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Abstract: Background: Clinical explainable artificial intelligence (XAI) is commonly evaluated as 3 

explanation content: text, probability, saliency map, feature ranking, counterfactual, or analogous case. In 4 

practice, an explanation is encountered through an interface that controls when advice appears, where 5 

attention is directed, how much effort verification requires, and whether acceptance or rejection is 6 

documented. 7 

Materials and Methods: This narrative review synthesised DOI-indexed literature on clinician-centred XAI 8 

design, trust in AI-based clinical decision support systems, eye tracking, explanation type, cognitive forcing, 9 

false confirmation, advice-taking, overreliance, and reporting guidance for clinical AI. 10 

Results: The evidence indicates that explanation effects depend on timing, visibility, task risk, attention, user 11 

expertise, AI correctness, and interaction cost. Explanations can improve clinical reasoning, but may also 12 

anchor decisions, increase inappropriate reliance, or reassure users when data are incomplete. 13 

Conclusion: Clinical XAI should be designed as an attention architecture rather than a passive 14 

interpretability layer. The proposed Attention-Gated XAI framework uses clinical pre-commitment, adaptive 15 

timing, risk-stratified friction, counterevidence prompts, missing-data display, acceptance and rejection 16 

logging, and post-decision audit to reduce overreliance while preserving useful AI support. 17 
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 Introduction: 21 

The clinical value of an artificial intelligence recommendation is not determined at the moment a 22 

model generates its output. It is determined when a clinician sees that output, compares it with a working 23 

hypothesis, decides whether to inspect the explanation, accepts or rejects the advice, and records the final 24 

clinical action. The interface is therefore not a neutral container. It is the pathway by which a model enters 25 

medical reasoning. 26 

This point is frequently underestimated in explainable artificial intelligence (XAI). Clinical XAI is 27 

often discussed through explanation categories: heatmaps for imaging, feature importance for tabular 28 

models, textual rationales for large language models, counterfactuals for individual predictions, probability 29 

scores for risk models, and example-based explanations for pattern comparison. These categories describe 30 

what is displayed. They do not describe when, where, with what salience, under which workflow pressure, 31 

and with what behavioral demand the explanation is displayed. 32 

The same explanation can support or distort clinical judgment depending on interface conditions. A 33 

recommendation displayed before a physician forms an initial judgment may anchor the case. A 34 

recommendation displayed after a physician has selected a diagnosis may become a justification. An 35 

explanation hidden behind a small icon may be absent in practice even though it is technically available. A 36 

long textual explanation placed inside a time-pressured workflow may be skipped. A probability score 37 

without context may be read as certainty. A counterevidence prompt may reopen the differential diagnosis. 38 

These effects are not properties of the model alone; they emerge from the encounter between the model, the 39 

interface, and the clinician. 40 

Recent work supports this shift from interpretability as information to interpretability as interaction. 41 

Bienefeld and colleagues showed that clinicians and developers often bring different expectations to XAI, 42 

creating a gap between technical explanations and clinical needs [1]. Subramanian and colleagues identified 43 

the use of predictions, information accompanying predictions, personalization, and case customization as 44 

central concerns in medical XAI design [2]. Prince and colleagues likewise framed user-centered design as 45 

necessary for translating explainable systems into clinical decision support for central nervous system tumors 46 

[3]. Trust in AI-based clinical decision support also depends on transparency, reliability, usability, 47 

customization, human-centered design, and user control [4]. 48 

The problem becomes measurable when attention is studied rather than assumed. Nagendran and 49 

colleagues used eye tracking to examine how intensive care physicians responded to safe and unsafe AI 50 

recommendations with explanations [5]. Unsafe recommendations attracted attention, but explanations 51 

themselves did not necessarily receive greater attention when unsafe advice was presented. Prinster and 52 

colleagues showed that explanation type affected chest radiograph diagnostic performance and physician 53 

trust even when physicians were unaware of the effect [6]. Gombolay and colleagues found domain-specific 54 
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differences in how explanation approaches are perceived in neurology decision support [7]. The implication 55 

is direct: the mere presence of an explanation does not establish that the explanation was clinically 56 

processed. 57 

This review develops the argument that clinical XAI should be evaluated as attention architecture. The 58 

aim is not to place an explanation beside a recommendation and assume safe interpretation. The aim is to 59 

design the conditions under which clinicians attend, compare, verify, disagree, accept, reject, and document. 60 

The proposed Attention-Gated XAI framework treats explanations as decision events rather than passive 61 

text. A physician does not merely receive AI advice. The physician is positioned inside an interaction that 62 

shapes whether agreement is easy, whether verification is feasible, and whether disagreement remains 63 

visible. 64 

Materials and Methods: 65 

This manuscript is a narrative review with a design framework. It synthesises DOI-indexed literature 66 

related to clinical XAI, AI-based clinical decision support systems, user-centered design, trust calibration, 67 

attention, overreliance, false confirmation, cognitive forcing, AI reporting guidance, and health AI assurance. 68 

The aim was not to estimate pooled effects. The aim was to identify design mechanisms that determine 69 

whether explanations shape safe clinical behavior. 70 

Sources were identified through PubMed, Nature Portfolio, JMIR, Radiology, ACM Digital Library, 71 

ScienceDirect, Wiley Online Library, BMJ, JAMA, Frontiers, and publisher pages indexed through DOI 72 

records. Search concepts included clinical XAI, explainable AI clinical decision support, user-centered 73 

design, AI-CDSS, clinician trust, eye tracking, explanation type, attention, cognitive forcing, overreliance, 74 

false confirmation, advice-taking, human-AI team performance, pro-hoc explanations, TRIPOD+AI, 75 

TRIPOD-LLM, and health AI assurance. 76 

Inclusion criteria were: DOI-indexed article; direct relevance to clinical decision support, clinical AI, 77 

