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Abstract

We propose productive friction as a design principle for clin-
ical AI: the deliberate, graded introduction of interaction
cost when accepting machine recommendations, calibrated
to case uncertainty so that analytical reasoning is activated
without disrupting workflow. We ground this principle in a
mixed-method study with eleven practising radiologists in-
teracting with two contrasting prototypes, an oracular system
delivering a single diagnosis and an evaluative system pre-
senting multiple differentials with reference exemplars. Re-
sults reveal a consistent preference for evaluative support in
complex cases, where it enhances diagnostic reasoning, con-
fidence, and reflective engagement, while oracular outputs
were favoured for routine tasks. Radiologists described eval-
uative support as “accompanying” their thinking, preserving
professional agency and offering pedagogical value. We ar-
gue that productive friction carries direct ethical significance:
when agreeing with an AI recommendation requires less ef-
fort than disagreeing, the clinician’s role risks becoming pro-
cedural rather than a genuine locus of judgement. We opera-
tionalise this principle along four dimensions, temporal delay,
option cardinality, evidence depth, and commitment struc-
ture, and translate it into implementable design mechanisms
for adaptive clinical AI.

1 Introduction
Clinical AI has made rapid technical strides, yet its uptake in
practice often stalls when systems behave like oracles, issu-
ing definitive answers that neither fit clinicians’ workflows
nor respect the inherent uncertainty of diagnosis (Parasura-
man and Manzey 2010; Cabitza, Rasoini, and Gensini 2017).
Our study asks what happens when we instead design eval-
uative decision support systems (Miller 2023) that entertain
multiple hypotheses rather than proposing a single sugges-
tion (see Section 2). We report a proof-of-concept study in
which eleven radiologists explored and used two simulated
AI prototypes in think-aloud sessions followed by semi-
structured interviews. One prototype (‘oracular’) presents
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a single top diagnostic suggestion; the other (‘evaluative’)
presents up to four differential diagnoses with reference ex-
emplars. The study is based on a mixed-method approach.
Grounded in prior research in Human-AI Interaction (Faas
et al. 2024; Chen et al. 2023), we addressed three research
questions:

RQ1. To what extent are radiologists willing to adopt the
‘oracular’ and the ‘evaluative’ AI prototype, and what
factors drive their acceptance of each?

RQ2. In which contexts (e.g. case complexity, time pres-
sure, diagnostic uncertainty) and for which clinician pro-
files (e.g. level of expertise) do radiologists prefer the
‘oracular’ over the ‘evaluative’ paradigm, and vice versa?

RQ3. How does each interaction paradigm (i.e. ‘oracular’
and ‘evaluative’) support or hinder radiologists’ diagnos-
tic process in terms of cognitive load, confidence, and
workflow integration?

RQ1 investigates whether and why radiologists would adopt
each prototype, RQ2 addresses context-specific preference
patterns across clinical conditions and clinician expertise
levels, and RQ3 explores how each paradigm affects the di-
agnostic process itself, together tracing a progression from
acceptance, to contextual fit, to process-level impact.

Specifically, we examine how each design affects reason-
ing, trust, and workflow fit. This design-probe approach,
having each participant evaluate and comment on contrast-
ing interaction paradigms instead of a single model, lets us
observe how interface choices, not only model accuracy,
shape collaborative performance and user agency (Hutchin-
son et al. 2003). From this comparison, we formulate one
cross-cutting design conjecture: the two paradigms will
embody a productive tension between efficiency and pro-
fessional agency, with radiologists simultaneously valuing
oracular speed and resisting its prescriptive authority. The
implications of this tension run deeper than interaction de-
sign, touching on ethics. In high-stakes clinical AI, the ease
of accepting a recommendation determines whether the hu-
man decision-maker has exercised the judgement on which
moral and legal accountability depends. If agreeing with the
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AI requires less effort than disagreeing, the decision may
be formally human but substantively automated. Introduc-
ing productive friction in interaction can therefore be seen
as more than a design principle; by preserving the epistemic
conditions under which responsibility can be meaningfully
attributed to a clinician, it functions as an ethical safeguard.

The concept of productive friction is gaining prominence
within a wider call for intentionally leveraged friction in
AI (Natali et al. 2025b). This friction is related to cogni-
tive friction, a term coined by Cooper (1999) to describe
“the resistance encountered by a human intellect when it en-
gages with a complex system of rules”. Applied to design,
Pierce (2021) recasts such friction as a resource useful for
stimulating, among others, speculation, critique, and reflec-
tion; while the “productive” qualifier itself was introduced
by Madsen, Munk, and Søltoft (2023) to denote a beneficial,
reflection-inducing slowing of interaction. Productive fric-
tion in AI has been applied mainly to pedagogy (Dekker and
Hermans 2026; Konradt, Boote, and Taub 2026; Ayyappan
et al. 2026) and creativity (Imteyaz et al. 2026; Viduchin-
sky, Erel, and Morag Yaar 2026); friction-based strategies
in medicine remain comparatively under-explored, but are
addressed by both quantitative (Srinivasan and Thomason
2026; Cabitza et al. 2024) and qualitative (Bach et al. 2023;
Anichini, Natali, and Cabitza 2024) studies.

Our contribution is thence threefold. First, we propose
productive friction as a design strategy for trustworthy clin-
ical AI, operationalised along the four dimensions of tem-
poral delay, option cardinality, evidence depth, and commit-
ment structure, and distinguished from adjacent constructs
in the cognitive forcing (Buçinca, Malaya, and Gajos 2021),
desirable difficulty (Bjork and Bjork 2011), and seamful
design (Chalmers 2003; Ehsan et al. 2024) literatures. We
translate these dimensions into implementable mechanisms,
including think-first gates, dual-mode interfaces, progres-
sive disclosure, and disagreement workflows, offering con-
crete design guidance for human-AI teaming in high-stakes
settings. Second, our design-probe study provides qualita-
tive evidence that evaluative, differential-first interfaces ac-
tivate productive friction in complex cases while oracular
interfaces are preferred when friction would impede rou-
tine work. Adaptive clinical AI must manage this efficiency-
agency tension (Swaroop et al. 2024). Third, we argue that
productive friction carries ethical significance for meaning-
ful human oversight (Santoni de Sio and Van den Hoven
2018) and the attribution of moral responsibility in AI-
assisted diagnosis: when accepting an AI recommendation
requires less effort than rejecting it, clinician oversight risks
becoming procedural, not a genuine exercise of judgement
(Grote and Berens 2020; Matthias 2004). Productive friction
sustains the epistemic conditions (independent judgement
formation, active weighing of alternatives, and engagement
with uncertainty) under which responsibility is meaningfully
attributed to the signing clinician, grounded in participants’
accounts of feeling “totally passive” under oracular support
and “being made to reason” under evaluative support.

