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Abstract

Large language models (LLMs) are increasingly used as informal
decision support in clinical practice, yet strong benchmark perfor-
mance does not directly translate to real-world work where informa-
tion is incomplete, evolving, and distributed across heterogeneous
records. We present this co-authored reflective case study of in-the-
wild LLM use by a senior general practitioner across outpatient and
inpatient settings. Analysing three clinical vignettes, we identify
how hallucination-like breakdowns can arise from both factual er-
rors and opaque evidence blending: the model synthesises claims
across various record types without making provenance visible,
leading grounded details to appear fabricated and speculative infer-
ences to resemble chart facts. We show how disagreement triggers
verification work, shifting cognitive load from clinical reasoning to
auditing sources. We conclude with design implications for clinical
LLM interfaces, including typed provenance links, separation of
retrieved evidence from inference, dynamic case reconstitution, and
workflows for productive disagreement.
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1 Introduction

Large language models (LLMs) have demonstrated strong perfor-
mance on medical question answering and reasoning benchmarks,
motivating interest in clinical applications [9, 19]. However, per-
formance in controlled settings does not directly translate to the
realities of clinical work, where information is incomplete, evolving,
and distributed across heterogeneous sources (patient history, labs,
imaging, consultation notes, guidelines), and where accountability
and safety requirements are high [1, 2, 10, 12, 18, 22]. Recent studies
suggest LLM access can influence clinicians’ reasoning processes
and outcomes, but results are mixed and highly dependent on task
framing and context [7, 11, 12]. For example, a randomised clinical
trial in JAMA Network Open found that LLM access did not uni-
formly improve diagnostic reasoning compared with conventional
resources, while also highlighting process-level considerations be-
yond simple accuracy metrics [11].

In parallel, HCI research has emphasised that trustworthy human-
Al interaction requires careful design: users need to understand
what the system can do, when it may fail, and how to appropriately
calibrate reliance [4]. Amershi et al’s “Guidelines for Human-AI In-
teraction” provide a foundational framing for designing Al-infused
products, including transparency, controllability, and supporting ef-
ficient correction [4]. More recent HCI work on precision medicine
has highlighted how model-derived, probabilistic outputs in medi-
cal contexts challenge conventional assumptions of interpretability,
actionability, and user responsibility [20, 21].

Yet clinical use introduces additional complexities: model out-
puts may be taken as quasi-authoritative; hallucinations can be
harmful; and evidence provenance is essential for clinical account-
ability [12, 15, 19]. In LLM research, hallucination typically denotes
outputs that appear plausible and confident but are not supported
by the underlying evidence (e.g., fabricated details, incorrect at-
tributions, or unverifiable citations) [14]. In clinical settings, this
is particularly risky because such claims can be misread as chart
facts, shaping diagnosis, treatment decisions, and documentation
[12]. Importantly, hallucination may also be experienced interac-
tionally when evidence is present somewhere in the record, but
its provenance is not made visible, making grounded statements
appear invented.

While clinical LLMs are increasingly studied through bench-
marks and controlled evaluations, clinician-centred accounts of
in-the-wild use remain limited - especially those documenting how
these systems are appropriated in real clinical workflows, including
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breakdowns, verification practices, and accountability pressures.
We therefore adopt a co-authored reflective case study to surface
interactional phenomena that may be difficult to capture in lab-
oratory settings. Rather than treating hallucination purely as a
model defect, we examine a broader socio-technical phenomenon:
clinicians may experience perceived hallucination when LLMs
provide confident claims whose source and evidential status are not
visible. In dynamic settings, clinicians continuously update their
interpretation as new results arrive; LLM responses, by contrast,
are often anchored to an incomplete documentation snapshot. This
mismatch can generate perceived unreliability even when parts
of the output are grounded in the record. This paper makes three
main contributions:

(1) An in-the-wild reflective case study of outpatient and in-
patient LLM use by a senior clinician working in general
practice;

(2) An interactional analysis of hallucination-like breakdowns,
focusing on opaque evidence blending across record types;

(3) A set of design implications for clinical LLM interfaces, in-
cluding provenance, dynamic reconstitution, and productive
disagreement.

