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Abstract
This paper presents a critical perspective on the ecological valid-
ity challenges in evaluating AI-assisted decision-making tools for
healthcare, illustrated through insights from a case study on oral
cancer diagnosis.We argue that current experimental approaches of-
ten fail to capture the complexities of clinical environments in three
critical dimensions: the temporal dynamics of decision-making, the
holistic nature of clinical reasoning, and the multifaceted require-
ments for performance evaluation.

Our case study with ten dental care specialists of varying ex-
perience levels revealed significant misalignments between our
controlled experimental design and the realities of clinical practice.
Participants’ qualitative feedback highlighted how real-world di-
agnosis involves contextual information beyond images, follows
different temporal patterns than rapid experimental tasks, and re-
quires evaluation metrics beyond simple accuracy.

Based on these observations, we suggest pathways for enhancing
ecological validity in AI healthcare research: incorporating longi-
tudinal evaluation approaches, designing systems that integrate
multiple information streams, and developing nuanced performance
metrics that reflect clinical priorities. This work contributes to the
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ongoing dialogue about bridging the gap between AI research and
its practical implementation in high-stakes medical settings.

CCS Concepts
• Human-centered computing→ Human computer interac-
tion (HCI); HCI design and evaluation methods; User studies.
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1 Introduction
Artificial Intelligence (AI) has the potential to enhance healthcare
by improving diagnostic accuracy, treatment decisions, and patient
outcomes. However, realizing this promise requires more than tech-
nical advances — it demands careful attention to how AI systems
function within the realities of clinical practice. We argue that
current evaluation approaches for AI-assisted clinical decision sup-
port systems often lack ecological validity — the degree to which
research findings reflect real-world contexts [3].

https://orcid.org/0000-0001-6826-9688
https://orcid.org/0000-0002-8853-4669
https://orcid.org/0009-0002-3599-4343
https://orcid.org/0000-0002-2601-7009
https://orcid.org/0000-0002-1031-1959
https://orcid.org/0000-0001-7193-3754
https://orcid.org/0000-0002-3135-7462
https://orcid.org/0000-0002-9443-0495
https://orcid.org/0000-0002-5562-7420
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3750069.3750072
https://doi.org/10.1145/3750069.3750072


CHItaly 2025, October 06–10, 2025, Salerno, Italy Turchi et al.

This gap stems from three key misalignments between experi-
mental design and clinical reality:

(1) Temporal Dynamics of Decision-Making: Clinical deci-
sions unfold over time through observation, consultation,
and reflection. Evaluations that demand immediate responses
miss this process.

(2) Holistic Clinical Reasoning: Clinicians draw on patient
history, contextual cues, and embodied knowledge — factors
beyond the scope of most AI systems.

(3) Performance Beyond Accuracy: Clinical quality involves
managing risk and uncertainty, not just optimizing accuracy
scores.

To illustrate these issues, we report on a case study from the
DoctOral-AI1 project, which focused on AI-assisted diagnosis of
oral lesions. Though the study aimed to compare interaction de-
signs, it unexpectedly revealed broader mismatches between con-
trolled experiments and clinical workflows. These findings support
our call for rethinking how AI systems are evaluated in healthcare.

The importance of ecological validity is increasingly recognized
in HCI and healthcare AI research [13]. Van Berkel et al. [16] stress
the need for real-world alignment in system design, while Choud-
hury [6] highlights that clinical decisions are shaped by patient
context and environment, not just data. Similarly, critiques of Ex-
plainable AI (XAI) in healthcare note that explanations often fail to
meet the practical needs of domain experts [12].

2 Case Study: AI-Assisted Oral Cancer Diagnosis
DoctOral-AI [7] is a prototype system for diagnosing Oral Squa-
mous Cell Carcinoma (OSCC), developed for use in fieldwork, hu-
manitarianmissions, and remote areas with limited specialist access.
It uses deep learning to classify oral lesions as neoplastic (OSCC),
aphthous, or traumatic. Upon classification, the system provides
visualizations to support interpretation: a bounding box around the
lesion, a saliency map showing influential pixels, and a scatter plot
comparing the case with similar training examples [14].