2 Background and Related Work
Supporting Radiological Practice
Clinical decision-making is an exemplary domain for study-
ing AI’s impact on human judgment. In healthcare, AI is
positioned to enhance diagnostic accuracy amid workforce
shortages (Bienefeld, Keller, and Grote 2025), particularly
in under-served settings (Guo and Li 2018). Radiology has
served as a flagship case in which decision support sys-
tems aim to shift the speciality “from a subjective per-
ceptual skill to a more objective science” (Pesapane, Co-
dari, and Sardanelli 2018, p. 5), while also facing repeated
predictions of partial or full automation (Langlotz 2019).
This reflects a model of technical rationality (Schön 2017)
that treats diagnosis as decomposable problem-solving, sit-
ting uneasily with what radiological work demands in prac-
tice. Human radiologists integrate clinical context, prior
studies, and tacit knowledge that current AI cannot repli-
cate, what Anichini, Natali, and Cabitza (2024) term ‘vi-
sion work’, including the sense-making that determines
which findings matter and how they fit cooperative work-
flows of diagnosis, reporting, and quality assurance. Typ-
ical AI applications focus on automating image interpre-
tation tasks such as lesion detection, acting in an ‘oracu-
lar’ role by outputting predicted findings for the clinician
to accept or reject. While such systems can reduce omis-
sion errors, they introduce workflow and decision-making
challenges (Parasuraman and Manzey 2010). Radiologists
follow a hypothesis-driven process, starting from a clini-
cal question, systematically inspecting images, and gener-
ating differential diagnoses, sometimes consulting reference
repositories such as Radiopaedia1 (Sorantin et al. 2022),
with which a single-output ‘second reader’ may poorly
align. It can trigger premature anchoring on the AI’s sugges-
tion (Jussupow et al. 2021) or, more broadly, automation bias
affecting both novice and expert operators (Parasuraman and
Manzey 2010; Goddard, Roudsari, and Wyatt 2012). An AI
acting purely as an oracle can thus inadvertently diminish
clinician agency, calling for alternative strategies in the pro-
vision of AI support.

Oracular vs Evaluative AI
Already Miller and Masarie Jr (1990) cautioned against
‘oracular’ clinical decision support systems, warning that
their inscrutable nature risked generating passive, compla-
cent users, and argued that such systems should instead act
as catalysts for physicians’ diagnostic reasoning. Evaluative
AI can be seen as an heir to this vision, that is a framework
emphasising evidence for and against each decision option
rather than a single recommendation, aimed at mitigating
over-reliance (Miller 2023). Le et al. (2024) define evalua-
tive AI as decision support providing targeted evidence to
help users evaluate hypotheses they are already consider-
ing, demonstrating that this hypothesis-driven approach im-
proves accuracy and reduces reliance over recommendation-
driven baselines. Instead of passively receiving counter-
arguments, which risks fixation rather than genuine recon-

1Radiopaedia website: https://radiopaedia.org/
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sideration (Aicher et al. 2024; Vasconcelos et al. 2023), eval-
uative AI engages users in abductive reasoning, iteratively
generating and testing their own hypotheses (Miller 2023).
Complementary debiasing strategies have been proposed,
such as Judicial AI (Cabitza et al. 2025; Fregosi, Natali, and
Cabitza 2025), where two diagnostic hypotheses are con-
currently defended by the AI. Other strategies involve de-
scribing uncertainty for both positive and negative outcomes
(Bertrand et al. 2022), prompting users to “consider the op-
posite” (Bach et al. 2023), and requiring classification of ev-
idence as supporting, opposing, or neutral (Lau and Coiera
2009). Each introduces friction at specific decision points.
However, these have been studied as isolated interventions
rather than instances of a broader design principle. Buçinca,
Malaya, and Gajos (2021) demonstrated that cognitive forc-
ing functions can significantly reduce over-reliance, though
at the cost of user satisfaction. Empirically, Miller (2023)
proposed the evaluative AI framework conceptually with-
out testing it; Le et al. (2024) tested it behaviourally with
domain-adjacent participants in skin cancer diagnosis; Cab-
itza et al. (2025) compared oracular and non-oracular pro-
tocols with practising surgeons on fracture classification.
All measured accuracy and reliance under controlled exper-
imental conditions. However, this body of work leaves two
questions unaddressed. The first is whether the deliberation
benefits of cognitive forcing can be preserved while making
the added effort graded, context-sensitive, and acceptable in
routine clinical work. The second is and how practising clin-
icians reason about, resist, and selectively adopt contrasting
interaction paradigms in ecologically valid settings.

Towards Productive Friction in Medical AI
We address both questions by proposing productive friction
as a design-level concept that reframes isolated debiasing
interventions as instances of a coherent principle. We define
it as a deliberate increase in the interaction cost of accept-
ing a machine recommendation, designed so that (a) added
cognitive effort activates analytical reasoning proportionate
to case uncertainty, (b) the effort remains below the thresh-
old at which clinicians abandon or circumvent the system,
and (c) friction degrades gracefully, becoming minimal for
routine, low-uncertainty cases. This distinguishes produc-
tive friction from three adjacent constructs. Unlike cognitive
forcing functions (Buçinca, Malaya, and Gajos 2021), which
impose a uniform deliberation barrier before any AI sug-
gestion, productive friction is graded and context-sensitive,
varying with case complexity and user expertise.2 Unlike de-
sirable difficulty (Bjork and Bjork 2011), its primary goal is
in-the-moment decision quality rather than long-term reten-
tion, though our data suggest pedagogical benefits as a sec-
ondary effect. And unlike seamful design (Chalmers 2003;
Inman and Ribes 2019), which reveals infrastructural bound-
aries, productive friction reveals epistemic ones, the limits of

2Recent evidence shows that deliberation interventions reduce
overreliance only when tasks are sufficiently complex that engag-
ing with the explanation is worth the cognitive cost (Vasconcelos
et al. 2023), suggesting uniform friction imposes avoidable cost on
routine cases.

what the AI (and the clinician) can know about a given case.
We operationalise productive friction along four dimen-

sions that structure our empirical analysis and ground our
design implications. Temporal delay: when AI output is
disclosed relative to the clinician’s own reasoning.3 Op-
tion cardinality: how many diagnostic alternatives the in-
terface presents. Evidence depth: how much supporting and
disconfirming evidence is shown per hypothesis. Commit-
ment structure: whether the interface requires the clini-
cian to actively select, rank, or justify a choice before pro-
ceeding. These dimensions capture both the design vari-
ables our two prototypes manipulate and the themes partici-
pants spontaneously raised. The evaluative prototype scores
higher on option cardinality and evidence depth, while the
oracular prototype imposes commitment friction through its
disagree-and-justify mechanism. We revisit them as design
implications in Section 5.