2 Related Work

We briefly review related work in three areas that motivate our
study: (1) clinical LLM use beyond benchmarks, including in-the-
wild workflow evidence; (2) LLMs for clinical documentation and
multi-document record synthesis, where verifiability and prove-
nance are central; and (3) HCI research on trustworthy human-Al
interaction.

LLMs and clinical knowledge. LLMs have been evaluated for
clinical knowledge using curated benchmarks and human assess-
ment frameworks. Singhal et al. assessed large models on Multi-
MedQA and proposed evaluation axes including factuality and po-
tential harm, highlighting that clinical deployment demands more
than correct answers [19]. Eriksen et al’s study examined GPT-4 on
complex clinical cases, comparing performance with physicians and
illustrating both promise and limitations of case-based reasoning
[9].

Decision support and workflow integration. Clinical deci-
sion support (CDS) has a long history, and adoption challenges
are often socio-technical: usability, integration, and workflow fit
matter as much as algorithmic capability. Middleton et al’s 25-year
retrospective highlights that CDS impact depends on implementa-
tion and the clinical context of use [17]. These lessons are directly
relevant to LLM assistants embedded in office software or electronic
health record tools [6].

Transparency, trust, and interaction design. In the field
of HCI, trust is not a static user attitude but a situated, evolving
judgment shaped by system behaviour and interaction affordances
[16]. Amershi et al’s guidelines for human-AlI interaction empha-
sise transparency about system confidence and supporting user
correction loops [4]. In clinical settings, the need for traceability
is heightened: clinicians must be able to justify decisions using
evidence. When LLMs provide fluent answers without clear prove-
nance, clinicians may interpret outputs as hallucinated — even when
partially grounded in records [3, 12].
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3 Methods

We adopted a reflective case study approach grounded in clinical re-
flective practice and interpretive HCI traditions. The second author,
a senior general practitioner (GP) and head of department with
more than thirty years of clinical experience, documented routine
and critical LLM interactions in his clinical workflow. Prior to this
role, the GP trained and practised as a respiratory physician. The
GP worked across both outpatient and inpatient settings and used
the LLM tool as part of everyday clinical reasoning. We then used
purposive sampling to select three vignettes that (1) were clinically
consequential, (2) represented distinct interaction outcomes (e.g.,
helpful recall vs. contradiction vs. perceived hallucination due to
evidence blending), and (3) provided sufficient traceable context for
reflection. We additionally reviewed the remaining documented in-
teractions as a lightweight negative-case analysis; none introduced
qualitatively new failure modes beyond the three reported, though
we note that this corpus is not exhaustive.

Our dataset comprised four sources: (1) clinician field notes; (2)
excerpts/transcripts/screenshots of LLM queries and responses; (3)
reconstructed timelines of what information was available at each
interaction; and (4) co-analysis discussions and peer debriefing be-
tween authors to challenge interpretations and surface alternative
explanations. All patient information reported in this paper was
de-identified and presented as clinical vignettes. The LLM interac-
tions described here did not involve patient-identifiable information.
The study has been approved by the Medical Ethics Committee of
Longgang Central Hospital of Shenzhen (reference: 2026ECPJ010),
and was conducted in accordance with institutional policies for
reflective practice.

The LLM examined in this study was an “Al Assistant” (here-
after, the assistant) embedded within the hospital’s office software
environment and used in routine clinical work. Although direct
access to the external internet was not permitted within the hos-
pital’s internal office system, this system included an integrated
assistant that, according to the GP, was based on DeepSeek. How-
ever, the technical configuration of this system (e.g., whether it
involved local deployment or managed external connectivity) was
not available to the authors and is therefore not specified further
here.

