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AbstractGenerative artificial intelligence (AI) can support differential diagnosis, but final-answer accuracydoes not by itself establish diagnostic safety. This narrative review examines how AI exposure mayalter hypothesis generation and proposes AI-associated differential diagnosis narrowing as atestable process-level construct of the clinician-AI system. The construct describes reduceddifferential breadth, flexibility, or counterfactual exploration after AI exposure; it is not a validatedsyndrome and does not imply causation. Anchoring, automation bias, fluent language, andinteraction order are possible mechanisms, while premature closure and diagnostic error arepotential downstream consequences. We organize candidate safeguards through the GENERATE-Dx mnemonic, which preserves independent hypothesis generation, separates likelihood fromdanger, makes missing and discordant data explicit, reopens alternatives, and defines verificationand reassessment. Candidate endpoints include pre/post differential breadth, retention of expert-adjudicated rare-but-dangerous diagnoses, counterfactual exploration, confidence calibration,management decisions, and reassessment. The framework, metrics, and figures are heuristicproposals. Prospective studies should compare interaction order and interface design and evaluatewhether AI supports accurate decisions without weakening the clinical method that makes diagnosissafe.



IntroductionGenerative artificial intelligence (AI) is now used in clinical work not simply as a search tool, but asa system that writes diagnostic hypotheses, explanations, plans, and summaries. Traditionaldecision-support tools usually return probabilities, alerts, or classifications; large language models(LLMs) produce narratives. Those narratives may help organize complexity, but they may also giveuncertainty a premature sense of resolution.Differential diagnosis is the clinical structure that protects patients from closure error. Diagnosisrequires progressive narrowing; the danger begins when narrowing takes place before seriousalternatives have been sought, discordant data have been weighed, and residual uncertainty has beenmade explicit.Differential diagnosis functions as a clinical safety tool. It keeps alternative hypotheses active,brings contradictory data into view, preserves attention to time-dependent disease, and protects thepatient from premature diagnostic closure. Clinical method precedes AI and should remain thestandard by which AI is judged. Diagnosis is not the act of naming a disease; it is the disciplinedmanagement of uncertainty.Diagnostic-error literature has long emphasized faulty synthesis, anchoring, and prematureclosure.1,2 The National Academies described diagnosis as a collaborative and vulnerable processacross care settings.3 AI adds automation bias, reduced vigilance, excessive trust, and verificationdifficulties.4-8 Recent LLM studies remain heterogeneous: GPT-4 access did not significantlyimprove physicians' diagnostic reasoning in one randomized trial,9 whereas the Articulate MedicalIntelligence Explorer performed strongly on complex differential-diagnosis tasks in an experimentalsetting.10
These findings point to the question addressed in this review: not simply whether an AI system canproduce correct diagnoses, but whether its use preserves the quality of the differential process. Amodel may improve the final list in one context and increase anchoring in another, depending ontiming, interface, wording, and workflow. Safety is not a property of the model alone; it belongs tothe clinician-AI system.This issue is especially important in internal medicine and community care, where multimorbidity,frailty, evolving presentations, low prevalence, and longitudinal decisions make prematuresimplification hazardous.This article is a targeted narrative review and conceptual framework. Its primary objective is tosynthesize evidence from diagnostic cognition and clinician-AI interaction and define a testableprocess-level risk construct. Secondary objectives are to organize candidate safeguards, measurableendpoints, and an empirical research agenda. The examples illustrate, but do not validate, theframework; the article is neither a systematic review, regulatory standard, nor validatedmeasurement instrument.
Key points· The diagnostic safety of AI does not coincide with model accuracy: a system may suggest aplausible diagnosis while impoverishing the clinician's differential process.· Differential narrowing is appropriate when it follows adequate verification; it becomespotentially unsafe when it is premature, insufficiently verified, lacks counterfactual testing, andis associated with AI exposure.· The construct is proposed as a falsifiable cognitive-safety hypothesis, not as a validatednosographic entity.· Protective generative techniques should be evaluated for differential breadth, retention of rare-but-dangerous diagnoses, contradiction checking, and confidence calibration.· Protecting diagnostic method is crucial in internal medicine, primary care, and general practice,where nonspecific symptoms may represent the onset of serious time-dependent conditions.



