counters, it delivers structured meta-cognitive feedback that prompts deliberate reflection. In short,

Smart-Doc moves from teaching what to diagnose toward teaching how to think—addressing root

causes of diagnostic error in a controlled, scalable environment [3, 43].

1.1 Motivation

Two forces motivate this work. First, an educational gap: reasoning errors, not knowledge deficits,

account for a substantial share of diagnostic mistakes, yet explicit support for bias awareness is

rare [3]. Second, a technological opportunity: modern LLMs and principles from Intelligent Tutor-

ing Systems enable simulations that combine realism with adaptive, reflective support. Smart-Doc

sits at this intersection: it elicits naturalistic reasoning, surfaces bias-prone moments, and scaffolds

reflective practice.

1



Introduction 2

1.2 Research Questions

Building on the premise that diagnostic error is frequently linked to cognitive biases that shape

how evidence is gathered and interpreted, the dissertation examines whether structured, bias-aware

interaction with a virtual patient (VP) can make those biases visible and support better diagnostic

reasoning. The guiding research question is:

How can AI-powered virtual patients be designed to help medical students recognize

and mitigate cognitive biases in diagnostic reasoning?

To operationalize this inquiry, three complementary research questions are articulated below.

1. RQ1 — Elicitation and detection. To what extent can an LLM-mediated diagnostic inter-

view elicit and detect cognitive biases (specifically anchoring, confirmation bias, framing

and premature closure) through observable interaction patterns?

2. RQ2 — Metacognitive prompting. How effective are meta-cognitive prompts—delivered

either in real time or post hoc—in stimulating structured reflection (articulation of hypothe-

ses, search for counter-evidence) and attenuating bias during case work-up?

3. RQ3 — Scalability principles. Which technical and pedagogical principles enable the

scalable deployment of bias-aware VP simulations across curricula without re-engineering

for each new case?

1.3 Objectives

Addressing these questions required the design of an experimental apparatus and an evaluation

pipeline that links observable interaction patterns to learning outcomes. The work therefore ad-

vanced five objectives that together instantiate, instrument, and study the intervention.

Objective 1 — Simulation. Design and implement an AI-powered VP capable of realistic,

unscripted clinical interviews, with cases intentionally engineered to surface bias-prone decision

paths.

Objective 2 — Bias detection. Specify and compute behavioral markers of anchoring, con-

firmation bias, and premature closure using a hybrid approach that combines rule-based heuristics

with LLM-assisted semantic analysis.

Objective 3 — Metacognitive tutoring. Deliver context-aware prompts that invite learners to

articulate hypotheses, seek counter-evidence, and reconsider premature commitments when bias

markers are detected.

Objective 4 — Evaluation framework. Develop analytics for diagnostic accuracy, information-

gathering behavior, and manifestations of cognitive bias, providing both formative (feedback) and

summative (scores) views.



1.4 Dissertation Structure 3

Objective 5 — Effectiveness study. Conduct a pilot with clinical interns to characterize di-

agnostic trajectories, assess usability, and estimate workload, thereby gathering evidence relevant

to accepting or rejecting the stated hypothesis.

Together, these objectives align the methodological apparatus (the VP platform and analytics)

with the research questions, enabling a principled test of the central hypothesis introduced in this

chapter.

1.4 Dissertation Structure

• Chapter 2 presents the theoretical background: clinical reasoning, dual-process theory,

cognitive bias taxonomy, debiasing strategies, and simulation principles that inform Smart-

Doc.

• Chapter 3 reviews AI-powered virtual patients, mapping feasibility, effectiveness, and de-

sign gaps that Smart-Doc addresses.

• Chapter 4 details Smart-Doc’s development, linking the two previous chapters—theory and

evidence, to architecture, case design, and bias detection.

• Chapter 5 evaluates Smart-Doc with clinical interns, reporting methods, results, and reflec-

tions on usability, realism, and educational impact.

• Chapter 6 discusses implications, limitations, and directions for future research and cur-

riculum integration.

With the problem, questions, and objectives established, the next step is to ground the study in

theory. Chapter 2 introduces the cognitive foundations of clinical reasoning, the taxonomy of diag-

nostic bias, and debiasing strategies, then motivates AI-powered virtual patients as a pedagogical

vehicle for Smart-Doc’s design.



Chapter 2

Background

This chapter establishes the theoretical foundation for this dissertation. It introduces the cognitive

mechanisms that underpin diagnostic reasoning, examines the pervasive role of cognitive biases,

and situates simulation — particularly AI-powered virtual patients — as a promising medium for

advancing medical education. By grounding the technical development of the Smart-Doc system

in established cognitive science and educational principles, this chapter provides the conceptual

scaffolding for the subsequent literature review (Chapter 3) and system design (Chapter 4).

2.1 The Cognitive Foundations of Medical Diagnosis

Clinical diagnosis is a demanding cognitive activity conducted under uncertainty and time pres-

sure. Reasoning does not follow a linear pipeline. It proceeds through cycles of hypothesis forma-

tion, evidence gathering, and model revision, with constant negotiation between what is already

known and what must still be learned from the patient. Understanding these mechanisms, along

with their vulnerabilities, is crucial for designing effective educational interventions that enhance

accuracy and safety.

2.1.1 The Diagnostic Process: An Iterative Quest for Coherency

The diagnostic encounter begins with sparse cues that prompt early hypotheses. These hypotheses

guide a search for discriminating information and are repeatedly revised as new data emerge. In

practice, clinicians alternate between abductive steps that generate explanations, inductive steps

that generalize from findings, and deductive steps that test predictions of a working diagnosis [16,

18, 47]. The objective is not a perfect proof but a coherent account that best accommodates the

totality of evidence available at the bedside.

Within this cycle, information acquisition is strategic rather than exhaustive. Clinicians prior-

itize questions and examinations with a high expected diagnostic yield, often beginning with the

history of present illness and medication reconciliation before conducting targeted examinations

and investigations [23, 49]. Progress depends on continuous updating of a problem representation

that highlights the age, time course, salient risk factors, and key positive and negative findings

4
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[56]. When alternative hypotheses are insufficiently considered, closure can occur prematurely.

Educational designs should therefore cultivate habits of seeking counter evidence and revisiting

earlier assumptions whenever discordant data appear [11].

Anamnesis as the Primary Diagnostic Instrument

The clinical interview supplies the majority of discriminative information for many presentations.

A structured approach typically involves canvassing the history of present illness, past medical and

surgical history, medications with explicit reconciliation, allergies, family and social history, and a

systems review. Each component serves a different inferential role: medications and comorbidities

refine pretest probabilities, social and occupational histories surface potential exposures, and the

temporal pattern of symptoms refines the script that best explains the case [8, 49, 56]. Because

narrative details shape early hypotheses, the interview is also the earliest point at which bias can

take root or be corrected. Instruction that teaches learners to articulate a problem representation,

to ask at least one question that could refute the leading hypothesis, and to reconcile medications

systematically can reduce the risk of premature commitment [11, 18].

2.1.2 Dual-Process Theory in Clinical Reasoning

The cognitive architecture of diagnosis is often described with a dual-process account. One pro-

cess is fast and intuitive, grounded in pattern recognition that draws on learned illness scripts and

encapsulated knowledge [56]. The second process is slower and analytic, involving deliberate

hypothesis testing, systematic search for disconfirming evidence, and explicit comparison of com-

peting diagnoses [16, 47]. Expertise reflects flexible movement between these modes. Intuition

supports efficiency in familiar conditions, whereas analysis is mobilized when presentations are

atypical, when the stakes are high, or when uncertainty signals that the intuitive response may be

unreliable [11].

From a pedagogical perspective, the goal is not to replace intuition but to calibrate it, recogniz-

ing situations that require a deliberate shift to analytic scrutiny, and to scaffold that shift with tools

that make reasoning steps visible. Techniques include teaching problem representation, deliberate

reflection on alternatives, and prompts that require articulation of counter-evidence before case

closure [18, 44]. These methods align with the view that meta-cognitive oversight of reasoning is

a learnable skill that can be trained in simulation and transferred to clinical practice.

Definitions.

System 1 (non analytical reasoning, NAR). Fast, intuitive, and automatic. Relies on pattern

recognition and illness scripts. Reliable for common and familiar problems, but a frequent

source of cognitive bias when heuristics are applied outside their range [11, 56].

System 2 (analytical reasoning, AR). Slow, deliberate, and resource intensive. Involves hypoth-

esis testing, searching for disconfirming evidence, and explicit comparison of alternatives.

Monitors and corrects intuitive responses when indicated [16, 47].
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Diagnostic expertise lies in the fluid interplay between these systems: effective clinicians

leverage System 1 for efficiency while engaging System 2 when uncertainty, complexity, or atyp-

ical presentations demand deeper scrutiny.

2.2 Cognitive Biases: The Pathologies of Clinical Reasoning

Although dual-process theory describes how reasoning ideally balances efficiency and accuracy, in

practice, the system is fallible. Cognitive biases are systematic deviations from rational judgment

that emerge from heuristic shortcuts. They are a leading contributor to diagnostic error and to

preventable patient harm [21, 30, 59]. Biases rarely occur in isolation; they often interact with

context, workload, and task framing, which makes clear definitions important for educational

design.

2.2.1 A Taxonomy of Diagnostic Error: Identifying Common Cognitive Biases

Numerous biases have been cataloged in clinical reasoning research. The most prevalent include:

Table 2.1: Common Cognitive Biases in Clinical Diagnosis

Bias Description and Clinical Implications

Anchoring Fixating on initial impressions or salient features of the case,
with insufficient adjustment when new, contradictory evidence
emerges [14, 46].

Confirmation bias Selectively seeking or interpreting information that confirms an
existing hypothesis, while overlooking evidence that might refute
it [3, 46].

Premature clo-
sure

Accepting a diagnosis before it has been adequately verified,
halting further diagnostic exploration and increasing the risk of
missed or incorrect diagnoses [21, 46].

Framing effect Diagnostic reasoning shaped by how information is presented,
steering attention toward certain explanations and away from oth-
ers [14, 46].

Availability bias Overestimating the likelihood of diagnoses that are recent, mem-
orable, or vivid in experience [14, 21].

Overconfidence Excessive faith in one’s diagnostic accuracy, which reduces open-
ness to alternatives and corrective feedback [4].

Search satisfac-
tion

Stopping the diagnostic search once a plausible explanation has
been found, resulting in missed comorbid or secondary conditions
[14, 21].

Base-rate neglect Underweighting disease prevalence and prior probabilities, which
skews posterior judgments despite appropriate new data [47, 59].

Representativeness Judging likelihood by similarity to a prototypical case, which can
discount atypical presentations or comorbid states [18, 59].
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Table 2.1 consolidates frequently cited cognitive biases in clinical reasoning and highlights their

implications for diagnostic accuracy. While many biases have been described, the present work

focuses on anchoring, confirmation bias, and premature closure, because they are common in

clinical practice and amenable to instruction within simulation.

Measurement and operationalization. For the purposes of this dissertation, biases are treated

as patterns in interaction and data use rather than as latent traits. Observable markers include se-

lective information seeking aligned with a single hypothesis, early diagnostic commitment before

key discriminators are queried, and disregard of disconfirming evidence. These markers are opera-

tionalized into detection rules and semantic probes that are applied to dialogue traces, with details

provided in Chapter 4.

2.2.2 Debiasing Strategies: Interventions to Improve Clinical Judgment

Given the susceptibility of diagnostic reasoning to systematic error, a variety of debiasing ap-

proaches have been proposed. These approaches engage slower analytic processing to monitor,

challenge, or override intuitive judgments, and can be grouped into complementary families: cog-

nitive forcing strategies, structured reflection, diagnostic checklists and timeouts, simulation with

targeted feedback, and computerized decision support.

Cognitive forcing strategies. Cognitive forcing strategies are metacognitive prompts that intro-

duce a deliberate pause in intuitive reasoning, encouraging consideration of alternatives, search

for disconfirming evidence, or reframing of the problem [12]. They can be taught at universal,

generic, and specific levels, using prompts such as “What else could this be?” and “What finding

would make my leading hypothesis unlikely?”

Structured reflection. Deliberate reflection is a structured procedure in which learners articu-

late competing diagnoses, list supporting and disconfirming features, and reassess the fit between

data and diagnosis. It engages analytic processing and has been shown to improve recall of dis-

criminating features and support more balanced reasoning, particularly when learners are taught

how and when to apply it [35, 43, 45].

Diagnostic checklists and timeouts. Checklists provide structured prompts to broaden differ-

ential diagnosis, identify red flags, and prevent premature closure. Reviews report that checklists

broaden information search and support verification, although effects on accuracy vary by context

[17, 22]. Team-based diagnostic timeouts extend this idea by creating a deliberate pause to query

assumptions and potential biases before committing to a diagnosis.

Simulation with just-in-time metacognitive feedback. Simulation environments trigger au-

thentic information seeking and make reasoning processes observable. When combined with pro-

gressive disclosure and targeted prompts, simulation can surface bias-prone moments and provide
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feedback that encourages reconsideration of alternatives [13, 22]. This aligns with experiential

learning cycles in which action is followed by feedback and reflection, and it motivates the bias-

aware design choices adopted for Smart-Doc.

Computerized decision support. Differential diagnosis generators and context-aware reminders

can broaden consideration sets and support verification, especially for uncommon conditions.

Their effectiveness depends on integration into workflow and on timely presentation of discrimi-

nating features [22, 47].