We involved dental specialists in the design of the human-AI
interaction. The interface (Figure 1) implemented progressive dis-
closure of information [10] and cognitive forcing functions [4] to
encourage deliberate reflection and reduce overreliance on AI. Par-
ticipants were required to make an initial diagnosis before accessing
the AI’s output.

Although the study was originally intended to evaluate interface
modalities for AI-assisted diagnosis, it revealed a more fundamental
issue: a gap between our experimental design and how clinical
decisions unfold in practice. This misalignment— surfaced through
participant feedback — became the most meaningful insight of the
study. Rather than validating a specific interaction strategy, our
findings underscore the limitations of typical evaluation methods
and motivate a broader reflection on ecological validity in clinical
AI research.

2.1 Study Design and Results
We engaged ten participants with varying clinical experience: three
with less than 2 years, four with 5–10 years, and three with more

1https://mlpi.ing.unipi.it/doctoralai/

Figure 1: An excerpt from the redesigned UI of DoctOral-AI.

than 15 years of practice. Each completed diagnostic tasks using
two interface versions — one with all information visible upfront,
and one using progressive disclosure.

Sessions were held in person or via video conferencing, with
participants using their own devices to access the web interface. The
system displayed standardized lesion images previously classified
by expert pathologists. We collected quantitative data (accuracy,
weight-of-advice, System Usability Scale scores) and qualitative
insights through semi-structured interviews.

Though limited by sample size, we observed that less experi-
enced users were less accurate and benefited more from AI sugges-
tions. Unexpectedly, progressive disclosure increased reliance on
the AI (weight-of-advice rose from 0.10 to 0.14), particularly among
novices. One participant noted: “The second system... seems to have
a machine that thinks, so doing more effort in respect with the first
one.” This suggests that perceived deliberation may influence user
trust.

2.2 Qualitative Insights
Interviews revealed several gaps between the study setup and real-
world clinical practice.

2.2.1 Contextual Nature of Clinical Decision-Making. Participants
consistently emphasized that diagnosis involves more than visual
inspection. One senior clinician remarked: “We don’t actually work
this way. I see the patient and consider several other factors that
influence what the lesion might be: braces? smoking? age?”

This feedback highlights the importance of contextual cues like
patient history and lifestyle — factors our controlled study omit-
ted. It supports Choudhury’s critique [6] that AI research often
overlooks ecological validity in favor of statistical performance.

https://mlpi.ing.unipi.it/doctoralai/
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2.2.2 Temporal Dynamics of AI Utilization. Participants indicated
that AI tools would be used selectively in real practice, mainly for
complex or ambiguous cases — not in the rapid, repetitive way simu-
lated in our study. This suggests a mismatch between experimental
design and clinical workflows.

This finding echoes Zhang et al.’s argument [22] that observed
overreliance in lab studies may stem from study structure, not
actual clinical behavior.

2.2.3 Experience-Based Differences in AI Perception. Experience
shaped how participants responded to AI support. Novice users
tended to benefit from suggestions, while experienced clinicians
found that theAI sometimes drew attention to features theywouldn’t
typically prioritize.

One participant remarked: “The second system... seems to have a
machine that thinks...” suggesting that interface pacing and informa-
tion sequencing may shape trust — especially for less experienced
users.

3 Lessons Learned
Our study did not yield strong performance metrics or generalizable
behavioral patterns. Instead, its most valuable contribution lies in
what it exposed: gaps between experimental setups and clinical
realities. The following lessons are not claims about what worked,
but reflections on where our study design fell short — and why
addressing these shortcomings is essential for ecologically valid AI
research in healthcare.

3.1 Temporal Dynamics of Decision-Making
Our first key lesson concerns the temporal nature of AI system
use in clinical settings. Unlike our study, which presented a con-
tinuous sequence of cases requiring immediate decisions, clinical
diagnosis unfolds at varied paces, often sporadically and selectively,
depending on case complexity.