Interactions were documented over a period of three months, dur-
ing routine outpatient and inpatient clinical work. The assistant was
consulted in situations such as diagnostic uncertainty, medication
safety checks, or the synthesis of complex patient records. Then, we
conducted a structured reflective analysis of each interaction follow-
ing a ‘breakdown-repair’ lens from human-Al interaction. For each
case, we (1) reconstructed the clinical information environment
(what documents were available and when), (2) traced the model’s
claims to possible sources (e.g., imaging report vs. consult note), (3)
identified the user’s inference and verification steps, and (4) coded
breakdowns by their interactional cause (e.g., contradiction, miss-
ing provenance, cross-document evidence blending). We iterated
these codes across vignettes to derive recurring mechanisms and
design implications.
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Table 1: Corpus overview and mapping between observed interaction outcomes and selected vignettes.

Interaction outcome Observed frequency Vignette
Helpful recall / augmentation Common A
Internal contradiction / safety risk Occasional B
Perceived hallucination via provenance opacity / evidence blending Occasional (high impact) C

4 Findings

To support readers without a clinical background, we briefly contex-
tualise each vignette in terms of the clinical task and its stakes. We
use the vignettes not to evaluate medical correctness, but to illus-
trate interactional dynamics in everyday clinical decision-making:
rapid medication safety checks, managing uncertainty for special
populations, and high-stakes diagnostic synthesis across distributed
records. Table 1 summarises the broader corpus and the rationale
for selecting three analytically rich vignettes.

4.1 Outpatient use: rapid adverse effect
reasoning as cognitive offloading

4.1.1  Vignette A (moxifloxacin and fatigue). A middle-aged patient
reported persistent fatigue after taking moxifloxacin for a respira-
tory infection. The assistant was consulted during the consultation
to support rapid assessment of whether the symptom could be drug-
related. The GP queried! whether fatigue is a recognised adverse
effect and what safety checks to consider. The assistant returned
an answer aligning with known side-effect profiles (fatigue, dizzi-
ness, gastrointestinal effects) and suggested basic monitoring and
escalation criteria.

4.1.2  Interactional observation. In outpatient contexts, the LLM
was most valuable as a ‘rapid recall’ tool — an external memory
that reduces search time. The GP treated outputs as provisional
and cross-checked when needed, but the LLM’s role came from
speed and structure (e.g., listing differential adverse effects and
practical next steps). This mode is consistent with a CDS function
that supports clinicians’ time-constrained decision making rather
than replacing judgment [17].

4.2 Special populations: when LLM outputs
conflict internally

4.2.1 Vignette B (glucose-6-phosphate dehydrogenase (G6PD) defi-
ciency and medication options). A teenager with G6PD deficiency?
required symptomatic management for upper respiratory com-
plaints. The assistant was consulted during the consultation as part
of the reasoning about medication safety. The assistant initially
produced a cautious recommendation, then, in the same response
(or a subsequent turn), presented inconsistent statements about

ISuch queries are common in time-pressured outpatient practice, where clinicians
must quickly assess whether new symptoms may be drug-related and decide whether
monitoring, switching therapy, or escalation is warranted.

2G6PD deficiency is a common inherited enzyme disorder in which reduced G6PD
activity makes red blood cells more vulnerable to oxidative stress, sometimes leading
to acute haemolysis triggered by infections, certain medications, or fava bean con-
sumption [13]. G6PD deficiency constrains medication choices because some drugs
can precipitate haemolysis; clinicians therefore rely on authoritative references and
careful risk communication, particularly when evidence is ambiguous or conflicting.

whether a specific drug was “not recommended” versus “generally
safe,” while offering references of uneven quality (mostly publicly
available webpages).

4.2.2 Interactional observation. This case illustrates a common
LLM risk: superficially authoritative text can contain internal con-
tradictions [15]. The GP responded by treating the assistant as
a starting point, then verifying against trusted drug references.
For special populations, the GP reported that the lack of access to
authoritative databases within the assistant limited its clinical relia-
bility, despite its helpful structuring of considerations (e.g., “watch
for haemolysis signs”).

