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Abstract

The rapid integration of artificial intelligence into healthcare has introduced novel paradigms for patient
interaction, most notably through Medical Advice Assistants. While these systems offer unprecedented
access to health information, they concurrently present profound risks associated with algorithmic
overconfidence and user automation bias. This paper investigates the intricate relationship between the
linguistic expression of epistemic uncertainty by medical artificial intelligence systems and the subsequent
calibration of user trust. We employ a novel graph analysis framework to model the cognitive and
conversational alignment between human users and conversational agents. By representing dialogic
interactions as semantic networks, we analyze topological features such as modularity, network density,
and centrality distributions. The study involves a controlled experiment wherein participants interacted with
medical advice systems exhibiting varying degrees of epistemic uncertainty markers. Our findings indicate
that the strategic insertion of these markers significantly alters the semantic graph structure of the
conversation, shifting users from passive acceptance to active, analytical engagement. This shift is
quantitatively linked to optimal trust calibration, mitigating both detrimental over-trust and unwarranted
under-trust. The results offer critical design implications for the development of safe, transparent, and user-
centric medical artificial intelligence systems.
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1. Introduction

1.1 Background and Motivation

The contemporary healthcare landscape is undergoing a profound digital transformation, fundamentally
driven by advancements in natural language processing and generative artificial intelligence. Medical Advice
Assistants represent a prominent manifestation of this technological shift. These sophisticated
conversational agents are designed to process natural language queries from users seeking health
information, analyze reported symptoms, and provide preliminary triage, lifestyle recommendations, or
general medical knowledge. The widespread deployment of these systems democratizes access to health
information, alleviating the immense burden on traditional healthcare infrastructures by addressing non-
emergency inquiries. However, the deployment of such systems in a high-stakes domain like medicine
necessitates an exceptionally rigorous approach to safety, reliability, and human-computer interaction [1].

A critical vulnerability in the current generation of generative artificial intelligence models is their propensity
to produce highly confident yet factually incorrect or unverified information. This phenomenon poses a
severe risk in medical contexts, where algorithmic errors can lead to adverse health outcomes. Users,
particularly those lacking extensive medical literacy, often exhibit automation bias, a psychological tendency
to favor suggestions from automated decision-making systems while ignoring contradictory information
made without automation, even fif it is correct [2]. Consequently, users may blindly accept the outputs of
Medical Advice Assistants, leading to a state of over-trust. Over-trust occurs when a user relies on a system
beyond its actual capabilities or the reliability of its information. Conversely, isolated highly publicized failures
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of artificial intelligence can lead to a state of under-trust, where users reject potentially valuable and accurate
assistance [3].

The resolution to this dichotomy does not lie in maximizing user trust, but rather in achieving trust calibration.
Trust calibration is the dynamic process by which a user aligns their level of trust in a system with the actual
trustworthiness and capability of that system in a specific context. When a system is highly confident and
historically accurate regarding a particular medical query, the user should exhibit high trust. Conversely,
when the system operates at the boundaries of its knowledge or deals with ambiguous symptoms, it should
signal its limitations, prompting the user to lower their immediate trust and engage in verification behaviors
[4].

One of the most effective mechanisms for facilitating this calibration is the communication of epistemic
uncertainty. Epistemic uncertainty refers to uncertainty that arises from a lack of knowledge or information,
in contrast to aleatoric uncertainty, which stems from inherent randomness. In human-human medical
consultations, physicians naturally employ linguistic markers of epistemic uncertainty, such as hedging
verbs, probabilistic adverbs, and explicit statements of knowledge boundaries, to convey diagnostic
ambiguity. Integrating similar epistemic uncertainty markers into the language generation pipelines of
Medical Advice Assistants holds significant promise for promoting healthy trust calibration [5].

1.2 Problem Statement and Objectives

Despite the theoretical consensus on the importance of epistemic uncertainty in artificial intelligence,
empirical methodologies for precisely quantifying its impact on human-computer interaction remain
underdeveloped. Traditional approaches rely heavily on self-reported questionnaires administered before
and after interactions, which are susceptible to recall bias and fail to capture the dynamic, evolving nature
of trust during the conversational flow. Furthermore, while behavioral metrics such as advice compliance
provide tangible endpoints, they offer limited insight into the cognitive processing and analytical engagement
of the user during the interaction [6].