XAI, clinician interaction, user-centered design, attention, trust, reliance, reporting standards, or AI 78 

governance; preference for publications from 2023 onward when available; and inclusion of older DOI-79 

indexed studies when foundational to the design mechanism. Exclusion criteria were: preprints without DOI, 80 

purely algorithmic papers without clinician-facing or governance implications, texts about general AI ethics 81 

without clinical interface relevance, and papers treating explainability only as technical interpretability 82 

without human evaluation or workflow implications. 83 

The synthesis followed five analytic questions. First, what does the literature indicate about clinician 84 

needs and stakeholder expectations for XAI? Second, how do timing, attention, and explanation type modify 85 

diagnostic or therapeutic behavior? Third, which interaction mechanisms increase or reduce overreliance? 86 

Fourth, which reporting and assurance standards are needed when explanations are evaluated in clinical AI 87 

studies? Fifth, which interface components are necessary if an explanation is treated as a clinical decision 88 

event rather than an information supplement? 89 

Because the literature is heterogeneous, the review used mechanism-oriented synthesis. Studies were 90 

mapped to recurrent design functions: clinical pre-commitment, adaptive timing, risk-stratified friction, 91 

counterevidence prompting, missing-data display, acceptance and rejection logging, and post-decision audit. 92 

These functions became the components of the proposed Attention-Gated XAI framework. 93 

 94 

Table 1: Literature map used for the thematic synthesis. 95 
Cluster Core references Contribution to the review 
Clinician-centered design Bienefeld et al. [1]; Subramanian et al. [2]; 

Prince et al. [3] 
Defines XAI as a socio-technical design problem involving clinicians, 

developers, context, workflow, and user needs. 
Trust and usability in AI-
CDSS 

Tun et al. [4]; Naiseh et al. [9]; Rosenbacke 
et al. [10] 

Shows that trust depends on transparency, reliability, usability, explanation 
class, complexity, coherence, and user control. 

Attention and explanation type Nagendran et al. [5]; Prinster et al. [6]; 
Gombolay et al. [7] 

Demonstrates that explanation effects depend on attention, clinical domain, 
explanation format, and AI correctness. 

Advice-taking and overreliance Panigutti et al. [8]; Bucinca et al. [12]; 

Vasconcelos et al. [13]; Bansal et al. [14] 
Connects explanation design to behavior, cognitive effort, team 

performance, and acceptance of AI advice. 
False confirmation and clinical 

limits 
Rosenbacke et al. [11]; Ghassemi et al. 

[15]; Cabitza et al. [16] 
Frames the risk that explanations may justify incorrect conclusions or 

exceed proven safety effects. 
Reporting and assurance Collins et al. [17]; Gallifant et al. [18]; 

Shah et al. [19]; Goodman et al. [20] 
Provides standards for transparent reporting, LLM evaluation, institutional 

assurance, and clinical documentation quality. 
 96 
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Results: Thematic Synthesis 97 

1. Explanation content is inseparable from interface placement 98 

A clinical explanation is usually described by content: variables that influenced the model, image 99 

regions that were highlighted, similar prior cases, counterfactual changes, or a textual rationale. Content is 100 

necessary, but it is only one dimension of use. A clinician-facing system must also decide whether the 101 

explanation appears before, during, or after independent judgment; whether it is visible by default or hidden 102 

behind a click; whether it interrupts workflow; whether it requires a response; whether it displays 103 

uncertainty; whether it forces comparison with alternatives; and whether acceptance or rejection is recorded. 104 

Interface placement can convert the same explanatory object into different clinical behavior. A 105 

saliency map displayed before image search may guide attention to relevant anatomy, but it may also narrow 106 

search. A text explanation displayed after a diagnosis may improve confidence, but it may also rationalize a 107 

premature conclusion. A probability score displayed without calibration context may look precise while 108 

saying little about patient-specific applicability. The explanation therefore cannot be evaluated apart from its 109 

sequence, salience, and interaction cost. 110 

This is where co-design literature becomes clinically important. Bienefeld and colleagues showed that 111 

explainability requirements differ between clinicians and developers [1]. Developers may focus on technical 112 

transparency and debugging, while clinicians may need patient-specific relevance, causal coherence, 113 

workflow fit, and actionability. Subramanian and colleagues identify prediction use, contextual information, 114 

personalization, and case customization as central design themes [2]. Prince and colleagues extend the point 115 

to neuro-oncology CDSS, where explainable tools must be aligned with user experience, translation, 116 

workflow, and outcome evaluation [3]. 117 

For clinical XAI, the question is not whether a model is interpretable in the abstract. The question is 118 

whether the interface makes interpretation cognitively available at the moment when the physician can still 119 

act on it. Explanation content without interface specification tells reviewers what was theoretically available, 120 

not what shaped the decision. 121 

 122 

Table 2: Interface placement converts explanation content into clinical behavior. 123 
Design variable Clinical risk when ignored Safer design implication 
Timing of AI output Premature recommendations anchor the clinician; 

late explanations justify decisions already made. 
Delay AI advice until after a preliminary clinical hypothesis in 

diagnostic tasks; display earlier only when triage speed is the 

priority. 
Default visibility Hidden explanations become unused explanations. Make core explanation visible by default when risk is intermediate 

or high; keep secondary detail expandable. 
Response requirement Passive displays invite passive agreement. Require accept, reject, or revise when recommendation affects 

diagnosis, treatment, or disposition. 
Uncertainty display Point estimates are misread as certainty. Show uncertainty, missing variables, calibration limits, and 

conditions under which the recommendation loses validity. 
Alternative display Single-output explanations suppress differential 

reasoning. 
Display clinically plausible alternatives and the discriminating data 

between them. 
Documentation Agreement and disagreement remain invisible to 

audit. 
Log acceptance, override, modification, rationale, and later outcome 

review. 
 124 

2. Attention is a measurable clinical variable 125 

Many XAI evaluations rely on self-reported usefulness, perceived trust, or satisfaction. These 126 

instruments are valuable, but they are insufficient. A clinician may describe explanations as useful while 127 

giving them minimal attention during the decision. A clinician may also be influenced by an explanation 128 

without awareness of that influence. The gap between perceived use and behavioral use is a design problem, 129 

not only a measurement problem. 130 

Nagendran and colleagues separated explanation presence from attention to explanation by using eye 131 

tracking in intensive care physicians exposed to safe and unsafe AI recommendations [5]. Unsafe 132 

recommendations drew more attention than safe recommendations, but unsafe scenarios did not necessarily 133 

produce greater attention to the explanatory material. Self-reported usefulness also failed to correlate reliably 134 

with attention to explanations. The study demonstrates why an explanation should not be treated as used 135 

simply because it existed on the screen. 136 

Prinster and colleagues show a related effect in chest radiography: explanation type modified 137 

diagnostic performance and trust, even when physicians were not aware that the explanation had influenced 138 

them [6]. Explanations may therefore operate beneath explicit self-report. Gombolay and colleagues add that 139 

explanation perception varies by clinical domain and user type [7]. These findings support the use of 140 
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objective and behavioral measurements: first fixation, dwell time, transitions between patient data and 141 

explanation, click path, time from advice to action, and the quality of post-decision rationale. 142 