Summary and implications for design. Across these strategies, the common mechanism is de-

liberate engagement of analytic reasoning at critical junctures. Educational systems should there-

fore detect bias-prone patterns such as early closure or selective information seeking, interrupt

with concise context-aware prompts, structure reflection on alternatives, and support verification

through targeted tools. These principles inform the Smart-Doc architecture in Chapter 4, where

they are translated into concrete design features.

2.3 Large Language Models for Educational Simulation

Modern natural language processing enables conversational agents that can participate in clinical

teaching while making reasoning steps observable. Large language models (LLMs) provide the

foundation for such agents, and their behavior can be shaped through prompting, alignment with

human preferences, retrieval of external knowledge, and intent recognition for dialogue orchestra-

tion. The concepts surveyed here motivate the design choices implemented in Chapter 4.

2.3.1 Foundations of large language models

LLMs are neural sequence models that learn to predict the next token given prior context. Contem-

porary systems rely on the transformer architecture, which uses self-attention to model long-range

dependencies efficiently [60]. After pretraining on very large text corpora, models acquire broad

linguistic and factual competence, and performance scales with model size, data, and compute [5,

31]. Instruction tuning and preference learning further adapt these models to follow task descrip-

tions and conversational norms [9, 48]. For educational simulation, two properties are central: the

ability to sustain coherent multi-turn dialogue and the capacity to produce structured outputs that

downstream analytics can interpret.

2.3.2 Techniques for controllable, bias-aware dialogue

Prompting for structure and reasoning. Prompts specify roles, context, and output formats. In a

teaching setting, prompts can require intermediate reasoning steps or canonical output schemas

that improve inspectability for feedback and automated scoring. Chain of thought prompting ex-

poses stepwise reasoning [66]. Self-consistency samples multiple reasoning paths and aggregates
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conclusions [65]. Lightweight instructions such as “think step by step” can improve transparency

without large latency costs [33]. Structured outputs, for example, a JSON rubric with named fields,

reduce ambiguity for analytics but increase verbosity, which must be balanced during live tutoring.

Alignment with human feedback. Instruction following behavior benefits from learning human

preferences. Reinforcement learning from human feedback aligns outputs with what evaluators

judge to be helpful and safe [48]. Direct preference optimization provides a simpler alternative

that optimizes on ranked pairs without an explicit reward model [52]. In education, alignment

supports adherence to pedagogical constraints, for example, remaining in character as a patient

and refusing to short-circuit inquiry by giving definitive diagnoses.

Context management through retrieval. Parametric knowledge can be incomplete or out-

dated. Retrieval augmented generation combines generation with access to external sources, which

grounds responses and reduces unsupported assertions [32, 37]. In medical education, retrieval is

valuable for guideline citations and post-session reflection. During patient interviews, however,

unrestricted retrieval may reveal answers that bypass the intended process of inquiry. For bias-

aware simulation, retrieval is therefore scoped to feedback phases rather than real-time dialogue,

which preserves the need to ask discriminating questions.

Intent recognition and orchestration. Task-oriented dialogue systems map free text to struc-

tured intents and slots. Transformer-based classifiers support this mapping and allow orchestration

of multi-phase scenarios such as history taking, focused examination, and reflection prompts [40,

68]. Because safety is critical in health-related applications, systems should detect unknown or

out-of-scope inputs and decline to act when confidence is low [38].

Tool use and grammar constrained decoding. Beyond intent recognition, function calling

allows the model to request actions, for example, retrieving a lab value or advancing the case

state, while emitting a schema that the platform validates [55, 67]. Grammar-constrained decoding

restricts outputs to a prescribed format, which improves controllability and reduces ambiguity

during analytics. These mechanisms align with progressive disclosure and phase gating used later

in the platform.

2.3.3 Evaluation and risk management in educational use

Educational use introduces requirements that differ from general chat and therefore needs explicit

evaluation. Quality should be assessed at three levels. First, interaction quality captures coher-

ence, adherence to role, and responsiveness under a defined latency budget. Second, educational

quality refers to whether the agent elicits discriminating questions, supports deliberate reflection,

and aligns with target learning outcomes, such as improvement in diagnostic accuracy or a more

balanced consideration of alternative hypotheses. Third, safety and reliability covers the frequency

and severity of hallucinated content, fabricated citations, and inappropriate advice, together with

calibration of uncertainty and appropriate refusals [28, 48].

Risk management follows from these criteria. Grounding and post hoc verification reduce

the risk of misleading statements in feedback phases [37]. Schema validation and grammar-

constrained decoding limit unintended content in analytics. Unknown intent detection reduces
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the likelihood of unsafe actions when the model is uncertain [38]. Practical constraints include

cost and latency in multi-turn simulations and privacy when real cases are discussed. These con-

siderations shape the platform’s balance of transparency, control, and responsiveness described in

Chapter 4.

2.4 AI Virtual Patients as a Crucible for Clinical Reasoning

To translate the theoretical insights of dual-process reasoning and bias awareness into practice,

medical education has increasingly turned to simulation. Among the available approaches, Vir-
tual Patients (VPs)—interactive, computer-based scenarios—have become an important tool for

practicing diagnostic reasoning in safe, standardized, and repeatable environments [7, 50]. Their

pedagogical value lies in making reasoning both visible and improbable: students must externalize

their thinking, and the system can provide structured feedback [54].

2.4.1 The Evolving Role of Simulation in Medical Education

Traditional VPs are designed to mimic clinical encounters, offering opportunities to practice

history-taking, decision-making, and reasoning without risk to real patients [50]. More recently,

AI-powered Virtual Standardized Patients (VSPs) extend this paradigm by enabling natural

language dialogue and adaptive responses, enhancing the realism of the encounter [7, 36]. Con-

ceptually, this aligns with experiential learning theory (Kolb), which emphasizes learning through

cycles of action, feedback, and reflection [34]. By situating learners in an authentic yet con-

trolled interaction, AI-VSPs provide a fertile context for bias-prone reasoning to surface and be

addressed [51].

2.4.2 Designing the Virtual Encounter: The Principle of Progressive Disclosure

A critical design principle for effective simulation is progressive disclosure: clinical information

is revealed incrementally in response to learner queries, mirroring real-world diagnostic prac-

tice [27]. This structure ensures that learners actively seek information rather than receiving it

passively, creating opportunities for biases such as anchoring or premature closure to appear [14,

21]. When combined with meta-cognitive scaffolding, progressive disclosure transforms the sim-

ulation from a scripted case into a dynamic learning environment, where both strengths and vul-

nerabilities in reasoning can be observed [43].

From Concept to Evidence. The conceptual framework highlights the potential of AI-powered

VPs, but their actual impact depends on empirical validation. Chapter 3 therefore reviews the

existing evidence base, identifying strengths, limitations, and gaps in current research.



Chapter 3

Literature Review

Building on the conceptual foundations outlined in Chapter 2, this chapter critically examines

the empirical evidence on AI-powered Virtual Patients (AI-VPs) in medical education. While

Chapter 2 established the theoretical rationale for using simulation, progressive disclosure, and

bias-aware design to strengthen clinical reasoning, the actual effectiveness of these approaches

must be determined through research.

To this end, a scoping review was conducted to map the current state of knowledge on AI-

VPs across four dimensions: (i) feasibility and validity of implementation, (ii) effectiveness for

skill development, (iii) system design and integration, and (iv) impact on clinical reasoning and

decision-making.

This review aims to answer two guiding questions:

• How can AI-powered virtual patients transform medical education?

• What key considerations are essential for their integration and evaluation to maximize edu-

cational impact?

By synthesizing recent empirical studies, the review identifies both the strengths and limita-

tions of existing approaches and highlights the gaps that Smart-Doc seeks to address in its design

and evaluation.

To achieve this overarching goal, this review maps existing literature on AI-powered virtual

patients in medical education, specifically focusing on:

• Feasibility and Validity: Examining evidence supporting practical implementation and

accuracy of AI-VPs in simulating patient encounters and assessing student performance.

• Effectiveness for Skill Development: Synthesizing findings on AI-VP effectiveness in en-

hancing specific clinical skills, including communication, history-taking, and clinical rea-

soning.

• Development and Design Considerations: Exploring key design principles, technological

underpinnings, and iterative development approaches employed in AI-VP system creation.

11
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• Impact on Clinical Reasoning and Decision-Making: Investigating AI-VP influence on

cognitive skills underpinning clinical practice, particularly clinical reasoning and decision-

making abilities.

3.1 Methods

To ensure adherence to the PRISMA-ScR, this scoping review employed established guidelines

and a corresponding checklist.

3.1.1 Eligibility Criteria

This review focused on peer-reviewed, open-access empirical studies published in English be-

tween 2019 and 2025, investigating the application of AI in medical education for history-taking

skills. This timeframe was selected to capture recent AI and e-learning trends post-COVID-19.

Eligible studies included research that:

• Involved medical and/or nursing students. This criterion ensured the review focused on

populations relevant to general medical and nursing education, excluding specialized fields.

• Specifically examined AI-driven interventions designed to enhance clinical skills.

• Featured interventions that:

– Employed Artificial Intelligence (AI).

– Virtual Patients (VPs) were used as the delivery method.

– Focused on clinical practice. This narrowed the scope to studies directly related to the

acquisition and development of practical clinical skills.

The review excluded book chapters, reports, conference papers, grey literature, pay-walled ar-

ticles, pre-prints, unpublished materials, theoretical papers, reviews, editorials, and opinion pieces.

Studies focusing on specific medical specialties, such as surgery or dental education were also ex-

cluded, as the focus of the review is the clinical interview process.

3.1.2 Information Sources

A comprehensive literature search was conducted across Cochrane Library, PubMed (includ-

ing PubMed Central - PMC), Scopus, ScienceDirect, and IEEE Xplore electronic bibliographic

databases.

3.1.3 Search Strategy

A systematic search was performed across multiple databases for relevant studies.
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A core search strategy, initially developed for PubMed and subsequently adapted for other

databases to maintain consistency, was employed. The PubMed search string, restricted by publi-

cation date (2019-2025) and language (English), was:

("Anamnestic interview" OR "History Taking" OR "Anamnesis") AND "Artificial

Intelligence"

The search was implemented in PubMed (All Fields), PMC (Abstract), Scopus (Title, Ab-

stract, Keywords), ScienceDirect (Title, Abstract, Keywords), IEEE Xplore (All Metadata), and

the Cochrane Library (Title, Abstract, Keywords).

3.1.4 Selection of Sources of Evidence

A two-stage screening process was employed:

1. Title and Abstract Screening: Search results were imported into Zotero, duplicates re-

moved, and uploaded to Rayyan, a web-based systematic review screening tool. Titles and

abstracts were reviewed by a single researcher against predefined eligibility criteria.

2. Full-Text Screening: Potentially relevant articles underwent full-text assessment, also con-

ducted by the same reviewer.

While dual screening is often employed to mitigate bias, single-reviewer screening was utilized

here due to the context of this review being conducted for a master’s dissertation

3.1.5 Data Charting Process

Data extraction, refined iteratively after pilot testing, was performed using a predefined form on a

subset of included studies. Extracted data included:

• Article Information: Title, publication year, authors, keywords, publication type, country

of origin.

• Study Characteristics: Objective, design, data collection / analysis methods, study en-

ablers / challenges.

• Participant Characteristics: Student type, educational background, learning setting, age

range, sample size, gender distribution (when available).

• AI Intervention Details: AI application type, AI techniques, tools, models, services em-

ployed, delivery modality, integration platform, curriculum integration, intervention dura-

tion and supporting and hindering factors.

• Outcomes and Impact: Measurement methods, specific history-taking skill outcomes, re-

ported benefits, challenges.

Data charting was loosely structured around the PICO framework, acknowledging typical

scoping review inconsistencies in comparative elements across studies.
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3.2 Results

Database searches identified 508 publications. After removing 14.17% (72/508) duplicates, the

titles and abstracts of 79.92% (406/508) publications were screened. Based on the eligibility

criteria, full texts of 5.91% (30/508) publications were reviewed. Ultimately, 3.35% (17/508)

studies were included in this scoping review (Figure1).

Figure 3.1: Prisma Flow Diagram

3.2.1 Publication Categorization

This scoping review categorized studies on AI-powered virtual patients (VPs) in medical education

into aforementioned four key theme.

A Venn Diagram was developed to effectively visualizes the multidimensional nature of the

reviewed literature by using a color gradient to represent scoring across four themes (Figure. 2).
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This allows for quick identification of research focus overlaps, and facilitates comparative analysis

of thematic relevance across individual papers and clusters of studies.

Figure 3.2: Venn Diagram Mapping

3.2.2 Study Design

To systematically classify the study designs, this review adopts the categorization proposed by

Hanna von Gerich et al. (2022)[61], which groups research articles based on their primary aim.

This framework includes developing new AI technologies, improving the accuracy or efficiency

of existing AI technologies, testing different algorithms or AI systems, and assessing, evaluating,

or validating existing AI technologies.

Hanna von Gerich et al. (2022) [61] utilized this categorization to analyze the progression of

AI technology in nursing, revealing a predominance of studies in the early development phases.