To address this critical methodological gap, this paper introduces a novel approach utilizing graph analysis
to evaluate the impact of epistemic uncertainty markers on user behavior and trust calibration. By
conceptualizing the dialogue between a user and a Medical Advice Assistant as a semantic network or
graph, we can mathematically model the structure of the interaction [7]. In these graphs, nodes represent
key semantic concepts or conversational states, and edges represent the transitional probabilities or
syntactic relationships between them. We hypothesize that when an artificial intelligence system expresses
high epistemic uncertainty, the user is prompted to engage more deeply, asking clarifying questions,
introducing new related concepts, and cross-referencing symptoms, thereby generating a more complex,
dense, and interconnected conversational graph [8].

The primary objectives of this research are threefold. First, we aim to systematically categorize and inject
varying levels of epistemic uncertainty markers into the response generation of a simulated Medical Advice
Assistant. Second, we seek to construct and analyze semantic interaction graphs derived from user-system
dialogues, identifying specific topological features that correlate with different uncertainty conditions. Third,
we intend to establish a robust empirical link between these graph-theoretic metrics and traditional
measures of trust calibration, thereby validating graph analysis as a powerful, non-obtrusive tool for
evaluating human-artificial intelligence interaction in critical domains [9].

2. Literature Review

2.1 The Role of Epistemic Uncertainty in Artificial Intelligence

The conceptualization and communication of uncertainty in artificial intelligence have garnered significant
attention within the machine learning and human-computer interaction communities. Uncertainty in
computational models is broadly bifurcated into two categories. Aleatoric uncertainty captures the irreducible
noise inherent in the observations, such as sensor inaccuracies or fundamental stochasticity in biological
processes. Epistemic uncertainty, conversely, accounts for uncertainty in the model itself, arising from a
lack of sufficient training data or incomplete knowledge about the underlying phenomena [10]. In the context
of Medical Advice Assistants, epistemic uncertainty is highly prevalent, as medical knowledge is
continuously evolving, and natural language queries are often underspecified or highly idiosyncratic.
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Linguistically, epistemic uncertainty is conveyed through a variety of structural and lexical mechanisms.
Hedging is perhaps the most heavily studied linguistic phenomenon in this regard. Hedging involves the use
of mitigating words or phrases, such as perhaps, it seems, or typically, which serve to lessen the absolute
certainty of a proposition. Probabilistic adverbs, conditional clauses, and explicit metacognitive statements,
such as acknowledging a lack of access to a patient complete medical history, also function as powerful
markers of epistemic uncertainty. Previous studies in computational linguistics have demonstrated that the
presence of these markers fundamentally alters the perceived authority and assertiveness of a text [11].

However, the application of these linguistic markers in conversational artificial intelligence presents a
delicate balancing act. If a Medical Advice Assistant utilizes excessive hedging, it risks appearing
incompetent, thereby eroding user confidence to a degree that renders the system practically useless. This
excessive mitigation can lead to systematic under-trust, wherein users discard valid health information. On
the other hand, a complete absence of uncertainty markers, particularly when dealing with complex or
ambiguous medical presentations, projects an illusion of omniscience. This false certainty directly fuels
automation bias, leading users to prematurely accept diagnostic suggestions without consulting certified
medical professionals [12].

2.2 Trust Calibration in Medical Systems

Trust in automated systems is a multifaceted psychological construct, encompassing cognitive, affective,
and behavioral dimensions. In the specific context of medical systems, the stakes associated with trust
misallocation are profoundly high. Cognitive trust relates to the user rational evaluation of the system
competence, reliability, and predictability. Affective trust involves the emotional response and feelings of
security the user experiences during the interaction. Behavioral trust manifests in the user reliance on the
system, such as adhering to its recommendations or utilizing it for subsequent queries [13].

The paradigm of trust calibration emphasizes that trust should not be a static, maximized value, but rather
a dynamic variable that continuously adjusts based on the context and the system performance. Optimal
trust calibration occurs when the user subjective trust perfectly aligns with the system objective
trustworthiness. Achieving this calibration requires the system to be highly transparent about its internal
states, including its confidence levels and epistemic limitations. In human interactions, physicians achieve
this calibration by sharing their reasoning processes, explaining differential diagnoses, and openly
discussing the statistical probabilities of various outcomes. Medical Advice Assistants must be engineered
to replicate these communicative strategies [14].

Recent empirical studies have explored various user interface elements designed to promote trust
calibration, such as numerical confidence scores, visual progress bars, and explanatory text. However,
numerical representations of probability are notoriously difficult for lay users to interpret correctly, often
leading to cognitive overload or misinterpretation. Linguistic communication of uncertainty, on the other
hand, leverages the innate human capacity for processing nuanced social cues embedded in language. By
modulating the tone and assertiveness of the dialogue, Medical Advice Assistants can intuitively guide users
toward appropriate levels of reliance without requiring explicit statistical literacy [15].