Attention is not a surrogate for correctness, but it is a precondition for processing. A heatmap that is 143 

not seen, a text explanation that is skipped, or an uncertainty panel that is hidden cannot calibrate clinical 144 

decision-making. Clinical XAI studies should therefore report what users could see, what they actually 145 

attended to, and whether their final decision changed in a clinically defensible direction. 146 

 147 

Table 3: Attention metrics for clinician-facing XAI. 148 
Metric Interpretation Use in evaluation 
First fixation on AI advice Whether the recommendation enters visual 

attention early or late. 
Detects hidden, poorly positioned, or overly salient 

recommendations. 
Dwell time on explanation Approximate visual processing time for 

explanatory material. 
Distinguishes displayed explanations from attended explanations. 

Transitions between patient data 

and explanation 
Whether the clinician compares AI output 

against clinical evidence. 
Measures verification rather than passive reading. 

Click or expansion behavior Whether optional explanation layers are 

accessed. 
Identifies whether secondary details are usable or effectively absent. 

Time from AI display to decision Whether AI accelerates, delays, or prematurely 

closes the decision. 
Useful for workflow safety and cognitive load analysis. 

Rationale concordance Whether documented reasoning reflects the 

explanation or independent clinical evidence. 
Connects attention to final decision quality. 

 149 

3. Cognitive friction is a safety dose 150 

Clinical interfaces are often designed to reduce friction. This is appropriate for routine documentation 151 

and administrative tasks. It becomes unsafe when friction reduction eliminates clinical thinking in high-risk 152 

AI-assisted decisions. Some friction is protective. The design question is dose. Insufficient friction makes 153 

agreement automatic. Excessive friction creates alert fatigue, workarounds, and abandonment. 154 

Bucinca and colleagues showed that cognitive forcing functions can reduce overreliance in AI-assisted 155 

decision-making [12]. Their work also shows a trade-off: interventions that reduce overreliance may be less 156 

liked by users. This trade-off is acceptable in high-risk care when the cost of unexamined agreement is 157 

patient harm. Vasconcelos and colleagues add that users decide whether to engage with an explanation by 158 

weighing cognitive cost against expected benefit [13]. In medicine, that cost-benefit calculation is shaped by 159 

fatigue, time pressure, case difficulty, institutional expectations, and perceived liability. 160 

Friction should therefore be adaptive. A low-risk coding suggestion may require a concise optional 161 

rationale. A diagnostic recommendation in an ambiguous case should show alternatives and ask for 162 

counterevidence. A high-risk prescription should require patient-specific safety checks and a reason for 163 

acceptance or override. A recommendation that conflicts with allergy, renal function, pregnancy status, 164 

hemodynamics, image quality, or missing essential data should trigger stronger friction than a low-impact 165 

reminder. 166 

The aim is not to slow clinicians for its own sake. The aim is to make verification easier than blind 167 

agreement when the stakes are high. If the interface makes accepting advice easier than checking it, 168 

overreliance becomes a predictable design outcome. 169 

 170 

Table 4: Risk-stratified friction model for clinical XAI. 171 
Risk level Example Interface requirement 
Low Administrative coding suggestion; low-impact 

documentation support. 
Optional explanation; no interruption; visible confidence and source link if 

opened. 
Moderate Diagnostic suggestion in non-urgent outpatient 

setting. 
Evidence summary, alternative diagnosis, and one counterevidence 

prompt. 
High Anticoagulation, sepsis therapy, thrombolysis, 

ICU vasopressor guidance. 
Clinical pre-commitment, uncertainty display, accept/reject rationale, and 

safety checklist. 
Critical conflict AI recommendation conflicts with allergy, 

contraindication, missing essential data, or 

patient-specific risk. 

Block automatic acceptance; require human override rationale, escalation, 

or second review. 

Post-event review Adverse event, unexpected deterioration, reversal 

of diagnosis, or model disagreement with 

outcome. 

Audit AI advice, human rationale, available data, and patient trajectory. 

 172 

4. Trust should be designed as calibration, not acceptance 173 

Trust is often treated as an adoption barrier. From that perspective, explanations are useful because 174 

they make clinicians more willing to use AI. In safety-critical settings, this framing is too narrow. The 175 



 

Interface Design, Attention, and Overreliance in Clinical XAI 

problem is not whether clinicians trust AI. The problem is whether they trust it in proportion to validity, 176 

uncertainty, and fit to the case. 177 

Rosenbacke and colleagues found that XAI may increase clinician trust, but the effect is not 178 

automatic; explanations can also have no effect or decrease trust when they are complex, incoherent, or 179 

poorly aligned with the clinical problem [10]. Tun and colleagues identified transparency, training, usability, 180 

reliability, credibility, ethics, customization, human-centered design, and user control as recurring factors 181 

shaping trust in AI-based clinical decision support [4]. Naiseh and colleagues showed that explanation 182 

classes affect trust calibration in a clinical decision support context [9]. Together, these studies point away 183 

from trust maximization and toward trust calibration. 184 

A safe interface should sometimes reduce trust. If a recommendation is generated from missing data, 185 

out-of-distribution input, conflicting evidence, poor image quality, weak calibration, or a context outside the 186 