4.2.3 Implication. If LLMs are used for medication safety in special
populations, interfaces should (a) foreground uncertainty?; (b) sep-
arate what is ‘retrieved evidence’ from what is ‘model inference’;
and (c) make conflicts visible rather than hiding them in a fluent
narrative.

4.3 Inpatient multimorbidity: diagnostic
disagreement and apparent hallucination
via opaque evidence blending

4.3.1 Vignette C (acute transverse myelitis vs. antiphospholipid syn-
drome). In an inpatient case with complex presentation and evolv-
ing results®, the assistant was used iteratively during the care pro-
cess, including after new clinical data became available. The assis-
tant initially ranked antiphospholipid syndrome as the top diagnosis
and acute transverse myelitis as secondary. After multidisciplinary
team (MDT) discussion and external specialist consultation, acute
transverse myelitis was supported and treated with corticosteroids.

A critical moment occurred when the assistant, after later re-
uploads of more records of the patient, provided a confident justifi-
cation, including a specific magnetic resonance imaging phrase (i.e.,
“T2 hyperintensity at T12-L1”) that the GP did not recall seeing in
radiology reports. This was initially perceived as a hallucination: a
plausible-sounding imaging finding seemingly invented to support
the diagnosis. On investigation, the GP located similar wording in a
neurology consultation note. The phrase existed in the record, but
its provenance was not clear to the GP at the time of interaction
because (1) the record was distributed across documents, and (2)
the assistant did not indicate which document type or which date
the phrase came from.

3In certain clinical scenarios, clinicians may need to choose the least harmful option
among imperfect alternatives and engage in shared decision-making with patients.
Providing a tentative, evidence-based recommendation can support more informed
clinical judgment, even when uncertainty or potential harm exists.

“In inpatient care, diagnoses are often revised as new tests arrive, and key evidence
is distributed across radiology reports, consultation notes, and handover narratives,
making provenance and document type crucial for appropriate evidence weighting.
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4.3.2  Interactional observation. This incident is not well captured
by the binary ‘hallucination vs. non-hallucination’ framing, but
instead demonstrates a mismatch between evidential presence and
evidential legibility. Even when the content is present somewhere
in documentation, opaque synthesis can make the output appear
fabricated. Conversely, such synthesis can also elevate low-quality
or interpretive notes to the same status as formal radiology reports,
potentially distorting evidence weighting. The core problem is
evidence provenance opacity: the GP cannot see whether a claim is
grounded in (a) radiology reports, (b) specialist notes, (c) clinician
narrative, or (d) model inference.

4.3.3  Clinician response pattern. The GP did not accept the assis-
tant as decisive; disagreement triggered verification: re-checking
reports, searching notes, and consulting external specialists. How-
ever, this verification is time-consuming. The cognitive load shifts
from clinical reasoning to auditing LLM outputs and record sources
- an unintended burden.

5 Discussion

Evidence provenance is a critical interaction requirement in clin-
icians’ engagement with LLM outputs. As illustrated in Figure 1,
our findings suggest that the key issue lies in whether their evi-
dential basis remains legible through interaction. Prior HCI work
emphasises that Al systems should make it easy for users to under-
stand and appropriately rely on outputs [4]. It also echoes recent
research on human-centred Al in healthcare, which emphasises the
importance of transparency, workflow integration, and the situated
nature of clinical AI use [5, 8]. In clinical contexts, this requires
provenance-aware interaction: each key claim should be traceable
to a source, and sources should be typed (radiology report vs. con-
sultation note vs. patient-reported history vs. model inference).
Without this, clinicians may interpret grounded statements as hal-
lucinations, or more dangerously, treat speculative inferences as
documented facts.