3 Methodology
Study Design and Protocol
To address our research questions, we conducted a mixed-
methods, within-subject proof-of-concept study with prac-
tising radiologists. Two simulated AI decision-support pro-
totypes were developed within a radiology viewer environ-
ment: one oracular (single top-diagnosis output) and one
evaluative (multiple differential hypotheses with support-
ing evidence). In the study, participants completed 10 di-
agnostic tasks with each prototype, drawn from a balanced
pool of 20 MRI cases curated by an experienced radiolo-
gist on the research team. This dual-prototype design opera-
tionalises Miller’s evaluative AI framework (2023) and com-
plements prior work on human–AI complementarity (Hem-
mer et al. 2025, 2021; Ferrario, Facchini, and Durán 2026).
Our prototypes function as design probes (Hutchinson et al.
2003): artefacts intentionally situated between concept and
deployed product, designed to elicit participants’ situated
judgements about contrasting interaction paradigms rather
than to measure task performance with a functioning sys-
tem (Boehner et al. 2007). Each participant engaged with
both systems in randomised order during think-aloud ses-
sions, followed by an adapted UTAUT survey and a semi-
structured interview. The approach combined quantitative
attitudinal measures with qualitative thematic analysis to un-
derstand when and why evaluative vs oracular support better
fits radiologists’ workflows and reasoning. The study was
articulated in four main phases.

Phase 0 – Baseline & Washout. Participants completed
a preliminary survey. The first part collected demographic
data, professional profiles, and information on participants’
prior use of AI in their clinical practice. They also completed
the Technology Anxiety Scale (Wilson et al. 2023). Finally,
participants were asked to classify 20 MRI cases without
AI assistance to establish baseline accuracy, confidence, and
perceived case complexity.4 This enabled case-complexity

3Withholding AI assistance until after the user forms an inde-
pendent judgment reduces overreliance compared to presenting it
upfront, though at the cost of decision time (Swaroop et al. 2024).

4See full text in (Rubegni et al. 2026, Appendix).
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matching across prototypes. This phase was conducted re-
motely and independently by participants two weeks prior
to the main study, helping to mitigate anchoring or recall
effects (Cockburn, Quinn, and Gutwin 2017).

Phase 1 – Prototype Interaction I. This phase happened
remotely via a Teams call. After a brief interface tutorial and
two warm-up cases, participants used the first assigned pro-
totype (randomised order) to complete 10 diagnostic tasks
under a think-aloud protocol. Immediately afterwards, they
filled out an adapted UTAUT/TAM questionnaire measur-
ing Performance Expectancy, Effort Expectancy, Attitude
toward Use, Facilitating Conditions, Job Relevance, Re-
sult Demonstrability, Anxiety, and Behavioural Intention
(Venkatesh and Bala 2008; Panigutti et al. 2022).5

Phase 2 – Prototype Interaction II. Participants repeated
the procedure with the other prototype and completed the
same survey.6

Phase 3 – Post-Study Interview. A semi-structured
interview probed perceptions of trust, usability, reason-
ing support, and preferred contexts for each paradigm.
Sessions were audio-recorded, transcribed verbatim, and
anonymised.7

Participants
In the study, we involved 11 radiologists with a wide range
of expertise and seniority in the field of radiology. All par-
ticipants were fully qualified specialists at the time of the
study, each practising and performing diagnostic tasks daily
in a public regional hospital in Switzerland. Their profes-
sional experience ranged as follows: 2 reported 0–5 years,
5 reported 5–10 years, 1 reported 15–20 years, and 3 senior
radiologists reported over 20 years of practice. Participants
were recruited through the university network using a snow-
ball sampling approach. Ethical approval was granted by the
university’s ethics committee, and informed consent, includ-
ing permission for audio and video recording, was obtained
from all participants before the study.

The Prototypes Design, Materials and Tasks
Two web-based interfaces, mimicking decision-support sys-
tems, were developed to isolate interaction style rather than
algorithmic performance.

Prototype 1 – Evaluative AI. Displays 3–4 plausible di-
agnostic hypotheses for each case. Each hypothesis is ac-
companied by concise textual evidence and representative
exemplar images. Participants can freely inspect each op-
tion before committing to a final decision. This design cor-
responds to Sheridan’s Level 2 autonomy, the computer of-
fers a complete set of decision alternatives; the human de-
cides and acts (Sheridan, Verplank, and Brooks 1978), and
embodies a deductive, user-led reasoning model (Figure 1).

Prototype 2 – Oracular AI. Outputs a single top-ranked
diagnostic recommendation. Participants may agree or dis-
agree; if they disagree, they must articulate their alternative
hypothesis. This aligns with Level 4 autonomy, in which the

5See full text in (Rubegni et al. 2026, Appendix).
6See full text in (Rubegni et al. 2026, Appendix).
7See full text in (Rubegni et al. 2026, Appendix).

computer suggests one alternative and the human acts, rep-
resenting a prescriptive, system-led interaction (Figure 2).

Both prototypes used the same visual layout, patient meta-
data, and typology of TC slices to ensure parity of visual
input. Only the explanation and interaction structure of the
cases differed.

A balanced dataset of 23 TC slices representing varying
diagnostic complexity was curated. The cases were provided
by an experienced radiologist who is also a member of the
project team. Complexity ratings obtained during baseline
assessment ensured that both prototypes presented compara-
ble task difficulty. Each prototype displayed 10 cases drawn
from this pool (20 unique instances per participant). Cases
were assigned to the two prototypes using a fixed, balanced
design, in which each prototype was tested on the same
10 cases across all participants, with both sets matched for
baseline complexity. The order in which participants used
the prototypes was counterbalanced. This fixed assignment
may introduce a confound between case content and inter-
action type; although matching cases by complexity reduces
this risk, it does not fully remove it. The same cases were
also used in Phase 0.