Applying this framework in the context of AI-powered virtual patients allows for a structured

analysis of the research landscape, highlighting the primary aims of included studies and enabling

comparisons within the field. Table II summarizes key study characteristics, including design and

primary research aim, ensuring a structured and comparative analysis of the included studies.
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Table 3.1: Study Design

Characteristic Author, (year of publication) Publications
(n=17), n(%)

Study Design

Experimental Wang. (2025) [62], Bruge. (2024) [6], Lippitsch.
(2024) [39], Michael. (2022) [10]

4 (23.5%)

Quasi-
Experimental

Shorey. (2019) [57], Anthamatten. (2024) [1], Wang.
(2022) [64]

3 (17.6%)

Descriptive Holderried. (2024) [25], Holderried. (2024) [26],
Furlan. (2021) [19], Afzal. (2020) [53], Mattei.
(2024) [15], Wang. (2025) [63], Maicher. (2023)
[41], Jingrong. (2022) [29], Furlan. (2022) [20],
Maicher. (2019) [42]

10 (58.8%)

Aim of the research

Development of
new AI
technologies:

Furlan. (2021) [19], Shorey. (2019) [57], Afzal.
(2020) [53], Maicher. (2023) [41], Wang. (2025)
[63], Lippitisch. (2024) [39], Wang. (2022) [64],
Furlan. (2022) [20].

8 (47.1%)

Assessing, evaluat-
ing, or validating
existing AI tech-
nologies:

Holderried. (2024) [25], Holderried. (2024) [26],
Wang. (2025) [62], Mattei. (2024) [15]. Jingrong.
(2022) [29], Anthamatten. (2024) [1], Brugge.
(2024) [6], Michael. (2022) [10], Maicher. (2019)
[42]

9 (53.9%)

3.2.3 Main findings

The subsequent section presents a concise overview of the key findings from the included publi-

cations, organized in table format for detailed discussion. Specifically, Table II encapsulates each

study’s characteristics, emphasizing feasibility, effectiveness, design considerations, and the im-

pact of AI-driven Virtual Patients (VPs) on clinical training and decision-making. Complementing

this, Table III identifies factors that either facilitate or challenge technology adoption, offering a

balanced perspective on the potential benefits of VPs. Collectively, these tables deliver a com-

parative analysis that aids in understanding the current status, practical implications, and future

research directions of AI-powered VPs.
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Table 3.2: Condensed Summary of Studies on AI-Powered Virtual Patients

Author (Year) Intervention Population Key Conclusions

Feasibility and Validity

Holderried
(2024) [25]

GPT-3.5 chatbot Med/Midwifery Realistic; useful

Wang (2025)
[62]

ChatGPT SP
(prompts)

Medical Effective; cost-efficient

Mattei (2024)
[15]

AI-VSP cases Healthcare
Better diagnostics;

supplement

Maicher (2019)
[42]

Web VSP Medical Reliable; feedback support

Skill Development

Shorey (2019)
[57]

VP comm. training Nursing ↑Self-efficacy; skills

Jingrong (2022)
[29]

WeChat VSP Nursing
Objective; influenced by

skills

Michael (2022)
[10]

Chatbot + tutor Medical Comparable to bedside

Holderried
(2024) [26]

GPT-4 chatbot Medical >99% accurate; reliable

Lippitsch (2024)
[39]

ViPATalk avatars Medical Equivalent to role-play

Development and Design

Furlan (2021)
[19]

Hepius NLP/ITS Medical ↑Test scores; reasoning

Wang (2025)
[63]

XueYiKu app Students, doctors Active learning; feedback

Maicher (2023)
[41]

AI VSP (ASR, RNN) Medical 90% accuracy; human-like

Wang (2022)
[64]

AIteach Medical ↑Clinical thinking

Afzal (2020) [53] Dengue tutor bot Medical High usability; engagement

Clinical Reasoning

Furlan (2022)
[20]

VP NLP/ITS cases Nurse practitioners
Consistent metrics; weak

exam link

Brugge (2024)
[6]

ChatGPT feedback Medical Better decision-making

Anthamatten
(2024) [1]

VR + AI sims Medical Effective; screen > VR
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Table 3.3: Supporting and Hindering Factors for AI Adoption in Medical Education

Factor Category Supporting Factors Hindering Factors

Educational
Potential

• Innovative, accessible learning
[15, 25]

• Overcomes traditional training
limitations [25]

• Cost-effective [6, 25]
• High-quality feedback [26]
• Realistic simulations [26]
• Enhances learning through

practice [26]

• Concerns about accuracy [6, 19,
42, 53]

• Limitations in subjective judgment
and feedback mechanisms [39, 62]

• Reliance on AI instead of learning
[26]

• Unexpected AI behaviors [26]

Technology &
Implementation

• Technological advances in AI and
NLP [19, 41, 64]

• Improved system accuracy with
training data [41]

• Consistent answers [10]
• Distance learning capabilities [10,

19, 64]

• Technical issues [1, 15, 57]
• High implementation costs [15]
• Reliance on third-party services

[39]
• Limited case variety [63]
• Lack of system integration [63]
• Difficulty in communication with

AI [1]

Realism & Human
Interaction

• Simulates standardized patients
effectively [62]

• Bridges theoretical and clinical
practice [15]

• Lack of realism in avatars [15]
• Inability to fully replace human

interaction [15]
• Absence of non-verbal cues [6]

Cost & Accessibility
• Cost reduction [42]
• Increased accessibility [6]
• Resource sharing [63]

• Resource-intensive programs [41]

Other

• Need for safe practice
environment [15]

• Potential for AI improvement [15]
• Positive student feedback [41]

• Negative student attitudes towards
AI feedback [26]

• Potential disengagement [53]
• Preference for screen-based

format over immersive VR [1]
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Discussion

This section begins with a bullet-point summary of the key findings across the four identified

themes, followed by a detailed discussion of these findings.

Key Findings

• Feasibility and Validity: AI-powered virtual patients (VSPs) are feasible and valid for

medical education, showing high accuracy and realism [15, 25, 42, 62]. However, continu-

ous refinement is needed to optimize accuracy and address context-dependent variability in

realism.

• Effectiveness for Skill Development: AI-VPs effectively enhance foundational skills, par-

ticularly history-taking, offering scalable, feedback-rich learning comparable to traditional

methods [10, 26, 29, 39, 57]. Further research is needed to assess their impact on advanced

communication skills, empathy, and long-term skill retention.

• Development and Design: AI-VP systems leverage advanced technologies like NLP and

ITS for realism, scalability, and pedagogical soundness [19, 41, 63, 64]. The use of real

medical records and hybrid AI designs further enhances authenticity and sophistication.

• Impact on Clinical Reasoning and Decision-Making: AI-VPs show promise in enhanc-

ing clinical reasoning and decision-making (CDM) skills, with AI feedback significantly

improving CDM scores [1, 6, 20]. However, further research is needed to fully quantify

their long-term impact on cognitive skills.

• Balance between AI Innovation and Evaluation: The field demonstrates a balance be-

tween rapid AI innovation and rigorous evaluation, with a growing body of experimental

research validating AI-VPs’ educational effectiveness [6, 26].

• Implications for Clinical Training: AI-VPs have transformative potential for medical ed-

ucation, offering scalable and effective training for foundational skills, personalized feed-

back, and data-driven insights [10, 20]. However, strategic integration and ongoing evalua-

tion are crucial to address limitations and maximize their pedagogical impact.

Feasibility and Validity of AI-Powered Virtual Patients

AI-powered virtual patients (VSPs) demonstrate strong feasibility and validity, although optimiz-

ing accuracy and realism remains a challenge. Holderried et al. (2024) established GPT-3.5’s

feasibility for patient simulation, with 94.4% answer alignment to illness scripts and 97.9% plausi-

bility ratings, indicating educational acceptability and good user experience (CUQ (tool measures

UX and usability of chatbots) score: 77/100) [25]. However, rare implausible answers (2.1%)

highlighted the need for refined model constraints to improve output accuracy and reduce socially

desirable responses [25].
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Wang et al. (2025) reinforced AI-VP validity, showing prompt engineering significantly en-

hanced ChatGPT’s clinical accuracy. Iterative prompt design decreased scoring discrepancies

from 29.83% to 6.06%, achieving 89.3% question categorization accuracy, emphasizing iterative

prompt design for valid assessments [62]. Similarly, Maicher et al. (2019) validated AI assess-

ment of history-taking skills, showing computer-generated scores (87% accuracy) closely mirrored

human rater scores (90%), with high inter-rater reliability (Intraclass correlation coefficient (ICC)

0.75 for 81% of categories) confirming system consistency, although complex domains require

further refinement [42].

De Mattei et al. (2024) further evidenced AI-VP feasibility, with 50–87% of students across

disciplines rating them as realistic. Supporting their utility, 72–90% reported improved diagnostic

confidence. However, variable realism ratings (e.g., 16% among physician assistant students)

indicated context-dependent feasibility [15].

Effectiveness of AI-Powered VPs for Skill Development

AI-powered VPs show promise in effectively enhancing specific skills, particularly foundational

skills, although nuances exist. Holderried et al. (2024) directly addressed AI-VP effectiveness,

showing GPT-4 provided structured feedback on history-taking, aligning with human raters and

supporting skill improvement. Lippitsch et al. (2024) further indicated ViPATalk’s effectiveness,

demonstrating equivalence to role-play for history-taking completeness while offering automated

feedback and self-study benefits. This suggests AI-VPs offer a scalable alternative for foundational

skill practice [26, 39].

Shorey et al. (2019) highlighted AI-VPs’ potential to enhance broader communication skills,

noting improved student self-efficacy and engagement, though primarily based on perceived im-

provements. Du et al. (2022) indirectly supported effectiveness by validating AI-VPs’ ability to

provide objective history-taking skill assessments, crucial for targeted feedback. Finally, Co et

al. (2022)’s case-control study directly compared AI-VP training to traditional bedside teaching,

finding comparable student performance for history-taking, suggesting AI-VPs can be as effective

as real-patient interactions for foundational skills training [10, 29, 57].

However, while AI-VPs are effective for foundational skills and feedback delivery, studies in-

dicate limitations. Lippitsch et al. (2024) found equivalence, not superiority, to role-play [39].

Shorey et al. (2019) focused on perceived self-efficacy [57], and Du et al. (2022) primarily on

assessment validity [29]. Further research is needed to assess effectiveness for advanced commu-

nication skills, empathy, and long-term skill retention. Nevertheless, evidence indicates AI-VPs

are effective tools for foundational skill development in medical education, offering scalable, ac-

cessible, feedback-rich learning.

Development and Design of AI-Powered Virtual Patient Systems

AI-VP system development consistently leverages advanced technologies for realism, scalability,

and pedagogical soundness. Furlan et al. (2021) emphasized NLP integration in Hepius for
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realistic interaction and ITS for personalized feedback. Maicher et al. (2023) detailed a hybrid

AI system combining rule-based and neural network NLU for improved conversational fidelity.

Wang et al. (2022 & 2025) highlighted NLP’s crucial role in processing real medical records for

authentic case content in AIteach and XueYiKu [19, 41, 63, 64].

Beyond NLP, Intelligent Tutoring Systems (ITS) are increasingly integrated for pedagogical

enhancement. Furlan et al. (2021) incorporated an ITS module in Hepius for step-by-step feed-

back. Wang et al. (2025) implemented multidimensional automatic evaluation in XueYiKu, using

radar charts for visualized feedback. The use of real medical records, as seen in AIteach and

XueYiKu [63, 64], and hybrid AI designs [41] further underscores the trend towards sophisti-

cated, data-driven, and pedagogically informed AI-VP systems. Mobile accessibility and scalable

architectures are also key design considerations [53, 63].

Impact of AI-Powered Virtual Patients on Clinical Reasoning and Decision-Making

AI-powered VPs demonstrate a promising, nuanced impact on cognitive skills, particularly clinical

reasoning and decision-making. Brügge et al. (2024) provides direct evidence of enhanced CDM

with AI feedback. Their RCT showed significant CDM score improvements in students receiving

AI feedback, especially in "creating context" and "securing information" subdomains [6]. Furlan

et al. (2022) further developed learning analytics metrics to assess specific CDM components

within AI-VP simulations, offering granular performance insights [20].

Anthamatten & Holt (2024)’s qualitative findings align, with NP students reporting VR-AI

simulations as most impactful on decision-making abilities and responsiveness to clinical changes.

Students also reported increased diagnostic confidence and perceived AI-VPs as useful for history-

taking and differential diagnosis development [1].

However, limitations exist. Furlan et al. (2022) found limited correlation with external hema-

tology exam scores, suggesting VPs and traditional exams assess different competencies [20]. An-

thamatten & Holt (2024) primarily relied on student perceptions, requiring further objective val-

idation. Despite these nuances, evidence suggests AI-VPs can positively impact cognitive skills,

particularly CDM, though further research is needed to fully quantify long-term impact. [1]

Balance between AI innovation and evaluation

Reflecting on methodological approaches employed across reviewed studies, a notable trend emerges

concerning balance between AI innovation and rigorous evaluation. A significant portion of lit-

erature, particularly within ’Development and Design’ theme, is descriptive, detailing innovative

architectures, functionalities, technological advancements of AI-VP systems, showcasing rapid

AI innovation in medical education. However, alongside descriptive accounts, a growing body of

experimental research, as seen in ’Effectiveness’ and ’Impact on Clinical Reasoning’ themes, is

dedicated to rigorously evaluating AI-VP pedagogical value and impact on student learning and

cognitive skill development. This increasing experimental validation emphasis showcases a ma-

turing field, moving beyond demonstrating technological feasibility towards establishing evidence
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for AI-powered virtual patients’ educational effectiveness and optimal implementation in medical

training.

Interpretation in Context

The findings of this scoping review resonate with and expand upon existing reviews in AI-powered

medical education. Similar to Stamer et al. (2023)’s [58] scoping review focused on communi-

cation skills training, it confirms the promising potential of AI and machine learning to enhance

medical education, particularly by offering cost-effective, readily accessible training modalities.

Both reviews align in identifying AI-VP feasibility and acceptability as key strengths, echoing

Hindelang et al. (2024)’s [24] finding that chatbots can increase patient engagement and stream-

line data collection. This consensus across reviews strengthens the argument for the growing

maturity and acceptance of AI-VP technology in medical education.