Literature search strategyA targeted, non-systematic narrative search was completed on 31 May 2026 using PubMed(including MEDLINE-indexed records) and Scopus as core databases. Because the reviewcombines current clinical AI with older cognitive and human-factors research, two evidence streamswere used. The contemporary clinical-AI stream covered 1 January 2015 through 31 May 2026.This pragmatic cutoff captures contemporary clinical AI, including work predating generativesystems, and coincides with the 2015 National Academies report that framed diagnostic error as apatient-safety priority.3 It is a scope anchor, not a claim that AI or diagnostic-safety scholarshipbegan in 2015. The diagnostic-cognition, human-factors, and automation stream had no lower datelimit. Backward and forward citation searching identified further landmark sources. Thus, eligiblepre-2015 work on anchoring, automation bias, premature closure, diagnostic momentum, trust inautomation, and reflective reasoning entered through a prespecified unlimited stream, not asexceptions.
Database-specific search stringsPubMed contemporary-AI queries were run separately. Query A: (("artificialintelligence"[Title/Abstract] OR "generative artificial intelligence"[Title/Abstract] OR "largelanguage model"[Title/Abstract] OR "large language models"[Title/Abstract]) AND ("diagnosticreasoning"[Title/Abstract] OR "differential diagnosis"[Title/Abstract] OR "diagnosticerror"[Title/Abstract] OR "diagnostic errors"[Title/Abstract] OR "clinical decisionsupport"[Title/Abstract])). Query B: (("artificial intelligence"[Title/Abstract] OR "machinelearning"[Title/Abstract] OR automation[Title/Abstract]) AND ("automation bias"[Title/Abstract]OR anchoring[Title/Abstract] OR "premature closure"[Title/Abstract] OR "cognitivebias"[Title/Abstract] OR "human-AI collaboration"[Title/Abstract] OR "human machinecollaboration"[Title/Abstract]) AND (diagnos*[Title/Abstract] OR clinical[Title/Abstract])). QueryC: (("large language model"[Title/Abstract] OR "large language models"[Title/Abstract] OR"generative artificial intelligence"[Title/Abstract]) AND (verification[Title/Abstract] ORcounterfactual*[Title/Abstract] OR "self-consistency"[Title/Abstract] OR prompt*[Title/Abstract]OR "multi-agent"[Title/Abstract]) AND (medical[Title/Abstract] OR clinical[Title/Abstract] ORdiagnos*[Title/Abstract])). Each was combined with ("2015/01/01"[Date - Publication] :"2026/05/31"[Date - Publication]) AND English[Language]. The no-lower-date PubMed query was:(("diagnostic error"[Title/Abstract] OR "diagnostic errors"[Title/Abstract] OR "prematureclosure"[Title/Abstract] OR "premature diagnostic closure"[Title/Abstract] ORanchoring[Title/Abstract] OR "automation bias"[Title/Abstract] OR "diagnosticmomentum"[Title/Abstract] OR "reflective reasoning"[Title/Abstract]) AND(diagnos*[Title/Abstract] OR clinical[Title/Abstract] OR clinician*[Title/Abstract] ORphysician*[Title/Abstract])) AND English[Language].Scopus contemporary-AI adaptations were: A, TITLE-ABS-KEY(("artificial intelligence" OR"generative artificial intelligence" OR "large language model*") AND ("diagnostic reasoning" OR"differential diagnosis" OR "diagnostic error*" OR "clinical decision support")); B, TITLE-ABS-KEY(("artificial intelligence" OR "machine learning" OR automation) AND ("automation bias" ORanchoring OR "premature closure" OR "cognitive bias" OR "human-AI collaboration" OR "humanmachine collaboration") AND (diagnos* OR clinical)); and C, TITLE-ABS-KEY(("large languagemodel*" OR "generative artificial intelligence") AND (verification OR counterfactual* OR "self-consistency" OR prompt* OR "multi-agent") AND (medical OR clinical OR diagnos*)). Each wascombined with PUBYEAR AFT 2014 AND PUBYEAR BEF 2027. The no-lower-date Scopusquery was TITLE-ABS-KEY(("diagnostic error*" OR "premature closure" OR "prematurediagnostic closure" OR anchoring OR "automation bias" OR "diagnostic momentum" OR"reflective reasoning") AND (diagnos* OR clinical OR clinician* OR physician*)). The Scopusinterface filter Language = English was applied to all four searches. Because Scopus uses year-level