Data Analysis
This study adopted a concurrent embedded mixed-methods
design. The designs allowed survey trends to be interpreted
in light of participants’ experiential accounts, making it pos-
sible to examine how interface choices, and not model ac-
curacy alone, shape diagnostic confidence, trust calibration,
and workflow integration. Quantitative and qualitative data
were integrated to identify both complementarities and ten-
sions between the two sources of evidence. Given the small
sample size (N = 11), the quantitative data were used to
corroborate the findings emerging from the qualitative anal-
ysis rather than to support independent inferential claims.

Quantitative. Primary quantitative outcomes were Be-
havioural Intention to Use and Performance/Effort Ex-
pectancy scores from the UTAUT instrument. Secondary
metrics included Result Demonstrability and Facilitating
Conditions. Optional task-timing logs were collected when
available. Survey items were scored on 5-point Likert
scales, reverse-coded as needed, and aggregated per con-
struct. Within-participant contrasts (Evaluative—Oracular)
are summarised using medians, interquartile ranges, mean
paired differences, and rank-biserial effect sizes (r) to cap-
ture the direction and magnitude of attitudinal differences.
These patterns are reported in (Rubegni et al. 2026, Ap-
pendix), to support interpretation of the qualitative findings
that follow.

Qualitative. We analysed the interview and think-aloud
transcripts using a hybrid inductive–deductive thematic
analysis, following Braun and Clarke’s guidelines (Braun
and Clarke 2021). This approach allowed us to integrate a
priori concerns (derived from our research questions and
the concepts from prior literature investigated in Section 2)
with themes that emerged directly from the data. Atlas.ti was
used to support coding and maintain an audit trail. An ini-
tial codebook of 16 broad deductive themes (e.g., usabil-
ity, workflow integration, trust, adoption) was drafted by
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Figure 1: The Evaluative prototype. Figure 2: The Oracular prototype.

the research team and refined through discussion. Two re-
searchers applied these categories independently, compar-
ing interpretations and resolving discrepancies. To capture
unanticipated insights, we conducted a second round of in-
ductive coding on the single quotes categorised within each
broad theme, from which sub-themes were named and re-
fined. For example, within the theme of radiological prac-
tice, inductive analysis surfaced specific concerns such as
“Radiology as probabilistic, not absolute” and “Discomfort
with definitive answers under uncertainty”. Thematic struc-
tures were reviewed across the dataset to ensure internal co-
herence and distinct boundaries between themes. Because
our study does not aim for statistical representativeness of
findings (Cornish, Gillespie, and Zittoun 2013), we did not
pursue inter-coder reliability in the conventional sense. In-
stead, we adopted a collaborative analytic approach to en-
hance rigour and reflexivity. The first and second authors re-
viewed, refined, and, where appropriate, combined the codes
to construct a coherent and meaningful narrative.

The final codebook comprised of 19 codes and 4 high-
level deductive themes, each elaborated by inductive sub-
themes illustrated with participant quotations. This approach
enabled us to address targeted research questions while re-
maining open to new, data-driven insights into radiologists’
interaction with AI decision support.

Limitations
Our mixed-method study privileges depth over breadth.
The single-speciality, single-country sample, likely shaped
by self-selection of research-engaged clinicians, may limit
generalisability to broader radiology populations or differ-
ent institutional settings. The design-probe approach cap-
tures preferences and reasoning patterns rather than be-
havioural outcomes, and ecological validity is necessar-
ily limited for this proof-of-concept. Future work should
test whether productive friction effects hold under the
time pressure and cognitive load of live clinical read-
ing. As noted above, within-subject quantitative contrasts
are hypothesis-generating; while effect sizes are informa-
tive, they remain imprecise at this scale, and the quantita-
tive strand serves a descriptive and triangulating function
throughout. Finally, fixed case-to-prototype assignment in-
troduces a potential confound between case content and in-

teraction paradigm; baseline complexity matching mitigates
but does not eliminate this threat.

4 Results
Profile and Professional Expertise with AI
Among the members of the study cohort, ten participants
had prior professional AI experience (4 for less than 1 year,
5 for 1–3 years, and 1 for over 5 years) with 7 reporting
daily AI use and 2 using it 2–3 times per week. In terms
of case volume, 7 had applied AI in more than 100 cases,
2 in 20–100, and 1 in 10–20, reflecting a group largely fa-
miliar with clinical AI tools though with varied depth of
adoption. Participants described a broad range of everyday
AI applications, including detection and recognition (frac-
tures, pulmonary embolism, infiltrates), quantification and
measurement (volumes, bone age), image quality optimisa-
tion (MR sequences, CT dose reduction), diagnostic and re-
porting support (draft reports, double-check software), and
screening quality assessment (e.g., mammography projec-
tion parameters). Since participants entered the study with
meaningful AI exposure, enabling them to assess the pro-
totypes’ fit relative to established practices of AI-augmented
work rather than reacting to novelty alone, this baseline mat-
ters for interpreting subsequent findings.

Attitudinal Baseline
Participants reported generally low levels of technology-
related anxiety. We administered the Abbreviated Technol-
ogy Anxiety Scale (Wilson et al. 2023), adapted to eight
items on a 5-point Likert scale (1 = not at all anxious, 5 =
extremely anxious). The mean score was 1.37 (SD = 0.38),
indicating that respondents overall did not feel anxious about
engaging with new technology, including AI systems.8

For each construct and condition (Oracular, Evaluative),
we computed participant-level scores as the mean of posi-
tively keyed items, with negatively phrased items reverse-
scored. Table 2 in (Rubegni et al. 2026) reports the median
and interquartile range across participants, the mean paired
difference (Evaluative – Oracular) and its standard deviation,
and rank-biserial effect sizes (r) to characterise the direction

8The item set is provided in the Appendix of (Rubegni et al.
2026).
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and magnitude of within-participant contrasts. Quantitative
contrasts are therefore reported descriptively and interpreted
alongside the qualitative findings under each research ques-
tion.