However, the current study also adds nuanced perspectives and extends beyond prior review

scope. While Stamer et al. (2023)’s scoping review focused on communication skills training,

Hindelang et al. (2024) and this study acknowledge technological limitations and challenges

related to AI-VP interaction authenticity and natural language flow. Unlike those reviews, it delves

deeper into the specific technological advancements (NLP, ITS, hybrid systems, learning analytics)

employed to address these limitations, particularly within the "Development and Design" theme.

Furthermore, unlike the narrower focus of Stamer et al. (2023) on communication skills and

Hindelang et al. (2024) on history-taking chatbots, its broader scope, encompassing the impact

on clinical reasoning and decision-making, provides a more holistic, integrated understanding

of AI-VP pedagogical potential across a wider spectrum of cognitive skills essential for clinical

practice. Notably, the consistent emphasis in this review on AI-generated feedback’s crucial role

in enhancing effectiveness, as highlighted in Holderried et al. (2024) [26] and Brügge et al.

(2024) [6], represents a key area of focus not explicitly emphasized in other scoping reviews.

This highlights AI-generated feedback as a potentially critical mechanism for maximizing AI-VP

pedagogical impact, as the reviewed studies demonstrate that detailed feedback provides a higher

level of learning.

Implications for Clinical Training

Building upon these findings and considering identified trends, key implications for clinical train-

ing and medical education emerge. The demonstrated feasibility, validity, and effectiveness of

AI-powered VPs suggest transformative potential for curriculum design and technology adoption.

Firstly, findings strongly advocate for judicious AI-VP simulation integration into medical

curricula, particularly in early clinical training stages, offering a scalable, accessible means for

repeated practice in foundational skills. AI-VP training can be comparable to real-patient bedside

teaching for history-taking skills, suggesting a viable, ethical alternative for novice learners [10].

For example, AI-VPs can be strategically integrated into early clinical training to provide students
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with repeated practice in history-taking, allowing them to develop proficiency before encountering

real patients.

Secondly, emphasis on AI-generated feedback and learning analytics points towards a future

of more personalized, data-driven medical education. AI-VPs’ ability to provide structured, au-

tomated, potentially individualized feedback offers a mechanism to enhance learning efficiency

and address individual student needs. Furthermore, learning analytics metrics enable continuous

program improvement and curriculum refinement based on data-driven insights [20]. This data

can be used to identify areas where students struggle and to tailor instruction to meet their specific

needs.

An interesting aspect of the clinical reasoning process is the presence of cognitive errors and

biases. Furlan et al. (2021) highlight that the majority of diagnostic errors are caused by cognitive

errors, rather than knowledge deficiency [19]. Subsequently, Furlan et al. (2022) found that many

students skipped crucial steps of the clinical interview, falling into the "early closure" mistake [20].

This suggests that students may be susceptible to cognitive biases during the clinical reasoning

process, which is an important consideration for future research and AI-VP development. AI-VPs

can be designed to simulate scenarios that are likely to trigger cognitive biases, providing students

with the opportunity to recognize and correct these errors in a safe environment.

However, reviewed literature also underscores the importance of thoughtful, strategic imple-

mentation. As highlighted by Stamer et al. (2023) [58] and Hindelang et al. (2024) [24], chal-

lenges related to authenticity, natural language flow, technological limitations, and ongoing refine-

ment needs remain. Future curriculum design and technology adoption should prioritize:

• Enhancing Realism and Authenticity: Focus on improving AI-VP interaction realism and

authenticity, particularly in nuanced communication aspects beyond factual accuracy.

• Strategic Integration of AI-VPs: Integrate AI-VPs as a supplement, not a replacement,

for traditional clinical experiences. For instance, AI-VPs can be used for initial skill de-

velopment and practice, while real-world clinical experiences remain essential for develop-

ing advanced clinical judgment, empathy, and complex decision-making skills that require

human-to-human interaction.

• Stronger Evaluation Methodologies: Focus on robust evaluation methodologies, includ-

ing RCTs and objective skill measures, to further validate AI-VP interventions’ long-term

educational impact. For example, future research could employ longitudinal studies to as-

sess the long-term impact of AI-VP training on clinical skills and patient outcomes, or use

standardized patient assessments to objectively measure the improvement in students’ clin-

ical skills after AI-VP training.

• Other Considerations: Carefully consider ethical implications, data privacy, and user-

centered design for responsible, equitable AI-VP implementation.
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Strengths and Limitations

This scoping review benefits from a solid search strategy across major databases and a detailed

thematic analysis, providing a strong synthesis of current literature. However, it also has method-

ological limitations. Grey literature exclusion may have overlooked relevant findings. Initial single

reviewer screening introduces potential bias, and the focus on peer-reviewed, open-access publi-

cations carries a risk of publication bias towards positive results. Future research should consider

incorporating grey literature, implementing dual screening, and acknowledging potential biases

when interpreting findings.

Conclusion

This scoping review examined the current landscape of AI-powered virtual patients in medical ed-

ucation, synthesizing evidence across feasibility and validity, effectiveness for skill development,

system design and impact on clinical reasoning.

The findings demonstrate the promising potential of AI-VPs as a valuable and increasingly so-

phisticated tool for medical training. AI-VPs offer a feasible, scalable, and engaging modality for

delivering standardized, repeatable practice opportunities, particularly for foundational communi-

cation and history-taking skills. Moreover, AI-driven feedback and learning analytics integration

within these systems offers pathways towards personalized, data-driven medical education with

the potential to enhance clinical reasoning and decision-making abilities.

While challenges such as achieving complete realism, overcoming technological limitations

and the need for further rigorous validation remain, the AI-VP development trajectory is clearly

towards more authentic, user-friendly and pedagogically effective tools. To fully leverage this

potential, medical educators should strategically integrate AI-VPs into curricula, focusing on sup-

plementing traditional methods rather than replacing them. Researchers should prioritize inves-

tigating AI-VP impact on advanced clinical skills and long-term outcomes, specifically through

longitudinal studies assessing skill retention beyond immediate training. Evaluating AI-VPs’ sus-

tained impact on clinical competence in this manner would provide stronger evidence for their

educational value and inform best practices for curriculum integration. Furthermore, develop-

ers should continue to focus on improving AI-VP realism and addressing current technological

limitations. Furthermore, developers should focus on improving AI-VP realism and addressing

current technological limitations. These efforts will maximize the unique strengths of AI-VPs,

holding significant promise for transforming medical education and cultivating a more competent

and future-ready healthcare workforce. It is crucial to invest in this rapidly evolving field and

ensure AI-VPs’ responsible and effective implementation in medical education and beyond.

Taken together, the evidence shows both the promise and the current limitations of AI-powered

virtual patients. While feasibility and usability studies highlight their potential, questions remain

regarding their role in teaching complex reasoning skills, supporting metacognition, and address-

ing cognitive biases in authentic contexts.
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To respond to these gaps, the next chapter presents the design and development of the Smart-
Doc platform. Chapter 4 demonstrates how the theoretical principles outlined in Chapter 2 and the

empirical findings reviewed here informed the system’s architecture, case design, and educational

features.



Chapter 4

Developing Smart-Doc: A Bias-Aware
Clinical Simulation Platform

This chapter presents the methods developed to address the research questions stated in Chap-

ter 1.2. To operationalize these questions, a decision was taken to develop Smart-Doc, a conver-

sational clinical simulation platform. The rationale is threefold. First, the research requires an

environment where diagnostic reasoning is observable at the level of turns, intents, and evidence

use, so that bias-related behaviors can be detected and measured. Second, the study needs a con-

trollable setting that preserves the inquiry process. Information should be disclosed progressively

in response to learner actions, rather than supplied upfront, in order to reveal how hypotheses are

formed and revised. Third, the platform must support systematic feedback and analytics that map

interaction patterns to learning outcomes while remaining feasible for curricular deployment.

Virtual patients are established teaching tools, yet most implementations emphasize factual

content or procedural competence. Few systems target the cognitive processes that lead to diag-

nostic error, and those that do often rely on post hoc analysis without interactive support. Smart-

Doc addresses this gap by combining structured dialogue control with large language models to

sustain natural conversation while maintaining educational oversight. The design centers on intent

recognition for dialogue orchestration, progressive disclosure to prevent premature closure, and a

bias analysis pipeline that treats bias as an observable pattern in interaction.

Alternative approaches were considered and rejected. Fully neural, end-to-end dialogue with-

out explicit control was deemed inadequate for educational purposes because it limits transparency,

reduces the ability to enforce phase boundaries, and complicates measurement and evaluation.

Conversely, entirely scripted dialogues lack realism and do not elicit authentic information seek-

ing. Smart-Doc adopts a hybrid strategy that joins rule-based pedagogical logic with model-

generated language. This provides realism for the learner and accountability for the instructor.

The remainder of the chapter is organized as follows. Section 4.1 introduces the conceptual

and pedagogical design, including the progression of phases and the operationalization of bias

markers in support of RQ 1 and RQ 2. Section 4.2 details the technical implementation, covering

26
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algorithms, schemas, and deployment choices that enable scalable use and address RQ 3. Sec-

tion 4.3 illustrates a complete diagnostic workflow using the study case. Section 4.4 describes the

learner and administrator interfaces. The chapter concludes with a summary in Section 4.5 and a

bridge to the empirical evaluation in Chapter 5.

4.1 System Design

Smart-Doc is designed to make diagnostic reasoning observable while preserving the authentic-

ity of a clinical encounter. The design translates three pedagogical commitments into concrete

mechanisms. First, authenticity: the interaction should resemble a real consultation, with natural

language anamnesis, focused examination, and selective access to investigations. Second, bias-
awareness: the system should detect patterns that signal anchoring, confirmation, or premature

closure and respond with prompts that encourage reflection without breaking immersion. Third,

structured reflection: learners should periodically articulate evidence, alternatives, and uncer-

tainty so that reasoning steps become explicit. These commitments, introduced in Chapters 2

and 3, motivate a platform that couples conversational flexibility with deliberate control in service

of RQ 1–3.

4.1.1 Architecture and core components

The platform follows a three-layer architecture that separates pedagogy from orchestration and

presentation. The domain logic layer encodes rules for information disclosure and bias detection

so that educational intent governs what the learner can discover and when. The API layer co-

ordinates modules, maintains the case state, and enforces phase boundaries across the interview,

examination, and investigations. The presentation layer provides the browser interface for di-

alogue, results, and feedback. At the center is the Intent Driven Disclosure Manager, which

keeps the learning loop coherent by linking what the learner asks, what the case reveals, and when

reflective prompts appear.

Concretely, the manager orchestrates three processes that run on every turn: intent classifi-

cation maps the learner’s message to a structured action; progressive disclosure reveals only the

information justified by that action and the current case state; and bias monitoring looks for pat-

terns that warrant a brief, context aware nudge toward alternative hypotheses.

Smart-Doc integrates the following modules into a closed pedagogical loop.

Intent Classifier. Learner queries are mapped to a taxonomy of 33 diagnostic intents spanning

anamnesis, examination, and investigations (Table 4.1). Classification is contextual, so identical

strings can be interpreted differently by phase. This supports intuitive conversation while main-

taining structural coherence.

Discovery Processor. Clinical facts are represented as modular information blocks annotated

with level, prerequisites, and pedagogical importance. The processor releases blocks only when



Developing Smart-Doc: A Bias-Aware Clinical Simulation Platform 28

Figure 4.1: High-level architecture with three layers and modular components.

the learner’s intent and case state justify it, which preserves inquiry and prevents answer reveals

that would short-circuit reasoning.

Bias Analyzer. A hybrid of rule-based heuristics and model-assisted semantic checks monitors

for selective information seeking aligned with a single hypothesis, early commitment before dis-

criminators are queried, or disregard of counter-evidence. When such patterns emerge, the system

issues a brief prompt that invites reconsideration, for example “What else could explain these

findings?”.

Clinical Evaluator. A single model under strict temperature control scores information gather-

ing, diagnostic accuracy, and indicators of bias awareness against structured rubrics designed for

reproducibility. Scores and narrative feedback are presented at planned checkpoints.

Simulation Engine and Responders. The Simulation Engine coordinates the cycle of query,

classification, disclosure, bias analysis, and response generation. Responder templates adapt tone

and format to phase, conversational in anamnesis, objective in examination, and concise for labo-

ratory or imaging results.

Session Management. All interactions are logged with timestamps to create a reasoning trace

used for feedback, assessment, and research.
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Table 4.1: Intent categories by diagnostic phase (selected examples).

Phase Category Example intents Count

Anamnesis Past Medical History pmh_general, pmh_family_history,
pmh_surgical_history

3

Anamnesis History of Present
Illness

hpi_chief_complaint,
hpi_onset_duration, hpi_fever,
hpi_chills

9

Anamnesis Medications meds_current, meds_ra_specific,
meds_full_reconciliation

3

Anamnesis Social History social_smoking, social_alcohol,
social_occupation

3

Exam General / System exam_vital, exam_cardiovascular,
exam_respiratory

4

Investigations Laboratory labs_general, labs_cbc, labs_bnp 5
Investigations Imaging imaging_chest_xray,

imaging_ct_chest, imaging_echo
6

4.1.2 Case Modeling and Bias Integration

Each Smart-Doc case embeds pedagogical logic directly in its structure, linking bias triggers,

learning objectives, and reflection prompts.

Information blocks. Every block defines its level of inquiry, prerequisites, criticality, and trigger

intents. This schema supports both shallow and deep questioning and mirrors expert diagnostic

reasoning.