rather than day-level limits in this syntax, the upper boundary was enforced by closing the search on31 May 2026; records identified after that date were not included.Google Scholar was used only as a supplementary source and for forward citation searching,without field restrictions, using the exact combinations "large language model" AND "differentialdiagnosis" AND clinician; "artificial intelligence" AND "automation bias" AND diagnosis;"human-AI collaboration" AND diagnosis AND order; and "large language model" AND diagnosticreasoning AND (verification OR counterfactual). Eligible material comprised peer-reviewedclinical studies, reviews, major reports, guidelines, and landmark conceptual papers relevant todiagnostic reasoning or clinician-AI interaction. Duplicates, conference abstracts, non-clinicalapplications, and technical model-development papers without implications for clinical reasoningwere excluded. Selection was conceptual rather than exhaustive; no quantitative synthesis or formalrisk-of-bias assessment was performed. One author paper accepted on 21 May 2026 and publishedonline on 23 June 2026 was added during revision as a targeted post-search conceptual citation; noother records published after the closing date were included.
From diagnostic error to cognitive safetyDiagnostic error is usually recognized downstream, as a missed, wrong, or delayed diagnosis.Cognitive safety looks earlier in the process: which hypotheses were generated, which alternativesdisappeared, which discordant elements were ignored, which missing data were not requested, andwhich warning signs were normalized by a coherent but incomplete explanation.In this review, cognitive safety denotes the capacity of the clinician-AI system to preserve soundreasoning conditions: adequate differential breadth, hypothesis verification, counterfactualexploration, awareness of missing information, confidence calibration, and attention to rare-but-serious diagnoses. A model may perform well on benchmarks and still be unsafe if it weakens thisprocess in real workflows.
Proposed construct and conceptual boundariesWe newly propose AI-associated differential diagnosis narrowing as a process-level cognitive-safety phenomenon in which exposure to AI-generated diagnostic suggestions is followed byreduced breadth, flexibility, tolerance of residual uncertainty, or counterfactual exploration in theclinician's differential diagnosis. The construct concerns the clinician-AI interaction rather than anoutput error in isolation.The term does not denote a disease, syndrome, or established cognitive bias. It is best treated as anintermediate cognitive-process configuration and candidate outcome of AI exposure. Anchoring,automation bias, linguistic authority, and interaction order are possible antecedents or mechanisms.Loss of alternatives may form an intermediate pathway toward premature closure; diagnosticmomentum may propagate the narrowed frame across later encounters. Hallucination is different: itis an output property and can be absent even when narrowing occurs.Causal language must match study design. AI-induced narrowing should be reserved for controlleddesigns that support causal attribution. In observational or descriptive work, AI-associateddifferential diagnosis narrowing is the preferred term. This terminology is used consistentlythroughout the manuscript and figures.A clear distinction is necessary between appropriate and potentially unsafe narrowing. Competentclinicians necessarily narrow the differential; this is the purpose of diagnostic reasoning. Narrowingbecomes potentially unsafe when it occurs early, is insufficiently verified, lacks counterfactualtesting, or removes relevant alternatives before rare, serious, treatable, or time-dependent diagnoseshave been considered.The construct is therefore neither an antecedent bias nor the final clinical outcome. It describes anintermediate process configuration at the level of the clinician-AI system. It would gain support ifcontrolled exposure to specified AI outputs produced reproducible pre/post reductions in clinicallyrelevant hypotheses, contradiction checking, or counterfactual exploration compared with suitable