This mismatch has important implications for both system de-
sign and evaluation. As Zhang et al. [22] observe, patterns of over-
reliance on AI may result from experimental setups, rather than
reflecting real-world behavior. They found that “observations of
overreliance might indeed be favored by common study designs”
involving uninterrupted decision tasks that foster complacency.

Participants in our study noted this directly, expressing that the
rapid, back-to-back format did not reflect their usual diagnostic
rhythm. This connects to findings by Bahner et al. [1] and Wickens
et al. [20], which show how trust and reliability perceptions differ
between continuous and episodic interactions with automation.

To address this challenge, longitudinal or in-the-wild studies
such as those by Bossen and Pine [2] may be more effective in
capturing how clinicians use AI selectively over time and how trust
and reliance evolve in real practice.

3.2 Holistic Nature of Clinical Decision-Making
Our experimental design presented diagnosis as a visual classifi-
cation task, omitting the broader clinical context in which such
decisions are actually made. Clinicians emphasized that they do
not rely solely on images but instead consider a wide range of
contextual information: patient history, lifestyle factors, physical
examination, and prior treatments.

This simplification echoes a broader critique of AI and XAI ap-
proaches in healthcare, which often fail to meet the needs of domain
experts [12]. Malizia and Paternò point out that current XAI meth-
ods often “offer limited actionable insights in a clinical context”
precisely because they disregard the complexity of professional
reasoning.

By structuring our experiment as a series of isolated image-based
decisions, we implicitly treated clinicians more like algorithms —
processing inputs to generate outputs — than as context-aware
professionals. This illustrates what Ehsan et al. [8] describe as a
“sociotechnical gap”: the failure of technical systems to account for
the social and interpretive nature of real work.

Rather than addressing the holistic nature of clinical practice,
our design exposed its absence in common AI evaluation setups.
Future systems and experiments should aim to integrate richer,
multifactorial clinical scenarios to better reflect how decisions are
made in practice.

3.3 Performance Evaluation Beyond Accuracy
The third lesson concerns the limitations of evaluating AI-assisted
clinical decision-making with simple accuracy metrics. Our study
focused on diagnostic correctness and usability scores, but partici-
pants highlighted other dimensions that shaped their judgments:
confidence in the diagnosis, the risk of misclassification, and how
decisions unfold under uncertainty.

This limitation has been noted across multiple studies. Vereschak
et al. [19] note that trust in AI is often mischaracterized or in-
consistently measured due to narrow experimental protocols. In
high-stakes contexts like healthcare, such simplification can misrep-
resent how clinicians actually evaluate both decisions and decision
support tools.

Our findings also align with Cabitza and Zeitoun [5], who ar-
gue that experimental validation in healthcare AI must go beyond
statistical accuracy to address relational, pragmatic, and ecological
dimensions. These include how clinicians understand, feel about,
and act upon AI input within the broader context of patient care.

In hindsight, our evaluation design lacked the nuance required
to reflect these concerns. Future work should collaborate with clin-
ical experts to define performance metrics that capture diagnostic
uncertainty, contextual reasoning, and perceived responsibility —
elements central to actual medical practice.

4 Implications and Future Directions
Our findings point to three key directions for enhancing ecological
validity in clinical AI research — especially in how systems are
evaluated before real-world deployment.

(1) Design Studies That Reflect Clinical Context andWork-
flow: Clinicians emphasized the importance of contextual
information — patient history, lifestyle, and risk factors —
that our image-only study lacked. Future evaluations should
include richer clinical scenarios and more realistic interac-
tion patterns, where AI is consulted selectively and asyn-
chronously, as it would be in practice.

(2) Move Beyond Accuracy as the Primary Metric: Partici-
pants considered confidence, case complexity, and potential
harm — not just correctness — in their decisions. Evaluation
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frameworks should be co-designed with clinicians to reflect
these goals. Metrics like confidence calibration, uncertainty
communication, and outcome impact may offer a better fit.