Despite these insights, assessing the real-time efficacy of linguistic uncertainty markers remains a complex
challenge. Self-report measures, such as the widely utilized System Trust Scale, provide valuable
summative evaluations but fail to capture the granular, moment-to-moment fluctuations in user trust. To
address this limitation, researchers are increasingly turning to behavioral and physiological metrics, such as
gaze tracking, response latency, and dialogue pattern analysis. Among these emerging methodologies, the
application of network science and graph theory to conversational transcripts offers a uniquely powerful lens
for examining the structural dynamics of human-artificial intelligence interaction.

3. Methodology and Graph Analysis Framework

3.1 Data Collection and Preprocessing

To empirically investigate the relationship between epistemic uncertainty markers, semantic graph
topologies, and trust calibration, we designed a comprehensive experimental methodology centered around
a simulated Medical Advice Assistant. The data collection process involved recruiting a diverse cohort of
participants to engage in natural language text-based interactions with the system. The dialogues were
structured around a set of predefined, standardized medical scenarios. These scenarios were carefully
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crafted in consultation with medical professionals to encompass a range of complexity, from straightforward,
easily identifiable ailments to ambiguous, multi-symptomatic presentations that lack a definitive non-clinical
diagnosis.

The dialogues generated during these sessions were subjected to a rigorous preprocessing pipeline to
prepare them for graph construction. First, the raw text transcripts were anonymized and cleansed of
typographical errors and extraneous conversational fillers. We then applied advanced natural language
processing techniques, including tokenization, part-of-speech tagging, and named entity recognition,
utilizing established biomedical language models. This step was crucial for identifying and extracting
clinically relevant concepts, such as symptoms, anatomical locations, temporal indicators, and potential
diagnoses.

Following entity extraction, we performed coreference resolution to ensure that pronouns and varying
referential phrases pointing to the same underlying concept were unified. We also applied lemmatization to
reduce words to their base morphological forms, thereby reducing the dimensionality of the semantic space
and ensuring that variations in tense or plurality did not result in redundant graph nodes. Finally, the
preprocessed textual data was segmented into discrete conversational turns, alternating between the user
input and the system response. These turns served as the fundamental units of analysis for the subsequent
graph construction phase [16].

3.2 Graph Construction and Analysis Metrics

The core of our analytical framework involves the transformation of the preprocessed conversational
transcripts into semantic interaction graphs. In these undirected, weighted graphs, the nodes represent the
unique semantic concepts extracted during the preprocessing phase, encompassing both user-generated
medical terminology and the language produced by the Medical Advice Assistant.

The edges connecting these nodes represent the co-occurrence and syntactic relationships between the
concepts within a defined contextual window. Specifically, an edge is drawn between two nodes if they
appear within the same conversational turn or within adjacent turns, reflecting the immediate conversational
flow. The weight of an edge is determined by the frequency of co-occurrence; concepts that are repeatedly
discussed in tandem develop stronger connections. Furthermore, we integrated syntactic dependency
parsing to assign higher weights to concepts that share a direct grammatical relationship, such as a
symptom and its modifying severity descriptor.

Once the semantic interaction graphs were constructed for each dialogue session, we computed a suite of
network analysis metrics to characterize their topological structure. The primary metrics included Average
Degree, which measures the average number of connections per node, indicating the overall semantic
richness and complexity of the conversation. Density, calculated as the ratio of actual edges to potential
edges, provided insight into the cohesiveness of the discussion.

We also analyzed Betweenness Centrality to identify bottleneck concepts that bridge different semantic
clusters, often representing the core medical issue being investigated. Modularity was employed to measure
the extent to which the graph naturally partitions into dense, semi-independent subgraphs or communities.
High modularity suggests a highly structured, analytical conversation where different aspects of a medical
problem are systematically explored, whereas low modularity indicates a more superficial, linear dialogue.
We hypothesized that the introduction of epistemic uncertainty markers would encourage users to ask more
probing questions and introduce new contextual information, thereby significantly altering these structural
metrics.
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Figure 1: Comprehensive Schematic of Semantic Graph Construction and Trust Calibration Workflow
4. Experimental Setup and Trust Measurement
4.1 Participant Demographics and Study Design

The empirical study was conducted with a cohort of participants recruited to ensure a representative sample
of the general adult population, varying in age, educational background, and baseline medical literacy. Prior
to engaging with the simulated Medical Advice Assistant, all participants completed a comprehensive
demographic survey and a standardized health literacy assessment. This baseline data was critical for
controlling for potential confounding variables, as an individual inherent medical knowledge significantly
influences their susceptibility to automation bias and their baseline propensity to trust automated systems.