model's validation, the interface should not reassure. It should warn. If the system identifies pneumonia 187 

while vital signs and laboratory trajectory suggest sepsis, the interface should prevent single-diagnosis 188 

closure. If a radiology model highlights a region with low confidence and poor image quality, the system 189 

should not invite unqualified acceptance. 190 

Acceptance rates are therefore poor primary safety metrics. High acceptance may signal usefulness or 191 

automation bias. Low acceptance may signal poor model performance or appropriate skepticism. The 192 

relevant outcome is conditional behavior: correct acceptance of useful advice and correct rejection of unsafe, 193 

incomplete, or inapplicable advice. 194 

 195 

5. False confirmation is an interface-sensitive hazard 196 

False confirmation occurs when AI validates a human judgment that is wrong or incomplete. The 197 

system does not need to replace the clinician. It only needs to confirm a premature working hypothesis 198 

strongly enough that reconsideration becomes less likely. The risk is heightened when the AI presents a 199 

fluent explanation that uses familiar clinical terms and contains partially true observations. 200 

Rosenbacke and colleagues argue that false confirmation is a central danger when AI is positioned as a 201 

substitute for a second medical opinion [11]. The interface determines whether this risk is amplified or 202 

mitigated. If AI appears before the clinician has generated alternatives, false confirmation may prevent 203 

alternatives from forming. If it appears after a diagnosis has been selected, it may validate the existing path. 204 

If the interface fails to ask for counterevidence, the clinician may not examine what would disconfirm the 205 

shared conclusion. 206 

Cabitza and colleagues' work on pro-hoc explanations offers a useful design direction: present 207 

alternative explanations for possible outcomes rather than only a post-hoc justification for the recommended 208 

output [16]. This approach is clinically relevant because differential reasoning depends on contrast. A 209 

display that explains only why AI favours pneumonia narrows attention. A display that compares 210 

pneumonia, heart failure, atelectasis, aspiration, and pulmonary embolism with discriminating findings 211 

preserves reasoning. 212 

Bansal and colleagues showed that explanations do not necessarily improve complementary human-AI 213 

team performance and may increase acceptance of AI recommendations irrespective of correctness [14]. In 214 

clinical systems, this is unacceptable. The physician and the model should not fail in the same direction 215 

without a mechanism for detecting shared error. 216 

 217 

Table 5: Interface patterns that increase or reduce false confirmation. 218 
Pattern Likely effect Safer alternative 
AI advice shown before clinician 
hypothesis 

Anchors diagnostic search and narrows 
differential reasoning. 

Require initial hypothesis and confidence rating before 
revealing AI advice when the task permits. 

Single recommended diagnosis with 
persuasive explanation 

Converts uncertainty into apparent 
confirmation. 

Display alternatives and discriminating clinical evidence. 

High-salience confidence score without 

context 
Promotes over-interpretation of numeric 

precision. 
Show calibration context, missing data, and validity 

conditions. 
No cost for accepting AI advice Makes agreement easier than verification. Require rationale for high-risk agreement and provide 

counterevidence prompt. 
No record of disagreement Overrides and uncertainty disappear from 

safety review. 
Log accept, reject, revise, rationale, and follow-up outcome. 

 219 
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6. Reporting and assurance are part of interface safety 220 

Clinical XAI interface studies require stronger reporting than many current evaluations provide. A 221 

study should state what the clinician saw first, whether the clinician committed to a judgment before AI 222 

advice, whether explanations were visible by default, what data were missing, whether the AI advice was 223 

correct, partially correct, or incorrect, and how acceptance or rejection was captured. Without these details, 224 

readers cannot determine whether a reported effect belongs to the model, the explanation content, the display 225 

timing, or the interaction requirement. 226 

TRIPOD+AI provides updated reporting guidance for clinical prediction models using regression or 227 

machine learning and emphasises transparent, complete, and accurate reporting [17]. TRIPOD-LLM extends 228 

reporting principles to studies using large language models [18]. These reporting frameworks are not 229 

interface-design manuals, but they reinforce the same safety principle: clinical AI research must disclose 230 

enough information for users, reviewers, and institutions to understand what was evaluated and under which 231 

conditions. For XAI interface studies, that means reporting the interaction pathway, not only the algorithm. 232 

Assurance also matters after deployment. Shah and colleagues proposed a nationwide network of 233 

health AI assurance laboratories to support local evaluation, monitoring, and best practices [19]. This is 234 

directly relevant to clinical XAI because interface behavior may vary by institution, specialty, workflow, 235 

user role, and patient population. A system that works in a simulation may behave differently in a high-236 

volume emergency department or an ICU with different documentation culture. 237 

Goodman and colleagues argued that AI-generated clinical summaries require more than accuracy 238 

[20]. The same principle applies to XAI interfaces. An explanation may be factually correct yet clinically 239 

incomplete, poorly timed, too difficult to verify, or too easy to accept. Safety depends on how information 240 

changes action. Reporting and assurance should therefore include attention, reliance, override behavior, 241 

rationale quality, and downstream decision quality. 242 

 243 

Table 6: Minimum reporting items for clinical XAI interface studies. 244 
Reporting item Reason for inclusion 
Timing of AI display Determines whether advice could anchor, revise, or confirm clinician judgment. 
Clinician pre-AI hypothesis Allows measurement of whether AI changed the decision or merely reinforced it. 
Default visibility of explanation Separates available explanations from used explanations. 
Attention measures Documents whether explanatory material was visually or behaviorally processed. 
AI correctness and confidence Needed to distinguish appropriate reliance from overreliance or underreliance. 
Missing data and applicability limits Prevents retrospective inflation of system performance using data unavailable at the bedside. 
Acceptance, rejection, modification Captures real clinician behavior rather than subjective trust alone. 
Rationale and outcome audit Links interface behavior to downstream clinical quality and learning. 
 245 