controls. It would be weakened if those changes were absent, explained by baseline case difficulty,or offset by improved retention of expert-adjudicated alternatives.
Potential mechanisms and interaction orderAI-associated diagnostic narrowing may follow established mechanisms such as anchoring andautomation bias, amplified by fluent, immediate, and apparently reasoned output. The first AIresponse can frame subsequent thinking; coherent prose can be mistaken for evidential strength; andfalse reassurance can weaken searches for red flags or contradictory findings.Other plausible processes include greater availability of diagnoses named by the model, reducedsalience of rare alternatives, loss of temporal or atypical context, less counterfactual testing, andoverconfidence. These are descriptive pathways, not additional proposed constructs. Clinically,probability ranking must remain distinct from priority: a low-probability diagnosis may stilldemand attention when dangerous, treatable, reversible, or time-dependent.In community-care contexts, these mechanisms may be amplified by low prevalence, nonspecificinitial symptoms, workload pressure, delayed access to investigations, and the need to decidewhether to observe, treat, reassess, or refer. An apparently ordered AI output may therefore modifynot only the final diagnosis, but also the physician's threshold for escalation.Interaction order is a central experimental variable, but existing evidence does not support auniversal sequence. Cabitza and colleagues compared human-first and AI-first collaborationprotocols in knee magnetic resonance imaging and electrocardiogram interpretation. Order affectedperformance, and in those specific tasks, AI-first protocols were associated with higher accuracy.11
The study shows that timing and information configuration matter, while cautioning againstpresenting independent human formulation before AI exposure as an evidence-established rule forevery task.For generative differential diagnosis, recording a provisional problem representation anddifferential before viewing the model output remains a plausible safeguard against anchoring and auseful way to measure pre/post change. It should be compared directly with AI-first and othercollaboration protocols rather than prescribed as universally superior. Interface design, userexpertise, case type, AI accuracy, and explanation format may all modify the effect.The operational risk mechanisms considered in the framework are summarized in Table 1.
Generative artificial intelligence as risk and remedySeveral techniques can be reframed as cognitive safeguards. Chain-of-verification reduceshallucinations in non-clinical natural language processing tasks,12 self-consistency improves generalreasoning benchmarks,13 and self-refinement, tree-of-thoughts, and multi-agent debate have beenproposed to improve reasoning or factuality.14-16 Clinical prompting studies are promising butinsufficient to prove reduction of diagnostic error or premature closure in real-world care.17-19
These techniques should therefore not be presented as validated clinical interventions. Their currentvalue is architectural and testable: they may help shift AI from a producer of answers to a source ofuseful cognitive friction. Safety does not require more persuasive AI. It requires systems that makepremature closure harder.The same concern applies to retrieval-augmented and clinically oriented AI. Curated or user-provided sources do not guarantee clinical truth. Errors may still arise from retrieval of irrelevant orincorrect material, incomplete chunking, faulty synthesis, over-inference, conflicts among sources,or override by parametric knowledge. Knowledge-base integration may reduce some risks, but itdoes not by itself prevent evidence-like error or premature diagnostic closure.20

Candidate generative safeguardsOne candidate safeguard is to request multiple independent and diagnostically diverse lists. Theoutput should separate the most likely diagnoses, dangerous diagnoses not to miss, and diagnoses