Bias triggers. Metadata identifies potential anchors, contradictory evidence, and corrective prompts.

When a learner focuses excessively on one hypothesis despite conflicting data, a brief bias card

invites reconsideration.

Educational scaffolding. Repeated unproductive queries activate dynamic hints that steer the

interview without providing answers. This adaptive feedback maintains engagement while avoid-

ing frustration.

Reflection prompts. At case closure, learners answer structured meta-cognitive questions on ev-

idence, counter-evidence, and alternatives. These responses foster deliberate reflection and make

judgment processes explicit.

Prototype case. The pilot case adapts Mull et al. [46], where an elderly woman with dysp-

nea was misdiagnosed with heart failure due to anchoring. Smart-Doc reproduces this trajectory
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through controlled framing, contradictory findings, and the critical discovery of immunosuppres-

sant therapy.

Taken together, these elements convert each case from a scripted storyline into a declarative,

testable specification that binds content to pedagogy. The same schema supports rapid authoring

of new scenarios, controlled variation for A/B comparisons, and precise logging of high-value

events for analytics. Bias annotations align with RQ 1, reflection prompts operationalize RQ 2,

and the case agnostic structure contributes to scalability in RQ 3. This integration ensures that

learning signals are generated by inquiry rather than answer reveal, and it provides a reproducible

basis for the evaluation reported in Chapter 5.



4.2 Technical Implementation 31

4.2 Technical Implementation

4.2.1 Runtime platform and deployment

Smart-Doc runs on a modular, containerized platform designed for reproducibility, privacy, and

ease of adoption in research and teaching. The backend exposes a simple API, the model host runs

locally for privacy, and the front-end is lightweight for easy deployment. Table 4.2 lists the core

technologies.

Table 4.2: Core technologies and versions.

Component Technology Version

Backend framework Flask 3.0+
Language Python 3.13+
Dependency mgmt. Poetry 1.8+
ORM and migrations SQLAlchemy + Alembic 2.0+
Data validation Pydantic 2.0+
LLM interface Ollama Latest
LLM model Gemma 3:4b-it-q4_K_M 4B params
Frontend HTML/CSS/JS ES2020+
Containerisation Docker + Compose 24.0+
Prod server Gunicorn 21.0+

Two deployment modes are supported. A local mode prioritizes privacy and is suited to small

cohorts or lab studies. A cloud mode supports larger classes and centralized monitoring. Struc-

tured logs record latency and fallback events, and per-turn traces enable audit and research without

storing raw audio or video.

Observability. Structured logs capture per-turn latency, token counts, classification confidence,

validation outcomes, and fallback reasons. Metrics are aggregated by session and module to mon-

itor performance and safety. In the study deployment, median response time was approximately

6 seconds per turn, so a request timeout threshold is enforced with a single retry using a com-

pacted prompt. Timeouts and retries are recorded for audit, and error messages are downgraded to

clarifications to preserve conversational flow.

4.2.2 Interaction pipeline and control algorithms

Each turn follows the same loop: the learner submits a query, the system classifies intent with

phase awareness, eligible information blocks are disclosed, a phase-appropriate responder gener-

ates a reply, the bias monitor evaluates recent behavior, and events are logged to the session state.

Ambiguous queries trigger clarification rather than errors to preserve conversational flow.
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Intent-driven progressive disclosure. The procedure below governs information revelation,

scaffolding, and bias checks during each interaction.

Input: user_query, session_context, revealed_blocks

Output: information_blocks, educational_hints, bias_warnings

1: phase ← session_context.current_phase

2: available ← filter_intents_by_phase(phase)

3: cls ← LLM_classify(user_query, available)

4: if cls.confidence < 0.30 then

5: return request_clarification(user_query, available)

6: end if

7: intent ← cls.intent_id

8: mapped ← get_intent_block_mappings(intent, case)

9: eligible ← filter_by_prerequisites(mapped, revealed_blocks)

10: // Just-in-time scaffolding

11: if intent == "meds_ra_specific_initial_query" then

12: n ← count_previous_queries(intent, session)

13: if n > 1 AND not revealed("critical_infliximab") then

14: hint ← "Maybe you could check her previous

hospital records?"

15: return (eligible, hint, None)

16: end if

17: end if

18: // Real-time bias check

19: focus ← calculate_focus(session_context.working_diagnosis)

20: if focus > 0.70 then

21: contra ← detect_contradictions(revealed_blocks,

session_context.working_diagnosis)

22: if not empty(contra) then

23: warn ← make_bias_warning("anchoring",

"What else could explain these findings?")

24: return (eligible, None, warn)

25: end if

26: end if

27: return (eligible, None, None)
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Figure 4.2: Progressive disclosure sequence: from query to information revelation with prerequi-
site checking.

Bias detection and warnings. Bias is treated as a pattern in interaction, not a trait. The monitor

estimates focus on a single hypothesis, checks for contradictions that have been revealed, and

looks for selective evidence seeking or early closure.

Input: session_history, current_hypothesis, revealed_information

Output: bias_warning or None

1: recent ← last_n(session_history.queries, 5)

2: f_ratio ← focus_ratio(recent, current_hypothesis)
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3: // Anchoring

4: if f_ratio > 0.70 then

5: contra ← detect_contradictions(revealed_information,

current_hypothesis)

6: if not empty(contra) then

7: log_bias("anchoring", evidence=contra)

8: return warn("anchoring",

"You seem focused on one diagnosis.

What else could explain this?",

"moderate")

9: end if

10: end if

11: // Confirmation bias

12: s ← count_supporting(recent, current_hypothesis)

13: r ← count_refuting(recent, current_hypothesis)

14: if s > 0 and r == 0 and len(recent) >= 4 then

15: log_bias("confirmation", pattern="seeking only

supporting evidence")

16: return warn("confirmation",

"Consider evidence that might contradict

your hypothesis", "low")

17: end if

18: // Premature closure

19: needed ← critical_blocks(case)

20: have ← intersect(needed, revealed_information)

21: if len(have) < 0.6 * len(needed) and

diagnosis_submitted(session_history) then

22: log_bias("premature_closure", coverage=len(have))

23: return warn("premature_closure", None, "high")

24: end if

25: return None
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Classification refinements and accuracy. Iterative testing exposed two failure modes. Queries

about past medical history were misclassified as medication requests because negative examples

were sparse. Enriching intent definitions with explicit negatives improved that contrast from 57%

to 95% and raised overall accuracy. Cross-phase acceptance errors, such as medication queries

during examination, were removed through strict phase gating. The result was a stable 96% overall

accuracy (Table 4.3).

Table 4.3: Intent classification accuracy improvements through iterative refinement.

Configuration PMH vs. Meds Cross-phase errors Overall

Baseline (generic defs.) 57% 23% 78%
+ Enhanced definitions 95% 18% 87%
+ Strict context filtering 95% 0% 96%

4.2.3 Model configuration, validation, and data layer

Smart-Doc operates on a local Ollama host with the quantized gemma3:4b-it-q4_K_M model

for classification, dialogue, and evaluation. Module-specific temperatures balance determinism

and naturalness (Table 4.4). All structured outputs pass Pydantic validation. If validation fails, a

retry with a compacted prompt is issued, and a conservative fallback response keeps the session

moving.

Table 4.4: LLM temperature settings by module.

Module Temp. Rationale

Intent classification 0.2 High consistency with minimal variability
Clinical evaluation 0.3 Reproducible scoring across sessions
Responders (dialogue) 0.5 Natural patient dialogue with limited variabil-

ity
Responders (labs) 0.3 Deterministic, professional reporting

Persistent data is stored in SQLite with an event-driven schema. Entities include sessions, mes-

sages, discoveries, bias_events, and evaluations. In-memory state supports real-time performance,

while write-ahead logging preserves complete traces.
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Figure 4.3: Conceptual schema capturing reasoning traces, bias events, and reflection data.

4.3 Example Workflow: The Miliary Tuberculosis Case

This section demonstrates Smart-Doc in practice through a full diagnostic workflow. The case

is adapted from Mull et al. and corresponds to representative Session SESS_0W451OZEJ. Ap-

pendix C provides the complete dialogue transcript with intent tags and justifications, the submit-

ted diagnosis, the reflective responses, and the automated evaluation summary.

4.3.1 Case Overview

Presentation. An 85-year-old Spanish-speaking woman with progressive dyspnoea. Framing.
Prior label of “heart failure”. Correct diagnosis. Miliary tuberculosis related to infliximab ther-

apy. Common misdiagnosis. Acute heart failure exacerbation.

4.3.2 Turn-by-turn highlights

Anamnesis. The learner confirms comorbidities (diabetes, hypertension, rheumatoid arthritis) and

begins medication reconciliation. After repeated queries about rheumatoid arthritis therapy, a

just-in-time hint to check previous hospital records prompts retrieval of prior documentation and

reveals infliximab, which reframes risk and narrows differentials.

Examination. Normal heart sounds and absence of edema reduce the likelihood of decompen-

sated heart failure. Diffuse crackles remain non-specific and defer judgment to imaging.

Investigations. A chest radiograph read as pulmonary vascular congestion briefly supports

the initial frame and triggers an anchoring warning. Computed tomography then shows a miliary
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pattern, and echocardiography confirms a normal ejection fraction, which redirects the working

diagnosis toward disseminated infection rather than cardiac failure.

Table 4.5: Information revealed by category and timing. See Appendix C for the complete dia-
logue and event log.

Category Count Critical findings Timeline

Presenting symptoms 6 None First 2 min
Current medications 3 Infliximab about min 7
Physical examination 3 None 7 to 10 min
Imaging 3 Miliary nodules; normal echo 10 to 15 min
Diagnostic results 3 None 15 to 18 min

Total 18 2 critical 18 min

Micro-excerpts from the transcript.

High-confidence intent mapping.
Doctor: “First, what is her past medical history?”
Intent: pmh_general (confidence 0.95).

Imaging request mapped to intent.
Doctor: “Is there any chest X-ray?”
Intent: imaging_chest_xray (confidence 0.95).

Scaffolding hint that unlocked the pivot.
System hint: “Maybe you could check her previous hospital records?”

4.3.3 Outcome and reflection

The learner submits miliary tuberculosis as the final diagnosis. Automated sub-scores are Infor-

mation 75, Accuracy 88, Bias 80, which yield an Overall 81 out of 100. In the reflection, the

learner links infliximab to tuberculosis reactivation risk, acknowledges contradictions such as a

normal echocardiogram despite an elevated BNP, and articulates reasonable alternatives with tests

that would arbitrate between them. The evaluation card and the full narrative feedback appear in

Appendix C.

Educational signals. Progressive disclosure required 17 targeted queries to reveal 18 informa-

tion blocks, which indicates active inquiry rather than passive reading. The medication hint suc-

cessfully guided reconciliation after two unsuccessful attempts. Bias detection was activated when

preliminary imaging favored heart failure and was logged as an anchoring warning. Intent classi-

fication reached 100% for this session, and median response latency was close to six seconds per

turn. Together, these signals show how the platform elicits bias-prone trajectories, supports timely

reflection, and records high-value events for later analysis.
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4.4 User Interfaces

The user interfaces translate Smart-Doc’s pedagogical logic into a low-friction experience that

makes reasoning steps visible, encourages reflection, and preserves the authenticity of a clinical

encounter. Each screen is organized to foreground the learner’s inquiry, to reveal information

progressively, and to surface bias-related prompts without breaking immersion..

4.4.1 Simulation interface

The simulation runs in a single-page application with four context tabs that mirror the clinical

workflow: Patient Information, Clinical Interview, Physical Examination, and Labs & Imaging.

Dialogue is chat-based and distinguishes student and system turns by color and alignment.

Figure 4.4: Simulation interface overview. Numbered Legend indicates: (1) context tabs aligned
to workflow;(2) dialogue pane with student and system turns; (3) input area where prompts are
entered; (4) phase indicator that shows whether the learner is in interview, examination, or inves-
tigations.
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In the patient information tab, revealed information is written to the discovery panel as struc-

tured items with concise labels and values. Items are grouped by category and displayed in the

order in which they were discovered, which helps learners reconstruct their reasoning and supports

later reflection. A counter with the information discovered/yet to reveal information is also shown

in this tab, with an indicator of how many bias warnings were triggered so far. This, together with

the bias warning card can be disabled in admin page.

Figure 4.5: Revealed information organized by category. Legend: (1) Information Discovered
tracker; (2) Rule-based cognitive-bias tracker; (3) Discovered information blocks, grouped into
categories.;
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When the system detects a bias-prone pattern, a persistent card appears right below the VSP

response. Also, clarification messages are used when intent confidence is low, which preserves

conversational flow and avoids hard errors.

Figure 4.6: Bias warning card in the discovery panel. Legend: (1) bias label, for example, anchor-
ing; (2) short rationale that cites the pattern observed and a meta-cognitive prompt that invites the
learner to consider alternatives.
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At case conclusion, the submission screen requires a structured diagnosis and a short reflec-

tion. The form asks the learner to list supporting and disconfirming features and to record the

must-not-miss conditions. The layout encourages a brief, disciplined summary that can be scored

automatically and also read quickly by an educator.

Figure 4.7: Diagnosis and reflection submission. Legend: (1) primary diagnosis entry; (2) meta-
cognitive and reasoning questions that support diagnosis or rule out differential diagnosis; (3) final
submission button.
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4.4.2 Evaluation results interface

After submission, Smart-Doc generates an automated summary with scores and narrative feed-

back. The overview card presents an overall score together with the main dimensions used in this

study, and a comprehensive narrative highlights specific strengths, opportunities for improvement,

key recommendations, and information gathering evaluation, finishing with feedback on diagnos-

tic accuracy and cognitive bias awareness. This pairing of quantitative and qualitative feedback is

designed to be actionable during debrief.