Attention-Gated XAI Framework: 246 

The synthesis supports a shift from passive XAI to Attention-Gated XAI. Passive XAI displays an 247 

explanation and assumes that clinicians will use it. Attention-Gated XAI designs the route by which AI 248 

advice enters clinical cognition. It regulates timing, salience, response obligation, counterevidence, missing 249 

data, and audit. The purpose is not to slow every decision. The purpose is to match cognitive demand to 250 

clinical risk. 251 

The framework has seven components: clinical pre-commitment, adaptive timing, risk-stratified 252 

friction, counterevidence prompting, missing-data display, acceptance and rejection logging, and post-253 

decision audit. These components convert an explanation from an optional interpretability artifact into a 254 

structured decision event. 255 

Clinical pre-commitment asks the physician to record a provisional hypothesis, confidence level, or 256 

intended action before AI advice is displayed when the task allows. Adaptive timing determines whether AI 257 

advice should appear before diagnostic search, after a preliminary interpretation, before order signature, or 258 

during reassessment. Risk-stratified friction increases response demand as clinical consequence increases. 259 

Counterevidence prompting asks the clinician what would weaken the recommendation. Missing-data 260 

display prevents incomplete inputs from being experienced as complete advice. Acceptance and rejection 261 

logging preserves clinician agency as audit data. Post-decision audit links AI advice, human rationale, and 262 

later clinical trajectory. 263 

 264 

Imagem 1. Passive XAI to Attention-Gated XAI 265 
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 266 

This framework is compatible with, but distinct from, model-centered explainability. It does not ask 267 

only whether the model can be interpreted. It asks whether the interface supports safe human-AI 268 

complementarity under clinical pressure. 269 

Table 7: Attention-Gated XAI framework. 270 
Component Purpose Operational design 
Clinical pre-commitment Preserve independent reasoning before AI 

influence. 
Capture provisional hypothesis, confidence, and intended next step 

before AI display. 
Adaptive timing Align AI display with cognitive stage and clinical 

risk. 
Delay, advance, or repeat explanations according to task type and 
urgency. 

Risk-stratified friction Prevent automatic agreement in high-risk 
decisions. 

Escalate from optional reading to required rationale according to 
severity. 

Counterevidence prompt Activate disconfirmation and differential 

reasoning. 
Ask what finding weakens the AI recommendation or supports an 

alternative. 
Missing-data display Prevent false certainty when input is incomplete. Show absent, stale, low-quality, or out-of-distribution data beside 

the recommendation. 
Acceptance/rejection log Make clinician agency visible and auditable. Record accept, reject, modify, rationale, and whether AI changed the 

initial plan. 
Post-decision audit Learn from disagreement and outcome. Compare AI output, human rationale, final decision, and later 

clinical trajectory. 
 271 

Clinical Scenarios Illustrating Interface Failure Modes: 272 

Radiology illustrates visual anchoring. An AI system may mark a focal opacity and provide a 273 

heatmap. If the heatmap appears before the radiologist performs a systematic search, it may narrow 274 

exploration. If it appears after the independent read, it may function as verification. If it appears without 275 
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image-quality information or calibration context, the highlighted region may be over-weighted. The work by 276 

Prinster and colleagues suggests that explanation type can change performance and trust in chest radiograph 277 

interpretation [6]. A radiology interface should therefore distinguish search assistance from interpretive 278 

confirmation. 279 

Intensive care illustrates high-risk action under time pressure. AI recommendations may concern 280 

fluids, vasopressors, antibiotics, ventilation, anticoagulation, transfusion, or monitoring intensity. Nagendran 281 

and colleagues show why the presence of explanations cannot be assumed to rescue unsafe advice [5]. ICU 282 

interfaces should require patient-specific safety checks and counterevidence review before high-risk 283 

acceptance, especially when advice conflicts with physiology, organ function, or missing data. 284 

Emergency medicine illustrates premature closure. A system that flags pulmonary embolism, sepsis, 285 

stroke, or acute coronary syndrome may accelerate recognition. The same system may anchor the team if 286 

displayed too early or with excessive confidence. Interfaces should distinguish detection prompts from 287 

diagnostic claims. 'Consider sepsis' and 'sepsis is the most likely diagnosis' are different clinical acts and 288 

should not share the same visual grammar. 289 

Medication ordering illustrates hidden harm. A system may recommend a drug correctly but fail to 290 

communicate dose adjustment, interaction, contraindication, or monitoring requirements. A safe interface 291 

should display missing creatinine, allergy history, pregnancy status, current interacting drugs, and required 292 

monitoring before order signature. Agreement should be decomposed: accept indication, modify dose, add 293 

monitoring, reject agent, or request more data. 294 

Outpatient chronic care illustrates cumulative automation. Repeated acceptance of risk scores, 295 

reminders, screening suggestions, or deprescribing prompts can quietly reshape care over time. Here, intense 296 

friction at every decision would fail. The interface should instead detect exceptions, uncertainty, patient 297 

preference, and longitudinal deviation. The same principle holds: interface demand should match risk. 298 

 299 

Table 8: Clinical scenario mapping for Attention-Gated XAI. 300 
Clinical setting Typical AI risk Interface requirement 
Radiology Visual anchoring, incomplete search, over-

weighting saliency. 
Separate independent read from AI review; display image quality, 
uncertainty, and alternative findings. 

Intensive care Unsafe treatment recommendation under time 
pressure. 

Require patient-specific safety checks, counterevidence, and rationale 
before high-risk acceptance. 