Cross-Cutting Interface Findings
Two prototype-independent observations conditioned how
participants engaged with both systems and are therefore
reported before the RQ-specific findings. First, the static,
single-slice presentation was repeatedly described as fun-
damentally incompatible with practice, where radiologists
examine multiple slices and planes: “I find it very difficult
not to be able to scroll through the images. . . ” (P1); “single
slices is not our usual way of working. . . it’s more like some-
thing from a textbook” (P5). Static presentation prevented
verification across views, making the interaction “very limit-
ing” and leading participants to stress that AI must integrate
with existing viewers or allow full exploration of the imag-
ing study. Second, minimal clinical context (e.g., “lesion,
male, 80 years old. . . ”) was insufficient for interpretation
and “put me in difficulty” (P1), since in practice radiolo-
gists rely on symptoms and prior history. Without this, AI
outputs were harder to interpret and potentially misleading.
These constraints applied equally to both prototypes; partic-
ipants therefore framed multi-slice navigation and integrated
patient context as preconditions for usability that any subse-
quent comparison of interaction paradigms presupposes. We
return to both points in the design implications (Section 5).

RQ1: Willingness to Adopt and Acceptance Factors
Quantitative measures revealed a conditional but favourable
disposition toward the Evaluative prototype.9 Effect sizes
consistently favoured the Evaluative paradigm. The largest
effects appeared for Facilitating Conditions (Mdn = 5.0
vs. 3.4, r = .85) and Job Relevance (r = .80), indicating
that radiologists perceived the evaluative paradigm as sub-
stantially better aligned with their work context and profes-
sional needs. Medium-to-large effects were also found for
Anxiety (r = .67), Result Demonstrability (r = .63), Per-
formance Expectancy (r = .62), and Attitude toward Use
(r = .55). Behavioural Intention (r = .42) and Effort Ex-
pectancy (r = .34) showed smaller effects, indicating less
differentiation between prototypes in adoption intent and
perceived ease of use. Qualitative data explains why adop-
tion intent lagged behind perceived fit. Participants recog-
nised clear value in AI assistance,“both [prototypes] are
useful. . . compared to having no help” (P9), but expressed a
characteristic “yes, but. . . ” stance that conditioned adoption
on five factors. First, seamless PACS integration: AI must
embed in existing viewers and worklists rather than displace
them. Second, quality over throughput: “It improves the
quality. . . more so than the quantity” (P1), and “It can ac-
celerate the work, but that means you are not doing the rea-
soning” (P2). Participants preferred slower, confident deci-
sions over fast but unverified ones, and accepted automa-
tion for routine tasks but not at the expense of reasoning.

9See Table 2 in (Rubegni et al. 2026, Appendix), the extended
version of this work.

Third, preserved reasoning agency: clinicians stressed that
diagnosis is a multi-step inferential process—image exami-
nation, correlation of findings, integration of clinical data—
that AI should not bypass: “The system might give me an
idea. . . but then I still have to. . . put together the whole pic-
ture” (P5). The final judgement must remain with the clini-
cian, with AI acting as a second opinion or safety net: “The
decision at the end is still taken by you” (P7). Fourth, af-
fordability and validated reliability (P2). Fifth, transpar-
ent recommendations: “Not seeing the reasoning. . . makes
it much harder to accept” (P4). Participants wanted insight
into the basis of predictions, including visual features, clin-
ical factors, and supporting cases (P8, P10), and judged the
perceived provenance of suggestions—outputs grounded in
robust data or prior cases—as more credible than opaque
inferences. Trust was similarly conditional and bound up
with these adoption conditions. Agreement between AI and
clinician increased confidence,“I feel more supported” (P7),
while disagreement without explanation could “block” the
decision process (P7). Participants were aware of risks such
as bias and over-reliance, “There’s a risk it could be mis-
leading” (P6), and many emphasised verifying AI outputs
rather than relying on them completely, adopting a cautious
stance. The combination of a large Facilitating Conditions
effect (r = .85) with a more modest Behavioural Intention
effect (r = .42) thus reflects a coherent pattern: the evalu-
ative paradigm was seen as a strong structural fit for clin-
ical reasoning, but adoption remained contingent on con-
ditions that neither prototype yet fully satisfied. The Anx-
iety result is illuminating in the same light: both prototypes
scored at ceiling (Mdn = 5.0), yet the medium-to-large ef-
fect (r = .67) suggests the source of residual unease dif-
fered. In the oracular condition it stemmed from prescriptive
authority without explanation; in the evaluative condition it
stemmed from the cognitive cost of comparing multiple op-
tions, a qualitatively different and arguably more productive
form of friction, whose implications we return to under RQ3.

RQ2: Preferences Across Cases and Clinicians
Clear distinctions emerged between the two prototypes,
mapped consistently onto task complexity, time pressure,
and user expertise.

The Oracular prototype was preferred for simple, bi-
nary decisions such as fracture detection, routine straight-
forward cases, time-critical ER triage, and high-volume
repetitive tasks. Experienced radiologists in particular val-
ued fast confirmation (P2). Several explicitly cast the AI in
a detection role rather than a diagnostic one, “The system
should just show me where the problem might be. Then I
will go investigate it myself ” (P4), and valued AI for catch-
ing oversights, especially under fatigue (P5, P6), functioning
as a quality-assurance layer. Participants identified concrete
integration points consistent with this framing: AI triage
in high-volume settings (P2), routine detection tasks anal-
ogous to existing fracture-detection systems (P6), and rapid
confirmation in clearly straightforward cases (P7). For sim-
ple tasks, a single-answer system could provide rapid con-
firmation without disrupting diagnostic judgement. Instead,
the Evaluative prototype was favoured for complex di-
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agnostic cases involving uncertainty, ambiguous or atypical
findings, and learning contexts. “In doubtful cases it might
put forth diagnostic hypotheses I hadn’t thought of” (P3).
Participants explicitly contrasted the two paradigms: rapid
clear-cut decisions benefit from the single-answer system,
whereas complex CT interpretations require the multiple-
hypothesis approach. Some rejected the idea of trusting one-
shot answers in ambiguous cases outright, “that’s like play-
ing roulette” (P5), and worried that systems presenting a
single answer “as if it’s 100% certain” (P1) were unrealis-
tic and potentially unsafe given that radiology rarely yields
a single certain diagnosis in complex cases. These context-
specific preferences resolved into a stance of selective re-
liance, with AI as a guide in unfamiliar domains, but sec-
ondary to one’s own judgement in routine cases (P6). Differ-
ences across expertise levels reinforced the pattern. Experts
preferred fast confirmation (P2), while trainees stood to ben-
efit from exploratory systems that supported learning (P8).
Participants were nonetheless concerned about skill ero-
sion, noting that trainees should still develop foundational
skills without over-reliance on AI (P1). The large Facilitat-
ing Conditions effect (r = .85) is consistent with this dis-
tribution: the evaluative prototype fit the multi-step reason-
ing sequence radiologists already follow, whereas the orac-
ular prototype’s single output was experienced as a short-
cut that bypassed, rather than supported, established verifi-
cation steps. Overall, our findings indicate that the appropri-
ate paradigm is contingent on case complexity and clinician
experience, motivating decision support that can adaptively
offer either mode.