(3) Account for Differences in Clinical Experience: Our
study showed that AI systems are interpreted and trusted
differently depending on expertise. Design and evaluation
methods should accommodate this variability — especially
when AI is meant to support training, second opinions, or
low-resource contexts.

These directions align with prior work on ecological validity
in clinical usability research [17], and broader findings on trust,
transparency, and AI adoption “in the wild” [2, 11, 19].

Recent studies have emphasized the need for longitudinal eval-
uation and attention to the “last mile” of AI deployment [13]. We
echo this: future work should explore adaptive systems [15] and
evaluate how AI supports not only final decisions, but earlier stages
like hypothesis generation [21].

Our findings also suggest a fundamental shift in how we ap-
proach both system design and evaluation for clinical AI tools.
Rather than designing studies around what the AI can process,
we should design them around how clinicians actually work and
what information they typically access. For instance, the DoctOral-
AI system could evolve to better reflect real clinical contexts by
incorporating patient information fields that clinicians routinely
consider — even if the underlying AI model doesn’t directly process
this data. This might include patient age, smoking history, presence
of dental appliances, medication use, and previous lesion history.
While our current deep learning model operates solely on images,
the interface could present these contextual factors alongside the
visual analysis, allowing clinicians to integrate AI insights with
their holistic assessment as they would in practice.

Similarly, our evaluation methodology could be redesigned to in-
clude such contextual information in experimental scenarios, even
when the AI component remains unchanged. Instead of presenting
isolated images requiring immediate classification, studies could
provide richer case vignettes that mirror real patient encounters.
This approach would evaluate not just the AI’s technical perfor-
mance, but how effectively the human-AI system supports clinical
reasoning in realistic contexts. This shift acknowledges that the
goal is not to make clinicians more like algorithms, but to make AI
systems more compatible with clinical expertise.

Ultimately, bridging the ecological validity gap will require in-
terdisciplinary collaboration among AI researchers, HCI experts,
and clinicians. Our case study offers a small step in this direction
— by showing how design decisions, experimental structure, and
interface elements can all obscure or distort the realities of clinical
reasoning.

5 Conclusion
This paper has argued that current approaches to evaluating AI-
assisted clinical decision support systems frequently lack ecological
validity, creating a significant gap between experimental findings
and real-world applicability. Through our case study on oral cancer
diagnosis, we identified three key dimensions of this challenge:
temporal dynamics of decision-making, holistic nature of clinical
reasoning, and performance evaluation beyond accuracy.

Our findings suggest that the design of experimental studies may
significantly influence observed patterns of human-AI interaction
in ways that do not reflect real-world clinical practice. The rapid
succession of cases in typical experiments, the isolation of visual
data from broader patient context, and the focus on accuracy over
other dimensions of performance all contribute to a reductive view
of clinical decision-making that may lead to misleading conclusions
about AI’s potential impact.

The implications extend beyond healthcare to other domains
where AI is being deployed to support complex human decision-
making. As Vereschak et al. [18] note, trust between humans and AI
is “strongly influenced by other human actors, more than the sys-
tem’s features”, highlighting the importance of considering social
and organizational contexts in AI research. Similarly, the cogni-
tive impacts of AI on human reasoning, as explored by Gerlich [9],
suggest that how we design and evaluate AI systems may have
profound implications for human critical thinking abilities.

By highlighting these challenges, we aim to inspire more ecolog-
ically valid approaches to AI healthcare research — approaches that
acknowledge the complex, contextual, and time-sensitive nature of
clinical work. These approaches should consider the full spectrum
of factors that influence clinical decisions, from patient histories
and contextual information to the social dynamics of healthcare
teams and organizations.

As we move forward, bridging this ecological validity gap will
be essential for developing AI systems that genuinely enhance
clinical practice rather than merely performing well in controlled
experiments. This requires not only methodological innovations in
how we conduct AI research but also conceptual shifts in how we
think about human-AI collaboration in healthcare and beyond.
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