Emergency medicine Premature diagnostic closure or triage 

misdirection. 
Use consider-this prompts before diagnostic claims; delay definitive 

advice until key data are reviewed. 
Outpatient chronic care Cumulative acceptance of low-salience 

recommendations. 
Use longitudinal audit, exception capture, and patient preference 

documentation. 
Medication ordering Dose, contraindication, interaction, or 

monitoring failure. 
Display missing data, renal/hepatic adjustment, contraindications, and 

required monitoring before signature. 
Multidisciplinary board AI framed as authority rather than evidence 

contributor. 
Show evidence provenance, uncertainty, dissenting alternatives, and 

team annotation. 
 301 

Proposed Empirical Evaluation Protocol: 302 

The Attention-Gated XAI framework should be tested experimentally before clinical deployment. A 303 

practical design would use simulated cases with practicing clinicians and randomize interface timing and 304 

friction while holding AI advice constant. A factorial design could compare AI advice before versus after 305 

clinician pre-commitment; explanation hidden versus visible by default; no friction versus counterevidence 306 

prompt versus mandatory rationale; correct versus incorrect AI advice; and low-risk versus high-risk 307 

decisions. 308 

Primary outcomes should include appropriate reliance: accepting correct AI advice and rejecting 309 

incorrect advice. Secondary outcomes should include diagnostic accuracy, treatment safety, time to decision, 310 

unnecessary actions, attention to explanation, confidence calibration, subjective workload, perceived 311 

usefulness, and quality of documented rationale. A study that measures only trust misses the central safety 312 

mechanism. A study that measures only accuracy misses why the decision changed. 313 

The study should capture expertise. Medical students, residents, generalists, specialists, radiologists, 314 

intensivists, pharmacists, and nurses may need different explanation formats and friction levels. A junior 315 

clinician may benefit from explicit differential diagnosis. A senior clinician may need concise uncertainty 316 

and contraindication data. A radiologist may need image-based evidence. A pharmacist may need dose and 317 

interaction logic. Personalization should be specified rather than assumed. 318 
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Evaluation should include adverse interaction outcomes: acceptance of incorrect AI advice, rejection 319 

of correct advice, failure to view explanation, excessive time burden, increased confidence without improved 320 

accuracy, displacement of patient data by AI display, and documentation that copies AI rationale without 321 

independent clinical justification. These outcomes are not peripheral. They are the failure modes that 322 

determine whether the system is safe outside a controlled study. 323 

 324 

Table 9: Experimental evaluation matrix for clinical XAI interfaces. 325 
Factor Levels to compare Safety question answered 
Advice timing Before pre-commitment; after pre-commitment; at 

order signature. 
Does timing anchor, revise, or verify clinician decision? 

Explanation visibility Hidden; optional; visible by default; mandatory in high 

risk. 
Does availability translate into actual attention and use? 

Friction level None; counterevidence prompt; mandatory rationale; 

second review. 
Which dose reduces overreliance without unacceptable burden? 

AI correctness Correct; incorrect; partially correct; correct with weak 

explanation. 
Can clinicians reject unsafe advice and accept useful advice? 

Risk level Low; moderate; high; critical conflict. Should the interface change its demands with harm potential? 
User expertise Student; resident; generalist; specialist; 

multidisciplinary team. 
Which explanation format fits which clinical user? 

 326 

Design and Governance Requirements: 327 

Translation of Attention-Gated XAI into practice requires obligations for developers, hospitals, 328 

evaluators, and governance boards. Developers should not treat explanation widgets as optional post-329 

processing modules. They should define the clinical action that each explanation supports: notice, compare, 330 

verify, prescribe, withhold, escalate, or document. This action must be known before the interface is built; 331 

otherwise, explanations may be technically correct but clinically inert. 332 

Hospitals should treat AI interface configuration as part of clinical governance. Institutions deploying 333 

AI-based decision support should decide which recommendations are advisory, which are interruptive, which 334 

require a response, which require second review, and which should be suppressed until required data are 335 

available. Governance should monitor acceptance, override patterns, missing-data warnings, time burden, 336 

near misses, and clinician reports of misleading explanations. 337 

The health AI assurance literature supports this approach. Shah and colleagues argue for infrastructure 338 

capable of evaluating and monitoring health AI in local contexts [19]. This matters because interface effects 339 

are local. A sepsis model deployed in a teaching hospital ICU, a community emergency department, and a 340 

tertiary oncology service may have the same algorithmic output but different user behavior. Assurance 341 

should therefore include interface behavior, not only model discrimination or calibration. 342 

A minimal governance checklist should answer five questions before high-risk deployment: when does 343 

the clinician see the AI; what must the clinician do before accepting it; what missing data are displayed; how 344 

does the clinician reject or modify the recommendation; and how are disagreements reviewed? If these 345 

questions cannot be answered, the system is not ready for high-risk clinical use regardless of model 346 

performance. 347 

 348 

Table 10: Design and governance requirements for clinical XAI deployment. 349 
Actor Required responsibility Operational artifact 
Developers Define the clinical action supported by each explanation. Explanation-action map: notice, compare, verify, prescribe, 

escalate, document. 
Developers Expose missing data and model applicability limits. Validity panel beside AI recommendation. 
Hospitals Classify AI recommendations by clinical risk and workflow 

location. 
Local AI-CDSS risk policy. 

Hospitals Monitor acceptances, overrides, and disagreement patterns. Monthly safety review of AI-human interaction logs. 
Clinical leaders Align friction level with specialty workflow. Specialty-specific interface configuration. 
Evaluators Measure behavior in addition to subjective trust. Study protocol including attention, reliance, rationale, and 

outcomes. 
Governance board Define escalation for high-risk or conflicting recommendations. Override and second-review procedure. 
 350 

Implementation Pathway: 351 

A practical implementation pathway can be organized in four phases. The first phase is decision 352 

mapping. The team identifies the decision points where AI advice will appear and classifies each point by 353 

risk, time pressure, reversibility, and data dependency. This phase prevents a common implementation error: 354 

using the same display pattern for a low-risk reminder and a high-risk treatment recommendation. 355 
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The second phase is explanation-action alignment. Each explanation must be tied to a clinical action. 356 

If the action is diagnostic comparison, the explanation should include alternatives and discriminating 357 

evidence. If the action is prescription, the explanation should include contraindications, dosing logic, and 358 

monitoring requirements. If the action is triage, the explanation should prioritize urgency, uncertainty, and 359 

missing data. This phase avoids the generic explanation box that sounds plausible but guides no decision. 360 

The third phase is simulation testing. Clinicians should interact with realistic cases under varied time 361 

pressure and varied AI correctness. The test set should include obvious cases, ambiguous cases, misleading 362 

AI advice, incomplete data, and cases where AI is correct but conflicts with the clinician's initial impression. 363 

The purpose is to observe what clinicians saw, what they ignored, what they accepted, what they rejected, 364 

and what they wrote. 365 

The fourth phase is monitored deployment. If a prototype enters clinical workflow, the institution 366 

should monitor interaction logs, override patterns, time burden, alert fatigue, near misses, and reported 367 

confusion. Deployment is not a single approval event. It is a continuous feedback system in which clinicians, 368 

developers, and governance teams examine how AI changes decision behavior over time. 369 

 370 

Table 11: Four-phase pathway for Attention-Gated XAI implementation. 371 
Phase Core activity Expected output 
1. Decision mapping Identify decision points, risk level, time pressure, reversibility, 

and required data. 
Clinical AI decision map. 

