Human–AI interface design for optimizing trust and cognitive workload in high-stakes decision-making contexts
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Abstract
High-stakes decision environments continue to face cognitive demands, accountability pressures, and uncertainty, even as artificial intelligence is increasingly embedded in decision support across critical infrastructure, safety-sensitive domains, healthcare, and aviation. This scoping review examines how the design of the human–AI interface shapes cognitive workload, safe reliance, and trust calibration in such settings. A PCC-framed question and a PRISMA-ScR-guided process were used to identify studies published between 2015 and 2025 in Scopus, PubMed/MEDLINE, Web of Science, ScienceDirect, IEEE Xplore, and the ACM Digital Library. These were screened and charted using an extraction template. Seventeen studies were synthesised, covering clinical decision support, sepsis management, medical imaging, power-grid congestion management, telehealth diagnosis, air traffic control, medication verification, and maintenance. In most situations, interfaces that combine interactive verification, actionable uncertainty communication, selective transparency, and support for intermediate reasoning were more effective than static explanation designs; however, deployment remains constrained by methodological heterogeneity, limited real-world integration, small samples, limited real-world integration and inconsistent measures. This review proposes a thematic structure linking deliberative support, oversight-preserving design, and calibrated transparency, and offers a roadmap for embedding trustworthy human–AI interfaces in safety-critical decision support systems.
1.1 Problem and context/background
Artificial intelligence (AI) is transitioning beyond experimental development into decision support in medicine, transport, and other safety-driven areas, where mistakes might adversely affect patients, jeopardize operations, or endanger populations. It is interesting due to the capability to transform highly complicated, large-volume data and provide fast predictions or guidance that can promote diagnosis accuracy, efficiency, and early detection of risks (Topol, 2019; Perez-Cerrolaza et al., 2024). Prediction is not only a characteristic of high-stakes work. It demands professionals to make evidence interpretations, calculate the degree of uncertainty, balance evidence against contradicting information, and make actions and choices that are institutionally, ethically, and legally accountable. This is why the question is no longer about the ability of AI to do well in terms of computation, but about whether the system can fit into a decision environment, being safe, intelligible, operationally useful (Labkoff et al., 2024; van Baalen et al., 2021).
The issue is exacerbated by the fact that most of the AI tools are deployed to overloaded systems. In intensive care, as an example, monitoring is intensive, alarm-saturated, and cognitively demanding. Employees will have to control several devices, give preference to conflicting signals, operate under time restrictions, and contend with ease-of-use issues, visualization constraints, and poor alarm culture (Poncette et al., 2019; Mosch et al., 2024). As a new support tool is brought to such a place, no attention is paid to it, and the extra complication will only serve to harm the quality of decisions, not enhance it. The combination of AI and proven safety engineering processes is an unsolved problem in industrial and transportation contexts, especially in the areas where human control should still coexist with more autonomous operations (Perez-Cerrolaza et al., 2024). The study of agent transparency in safety-critical work demonstrates that the connection between disclosure of information, situation awareness, workload, and operator performance is consequential and contextual, in particular, when agent transparency is not integrated into the main task interface (van de Merwe et al., 2024).
Another contradiction is that technical openness does not necessarily translate into human comprehension or warranted trust. AI explanations are typically based on technical intuition as opposed to how individuals really create, assess, and utilise explanations in social and cognitive contexts (Miller, 2019). Explainability has thus far been suggested as a pathway to credible AI in the field of healthcare, though its advantages are conditional and partial. Markus et al. (2021) describe that explainability should correspond to the purpose of its requirement, and Ghassemi et al. (2021) warn that the existing explainability techniques cannot be seen as adequate measures that protect decision-support at the patient level. This puts questions of implementation at the centre stage. The safe adoption will rely not just on the claims of model performance but also on selection, acceptance testing, commissioning, training, and quality assurance (Mahadevaiah et al., 2020). It also relies on minimizing unnecessary loads as well as enhancing record keeping, validation, surveillance, and governance throughout the life cycle of AI-powered clinical decision support (Graafsma et al., 2024; Labkoff et al., 2024). Collectively, the literature presents AI-based high-stakes decision support as a sociotechnical issue of interface, workflow, responsibility, and oversight as opposed to a challenges a solitary algorithmic issue, hence warranting a detailed overview of the human-AI interface design in the context of consequential decision making and uncertainty.
1.2 Aim and Research Questions
The aim is to map how human–AI interface design influences cognitive workload, trust calibration, and safe use of AI-supported decision systems in high-stakes settings, and to identify the interface features that appear most helpful for effective decision quality and human oversight.
Research Questions
i. What interface features are being used in high-stakes human–AI systems?
ii. How do these interface designs affect trust, reliance, workload, and performance?
iii. What design patterns help prevent over-reliance and support safer human oversight?
2. Methodology
2.1 Design and Reporting Standards
This scoping review employed the Population–Concept–Context (PCC) framework to map the evaluative patterns, characteristics, and breadth of human–AI interface design for trust calibration and cognitive workload management in high-stakes decision-making settings. This study was reported in accordance with the PRISMA extension for scoping reviews (PRISMA-ScR), which included the transparent documentation of study selection decisions and use of a flow diagram. We did not undertake any protocol registration. In line with the scoping review's aim to synthesise, classify, and describe evidence rather than estimate pooled intervention effects, no formal risk of bias or critical appraisal was performed. Methodological safeguards included a multi-database search strategy, staged screening, explicit eligibility criteria, and standardised data charting.
2.2 Eligibility Criteria
The inclusive PCC criteria were applied to identify empirical studies in which human decision-makers interacted with AI-supported interfaces in safety-critical environments. Non-empirical, purely technical reports and low-stakes were excluded. A comprehensive literature review was conducted with rigorous screening to ensure that the included studies strictly adhered to the study design criteria and predetermined PCC. This review included studies that had been checked by other scientists, and that looked at how people and AI can work together in important areas like healthcare, critical infrastructure, aviation, security operations, and emergency management. Measurable outcomes related to cognitive workload, trust, task performance,reliance, usability,  or comparable human factors variables had to be reported in the studies. Table 1 details the inclusion and exclusion criteria applied in this study.
Table 1. Eligibility Criteria according to the PCC Framework
	Item
	Inclusion Criteria
	Exclusion Criteria