that explain atypical elements. This structure prevents a single ranking from becoming the wholediagnostic space.Chain-of-verification requires each proposed diagnosis to be checked against supportive data,contrary data, missing data, alternatives, and warning signs. In medicine, verification should bedesigned to falsify rather than merely confirm. The point is not to rationalize the first answer, but totest whether it survives contradiction. Studies in internal medicine residents suggest that reflectivereasoning can improve diagnostic accuracy in complex cases and mitigate availability bias; itsefficacy in AI-assisted diagnosis remains untested.21,22
Recursive reasoning asks the model to produce an initial differential, critique it for anchoring andpremature closure, reopen excluded hypotheses, simulate a dissenting reviewer, and integrate therevised analysis. Its value lies not in anthropomorphizing the model but in imposing a de-anchoringworkflow.Counterfactual prompting starts from the assumption that the leading diagnosis is false and askswhich alternatives, underweighted findings, or additional data would overturn it. Adversarialprompting introduces a skeptical reviewer. Self-consistency and repeated independent generationscompare multiple paths; minority outputs should not be dismissed when they contain rare-but-dangerous diagnoses.These prompts are not autonomous clinical protocols. They are examples of how cognitivesafeguards may be translated into structured instructions for a generative system, with the aim ofpreserving differential breadth, attention to contrary evidence, residual uncertainty, and retention ofdo-not-miss diagnoses.
GENERATE-Dx: a proposed mnemonicWe newly use GENERATE-Dx as a mnemonic for eight observable steps: Generate an independentprovisional differential; Explicitly separate likelihood, danger, urgency, and actionability; Notemissing, discordant, and time-dependent data; Examine supporting evidence and contradictions;Reopen alternatives; Audit anchoring, automation bias, and overconfidence; Test do-not-missdiagnoses and escalation thresholds; and Establish reassessment, safety-netting, and residualuncertainty. Dx denotes diagnostic application and is not a ninth component.GENERATE-Dx is a heuristic design framework, not a validated score or clinical protocol. Itscomponents reorganize established principles of diagnostic reasoning and candidate generativetechniques for evaluation in AI-assisted workflows. Table 2 maps each step to its conceptualderivation and principal target. Any implementation should be tested for diagnostic benefit,cognitive load, time cost, and unintended over-investigation.
Heuristic representation and candidate measurementFigure 1 uses author-generated schematic bars to illustrate possible changes in cognitive salienceacross four discrete, unordered hypothesis clusters before and after AI exposure. No patient orclinician data were used. Bar heights and differences are arbitrary and do not estimate probabilities,distributions, effect sizes, or distances between diagnostic categories.We also newly propose a Tail-Preservation Index (TPI) for each clinician-case pair. Let T be theexpert-adjudicated set of non-dominant, clinically high-relevance diagnoses present in the pre-AIdifferential. TPI is the weighted proportion of T retained after AI exposure (retained weight dividedby total weight). It ranges from 0 to 1 and is undefined when T is empty. Here, tail denotes non-dominant alternatives, not an assumed distributional shape.We propose equal weights for primary analyses. Prespecified sensitivity analyses may weightdiagnoses by severity, time sensitivity, treatability, and case relevance. A blinded expert panelshould define the case-specific high-relevance set, reconcile diagnostic synonyms, and adjudicateretention. TPI measures preservation of pre-existing non-dominant hypotheses; new do-not-missdiagnoses added after AI exposure should be reported separately.