Table 1: Participant Demographics Summary

Demographic Category Sub-category Percentage of Total Sample
Age Distribution 18 to 29 years 28 percent
Age Distribution 30 to 49 years 45 percent
Age Distribution 50 years and above 27 percent
Educational Attainment High School or equivalent 22 percent
Educational Attainment Bachelor Degree 51 percent
Educational Attainment Postgraduate Degree 27 percent
Baseline Medical Literacy Low 18 percent
Baseline Medical Literacy Moderate 54 percent
Baseline Medical Literacy High 28 percent

The study employed a between-subjects experimental design, where participants were randomly assigned
to one of three experimental conditions. Each condition dictated the conversational behavior of the simulated
Medical Advice Assistant regarding the expression of epistemic uncertainty. The interaction environment
was presented as a web-based chat interface, designed to mimic the appearance and functionality of
commercially available medical chatbots. Participants were instructed to act out three distinct medical
scenarios, describing symptoms to the system and evaluating the advice provided. The interactions were
entirely text-based, and participants were given no time limit, encouraging natural and unhurried
conversational flow.

4.2 Uncertainty Marker Injection

The central independent variable in our study was the density and type of epistemic uncertainty markers
injected into the system responses. We categorized the experimental conditions as Low Uncertainty,
Medium Uncertainty, and High Uncertainty. To ensure consistency and experimental control, the underlying
medical logic and the core information provided by the system remained identical across all conditions; only
the linguistic framing was manipulated.
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In the Low Uncertainty condition, the system provided responses utilizing highly assertive, definitive
language. Responses in this condition were devoid of hedging, probabilistic adverbs, or explicit limitations.
For example, the system might state, The symptoms you described indicate a viral respiratory infection. You
require rest and hydration. This condition was designed to mimic the overconfident behavior frequently
observed in uncalibrated generative artificial intelligence models.

The Medium Uncertainty condition introduced moderate hedging and probabilistic language. The system
acknowledged the statistical likelihood of certain conditions without making absolute diagnostic claims.
Responses included phrases such as, Based on common presentations, your symptoms are typically
associated with a viral infection. It is highly probable that rest will improve your condition.

The High Uncertainty condition explicitly maximized the use of epistemic uncertainty markers. The system
not only employed robust hedging but also consistently articulated its boundaries as an artificial intelligence,
the limitations of remote assessment, and the necessity of clinical verification. A response in this condition
would read, | am an artificial intelligence and cannot provide a definitive diagnosis. However, symptoms like
yours may potentially indicate a viral infection, though other conditions cannot be ruled out without a physical
examination. | strongly recommend consulting a healthcare professional for a precise assessment. This
tiered approach allowed us to systematically observe the behavioral and structural consequences of
linguistic uncertainty calibration [17].

5. Results and Discussion
5.1 Impact of Uncertainty Markers on Graph Topologies

The extraction and analysis of the semantic interaction graphs yielded compelling evidence regarding the
profound impact of linguistic uncertainty on conversational structure. The structural metrics of the dialogue
graphs varied significantly across the three experimental conditions, confirming our primary hypothesis that
the system communication style fundamentally alters user engagement. The computational analysis of the
graphs revealed distinct morphological patterns corresponding to user cognitive behavior.

Table 2: Graph Analysis Metrics Across Experimental Conditions

Experimental Condition Average Degree Network Density Graph Modularity
Low Uncertainty 3.42 0.18 0.31
Medium Uncertainty 4.87 0.24 0.45
High Uncertainty 6.15 0.32 0.62

In the Low Uncertainty condition, the semantic graphs were characterized by low Average Degree, low
Density, and low Modularity. The conversations in this group were highly linear and brief. Because the
system provided definitive, confident answers, participants rarely felt compelled to ask follow-up questions,
elaborate on their symptoms, or introduce related medical concepts. The semantic networks were sparse,
reflecting a passive acceptance of the information provided. This structural simplicity is a direct artifact of
automation bias, where the illusion of algorithmic certainty truncates the user analytical process.

Conversely, the High Uncertainty condition produced significantly more complex and robust semantic
graphs. The Average Degree was nearly double that of the Low Uncertainty condition, indicating that
individual concepts were highly interconnected. The Network Density also increased, demonstrating a more
cohesive and thorough exploration of the medical topic. Most notably, the Graph Modularity reached its
highest value in this condition. High modularity indicates that the dialogue naturally segmented into distinct,
densely connected sub-topics. For instance, one module might focus intensely on the timeline of symptoms,
another on potential side effects of over-the-counter medications, and a third on the logistical aspects of
seeking professional medical care.