2. Explanation-action 

alignment 
Match explanation type to clinical action and user role. Interface specification for each AI recommendation type. 

3. Simulation testing Test correct and incorrect AI advice under realistic cases and 

workflow constraints. 
Reliance, attention, accuracy, workload, and rationale 

report. 
4. Monitored deployment Review acceptances, overrides, near misses, time burden, and 

clinician feedback. 
Governance dashboard and iteration plan. 

 372 

Why Current XAI Evaluations Miss Interface Effects: 373 

A recurring limitation in XAI evaluation is that explanation is treated as an isolated object rather than 374 

a situated clinical event. A study may compare heatmaps, feature attribution, counterfactuals, examples, and 375 

textual rationales while underreporting the route by which clinicians encounter them. When performance 376 

improves, the cause may be explanation content, timing, salience, task framing, perceived AI authority, or a 377 

demand to respond. When performance worsens, the cause may be cognitive overload, poor placement, 378 

excessive confidence display, weak alternatives, or explanation mismatch with clinical work. 379 

This attribution problem matters because the same model and the same explanation can produce 380 

different behavior under different interface states. A radiology explanation presented as optional review after 381 

an independent read is not the same intervention as the same explanation presented before search. A sepsis 382 

prediction shown as a banner before full vital-sign review is not the same as one shown after lactate, mental 383 

status, blood pressure, urine output, and infection source are reviewed. A medication warning displayed 384 

before order signature is not the same as one displayed after the clinician has already completed the order 385 

and is trying to close the chart. 386 

The literature on advice-taking and overreliance indicates that users do not process AI explanations as 387 

neutral information. They process them through prior beliefs, clinical intuition, workload, perceived risk, and 388 

system framing [8,12-14]. Therefore, an interface that reduces verification cost changes reliance. An 389 

interface that hides explanation detail changes reliance. An interface that displays one conclusion without 390 

alternatives changes reliance. These are not usability details. They are causal features of the decision 391 

environment. 392 

Future studies should therefore report the interaction pathway with the same care used to report model 393 

inputs and outputs. The report should identify whether AI advice appeared before or after clinician judgment, 394 

whether explanation was default-visible, whether counterevidence was requested, whether users could ignore 395 

the advice without record, whether uncertainty was displayed, and whether the final human rationale was 396 

captured. Without these elements, readers cannot determine what was actually tested. 397 

This is also why reporting frameworks such as TRIPOD+AI and TRIPOD-LLM are relevant even 398 

when the manuscript is not building a new model [17,18]. They reinforce a broader principle: clinical AI 399 

studies must describe enough of the system, data, task, and evaluation context to allow interpretation and 400 

reproduction. For clinician-facing XAI, the interface is part of that context. 401 

 402 
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Table 12: Common XAI evaluation blind spots and corresponding interface variables. 403 
Evaluation blind spot Why it matters clinically Variable to report or test 
Explanation treated as content only The same content changes effect according to timing 

and salience. 
Timing, location, default visibility, interruption level. 

Trust measured without correctness 

state 
Trust may be high for correct and incorrect advice 

alike. 
Trust stratified by AI correctness and case uncertainty. 

Self-report used without behavior Clinicians may report usefulness without attending to 
explanations. 

Eye tracking, dwell time, clicks, decision changes, rationale 
text. 

No clinician pre-commitment The study cannot distinguish AI revision from AI 
anchoring. 

Pre-AI hypothesis, confidence, and intended action. 

No reject/override analysis The most important safety behavior is hidden. Acceptance, rejection, modification, reason, and outcome. 
No workflow context Time pressure and specialty workflow alter use of 

explanations. 
Clinical setting, urgency, user expertise, and task 

complexity. 
 404 

Minimum Acceptance Criteria for High-Risk Clinical XAI Interfaces: 405 

Before a high-risk clinical XAI interface is deployed, the institution should define minimum 406 

acceptance criteria. Model performance alone is insufficient. An AI system that is well calibrated in 407 

retrospective validation may still be unsafe if the interface promotes premature closure, hides missing data, 408 

or makes acceptance easier than verification. Conversely, a system with modest but transparent decision 409 

support may be safer if clinicians understand its limits and can reject advice efficiently. 410 

The first criterion is scope clarity. The interface should state what clinical action the recommendation 411 

supports and what action it does not support. A risk estimate is not a treatment order. A detection alert is not 412 

a diagnosis. A diagnostic suggestion is not a full therapeutic plan. Visual grammar should separate these 413 

categories so the clinician does not confuse possibility, probability, and instruction. 414 

The second criterion is data completeness at the point of display. If an AI recommendation depends on 415 

laboratory values, image quality, medication history, allergy status, pregnancy status, renal function, or 416 

clinical timing, the interface should show whether those data are present, absent, stale, or outside expected 417 

range. An explanation that ignores missing data communicates more confidence than the evidence supports. 418 

The third criterion is actionable disagreement. A physician must be able to reject, modify, or defer AI 419 

advice without leaving the decision unrecorded. The system should ask for a concise clinical reason in high-420 

risk cases: missing data, contraindication, stronger alternative diagnosis, local protocol, patient preference, or 421 

low plausibility. This does not turn clinicians into data clerks. It converts disagreement into safety 422 

intelligence. 423 

The fourth criterion is post-decision learning. The system should support audit of accepted and 424 

rejected advice against later information. This is especially important when the AI advice was wrong but 425 

accepted, correct but rejected, or modified by an expert. These cases identify whether the problem lies in 426 

model performance, interface design, local workflow, missing data, or clinical training. 427 

 428 

Table 13: Minimum acceptance criteria before high-risk clinical XAI deployment. 429 
Criterion Operational requirement Safety rationale 
Scope clarity State whether the output is alert, risk estimate, diagnosis, 

treatment suggestion, or monitoring prompt. 
Prevents users from treating one type of output as a 

stronger clinical instruction. 
Data completeness Display absent, stale, low-quality, and out-of-scope inputs at 

the point of advice. 
Prevents false certainty when the recommendation rests 
on incomplete context. 