Other candidate endpoints include differential breadth and semantic diversity, shift toward the firstAI recommendation, counterfactual exploration, confidence calibration, verification completeness,premature closure, referral appropriateness, reassessment quality, and cognitive load. These remainproposals and require reliability testing, construct validation, and association with clinicaloutcomes. Candidate metrics are summarized in Table 3.
Empirical research agendaEmpirical verification is difficult because model version, parameters, interface, context, and promptformulation change outputs.18,23,24 Early studies should use standardized vignettes and predefined orfrozen AI outputs to isolate response-format effects, then compare standard answers with structuredanswers that separate probability, danger, missing data, contradictions, red flags, and verificationrequests.The purpose should not be to prove that one model is consistently superior to another. The moreuseful question is whether specific cognitive design choices reduce anchoring, premature closure,and suppression of rare-but-dangerous diagnoses. This approach fits the dynamic nature ofgenerative AI and the need to evaluate the clinician-AI system rather than the isolated model.A feasible first study could randomize clinicians to clinician-alone, AI-first, human-first, andsafeguarded-interface conditions using standardized cases and frozen outputs. Final between-armendpoints would include expert-adjudicated breadth, do-not-miss coverage, verification, confidence,management, and reassessment. Pre/post change and TPI would be analyzed only in arms recordingan independent pre-AI differential; clinician-alone participants would complete matched repeatedassessments without AI. Figure 2 summarizes the proposed pathway and explicitly presents itsarrows as hypotheses for testing rather than established causal relations.
Clinical implications across care settingsThe framework concerns the whole diagnostic pathway, from first contact in the community toemergency assessment and internal medicine. General practice is especially relevant because lowprevalence, nonspecific symptoms, and longitudinal decisions make risk thresholds central.In primary care, the physician does not decide only which diagnosis is most likely, but also when toreassure, when to monitor, when to request investigations, when to reassess, and when to refer. Asafe AI system should therefore support the longitudinal management of uncertainty, not replace itwith an apparently definitive answer.Internal medicine faces multimorbid complexity: overlapping signals, discordant tests, drug effects,frailty, chronic organ dysfunction, and coexisting diseases. AI is useful when it helps organize thesedata; it is risky when it turns a multi-causal picture into an explanation that is too clean.Emergency medicine adds time pressure and incomplete information. A system that privileges thecommon pattern may delay time-dependent diagnoses; one that separates probability from dangermay be protective. Across settings, retained hypotheses, missing data, referral reasons, safety-netting, and reassessment criteria should be documented.
Clinical exampleConsider a hypothetical older multimorbid patient with persistent low-grade fever, fatigue, weightloss, normocytic anemia, elevated inflammatory markers, high ferritin, increased lactatedehydrogenase, and a focal liver abnormality detected by ultrasound. A convergent AI prompt maysteer the work-up toward occult bacterial infection, liver abscess, or metastatic solid tumor. Thesehypotheses become unsafe if they dominate before discordant elements are tested.A cognitive-safety response should test each dominant hypothesis against contradictory data: liverabscess against cultures, leukocytosis, imaging morphology, antibiotic response, and need fordrainage; metastatic disease against imaging pattern, oncological work-up, and tissue diagnosis. Atthe same time, lymphoma, hemophagocytic lymphohistiocytosis/macrophage activation syndrome,



systemic autoimmune disease, infective endocarditis, tuberculosis, drug-related fever, andhematologic infiltrative disease should remain visible until excluded with proportionate evidence.In this scenario, generating multiple independent lists separates common, dangerous, and atypicalexplanations; chain-of-verification identifies supportive data, contrary data, missing tests, and redflags; recursive reasoning critiques the first explanation and reopens downgraded alternatives. Theclinical target is not diagnostic proliferation, but safer narrowing: defining missing data, time-dependent diagnoses, referral thresholds, need for biopsy or specialist input, and reassessmentcriteria.
Training, governance and post-deployment monitoringIntroducing generative AI into clinical practice requires training beyond tool use. Clinicians need torecognize how AI can modify their own reasoning: anchoring, false reassurance, overconfidence,loss of alternatives, and implicit delegation of verification. Training should integrate AI literacywith diagnostic reasoning, uncertainty management, and cognitive safety.This is consistent with a human-in-the-loop model understood as an operational standard, not as aslogan. The physician must remain responsible for clinical method, verification, final decision-making, and reassessment. Human supervision should be effective, documented, and capable ofchallenging or overriding algorithmic output when it is not coherent with the clinical picture.25
Regulation should incorporate cognitive endpoints. Accuracy, sensitivity, and specificity arenecessary but insufficient. Validation and surveillance should assess how AI changes clinicianbehavior: differential diagnosis, do-not-miss retention, contrary-data search, confidence calibration,referral appropriateness, and reassessment quality.Post-deployment monitoring should examine not only incorrect outputs but also recurrent changesin reasoning after AI use. Local audits can compare pre-AI and post-AI differentials, retention ofred flags, contradiction checking, confidence, referral decisions, and reassessment plans. These aregovernance proposals; thresholds for regulatory use require empirical validation and professionalconsensus.
LimitationsThis is a targeted narrative review rather than a systematic review. The search is reportedtransparently but was not exhaustive, and no formal risk-of-bias assessment or quantitativesynthesis was performed. The proposed construct, mnemonic, metric, and pathway may thereforereflect author selection and interpretation and require independent replication.The main limitation is that the construct is proposed, not validated. Its frequency, determinants,specialty-specific vulnerability, and clinical consequences remain unknown. The protective value ofgenerative safeguards is also unproven in real-world diagnostic pathways. Recent literature onclinician-LLM collaboration remains heterogeneous, with results depending heavily on task, setting,interface, and experimental design.9,23,26
A second limitation concerns causality. Demonstrating that AI induces narrowing requirescontrolled pre/post measures, randomization, order control, and interface analysis. A third limitationis the opposite risk: maintaining an overly broad differential can increase cognitive load, costs,inappropriate investigations, and patient anxiety. Safety requires appropriate breadth, not maximalbreadth. Metrics must distinguish useful diagnostic richness from noise.A fourth limitation is the intrinsic variability of generative systems. Even for the same case,changes in model, version, temperature, prompt, memory, and interface may change both outputand cognitive effect. Research should describe the full technical context of the interaction. Finally,neither prompt engineering nor knowledge-base integration should be treated as a sufficientsafeguard. Safeguards should be embedded in interfaces, workflows, training, governance, andregulatory evaluation.20
Figure 1 is a heuristic visualization rather than a measured distribution, and the TPI definition,weighting options, and expert-adjudication procedure require reliability and validity testing before