RQ3: Support for the Diagnostic Process
The Evaluative prototype demonstrated superior overall
alignment with radiological practice, supported by consis-
tent positive quantitative contrasts across Performance Ex-
pectancy (r = .62), Result Demonstrability (r = .63), and
Facilitating Conditions (r = .85). Three interrelated quali-
tative properties account for this superiority.

First, respect for radiology’s probabilistic nature. Par-
ticipants framed their work as offering possible answers
rather than verdicts,“Our role. . . is to offer possible an-
swers” (P7), and saw the oracular framing as a category mis-
match with how diagnosis actually proceeds. Inductive anal-
ysis surfaced specific concerns about “radiology as proba-
bilistic, not absolute” and “discomfort with definitive an-
swers under uncertainty”, both of which the evaluative in-
terface accommodated by design. Systems presenting a sin-
gle answer “as if it’s 100% certain” (P1) were experienced
as misaligned with established practice.

Second, preservation of clinical reasoning. Participants
stressed that diagnosis is an investigative process that should
not be short-circuited. Providing answers without reason-
ing risked rendering clinicians “totally passive” (P5), and
over-simplified systems were viewed as detrimental: “It’s
too easy. . . we’d study medicine in one year” (P5). Multi-
option interfaces were valued because they “accompany you
in making the decision” (P7), a phrase repeatedly contrasted
with the binary acceptance posture invited by the single-
answer system. Single-answer outputs in ambiguous cases

were rejected outright: “that’s like playing roulette” (P5).
Several participants described constructive friction in con-
crete terms: spending “one extra minute” considering al-
ternatives increased confidence (P3), suggesting that some
deliberation can improve decision quality without unaccept-
able cost. The investigative process, as much as its output,
was experienced as constitutive of professional judgement.

Third, pedagogical value. The evaluative prototype was
seen as a learning aid that encouraged comparison and
deeper engagement with cases, particularly through refer-
ence images and the breadth of differential hypotheses of-
fered. It was repeatedly described as “making me reason”
(P8, P3, P9). Trainees in particular benefited from the ex-
ploratory structure in ways that experienced practitioners did
not need; experienced radiologists, by contrast, sometimes
found multiple options redundant for routine tasks (P2), re-
inforcing the case for adaptivity rather than uniform depth.
The Oracular prototype retains merit for streamlining rou-
tine confirmations and quick verification in straightforward
cases, but its prescriptive framing was consistently resisted
under uncertainty. Returning to the Anxiety result reported
under RQ1, the asymmetry now reads as substantive rather
than incidental, with residual unease under oracular support
tracking the prescriptive authority of an unexplained ver-
dict, and under evaluative support tracking the cognitive cost
of weighing alternatives. The first form of friction obstructs
reasoning, whereas the second activates it.

Taken together, these findings confirm our design con-
jecture. Beyond differences in preference rankings, the two
paradigms stage a productive tension between efficiency
and professional agency. Radiologists simultaneously val-
ued oracular speed, particularly for routine cases and under
time pressure, and resisted its prescriptive framing when un-
certainty was present. We therefore approach this tension as
a persistent feature of the design space, one that adaptive,
context-sensitive support must address by calibrating delib-
eration cost to diagnostic uncertainty. The design and ethical
implications of this position are developed next.

5 Discussion and Implications for Design
Productive Friction as a Design Principle
The empirical contrasts reported in Section 4 do more than
rank two prototypes. They reveal a structural feature of clin-
ical AI design, one in which efficiency and professional
agency form a persistent design condition irreducible to a
choice between them. The efficiency–agency tension for-
malised in our design conjecture maps directly onto the four
productive friction dimensions introduced in Section 2 and
summarised in Table 1. Each dimension constitutes a des-
ignable lever through which deliberation cost can be cali-
brated to diagnostic uncertainty, such that it remains high
enough to activate analytical reasoning in complex cases,
and low enough to avoid disrupting routine workflow. Cru-
cially, participants did not experience these dimensions as
abstract interface properties but as felt differences in agency.
Temporal delay surfaced when P3 and P8 described forming
an impression before AI output and gaining reflective dis-
tance from the suggestion. Option cardinality surfaced in the
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Dimension Definition Evidence from data Key participants
Temporal delay Withholding AI output until the Forming a hypothesis before seeing AI P3, P8

clinician forms an initial impression reduced anchoring and increased reflection

Option cardinality Number of diagnostic alternatives 3-4 options prompted active comparison; P2, P5, P7
displayed by the system a single option invited passive acceptance

Evidence depth Amount of supporting/disconfirming Clinicians wanted progressive disclosure, P4, P8, P10
evidence shown per hypothesis not uniformly imposed detail

Commitment structure Whether the interface requires active Free inspection engaged more than P7
selection, ranking, or justification agree/disagree; forced articulation productive

only with a competing hypothesis

Table 1: Productive friction dimensions mapped to empirical evidence.

contrast between being “accompanied” in reasoning (P7)
and “playing roulette” (P5) on a single output. Evidence
depth surfaced as the rejection of opaque outputs (“not see-
ing the reasoning. . . makes it much harder to accept”, P4)
coupled with explicit demand for clinician-controlled dis-
closure rather than uniform detail. Commitment structure
surfaced asymmetrically: forced articulation was productive
when participants held a competing hypothesis but “block-
ing” (P7) when they did not. Table 1 consolidates these
mappings between dimension, definition, and empirical evi-
dence. Read this way, the prototype contrast is evidence that
the four dimensions can each be tuned independently and
must be tuned, since their optimal settings vary with case
complexity, time pressure, and clinician expertise. This re-
framing carries weight beyond interaction design, bearing
directly on the ethical standing of clinician oversight, to
which we turn next.