	Population
	Human decision-makers in high-stakes settings, including clinicians, pharmacists, therapists, air traffic controllers, power-grid operators, emergency personnel, security analysts, and similar professional users
	Non-human studies; animal or simulation-only technical studies without human participants

	Concept 
	Human–AI interface design features such as explanations, confidence displays, uncertainty visualizations, rationale displays, counterfactuals, what-if tools, alerting structures, and oversight controls
	AI model development studies with no interface or interaction component; general trust papers with no measurable interface evaluation

	Context
	High-stakes decision-support environments where errors may produce serious clinical, operational, safety, or security consequences
	Low-stakes consumer, educational, entertainment, or general productivity settings

	Study Designs
	Experimental studies, quasi-experimental studies, randomized studies, observational evaluations, mixed-methods studies, design evaluations, and implementation studies
	Narrative reviews, systematic reviews, scoping reviews, editorials, letters, commentaries, protocols without results, and conference abstracts without full text

	Outcomes
	Any of: trust, reliance, trust calibration, cognitive workload, NASA-TLX, usability, task performance, accuracy, response time, error detection, alert handling, or oversight behavior
	Studies not reporting user-centered, behavioral, or performance-related outcomes

	Publication Type
	Peer-reviewed journal articles and full peer-reviewed conference papers
	Preprints, theses, reports, guidelines, books/chapters, and other grey literature

	Language
	English
	Non-English

	Timeframe
	2010-2025
	Studies published outside this timeframe



2.3 Information Sources
The retrieval process was restricted to peer-reviewed literature indexed in selected databases that cover human–computer interaction, human factors, decision support, artificial intelligence, and safety-critical systems particularly well. The following bibliographic databases were consulted: Web of Science, IEEE Xplore, Scopus, PubMed/MEDLINE, the ACM Digital Library, and ScienceDirect. Consultation of grey literature sources was not undertaken. All retrieved records were exported to reference management software for de-duplication. This was followed by staged screening at the title/abstract and full-text levels, applying the predefined eligibility criteria.
2.4 Search Strategy
A series of database-specific search strategies were developed by combining controlled vocabulary terms with free-text keywords covering the PCC elements of the review, where available. The search strategy prioritised sensitivity over specificity to capture the broad range of relevant interface studies across domains. The search terms were centred on four key concept categories: interface or explanation design, trust or workload outcomes, human-AI interaction,  and high-stakes contexts. Terms included combinations of: 'AI-assisted decision making', 'human–AI interface',  'automation bias', 'human–AI interaction',  'decision support', 'over-reliance', 'explainable AI', 'NASA-TLX',  'confidence display', 'uncertainty visualisation', 'trust calibration', 'cognitive workload', 'mental workload', 'healthcare', 'aviation', 'emergency management', 'critical infrastructure', and 'security'. Filters were applied where appropriate to restrict the results to peer-reviewed, English-language studies focusing on humans published between 2015 and 2025. Table 2 illustrates the search logic applied across databases.
Table 2. Search Strategy Structure
	Database
	Search string

	Scopus
	(“human-AI interaction” OR “human-AI interface” OR “AI-assisted decision making” OR “decision support”) AND (explain* OR “confidence display” OR uncertainty OR “counterfactual explanation” OR transparency OR oversight) AND (trust OR reliance OR “trust calibration” OR workload OR “mental workload” OR “NASA-TLX”) AND (healthcare OR aviation OR “critical infrastructure” OR security OR “emergency management”)