clinical interpretation. Future studies should evaluate the Tail-Preservation Index for inter-raterreliability, construct validity, responsiveness across different clinical scenarios, and its associationwith clinically meaningful outcomes.
What this manuscript addsPrior work has examined diagnostic bias, human-AI collaboration, and generative verificationlargely separately. This manuscript integrates them through a named process-level construct, aliterature-mapped mnemonic, candidate measures, and a governance focus on AI-related changes inclinician reasoning. These are testable proposals, not established terms or validated instruments.· Introduces AI-associated differential diagnosis narrowing as a cognitive-safety construct in theclinician-AI system.· Distinguishes model diagnostic accuracy from preservation of human differential reasoning.· Defines potentially unsafe narrowing as early restriction with insufficient verification andcounterfactual testing, distinguishing it from appropriate evidence-based narrowing.· Reorganizes generative techniques already described in the literature into a heuristic frameworkfor cognitive safeguarding, without presenting them as an already validated clinical protocol.· Proposes candidate measures for differential breadth, retention of dangerous diagnoses,anchoring, verification, premature closure, and the Tail-Preservation Index.· Shifts regulatory evaluation of clinical AI from output alone to modification of the clinician'scognitive process.· Extends the concept of cognitive safety to internal medicine, community care, and generalpractice, including referral thresholds, reassessment, safety-netting, and longitudinalmanagement of uncertainty.
ConclusionsGenerative AI brings a diagnostic-safety question to the foreground: not only whether the modelreaches the correct diagnosis, but whether it preserves the clinical reasoning that leads toward it.Medicine is not a competition between final outputs. It is disciplined management of uncertainty,hypothesis verification, and protection from premature closure.AI-associated differential diagnosis narrowing describes a possible risk of the clinician-AI system:AI may appear useful while prematurely restricting the physician's diagnostic field. The constructshould be tested, not assumed. Its value depends on whether it leads to better metrics, studies,interfaces, and workflows.The point is not to encourage distrust of AI, but to design and use systems that respect clinicalmethod: generate hypotheses, test them, search for contradictions, preserve dangerous alternatives,and narrow the differential only when narrowing is clinically justified. Cognitive safety shouldtherefore be evaluated alongside model performance as an endpoint of AI-assisted medicine.
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Table 1. Proposed mechanisms, cognitive pathways, clinical risks, and safeguards in artificial intelligence-associated differential diagnosisnarrowing.Possible mechanism Cognitive pathway Potential clinical risk Candidate safeguard
Initial-output anchoring First AI output frames subsequenthypotheses Premature convergence Record a provisional differential before exposure and compare alternativeinteraction orders in studiesPerceived authority offluent output Fluency is mistaken for reliability Overestimation of output Require explicit uncertainty and limitations