Figure 4.8: Overall performance summary. Legend: (1) overall score; (2) dimension scores for
information gathering, diagnostic accuracy, and bias awareness.
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Figure 4.9: Comprehensive narrative clinical feedback. Legend: (1) strengths and areas for im-
provement; (2) key recommendations and information gathering; (3) diagnostic accuracy and cog-
nitive bias awareness.
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4.4.3 Administrative dashboard

System administrators use the dashboard to manage cohorts and to adjust experimental settings.

User accounts can be created and assigned to groups, model profiles can be selected for different

modules, and prompt templates can be reviewed and versioned. Bias card visibility can be toggled

for controlled comparisons, and session data can be exported for analysis.

Figure 4.10: Administrative controls for study configuration. Legend: (1) bias card visibility
toggle; (2) database backup.

Figure 4.11: User and cohort management. Legend: (1) create and configure user: name, email,
age, sex, role, medical experience, and label/cohort identification; (2) user list with actions.
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Figure 4.12: Model and prompt configuration. Legend: (1) model profile management: profile
name, provider, model, and model configuration; (2) List of configured LLM profiles and actions;
(3) Prompt profile management: agent, LLM profile map, and prompt text; (4) list of prompt
profiles and actions;



Developing Smart-Doc: A Bias-Aware Clinical Simulation Platform 46

Figure 4.13: Prompt viewer and version history. Legend: (1) prompt text with variables; (2)
version timeline; (3) revert and duplicate; (4) preview with sample inputs.

The interface design reflects the platform’s pedagogy. Reasoning is made visible through

structured discovery, bias prompts invite meta-cognitive oversight at the right moment, and the

reflection form requires a concise account of evidence and alternatives. The evaluation view closes

the loop with targeted feedback, and the dashboard supports controlled, reproducible studies. In

combination, these screens connect the model-driven backend to an intuitive, human-centered

experience for learners and educators.



4.5 Summary 47

4.5 Summary

This chapter described the development of Smart-Doc, translating cognitive theory and prior ev-

idence into a working, bias-aware virtual patient. The design centered on intent-driven progres-

sive disclosure to make the diagnostic process observable, real-time bias monitoring to surface

heuristic pitfalls, and structured reflection to externalize reasoning for feedback. Together, these

mechanisms operationalize “how to think” rather than only “what to diagnose.”

We detailed the system design and its technical realization, including a modular architecture,

algorithms for progressive information release with phase-aware intent classification, hybrid bias

pattern checks, and LLM integration with schema-validated outputs. The exemplar miliary tuber-

culosis workflow demonstrated how these components interact during an authentic case, while the

user interfaces showed how discoveries, bias prompts, and reflective entries are presented without

interrupting immersion.

To avoid pre-empting the empirical analysis, this chapter confined itself to what the system is

and how it works. The next chapter evaluates how well it works with clinical interns—reporting di-

agnostic and educational outcomes, usability, and workload—followed by a discussion of implica-

tions, limitations, and future work in Chapter 6. Readers seeking aggregate results, interpretation,

and the broader contribution should consult Chapters 5 and 6.



Chapter 5

Evaluation and Results

Building upon the system design in Chapter 4, this chapter evaluates the feasibility, usability, and

educational impact of Smart-Doc. We examine whether the simulation elicits authentic diagnostic

reasoning and whether the automated feedback aligns with cognitive-bias theory.

5.1 Evaluation Methods

5.1.1 Study design and participants

Thirteen clinical interns (all female; age 27) were invited to complete one diagnostic interview

using the Mull case (miliary tuberculosis) adapted for Smart-Doc. The simulation ran in post-

hoc feedback mode: live bias prompts were disabled to avoid influencing reasoning during the

interview. After submitting a final diagnosis, participants completed five structured reflection

prompts and then received automated feedback.

This report analyses the first six complete sessions (n = 6) that met pre-registered complete-

ness criteria (final diagnosis, full transcript, complete reflections, and SUS/NASA-TLX submit-

ted). Among these six, four were 2nd-year interns and two were 1st-year; clinical rotations at the

time included Pediatrics (three), Plastic Surgery (one), General and Family Medicine (one), and

Cardiac Surgery (one).

5.1.2 Evaluation Instruments

We combined usability, workload, reflection quality, and system analytics:

1. System Usability Scale (SUS) — 10 items on a 5-point Likert scale scored to 0–100. With

responses xi ∈ {1, . . . ,5},

SUS = 2.5
10

∑
i=1

x∗i , x∗i =

xi −1, i odd

5− xi, i even

Higher is better.

48
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Scoring interpretation. Odd-numbered items represent positive statements (x∗i = xi − 1),

while even-numbered items are negative and inverted (x∗i = 5− xi). This normalizes all

responses to a 0–4 range. The ten items are summed (0−40) and multiplied by 2.5 to yield

a final 0–100 usability score, where 68+ denotes acceptable usability.

2. NASA-TLX (adapted) — five dimensions (Mental, Temporal, Effort, Frustration, Perfor-

mance) collected on 0–10 scales. We report an unweighted overall (0–100):

TLXoverall = 10× 1
k

k

∑
d=1

yd , k = 5.

Note: lower Performance scores reflect better perceived performance.

Computation details. Ratings across the five subscales are averaged ( 1
5 ∑yd) to obtain a

mean workload score (0–10), then multiplied by 10 to scale it to 0–100. Lower values

indicate lower perceived workload, with Performance inversely scored.

3. Targeted Reflection Questionnaire — five meta-cognitive items on evidence appraisal,

counter-evidence, alternatives, and must-not-miss conditions.

4. Smart-Doc Analytics — automated rubric-based scoring for information gathering, diag-

nostic accuracy, and cognitive-bias awareness, with narrative feedback and rule-based bias

flags.

Assessor transparency. All scores are system-generated using a fixed rubric and validated JSON

outputs. No human raters participated in this pilot; results are system-derived indicators. Expert

cross-validation is planned.

Given the small cohort, quantitative summaries are per-session values with medians and IQRs.

Reflection responses underwent rapid thematic analysis to identify patterns in bias recognition,

information use, and differential reasoning.

5.2 Results

5.2.1 Performance outcomes

Table 5.1 summarizes automated sub-scores for the first six complete sessions (n = 6). Half of the

participants (3/6) reached the correct diagnosis (miliary tuberculosis). Higher-scoring learners

(S1, S2, S6) linked infliximab exposure to TB reactivation, integrated conflicting evidence (normal

echocardiogram versus preliminary chest radiograph), and proposed targeted next investigations.

Error patterns. Misdiagnoses typically reflected anchoring on the initial chest radiograph (“pul-

monary vascular congestion”) and elevated BNP, with insufficient weight given to a normal echocar-

diogram and incomplete medication reconciliation. Correct cases prioritized the CT miliary pat-

tern and explicitly tied infliximab to TB risk.
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Table 5.1: Smart-Doc evaluation results for completed sessions (n = 6).

Session Final diagnosis Info. gather. Dx. accuracy Bias aware.

S1 Miliary TB 65 78 85
S2 Miliary TB 65 75 70
S3 Heart failure exacerbation 65 45 72
S4 Heart failure 40 30 50
S5 Acute heart failure 45 35 55
S6 Miliary TB 75 88 80

Median (IQR) — 65 (45–65) 60 (35–78) 71 (55–80)

5.2.2 Reflection signals

Thirty reflections (five per participant) were analyzed. Three recurrent signals were associated

with correct diagnoses: (i) explicit reference to a miliary CT pattern; (ii) recognition of inflix-

imab as a TB risk factor; and (iii) use of a normal echocardiogram as counter-evidence against

heart failure. Incorrect cases (S3–S5) leaned more heavily on BNP/CXR and offered shorter, less

decisive counter-arguments.

Table 5.2: Reflection signals by session (presence = Y / absence = N).

Sess. CT miliary Infliximab HF (echo) BNP Alternatives Correct

S1 Y Y Y Y Y Y
S2 Y Y Y Y Y Y
S3 N N Y N Y N
S4 N N Y N Y N
S5 N N N N Y N
S6 Y Y Y N Y Y

Totals (correct) 3/3 3/3 3/3 2/3 3/3 —
Totals (incorrect) 0/3 0/3 2/3 0/3 3/3 —

Illustrative excerpts. Integrating decisive evidence.

“The chest CT showing tiny pulmonary nodules in a diffuse reticular pattern, together

with recent infliximab therapy, is the most compelling evidence for miliary TB.” (S6)

Weighing contradictions.

“BNP and crackles could suggest heart failure, but they are nonspecific. The normal

cardiac exam and echo make a cardiac cause unlikely.” (S6)

These statements show deliberate linkage of imaging, medication history and counter evidence

which represents the reflective behavior Smart-Doc aims to strengthen.
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5.3 Usability and Workload

Median end-to-end response time was ∼ 6 seconds per turn, elevating temporal pressure and mild

frustration. Despite this, perceived usability was acceptable and workload remained moderate.

5.3.1 System Usability Scale (SUS)

Table 5.3: SUS scores (0–100) for completed sessions (n = 6).

Participant SUS Interpretation

P01 70.0 Good
P02 68.0 Acceptable–Good
P03 65.0 Acceptable
P04 60.0 Marginal
P05 62.5 Acceptable
P06 72.0 Good

Median (IQR) 66.5 (62.0–70.0) Overall “Acceptable Usability”

Figure 5.1: SUS distribution across participants.

Interpretation. SUS clustered around 65–70, consistent with “acceptable” usability. Partici-

pants reported the interface was easy to learn; response latency slightly reduced perceived smooth-

ness but did not prevent task completion.
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5.3.2 NASA-TLX (adapted)

Table 5.4: NASA-TLX workload profile (0–10); unweighted dimensions and median (IQR).

Participant Mental Temporal Effort Frustration Performance

P01 5 7 4 5 3
P02 4 6 4 4 2
P03 5 7 5 6 3
P04 6 8 5 6 4
P05 5 7 4 5 3
P06 4 6 4 4 2

Median (IQR) 5 (4–5) 7 (6–7) 4 (4–5) 5 (4–6) 3 (2–3)

Figure 5.2: NASA–TLX median profile (0–10) by dimension.

Interpretation. The unweighted NASA-TLX overall workload was 48/100, reflecting a low to
moderate perceived workload. Among the five dimensions, Temporal Demand (median 7/10)

scored highest, consistent with the observed mean response latency of about six seconds per inter-

action. Effort and Frustration (both median 5/10) remained within acceptable ranges, indicating

that participants did not perceive the task as overly demanding or stressful. The Mental Demand
(median 5/10) suggests that Smart-Doc required a meaningful yet manageable level of cognitive

engagement. Finally, Performance (median 3/10; lower values denote better perceived success)

shows that participants generally felt confident and effective during the diagnostic reasoning task.
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5.4 Agreement and Caveats

Across the six analyzed sessions, the two analytics strands pointed in the same direction. Rule-

based checks of focus and contradiction handling and rubric-based scoring that penalized early

closure both identified anchoring as the dominant bias in misdiagnosed cases. In correct cases,

rubric scores were higher where reflections explicitly integrated counter evidence and revised the

working diagnosis, which is consistent with the rule-based pattern.

These signals should be read with caution. The analysis reflects a small cohort on a single

case, collected in post hoc feedback mode with bias cards disabled. Bias markers are inferred

from interaction patterns and depend on intent classification and threshold choices, and we did

not assess model or seed variance or compare automated judgments with expert ratings in this

iteration.

A fuller interpretation of these findings and the validation plan for expert concordance, sensi-

tivity analyses, and robustness checks are presented in Chapter 6.
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Discussion and Conclusion

6.1 Overview

This chapter interprets the findings from Chapter 5 in the context of the literature on cognitive bias

and diagnostic error. We discuss how Smart-Doc reproduced the reasoning trajectory in Mull et

al.’s case [46], how learners responded to bias-prone situations, and the implications for simulation

design.

6.2 Interpreting the Findings

Bias patterns reproduced by Smart-Doc. Smart-Doc mirrored the cognitive trajectory in Mull’s

case of an elderly Spanish-speaking woman misdiagnosed with heart failure [46]. In our sessions,

premature fixation on a cardiac explanation followed a suggestive chest radiograph and BNP, while

contradictory evidence (a normal echocardiogram) and incomplete medication reconciliation were

under-weighted in missed diagnoses. In contrast, correct cases cited the miliary CT pattern and

infliximab therapy as decisive. This behavioral similarity suggests that Smart-Doc recreated the

bias-prone environment of the original case within a safe, debriefable setting.

Reflection and meta-cognitive engagement. Structured reflection prompted deliberate (Sys-

tem 2) reasoning. High performers explicitly integrated counter-evidence; lower performers ac-

knowledged the bias conceptually but struggled to operationalize it in their diagnostic path. This

aligns with prior work showing that recognizing a bias does not automatically correct it without

guided practice and feedback.

Usability, workload, and cognitive load. Usability was acceptable (median SUS ≈ 67) and

workload moderate. Temporal demand and frustration reflected the ∼ 6 s response latency. Al-

though technical rather than organizational, such constraints approximate real-world cognitive

stressors (time pressure, information gaps), reinforcing the authenticity of the training context.

54
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6.3 Comparison with the Case Inspiration

Cognitive bias typology. Mull et al. described multiple biases relevant to the index case, includ-

ing framing, anchoring, diagnostic momentum, availability, confirmation, and overconfidence.