Productive Friction as Ethical Infrastructure
Frictionless compliance creates a gap between formal re-
sponsibility, where the clinician signs the report, and sub-
stantive responsibility, where the clinician has exercised
judgement. This transposes to the human-AI decision dyad
the ‘responsibility gap’ that Matthias (2004) identified for
learning automata. Where accepting AI output is easier than
rejecting it, the clinician retains legal liability without hav-
ing performed the cognitive work that liability presupposes.
In such cases, the clinician’s signature continues to func-
tion as formal sign-off, even though the deliberation it is
meant to certify has not occurred. The concern has been
taken up in both philosophical and regulatory discourse. The
concept of meaningful human control (Santoni de Sio and
Van den Hoven 2018) has become central to both, most con-
cretely in the EU AI Act (Article 14), which requires “mean-
ingful human oversight” for high-risk AI systems includ-
ing medical diagnostic support. However, neither the philo-
sophical account nor the regulation specifies how mean-
ingfulness should be evidenced at the interface level. The
four productive friction dimensions we propose (temporal
delay, option cardinality, evidence depth, and commitment
structure) can be read as designable operationalisations of
what meaningful oversight demands in practice, translat-
ing a normative aspiration into concrete interface proper-

ties that determine whether a clinician’s engagement with
an AI recommendation is substantive or ceremonial. Grote
and Berens (2020) have argued that optimising for compli-
ance efficiency in high-stakes automated systems may sys-
tematically undermine the human judgement that regulation
assumes is present. Under oracular support, several reported
“feeling blocked” (P7) or “totally passive” (P5), correspond-
ing to the erosion of judgement conditions that Grote and
Berens theorise. Under evaluative support, the same par-
ticipants described “being accompanied” in their reasoning
(P7) and “made to reason” (P8), pointing to the preservation
of precisely those conditions. Read through an ethical lens,
these statements constitute phenomenological evidence of
the conditions under which clinicians experience themselves
as responsible agents versus ratifiers of machine output.
When P5 described the oracular prototype as making diag-
nosis “too easy”, the concern was not aesthetic but about the
felt disappearance of the investigative process that grounds
professional accountability. When P3 described “spending
one extra minute” considering alternatives and gaining con-
fidence, the gain was not merely psychological comfort but
the epistemic standing to defend and be held responsible for
the resulting diagnosis. Productive friction, on this account,
is thus an ethical intervention that operates through usability.

Contextualising the Findings
Radiological diagnosis is a distributed, collaborative pro-
cess embedded in a professional infrastructure of routines,
norms, and tacit expectations that shape both vision work
(Anichini, Natali, and Cabitza 2024) and how expertise is
recognised. Radiologists produce diagnoses while also en-
acting a role that carries authority and accountability for pa-
tient care. Adding AI support requires alignment with exist-
ing routines, roles, and responsibilities. A system efficient at
the point of interaction may still be organisationally disrup-
tive if it displaces interpretive labour, obscures uncertainty,
or shifts accountability to the wrong actors (cfr. articula-
tion work by Schmidt and Bannon 1992). This is especially
true of the oracular model. A single ‘answer’ risks recasting
the AI as the primary source of truth, diminishing the radi-
ologist’s visible contribution and eroding agency, skill dis-
play, and professional recognition (Natali et al. 2025a). Re-
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Figure 3: Cases are routed by complexity to Fast Track (sin-
gle AI diagnosis, minimal friction) or Exploratory mode
(multiple differentials, graded friction).

sponsibility may remain formally human, yet the tool still
shapes the decision space, since the easier it is to accept a
recommendation, the more likely automation bias becomes
(Skitka, Mosier, and Burdick 1999), and the less visible the
clinician’s independent reasoning is to colleagues, institu-
tions, and the clinician herself. This is the structural basis of
the efficiency–agency tension our findings document, where
frictionless compliance optimises throughput at the cost of
reflective engagement, while deliberative friction preserves
judgement at the cost of speed. These observations con-
nect to a counter-tradition in HCI that treats friction as a
resource rather than a defect, from reflective design (Sen-
gers et al. 2005) to slow technology (Hallnäs and Redström
2001) and seamful design (Chalmers 2003; Inman and Ribes
2019; Ehsan et al. 2024). However, these traditions have ad-
dressed aesthetic, temporal, and infrastructural friction with-
out being applied to the specific problem of preserving the
epistemic conditions for accountability in AI-assisted clini-
cal decisions, a gap the next subsection addresses.

Implications for Design
Our findings suggest that clinical AI should be designed
around radiologists’ work practices rather than AI capabil-
ities. Participants asked for tools that fit into their exist-
ing environment, expose their reasoning, preserve agency,
and support both fast confirmation and deeper learning. We
translate these needs into the following design implications.
AI should be embedded where work already happens. Static,
single-slice mock-ups were repeatedly described as “very

limiting” because radiologists need to traverse slices and
planes to verify the diagnosis (P1, P5). AI should there-
fore be PACS-native, scrollable, zoomable, and multi-planar,
with overlays that can be toggled on and off within the nor-
mal reading flow. Importantly, interfaces should reveal es-
sential patient context (e.g, age, symptoms, and prior find-
ings) alongside the image and the AI output, and make clear
which fields the model used. This supports interpretation
and helps clinicians judge whether a suggestion is plausi-
ble for the specific case. To further support their workflow,
participants proposed the inclusion of an AI triage lane to
the worklist. Participants saw clear value in prioritising ur-
gent findings and emergency cases (P2, P6). If studies are
reordered, the criteria should remain transparent and the ev-
idence immediately visible, so that prioritisation supports
human verification. They also saw potential in AI for co-
authoring, not auto-authoring, the clinical report. Although
auto-generated text can save time, radiologists emphasised
that outputs remain editable and accountable (P8, P2). Draft
findings and impressions should therefore be presented with
provenance and links back to evidential slices, so that edit-
ing is faster than rewriting without removing responsibil-
ity from the clinician. This suggests a dual-mode interface,
namely a Fast Track presenting a single confirmatory out-
put for low-uncertainty cases, and an Exploratory mode pre-
senting ranked differentials with exemplars for complex or
ambiguous ones. The threshold between modes could be set
by case-level uncertainty scores, user preference, or both.
Swaroop et al. (2025) showed that adapting the type of AI
assistance based on each user’s observed overreliance rate
(providing higher-friction support to users who tend to ac-
cept AI suggestions uncritically, and lower-friction support
to well-calibrated users) improves human-AI team perfor-
mance compared to uniform assistance. Applied to the ra-
diological context, this suggests that the friction dimensions
we propose need not be set solely by case complexity or
professional seniority. A system that monitors how a ra-
diologist interacts with AI over time, tracking agreement
rates, time-to-decision, and frequency of independent veri-
fication, could dynamically calibrate the level of friction to
match the individual’s current reliance patterns, offering a
more precise and responsive adaptation than role-based pre-
sets alone. AI outputs should make uncertainty legible, not
hide it. Since definitive claims without evidence clash with
how radiologists reason and report (P7, P1), participants ex-
plicitly rejected outputs that hide the basis of a suggestion
(P4, P8, P10). Explanations should therefore be concise by
default but allow progressive disclosure into salient image
regions, key factors, and reference cases, so that explanation
functions as practical verification rather than decorative jus-
tification. A differential-first interface presenting a small set
of likely diagnoses with discriminative cues better mirrors
how clinicians reason and report, while encouraging breadth
before commitment. Figure 3 synthesises these mechanisms
into an adaptive workflow that routes cases through context-
sensitive friction. We now detail the design mechanism for
each of the four friction dimensions identified in Section 2
and empirically grounded in Table 1.