False reassurance Plausible narrative reduces perceivedrisk Delay in serious diagnoses Search for red flags, contrary data, and missing information
Reduced salience of rarealternatives Probability ranking hides severityand time-dependence Omission of rare-but-dangerous diagnoses Rank separately by probability, danger, treatability, and urgency
Loss of clinical context Complex story becomes a few salientelements Loss of temporal or atypicalsignals Highlight trajectory, discordance, and missing data
Displaced verification Clinician delegates verification to thesystem Circular confirmation Use chain-of-verification with supports, contradictions, missing data, andred flags
Table 2. GENERATE-Dx components mapped to their conceptual derivation.Mnemonic step Observable operation Conceptual derivation Principal targetG - Generate Record an independent provisional differential Interaction order and reflective reasoning11,21,22 Initial-output anchoringE - Explicitlyseparate Separate likelihood, danger, urgency, andactionability Risk-based differential diagnosis1-3 Failure to prioritize danger

N - Note Identify missing, discordant, and time-dependent data Diagnostic error and longitudinal diagnosis1-3 Context loss
E - Examine Check supporting evidence, contradictions, andalternatives Verification and reflective reasoning12,21,22 Confirmation and false reassurance
R - Reopen Use counterfactual and adversarial review Self-refinement, tree search, and debate14-16,19 Premature closure
A - Audit Audit anchoring, automation bias, andoverconfidence Automation bias and human factors4-8 Inappropriate reliance
T - Test Test do-not-miss diagnoses and escalation thresholds Diagnostic safety and differential evaluation3,10 Dangerous omission

E - Establish State reassessment, safety-netting, and residualuncertainty Diagnosis as a process across time3 Unmonitored uncertainty



Table 3. Candidate metrics for empirical evaluation.Candidate metric Operational definition Possible measureDifferential breadth Number and semantic diversity of clinically relevant diagnoses Diagnosis count plus expert-reviewed semantic clusteringRare-but-dangerous retention Proportion of expert-defined do-not-miss diagnoses retained Case-specific blinded expert reference set
Tail-Preservation Index Weighted retention of pre-AI, non-dominant, high-relevancediagnoses Clinician-case TPI; equal weights in the primary analysis and prespecifiedweighted sensitivity analysisAnchoring shift score Shift of clinician ranking toward first AI output Pre/post ranking distanceCounterfactual explorationscore Quality of hypotheses against leading diagnosis Expert rubric

Verification completeness Coverage of support, contradiction, missing data, and red flags Structured checklist scored by blinded reviewersPremature closure rate Closure before adequate exploration Blinded assessment of reasoning traceConfidence calibration error Gap between confidence and correctness Brier score or calibration curvesManagement andreassessment Appropriateness of testing, referral, safety-netting, and follow-up Blinded expert rating and time-to-action endpoints
Cognitive load cost Load added by safeguards National Aeronautics and Space Administration Task Load Index (NASA-TLX) or equivalent scale



Figure 1. Heuristic reweighting of diagnostic hypotheses before and after artificial intelligence exposure. The author-generated bars areschematic and arbitrary; no patient or clinician data were used. The four hypothesis clusters are discrete, illustrative, and unordered, andtheir placement does not define a common clinical scale. Bar heights and differences represent possible changes in cognitive salience, notobserved probabilities, distributions, effect sizes, rankings, or distances. Panel A shows several hypotheses before exposure; panel B showsa possible AI-associated concentration on a dominant hypothesis; panel C shows a proposed safeguarded condition in which clinicallyrelevant alternatives remain visible. Bar heights and category ordering are not to scale.



Figure 2. Proposed and testable pathway for AI-associated differential diagnosis narrowing. Arrows express hypotheses for empiricaltesting, not established causal relationships. The unprotected branch illustrates how a convergent AI output might be associated withanchoring, false reassurance, reduced alternative generation, and premature closure. The safeguarded branch illustrates interface featureshypothesized to preserve relevant alternatives, contradictory evidence, and residual uncertainty. The intended target is accurate,appropriately narrowed reasoning with reassessment and retention of do-not-miss diagnoses.
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