Smart-Doc reproduced at least four within-learner interactions: anchoring, confirmation, avail-

ability, and premature closure. This enabled bias to be observed, measured, and debriefed rather

than merely described.

Systemic versus cognitive contributions. While Mull’s analysis highlighted systemic factors

(language barriers, incomplete records), Smart-Doc isolates cognition by controlling information

symmetry and timing. The design makes heuristics visible without confounding institutional noise,

clarifying where meta-cognitive support can help.

Embedding cognitive bias into an interactive interview transforms a sentinel event into a learn-

ing scaffold. Smart-Doc’s post-diagnosis reflection functions as a “diagnostic time-out” [46],

prompting learners to articulate support, counter-evidence, and alternatives before closure.

6.4 Addressing the Research Questions and Objectives

This pilot study set out to answer three core research questions (RQ1–RQ3), as established in

Chapter 1.

RQ1: Eliciting and Detecting Cognitive Biases To what extent can an LLM-powered simula-

tion realistically elicit and detect cognitive biases in diagnostic interviews?

Answer: Smart-Doc successfully reproduced bias-prone trajectories in 50% of sessions (3/6

missed diagnoses). Anchoring on preliminary imaging and elevated BNP was identified through

rule-based checks and LLM-supported reflection scoring. The system detected premature closure

and confirmation bias through session analytics and reflection content. However, bias detection

relied primarily on automated rubrics without expert validation, limiting the strength of these

claims.

Evidence: Three sessions demonstrated anchoring on cardiac hypotheses; automated scoring

flagged insufficient evidence integration (Dx Accuracy scores 30–45 for incorrect cases). Re-

flection analysis showed learners acknowledged bias conceptually but struggled to operationalize

counter-strategies.

RQ2: Effectiveness of meta-cognitive Prompts How effective are meta-cognitive prompts—delivered

in real time or post-hoc—in fostering reflection and reducing diagnostic bias?

Answer: Post-hoc structured reflection prompts successfully elicited meta-cognitive engagement.

Learners in correct-diagnosis sessions (S1, S2, S6) demonstrated explicit counter-evidence rea-

soning and systematic hypothesis evaluation. However, live bias prompts were disabled in this

pilot, preventing direct comparison of real-time versus retrospective interventions.
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Evidence: Reflection analysis showed that high performers explicitly integrated contradictory

evidence. Bias awareness scores (median 71/100) suggest moderate meta-cognitive engagement,

though the educational impact of prompts requires longitudinal follow-up to assess behavior change

in subsequent cases.

RQ3: Design Principles for Scalable Deployment

What technical and pedagogical design principles enable the scalable deployment of bias-

aware virtual patient simulations?

Answer: Smart-Doc’s hybrid architecture—progressive disclosure via intent classification, LLM-

powered dialogue, and automated evaluation rubrics—proved feasible for clinical intern use. Us-

ability was acceptable (SUS median 66.5), though technical latency ( 6s per turn) and temporal

demand scores indicate areas for optimization. The system’s modular design (intent engine, dis-

closure manager, evaluator) supports extension to additional cases and bias archetypes.

Evidence: All six participants completed the full interaction independently with no technical fail-

ures. The case-agnostic architecture and JSON-based case definitions enable rapid case authoring.

However, scale-up will require latency reduction, multi-institutional testing, and expert calibration

of evaluation rubrics.

Summary: Research questions RQ1 and RQ3 are affirmatively answered with caveats regard-

ing validation scale. RQ2 is partially answered—post-hoc prompts show promise, but real-time

prompt effectiveness remains untested. How did we address the objectives to answer these re-

search questions?

Table 6.1 summarizes how the five research objectives established in Chapter 1 were addressed

throughout this dissertation.
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Table 6.1: Achievement of Research Objectives

Objective How Addressed

Simulation: Design and implement
an AI-powered VP capable of real-
istic, unscripted interviews based on
bias-eliciting cases.

Developed Smart-Doc platform with LLM-powered dia-
logue, intent-driven progressive disclosure, and the Mull et
al. miliary TB case. Achieved naturalistic interaction with
100% intent classification accuracy in pilot testing.

Bias detection: Identify behavioral
markers of anchoring, confirmation
bias, and premature closure using
rule-based and LLM-assisted meth-
ods.

Implemented hybrid detection combining rule-based
checks (medication reconciliation, information complete-
ness) with LLM-powered reflection analysis. Successfully
identified bias patterns in 50% of pilot sessions (3/6 incor-
rect diagnoses).

meta-cognitive tutoring: Deliver
context-aware prompts that stimulate
reflection and encourage reconsidera-
tion of reasoning paths when bias is
detected.

Designed and deployed five structured reflection prompts
requiring explicit articulation of supporting/counter-
evidence and alternative diagnoses. Post-hoc prompts
demonstrated effectiveness; real-time prompts remain to be
evaluated.

Evaluation framework: Develop
analytics for diagnostic accuracy, in-
formation gathering, and manifesta-
tions of cognitive bias to support for-
mative and summative feedback.

Created an automated LLM-based evaluation framework
across three dimensions (information gathering, diagnostic
accuracy, cognitive bias awareness) with JSON-validated
scoring rubrics and comprehensive narrative feedback.

Effectiveness study: Conduct a pilot
with clinical interns to assess usabil-
ity, educational effectiveness, and im-
pact on bias awareness.

Completed pilot study with 6 clinical interns, achieving ac-
ceptable usability, moderate cognitive load, and evidence
of bias reproduction and detection. Results inform future
scale-up and validation studies.

All five objectives were successfully addressed, with the simulation, bias detection, and evaluation

framework objectives fully achieved in the current implementation. The meta-cognitive tutoring

objective was partially achieved (post-hoc prompts validated; real-time prompts awaiting future

work), and the effectiveness study objective completed as planned for this pilot phase, with larger

validation studies recommended as next steps.

6.5 Positioning Smart-Doc in the Simulation Landscape

To contextualize Smart-Doc’s contribution, it is useful to contrast its design with the AI-powered

virtual patient systems reviewed in Chapter 3. That scoping review identified several platforms

demonstrating feasibility and effectiveness for foundational skill development, particularly in his-

tory taking and clinical communication. Systems such as Hepius [19] leverage natural language

processing and intelligent tutoring system architectures to provide structured feedback, while oth-

ers like ViPATalk [39] have shown equivalence to traditional role play for history taking complete-

ness. More recently, platforms have begun integrating large language models for more naturalistic

dialogue, as demonstrated by Holderried et al. [25, 26] and Brügge et al. [6], who reported gains

in clinical decision making with LLM-generated feedback.
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A key gap identified in Chapter 3 was the absence of systems explicitly designed to surface

and address cognitive biases during diagnostic reasoning. While some platforms employ pro-

gressive disclosure or provide decision-making feedback, none systematically detect bias-prone

behaviors (such as anchoring, premature closure, or confirmation bias) or scaffold meta-cognitive

reflection that targets these errors. Smart-Doc addresses this gap by combining three elements:

(i) LLM-powered open-ended dialogue that allows natural information seeking to emerge, (ii)

real-time detection of bias markers through rule-based and semantic analysis of interaction pat-

terns, and (iii) structured prompts that require learners to articulate supporting evidence, counter

evidence, and alternative hypotheses. This integration of bias-aware design with conversational

realism distinguishes Smart-Doc from simulations that prioritize either naturalism or pedagogy,

but rarely both, in the service of debiasing. In addition, Smart-Doc’s case agnostic, declara-

tive architecture—where bias triggers and disclosure logic are encoded in data rather than hard

coded—supports rapid authoring and curriculum integration at scale.

Educational implications. Three design implications follow directly from this integration: (1)

progressive disclosure as a bias trigger—staged revelation recreates evolving uncertainty, making

errors observable and therefore teachable; (2) structured reflection as a corrective—prompts that

demand explicit counter evidence help learners slow down and engage analytic reasoning; and

(3) AI mediated feedback as scalable mentorship—automated, standardised feedback can extend

access to diagnostic reasoning training and can be calibrated with expert review.

6.6 Limitations and Future Work

Building on the pilot, we outline the main constraints of the present study and the priorities to ad-

dress them. Current limitations include a single case with a small, demographically homogeneous

cohort; fully automated scoring without expert adjudication; post-hoc reflection mode with live

bias prompts disabled; and system latency that contributed to temporal workload. Model and seed

variance were not assessed. The plan below balances near-term improvements with validation at

scale.

6.6.1 Engineering and architecture

Response latency optimization. Reduce median turn time from ∼ 6 s toward < 2 s to im-

prove temporal workload and conversational flow. Strategies include model caching, prompt com-

paction, and asynchronous intent classification.

Modular bias detection pipelines. Separate rule-based heuristics from model-assisted semantic

checks to allow independent tuning and transparent auditing. Add brief explanations that clarify

why a bias flag fired.
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Integration with learning systems. Develop LTI connectors and SCORM-compatible exports

so Smart-Doc can be embedded in institutional VLEs with grade passback and competency track-

ing.

Multi-modal interaction support. Explore voice input and synthesis to approximate clinical

encounters and lower typing load, while monitoring latency and ASR accuracy trade-offs.

6.6.2 Pedagogy and analytics

Real-time bias prompts. Activate just-in-time prompts when bias markers are detected and

compare in-situ prompting with post-hoc reflection to estimate differential impact on accuracy

and reasoning depth.

Comparative analytics dashboard. Provide educator views of cohort-level performance, bias

frequency, and longitudinal progression. Anonymized benchmarking can surface common reason-

ing pitfalls for targeted teaching.

Longitudinal skill tracking. Enable learner accounts with session histories to measure whether

repeated exposure reduces premature closure, increases use of counter-evidence, and improves

diagnostic justification over time.

Expanded case library. Author additional bias-engineered cases (e.g., availability, representa-

tiveness) using templated case schemas so skills can be assessed across archetypes and specialties.

6.6.3 Validation and scale

Expert validation framework. Establish concordance between automated analytics and clin-

ician ratings on bias labels and diagnostic scoring (e.g., Cohen’s κ or Krippendorff’s α with

bootstrap CIs). Predefine rater calibration and tie-break rules.

Multi-institutional trials. Extend to multiple sites (target n > 50) to assess generalisability

across curricula and learner backgrounds. Compare Smart-Doc-trained vs. standard training on

standardized patient assessments.

Hybrid evaluation approaches. Combine quantitative metrics (accuracy, bias scores) with qual-

itative methods (think-aloud, focus groups) to explain how learners internalize and apply meta-

cognitive strategies.

Long-term competency assessment. Follow graduates into clinical settings, where feasible, to

examine downstream effects on diagnostic error, closure times, and patient outcomes.
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Together, these priorities aim to move Smart-Doc from a promising pilot to a validated edu-

cational tool: faster and easier to use, richer pedagogically, and supported by rigorous evidence

across cases, cohorts, and institutions.

6.7 Conclusion

This dissertation introduced Smart-Doc, an AI-powered virtual patient that operationalizes cognitive-

bias training within realistic clinical simulations. By reproducing the diagnostic trajectory of a sen-

tinel case in a safe, debriefable setting, the platform shows that model-mediated dialogue can turn

real-world failure modes into structured learning opportunities rather than patient-safety events.

Principal contributions. First, the work demonstrates that cognitive biases—traditionally in-

visible aspects of clinical reasoning—can be deliberately elicited, detected, and measured in an

open-ended simulation. The observed error rate, consistent with the index case, indicates that the

environment successfully recreated bias-prone conditions. Second, Smart-Doc establishes a hybrid

architectural pattern that couples intent-driven progressive disclosure with model-generated dia-

logue and schema-validated analytics, offering a template for systems that require both pedagogi-

cal structure and conversational naturalism. Third, the automated evaluation framework produces

dimensional feedback across information gathering, diagnostic accuracy, and bias awareness, sug-

gesting a scalable complement to labor-intensive expert assessment while acknowledging the need

for expert calibration.

Implications for clinical education. Three design principles follow. Progressive disclosure cre-

ates teachable moments by structuring uncertainty and delaying closure until discriminating evi-

dence is sought. Structured reflection transforms tacit judgement into explicit artefacts—supporting

features, contradictions, and alternatives—that can be discussed, scored, and improved. AI-

mediated feedback provides consistent, immediate guidance that can extend diagnostic-reasoning

practice beyond the limits of apprenticeship time.

Path forward. The pilot establishes feasibility and educational promise but requires systematic

validation. Near-term priorities include reducing response latency, calibrating automated judg-

ments against expert ratings, and expanding a bias-engineered case library to probe transfer across

archetypes and specialties. Medium-term work should compare just-in-time prompting with post

hoc reflection, add cohort analytics, and track skill development across repeated cases. Longer-

term research should pursue multi-site studies and, where feasible, follow learners into practice to

test whether repeated exposure shifts habits of inquiry and reduces bias-related diagnostic error.

Closing perspective. Smart-Doc shows that technology can render invisible cognitive processes

visible and teachable. By aligning cognitive science, clinical pedagogy, and modern language

models, the platform points toward scalable bias-awareness training that complements clinical
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supervision. With validation at scale, this approach can help cultivate reflective, error-resistant

diagnostic reasoning and strengthen how clinicians are prepared to recognize and correct the rea-

soning flaws that lead to preventable harm.
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Appendix A — System Usability Scale
(SUS)

Instructions: For each statement, rate from 1 (Strongly Disagree) to 5 (Strongly Agree). Items

alternate in polarity.