This high modularity suggests that when the system expressed explicit epistemic limitations, users engaged
in deeper cognitive processing. They did not simply accept the preliminary advice; instead, they actively
probed the system reasoning, clarified their symptom descriptions, and explored alternative hypotheses.
The uncertainty markers served as conversational catalysts, transforming the interaction from a simple
query-response transaction into a collaborative, analytical investigation.

5.2 Trust Calibration Outcomes
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The structural transformations observed in the semantic graphs were strongly correlated with the outcomes
of the trust calibration assessments. To evaluate trust calibration, we measured both the participants self-
reported trust in the system and their behavioral compliance with its recommendations, particularly
regarding the necessity of seeking professional medical validation. Optimal trust calibration in this context
meant that users recognized the utility of the system for preliminary triage but remained skeptical enough
to require human medical confirmation for ambiguous symptoms.

Participants in the Low Uncertainty condition exhibited classic symptoms of over-trust. Their self-reported
trust scores were extremely high, yet their behavioral compliance with safety protocols was poor. A
significant majority of these participants indicated they would not seek professional medical advice, relying
entirely on the assertive, though potentially inaccurate, artificial intelligence diagnosis. This over-reliance
perfectly aligns with the sparse, uncritical semantic graphs generated during their interactions.

The High Uncertainty condition demonstrated highly successful trust calibration. While their absolute,
uncritical trust scores were lower than those in the Low condition, their calibrated trust was optimal. They
acknowledged the system usefulness in providing information but actively recognized its limitations.
Behaviorally, these participants were significantly more likely to state their intention to consult a human
doctor for final verification.

The semantic graph metrics, particularly Modularity and Average Degree, proved to be highly sensitive
predictors of this calibrated state. The complex graph structures generated in the High Uncertainty condition
were the structural manifestation of the user analytical engagement and critical evaluation of the system
outputs. By utilizing linguistic markers to transparently communicate epistemic boundaries, the Medical
Advice Assistant effectively modulated the conversational flow, prompting users to construct richer cognitive
models of the medical scenario and, consequently, align their reliance appropriately with the system true
capabilities.

6. Conclusion and Future Directions

6.1 Summary of Contributions

This research provides a comprehensive examination of the intersection between linguistic uncertainty,
human-computer trust, and network science within the critical domain of digital healthcare. Our findings
conclusively demonstrate that the strategic integration of epistemic uncertainty markers into the natural
language generation pipelines of Medical Advice Assistants is an essential mechanism for mitigating
automation bias and promoting optimal trust calibration. By refusing to project an illusion of absolute
certainty, these systems compel users to engage more critically with health information.

The most significant methodological contribution of this paper is the successful application of semantic
graph analysis to model and quantify this interaction dynamic. We have established that the structural
topologies of conversational graphs specifically metrics such as Average Degree, Network Density, and
Graph Modularity serve as robust, unobtrusive indicators of user cognitive engagement and trust calibration.
As demonstrated, high levels of system-expressed uncertainty lead to highly modular, dense semantic
networks, which correlate strongly with safe, calibrated user reliance. This graph-based framework offers a
novel alternative to traditional self-report measures, enabling real-time, structural evaluation of human-
artificial intelligence dialogue.

6.2 Limitations and Future Work

While the results are compelling, this study acknowledges certain limitations that provide avenues for future
investigation. Primarily, the experimental interactions were conducted in a simulated, text-based
environment. Real-world medical inquiries often involve heightened emotional states, urgency, and
multimodal inputs such as voice and image data, which may alter how uncertainty markers are processed
and interpreted. The current semantic graph construction relies heavily on lexical and syntactic features;
incorporating acoustic features of voice interactions, such as hesitation or intonation, could provide a more
holistic representation of conversational dynamics.

Future research should focus on longitudinal studies to observe how trust calibration evolves over repeated
interactions with the same Medical Advice Assistant. It is plausible that user tolerance for uncertainty
markers may fluctuate as they become more familiar with the system algorithms. Furthermore, the
development of dynamic thresholding models, where the artificial intelligence actively monitors the real-time
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structural complexity of the conversational graph and adjusts its linguistic uncertainty output to maintain
optimal user engagement, represents a highly promising frontier. Integrating these graph-analytic
techniques directly into the reinforcement learning loops of generative models could pave the way for a new
generation of intrinsically safe, transparent, and contextually aware artificial intelligence assistants in
healthcare and beyond.
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