Dynamic clinical information challenges static conversational
snapshots. Clinical diagnosis unfolds over time; LLM interactions
are often episodic snapshots. The same patient, queried at different
moments or in new chat windows, can yield different rankings,
which clinicians may interpret as inconsistency or unreliability.
This aligns with concerns raised by clinical CDS research: tool
effectiveness depends on integration with clinical workflows and
timely data availability [17].

Productive disagreement should be designed, not improvised.
In our cases, clinician-Al disagreement was a productive trigger
for verification and escalation (MDT and specialist consultation).
However, today this is improvised: clinicians must manually chal-
lenge outputs and reconstruct evidence. Clinical LLM interfaces
should explicitly support disagreement: making it easy to ask why,
see supporting and contradicting evidence, and record clinician
judgments for the ongoing case narrative. This would align with
HCI principles of controllability and supporting efficient correction
[4].

Taken together, these findings point to five design implications
for clinical LLMs:
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e Evidence traceability with source typing. Every key
claim should link to a specific source snippet and metadata
(e.g., document type, author role, timestamp).

e Separation of record-grounded facts vs. model infer-
ence. Interface cues should distinguish ‘documented’ from
‘inferred, reducing the risk of fabricated or speculative de-
tails being treated as chart facts.

e Dynamic case reconstitution. Provide tooling to periodi-
cally rebuild a ‘current case state’ from evolving data, rather
than relying on fragmented conversational history.

¢ Disagreement workflows. Enable structured contestation
(e.g., clinician flags “I disagree”), prompting the system to
surface counterevidence and uncertainty, and to log the res-
olution pathway.

e Quality-aware weighting of evidence. Radiology reports,
lab results, and specialist notes should not be treated as
equivalent; interfaces should support weighting and high-
light conflicting interpretations.

6 Limitations and Conclusion

Our work is a reflective case study centred on an experienced
clinician and a single LLM assistant embedded in local workplace
software. As such, the goal is to surface a class of interactional
breakdowns that are difficult to observe in benchmark evaluations
or decontextualised usability studies, rather than population-level
generalisation. The vignettes are shaped by the conventions of one
organisational record system (e.g., how documents are fragmented,
updated, and re-uploaded) and by an established set of verification,
escalation, and documentation routines. These constraints delimit
what can be claimed: the study does not estimate the prevalence of
failure modes, nor does it compare models or interfaces.

At the same time, the account surfaces two cross-cutting ten-
sions relevant to clinical LLM deployments. First, conversational
outputs privilege coherent narrative, while clinical practice depends
on graded epistemic status — distinguishing what is observed, re-
ported, inferred, and merely suspected. Second, clinical reasoning
is temporally distributed, yet LLM interactions remain episodic.
Together, these tensions help explain why grounded content may
still be experienced as hallucinated when evidential status and
provenance are not legible at the point of interaction.

Future work should therefore treat provenance and temporal-
ity as first-class design and evaluation dimensions. This includes
(i) interface prototyping that makes evidential status and record
provenance legible in situ; (ii) studies across sites and experience
levels to examine variation in verification practices, disagreement,
and accountability pressures; and (iii) evaluation protocols that
go beyond answer accuracy to measure interactional outcomes,
such as time-to-verification, error pathways, trust calibration, and
documentation quality.

This study reframes hallucination from a purely model-centric
defect to an interactional phenomenon shaped by evidential legibil-
ity in distributed clinical records. By centring provenance, epistemic
status, and temporality as interaction requirements, we hope future
HCI research can help steer clinical LLMs towards safer and more
accountable use in routine care.
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Distributed clinical records

Radiology reports, consultation notes,
lab results, handover narratives
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Fluent output
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Interactional consequence

Perceived hallucination
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Figure 1: A conceptual account of perceived hallucination in clinical LLM interaction. Information distributed across heteroge-
neous clinical records is synthesised into a coherent response without preserving visible provenance or evidential status. As a
result, grounded content may appear fabricated, while inferred content may be mistaken for chart fact, leading to verification
work.
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