Uncertainty and alternatives Show uncertainty and clinically plausible alternatives with 
discriminating evidence. 

Preserves differential reasoning and reduces premature 
closure. 

Actionable disagreement Allow accept, reject, modify, defer, and request more data 

with concise clinical rationale. 
Makes clinician agency visible and auditable. 

Risk-adapted friction Escalate interaction demands for high-risk or conflicting 

advice. 
Reduces automatic agreement where harm potential is 

high. 
Post-decision audit Review AI advice, clinician rationale, final action, and later 

clinical trajectory. 
Supports local assurance, learning, and iterative 

improvement. 
 430 

Discussion: 431 

The main implication of this review is that interface design belongs inside clinical AI safety. It should 432 

not be deferred until after model development, treated as cosmetic implementation, or reduced to 433 

convenience. When AI recommendations influence diagnosis, treatment, triage, imaging interpretation, or 434 

disposition, the display of the recommendation becomes part of the intervention. 435 

This conclusion changes the evaluation agenda. A clinical XAI study should report when AI advice 436 

was displayed, whether the clinician had already committed to a hypothesis, whether explanations were 437 

visible by default, whether the clinician had to respond, whether attention was measured, whether uncertainty 438 
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was displayed, whether alternatives were visible, and whether acceptance or rejection was documented. 439 

Without these variables, the interpretation of XAI effects remains unstable. 440 

The review also clarifies why clinician resistance should not automatically be interpreted as lack of 441 

trust or lack of training. Sometimes resistance reflects poor interface fit. If a system interrupts at the wrong 442 

time, provides too much text, hides the discriminating fact, fails to respect expertise, or offers confidence 443 

without actionable uncertainty, distrust may be rational. Conversely, a system that is smooth, fast, and easy 444 

to accept may be unsafe if it reduces verification. 445 

The proposed framework does not imply that every AI recommendation should be surrounded by 446 

complex friction. That would be unworkable. The argument is for adaptive friction. Clinical environments 447 

already ration attention. The interface should help ration it well. Low-risk suggestions should remain light. 448 

High-risk, uncertain, or conflicting recommendations should ask for more thought at the exact point where 449 

automatic agreement would be dangerous. 450 

The framework also shifts responsibility away from individual vigilance alone. Telling clinicians to 451 

avoid overreliance is insufficient if the interface makes overreliance cheap. Design should make verification 452 

feasible. It should place relevant evidence near the recommendation, disclose missing data, expose 453 

alternatives, and make rejection legitimate. A clinician who disagrees with AI should not disappear from the 454 

system as a non-user; that disagreement may be the most important safety signal. 455 

Finally, the article suggests a more mature definition of human-centered clinical AI. Human-centered 456 

design in this domain does not mean making AI pleasant, visually clean, or acceptable. It means preserving 457 

the clinician's capacity to reason under pressure, disagree with plausible automation, and remain accountable 458 

while using computational support. The goal is structured complementarity, not human-only decision-459 

making and not obedience to AI. 460 

Limitations: 461 

This review is conceptual and design-oriented. It synthesizes DOI-indexed literature but does not 462 

perform meta-analysis, pooled estimation, or formal risk-of-bias grading across all included studies. The 463 

argument is strongest as a framework for study design, reporting, and system development rather than as 464 

evidence of outcome improvement in live clinical deployment. 465 

The reviewed literature is heterogeneous. It spans radiology, intensive care simulation, neurology 466 

decision support, transplantation and neuro-oncology design work, general AI-assisted decision-making, and 467 

systematic reviews of clinician trust. Interface effects may differ across emergency medicine, intensive care, 468 

oncology, outpatient primary care, radiology, pathology, and medication ordering. The framework should 469 

therefore be adapted to specialty-specific workflows. 470 

Clinical AI safety also depends on model performance, calibration, dataset representativeness, 471 

institutional governance, legal responsibility, user training, and local workflow. Interface design cannot 472 

compensate for an unsafe model, biased data, poor validation, or lack of accountability. The claim is 473 

narrower: even a technically strong model may become clinically unsafe if the interface promotes 474 

uncalibrated attention and reliance. 475 

Future empirical work should test Attention-Gated XAI in controlled simulations with practicing 476 

clinicians and then in prospective clinical environments. Studies should randomize timing, pre-commitment, 477 

friction level, counterevidence prompts, and explanation type. Outcomes should include diagnostic accuracy, 478 

treatment safety, overreliance on incorrect AI advice, rejection of correct advice, attention to explanations, 479 

time burden, workload, and documented rationale quality. 480 

Conclusion: 481 

Clinical XAI should not be evaluated as explanation content alone. In practice, an explanation reaches 482 

the physician through an interface that controls timing, visibility, salience, effort, comparison, and 483 

documentation. That interface determines whether AI advice becomes a second opinion, an anchor, a 484 

shortcut, or a structured object of review. 485 

The Attention-Gated XAI framework treats explanation as a decision event. It requires clinical pre-486 

commitment, adaptive timing, risk-stratified friction, counterevidence prompting, missing-data display, 487 

acceptance and rejection logging, and post-decision audit. These components preserve clinician agency while 488 

reducing automatic agreement with AI advice. 489 

The practical standard is direct: an explanation that is not attended to has not explained; an explanation 490 

that cannot be challenged has not protected the patient; and an interface that makes agreement easier than 491 
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verification has already shaped the decision before the clinician recognizes it. Safe clinical AI begins before 492 

the answer. It begins at the point where the interface decides how the answer is allowed to enter thought. 493 
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