Temporal delay. The reflective engagement participants
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described when forming an impression before AI output (P3,
P8) translates into a ‘think-first’ gate that withholds AI out-
put until the clinician has recorded an initial impression.
This gate could be togglable by the user or triggered auto-
matically for high-uncertainty cases, defaulting to off for ur-
gent triage and on for complex diagnostic workups, consis-
tent with experimental evidence that ‘AI-after’ conditions re-
duce overreliance on hard tasks at a modest time cost (Swa-
roop et al. 2024). By ensuring the clinician forms an inde-
pendent impression before AI output appears, the gate trans-
forms the subsequent decision into a comparison between
two judgements.

Option cardinality. The contrast between being “accom-
panied” in reasoning (P7) and “playing roulette” (P5) trans-
lates into a requirement that cardinality be adaptive rather
than fixed, with experienced radiologists finding multiple
options redundant for routine tasks (P2), while complex
cases warrant the full differential set. A dual-mode inter-
face could present a single confirmatory output for low-
uncertainty cases and ranked differentials with exemplars
for complex ones, with the threshold set by case-level un-
certainty scores or user preference. This preserves the clini-
cian’s role as the agent who selects among alternatives.

Evidence depth. Participants’ rejection of opaque outputs
(P4, P8, P10), together with the observation that no partic-
ipant asked for all evidence simultaneously, supports pro-
gressive disclosure, with a concise default view showing
the hypothesis and its confidence, that can be expanded on
demand to salient image regions, discriminative cues, and
case-linked exemplars. Clinician-controlled disclosure en-
sures that engagement with evidence is proportionate to per-
ceived uncertainty rather than imposed uniformly, directly
addressing the satisfaction cost that Buçinca, Malaya, and
Gajos (2021) identified for uniform cognitive forcing.

Commitment structure. The asymmetry between produc-
tive articulation when a competing hypothesis is already
held and “blocking” articulation when it is not (P7) trans-
lates into commitment mechanisms that are adaptive rather
than mandatory. A lightweight implementation could record
the clinician’s initial impression before displaying AI output
and flag disagreements for structured resolution, presenting
side-by-side evidence and a short justification field, without
forcing articulation when no competing hypothesis exists.
In the evaluative mode, the analogous situation is a cover-
age gap, according to which when the clinician’s hypothesis
is absent from the presented set, the appropriate response is
to help retrieve supporting evidence and compare it against
listed alternatives, maintaining the collaborative stance par-
ticipants valued. In both modes, adaptive commitment en-
sures that finalising a diagnosis feels like a deliberate choice.
Together, these four dimensions constitute a design space for
future work, for instance, varying temporal delay and option
cardinality factorially across case complexity levels. Sev-
eral participants described a productive ‘extra minute’ that
improved confidence when the system prompted considera-
tion of alternatives (P3, P5, P7), suggesting that even mod-
est increases along these dimensions yield disproportion-
ate gains in reflective engagement. The evaluative prototype
was also seen as valuable for trainees precisely because it

“made me reason” (P8, P3, P9), pointing to optional micro-
explanations and case-linked exemplars as a means of turn-
ing routine AI use into learning opportunity without disrupt-
ing workflow. As Figure 3 illustrates, both modes include
resolution mechanisms, a disagreement workflow for Fast
Track and a coverage-gap workflow for Exploratory that
scaffolds clinician reasoning. The result is a clinical AI that
is context-aware, differential-first, and adaptable; one that
alternates between fast confirmation and deeper exploration,
shows its working, and introduces gentle contextual friction
to protect judgement without usurping the clinician’s role.

6 Conclusion
Through a design-probe study with practising radiologists,
we contrasted oracular and evaluative paradigms of AI deci-
sion support, finding that interaction design plays as critical
role as model accuracy in shaping whether AI supports or
supplants clinical reasoning. Evaluative, differential-first in-
terfaces activated reflection, preserved professional agency,
and aligned with the probabilistic logic of radiological di-
agnosis, while oracular outputs were valued for speed in
routine cases but resisted when they foreclosed deliberation
under uncertainty. The ease of accepting an AI recommen-
dation influences the clinician’s exercise o their the judge-
ment, on which moral and legal accountability depends. Pro-
ductive friction, operationalised through temporal delay, op-
tion cardinality, evidence depth, and commitment structure,
preserves the epistemic conditions under which a signed re-
port represents a judgement rather than a default acceptance.
Efficiency and agency thus constitute a design tension to
be managed through adaptive, context-sensitive support that
calibrates deliberation cost to diagnostic uncertainty. Taking
this tension seriously, clinical AI should operate as a col-
laborator that keeps reasoning visible, uncertainty legible,
and the final decision the clinician’s. Future work should
replicate these findings with larger multi-site samples and
higher-fidelity prototypes in live PACS. Beyond such con-
solidation, three directions seem consequential. First, the
friction mechanisms we propose generate auditable inter-
action traces, pre-AI impressions, evidence inspection pat-
terns, justification entries, that could serve as accountabil-
ity infrastructure, providing regulators with designable ev-
idence of meaningful oversight. The EU AI Act (Article
14) requires meaningful human oversight for high-risk AI
without specifying how it should be demonstrated at the in-
terface level; productive friction may offer a concrete an-
swer. Second, the question of who controls friction intensity
is itself ethically charged. System-set thresholds introduce
meta-level automation risk, while clinician-controlled set-
tings may incentivise self-serving minimisation under time
pressure. How friction authority should be allocated among
system, clinician, and institution remains an open design-
governance problem. Third, frictionless support over months
and years may cumulatively erode the very expertise on
which meaningful oversight depends (Natali et al. 2025a).
Longitudinal studies comparing skill trajectories under fric-
tional and frictionless conditions would test whether produc-
tive friction serves as both a per-decision safeguard and a
structural defence against deskilling.
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