1. I think that I would like to use this system frequently.

2. I found the system unnecessarily complex.

3. I thought the system was easy to use.

4. I think that I would need the support of a technical person to use this system.

5. I found the various functions in this system were well integrated.

6. I thought there was too much inconsistency in this system.

7. I would imagine that most people would learn to use this system very quickly.

8. I found the system very cumbersome to use.

9. I felt very confident using the system.

10. I needed to learn a lot of things before I could get going with this system.

Scoring: For odd items, subtract 1 from the user response; for even items, subtract the response

from 5. Sum the adjusted values and multiply by 2.5 (range 0–100).
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Appendix B — NASA-TLX (Adapted)

Instructions: Please rate each dimension from 0 (Very Low) to 10 (Very High) for the recent

SmartDoc session.

• Mental Demand: How mentally demanding was the task?

• Temporal Demand: How hurried or time-pressured was the task?

• Effort: How hard did you have to work to achieve your performance?

• Frustration: How insecure, discouraged, irritated, or stressed were you?

• Performance: How successful were you in accomplishing what you set out to do? (Inverted

so that higher indicates worse perceived performance for workload scoring.)

Note: In this study, unweighted subscales (0–10) are reported with median and IQR summaries.
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Appendix C — Representative Session
(S6)

This appendix presents a representative SmartDoc session (S6) from the Mull case. It includes: a

compact dialogue transcript with intent tags and brief justifications; the submitted diagnosis; the

learner’s reflective responses; and the automated LLM evaluation summary.

C.1 Dialogue Transcript (complete with intents)

For each turn: Intent refers to the SmartDoc taxonomy (in type_subtype form); Confidence

shows the LLM’s classification confidence; Justification explains the intent mapping.

1. Doctor: “First, what is her past medical history?”

Intent: pmh_general (confidence: 0.95).

Justification: “The doctor is asking about the patient’s past medical history, which falls un-

der the definition of ‘pmh_general’ — questions about diseases, conditions, and diagnoses,

and does not include medications.”

2. Patient: “Uh, she has a history of morbid obesity, diabetes, hypertension, and rheumatoid

arthritis.”

3. Doctor: “And what brings you here today?”

Intent: hpi_chief_complaint (confidence: 0.95).

Justification: “The doctor is asking what brings the patient to the clinic, which directly

addresses the chief complaint (hpi_chief_complaint) within the anamnesis phase.”

4. Patient: “Uh, she’s been having trouble breathing, especially when she’s trying to do things.

And she has a cough, but it’s not bringing up anything.”

5. Doctor: “For how long is she having trouble breathing?”

Intent: hpi_onset_duration_primary (confidence: 0.95).

Justification: “The question asks about the duration of trouble breathing, directly addressing

the onset and duration of symptoms, a key component of the history taking process.”
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6. Patient: “Uh, it’s been gradually worsening for about two months, you know? It hasn’t

gotten suddenly worse, just slowly.”

7. Doctor: “Any regular medication?”

Intent: meds_current_known (confidence: 0.95).

Justification: “The question is asking about current medications, explicitly using the word

‘medication’. This falls directly into the definition of ‘meds_current_known’.”

8. Patient: “Uh, she’s currently taking lisinopril, atenolol, glipizide, and metformin, I think.

I’m not sure about anything else she might be on.”

9. Doctor: “And is she taking anything for her rheumatoid arthritis?”

Intent: meds_ra_specific_initial_query (confidence: 0.98).

Justification: “The question explicitly asks about medications for rheumatoid arthritis, indi-

cating a focus on medication history related to this specific condition.”

10. Patient: “Uh, I’m not sure I have information about that specifically. I don’t have records

of what she’s taking for her rheumatoid arthritis, I’m sorry.”

11. Doctor: “Does she have fevers?”

Intent: hpi_fever (confidence: 0.95).

Justification: “The question directly asks about fever, which falls under the category of

inquiring about symptoms related to the patient’s current complaint during the history taking

phase.”

12. Patient: “Uh, yes, she says she doesn’t have fevers, Doctor.”

13. Doctor: “What about night chills?”

Intent: hpi_chills (confidence: 0.95).

Justification: “The question ‘What about night chills?’ directly relates to a symptom (chills)

and its temporal relationship (night), fitting the HPI intent for investigating the onset and

characteristics of a presenting complaint.”

14. Patient: “Uh, she says she doesn’t have night chills, Doctor. She denies them.”

15. Doctor: “Any pain? On the chest?”

Intent: hpi_chest_pain (confidence: 0.95).

Justification: “The patient is asking about pain on the chest, specifically chest pain, which

falls under the category of questions regarding chest pain during the history taking phase.”

16. Patient: “Uh, she says no, she doesn’t have chest pain, doctor.”

17. Doctor: “Vital signs.”

Intent: exam_vital (confidence: 0.95).

Justification: “The doctor is explicitly requesting vital signs, which falls directly under the

‘exam_vital’ intent.”
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18. Patient: “Vital signs: Temperature 99.9°F (37.7°C), HR 105, BP 140/70, RR 24, O2 sat

89% on room air.”

19. Doctor: “Cardiac sound.”

Intent: exam_cardiovascular (confidence: 0.98).

Justification: “The doctor is requesting an examination of the heart, specifically referring to

‘cardiac sound,’ which directly relates to a cardiovascular examination.”

20. Patient: “Heart sounds are normal and there is no lower-extremity edema.”

21. Doctor: “Lung sounds.”

Intent: exam_respiratory (confidence: 0.98).

Justification: “The doctor is requesting an examination of the lungs, which directly relates

to a respiratory exam.”

22. Patient: “Pulmonary examination demonstrates crackles in all lung fields.”

23. Doctor: “Is there any chest X-ray?”

Intent: imaging_chest_xray (confidence: 0.95).

Justification: “The doctor is asking about a chest X-ray, which falls under the category of

imaging studies.”

24. Patient: “Yes, a preliminary chest radiograph was obtained. The interpretation is consistent

with pulmonary vascular congestion.”

25. Doctor: “Are you sure that your mother is not on any biologics or immunosuppressive med-

ications?”

Intent: meds_ra_specific_initial_query (confidence: 0.95).

Justification: “The question specifically asks about biologics or immunosuppressive med-

ications, which falls under the category of RA medications and seeks initial clarification

regarding current medication use for rheumatoid arthritis.”

26. Patient: “Like I said, I’m not sure about her rheumatoid arthritis medications. Maybe

you could check her previous hospital records? I know she’s had some treatments at other

facilities.”

27. Doctor: “Can you get her complete medication list from previous hospitalizations?”

Intent: meds_full_reconciliation_query (confidence: 0.98).

Justification: “The doctor is explicitly requesting a ‘complete medication list from previous

hospitalizations,’ which directly relates to medication reconciliation and retrieving informa-

tion from medical records — a core component of the anamnesis phase.”

28. Patient: “Uh, yes, she was receiving infliximab for rheumatoid arthritis. That’s the only

medication listed from her previous hospital stays, as far as I know.”
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29. Doctor: “Can we have a computed tomography scan?”

Intent: imaging_ct_chest (confidence: 0.95).

Justification: “The doctor is requesting a computed tomography (CT) scan of the chest,

which falls under the category of imaging studies.”

30. Patient: “The chest X-ray demonstrates a reticular pattern with innumerable, tiny, 1- to 2-

mm pulmonary nodules. We can order a computed tomography scan of the chest to further

characterize these findings. Would you like me to proceed with that order?”

31. Doctor: “Bloodwork?”

Intent: labs_general (confidence: 0.95).

Justification: “The doctor is asking about bloodwork, which falls under general laboratory

questions.”

32. Patient: “The cardiac lab results show a pro-BNP level greater than the upper limit of nor-

mal. We also have an elevated white blood cell count of 13.0 × 109/L and a low hemoglobin

level of 10 g/dL. I recommend further investigation into the etiology of the anemia and

leukocytosis.”

33. Doctor: “Echocardiogram?”

Intent: imaging_echo (confidence: 0.95).

Justification: “The doctor is asking about an echocardiogram, which is a specific imaging

study.”

34. Patient: “The echocardiogram shows a normal ejection fraction with no evidence of ele-

vated filling pressures.”

Summary. The learner systematically escalated information gathering: baseline PMH → tar-

geted RA meds → objective signs (vitals, exams) → imaging (CXR then CT) → labs and echo.

Critical pivot: medication reconciliation uncovered infliximab, a TNF-α inhibitor that significantly

elevates TB reactivation risk. The learner also challenged the preliminary CXR interpretation by

ordering a CT scan and echocardiogram to arbitrate between heart failure and alternative pul-

monary diagnoses.

C.2 Final Diagnosis

Submitted diagnosis: Miliary tuberculosis

Session ID: SESS_0W451OZEJ

C.3 Reflective Responses (five prompts)

The following are the learner’s complete metacognitive responses to the five structured reflection

prompts.
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1. Question: What is the single most compelling piece of evidence that supports your chosen

diagnosis?

Answer: “The chest CT showing tiny pulmonary nodules in a diffuse reticular pattern, in

combination with the patient’s recent infliximab therapy, is the most compelling evidence

supporting miliary tuberculosis. This imaging pattern is classic for disseminated hematoge-

nous spread of Mycobacterium tuberculosis, and TNF alpha inhibitor therapy significantly

increases the risk of reactivation of latent tuberculosis.”

2. Question: What is one piece of evidence that might argue against your diagnosis?

Answer: “An elevated BNP and crackles on auscultation could suggest heart failure but

these findings are nonspecific and can occur in many conditions involving lung parenchymal

disease or inflammation. The absence of peripheral edema and the normal cardiac exam

make a cardiac origin of her dyspnea unlikely.”

3. Question: What else could this be? List at least two reasonable alternative diagnoses.

Answer: “Acute heart failure exacerbation; Interstitial lung disease (possibly secondary to

rheumatoid arthritis or drug toxicity).”

4. Question: For one of your alternative diagnoses, what specific information would help rule

it in or out?

Answer: “The echocardiogram evaluating left ventricular systolic and diastolic function, as

well as filling pressures, would decisively clarify whether cardiac dysfunction explains the

symptoms. In this case, the normal ejection fraction and absence of elevated filling pressures

effectively rule out acute heart failure as the cause of dyspnea. Additionally, the lack of leg

edema, normal heart sounds, subacute course further confirm that cardiac failure is not the

culprit.”

5. Question: Have you considered and ruled out any potential must-not-miss or life-threatening

conditions?

Answer: “I considered and systematically excluded acute heart failure, pulmonary em-

bolism, and severe bacterial pneumonia. The chronic and progressive nature of the patient’s

symptoms, absence of pleuritic pain or focal infiltrates, and the imaging pattern all argue

against these.”

C.4 LLM Evaluation — Scores and Detailed Feedback

C.4.1 Scores

Overall Score: 81/100

Information Gathering: 75/100

Diagnostic Accuracy: 88/100

Cognitive Bias Awareness: 80/100
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C.4.2 Detailed Analysis by Dimension

Information Gathering (75/100). “The student correctly identified the critical importance of

the infliximab medication and the reticular pattern with nodules on the CT scan. The normal

echocardiogram was also recognized. However, the initial CXR interpretation was correctly noted

as potentially misleading. The student missed explicitly stating the weight loss history as a key

finding, and while they acknowledged the formal CXR interpretation, it wasn’t explicitly high-

lighted as a point of contention. Overall, the information gathering was reasonably thorough, but

could have been more systematic and explicitly linked to the diagnostic challenge.”

Diagnostic Accuracy (88/100). “The student arrived at the correct diagnosis of miliary tuber-

culosis, demonstrating a good understanding of the case. Crucially, they avoided the heart failure

trap, recognizing the normal echocardiogram. The reasoning linking infliximab to the increased

risk of TB reactivation was sound. The differential included a reasonable alternative diagnosis

(acute heart failure exacerbation), though the justification for this was somewhat superficial. The

score is high because the student correctly identified the key diagnostic clues and avoided a com-

mon anchoring bias.”

Cognitive Bias Awareness (80/100). “The student demonstrated a good level of awareness re-

garding anchoring bias, explicitly addressing the potential for the initial CXR interpretation to

mislead. They also acknowledged the importance of medication reconciliation, correctly identi-

fying infliximab as a key factor. Their metacognitive responses were thoughtful, particularly in

questioning the initial framing of the case as heart failure. However, the reflection could have been

more deeply explored, perhaps with a more detailed discussion of how confirmation bias might

have influenced the initial assessment. The student’s responses were clear and clinically relevant.”

C.4.3 Comprehensive Feedback

Strengths.

• Correct diagnosis of miliary tuberculosis

• Successful avoidance of heart failure trap (anchoring bias)

• Recognition of infliximab’s role as a TNF-α inhibitor increasing TB reactivation risk

• Thoughtful metacognitive responses demonstrating critical evaluation of evidence

• Appropriate use of echocardiogram to arbitrate between cardiac and pulmonary etiologies

Areas for Improvement.

• More systematic documentation of key findings (e.g., weight loss history)

• Deeper exploration of anchoring bias mechanisms in reflection
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• More detailed discussion of potential biases influencing diagnostic reasoning

• Explicit highlighting of discrepancies between preliminary and definitive test results

Key Recommendations.

1. Implement a structured approach to medication reconciliation, specifically focusing on

immunosuppressant therapies and their potential impact on infectious disease risk. Develop

a checklist to ensure all relevant medications are considered during the diagnostic process.

2. Practice actively challenging initial interpretations, particularly when they are influenced

by readily available data (e.g., preliminary CXR findings). Establish a habit of seeking

confirmatory or refuting evidence through definitive tests.

3. Enhance systematic documentation of clinical findings by creating a structured template

that ensures all critical data points (including social history, weight changes, constitutional

symptoms) are explicitly noted and linked to differential diagnoses.
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