	Web of Science
	TS=((“human-AI interaction” OR “decision support”) AND (explain* OR uncertainty OR transparency OR “confidence display”) AND (trust OR reliance OR workload OR “mental workload”) AND (healthcare OR aviation OR security OR “critical infrastructure”))

	IEEE Xplore
	(“All Metadata”: “human-AI interaction” OR “AI-assisted decision making”) AND (“trust calibration” OR workload OR “automation bias” OR transparency) AND (“decision support” OR healthcare OR aviation OR infrastructure)

	ACM Digital Library
	(“human-AI interface” OR “AI-assisted decision-making”) AND (explanation OR confidence OR uncertainty OR transparency) AND (trust OR reliance OR workload)

	
	

	PubMed/MEDLINE
	((“Decision Support Systems, Clinical” OR “Artificial Intelligence” OR “Human-Computer Interaction”) AND (trust OR reliance OR workload OR usability) AND (explanation OR uncertainty OR transparency) AND (high-stakes OR healthcare OR patient safety))

	ScienceDirect
	
	



	(“human-AI interaction” OR “AI decision support”) AND (trust OR workload OR reliance) AND (explanation OR transparency OR uncertainty) AND (healthcare OR aviation OR infrastructure OR security)






2.5 Study Selection
All the records that were retrieved were screened in two stages. The records were first filtered in accordance with the predetermined eligibility criteria, which excluded obviously irrelevant ones. Secondly, a full-text evaluation was done on studies that had been selected as potentially relevant to qualify them as final subjects to be included. Only studies that examine HAI design in high stakes context, and provide empirical results concerning cognitive workload, trust, task or reliance performance were retained. The PRISMA-style flow diagram described the study selection process and provided an overview of the number of records identified, screened and excluded, including the final version in the evidence base.
2.6 Data Extraction and Synthesis
The data was charted on a standardised extraction template, which was then refined so as to achieve consistency across the studies that were included. Variables were then identified, including bibliographic, sphere, and decision context, attributes of participants, AI assignment, interface or clarification approach, study blueprint, comparator state, confidence, and workload, performance outcomes, and key discoveries. Additional information about failure modes, including automation over- trust, bias, under-trust, oversight dilemma, alert fatigue, etc. were collected as well where relevant.
The synthesis was mapping and descriptive, as opposed to effect-estimating. The included studies resulted in a numerical summary that included domains of application, years of publication, types of interface strategies, study designs and groups of participants. Further, narrative thematic synthesis was used to classify the results into broad themes that matched with the review questions. These themes discussed the recurrent failure modes coupled with related interface mitigation, workload and performance support, transparency and trust calibration.
3.0 Result
3.1 Screening and selection.
The database search yielded 436 records. After removing 228 duplicate records, the remaining 208 unique records were screened against the above criteria using the title and abstract, and 85 papers were retained for full-text assessment. One hundred and twenty-three records were excluded at the title–abstract stage because they did not match the scope of the review. A further 68 papers were excluded during the full-text review stage: 28 due to being editorials,  conference abstracts without full text, reviews,  preprints, protocols, theses, reports, guidelines, books/chapters and other grey literature; 16 due to being AI model development studies with no interface or interaction component, general trust papers with no measurable interface evaluation and low-stakes settings; and 14 due to being non-human or simulation-only technical studies without human participants. Finally, 17 studies that met all the criteria were synthesised (see Table 3 and Fig. 1).
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Figure 1: PRISMA flow Diagram
3.2 Summary of Study Characteristics
The evidence base included 17 empirical studies extracted from the uploaded study pack, and this was published safe reliance, within the clinical decision support, medical imaging, sepsis management, telehealth diagnosis, medication check, rehabilitation evaluation, and tumour interpretation. Fewer were related to air traffic control, Power-grid congestion management, and condition-based maintenance, which made the review have a health-centric, albeit cross-domain profile. The studies were heterogeneous methodologically and encompassed randomised experiments, controlled laboratory studies, mixed-methods evaluations, factorial experiments, scenario-based factorial experiments, heuristic evaluations, user-centred design studies, and case studies. Sample sizes were varied, with 6 clinical experts to 292 participants; participants were physicians, pharmacists, pathologists, therapists, air traffic controllers, power-grid operators, and novices. The interface strategies that were tested were explanations, confidence or uncertainty displays, counterfactuals, visual analytics, interpretable recommendations, refinement tools, and workflow integrations. Some of the common outcomes include trust, reliance, workload, usability, reaction time, agreement, and task performance. The conceptual pathway through which core human–AI interface features influence contestable oversight, deliberative support, calibrated transparency, and downstream decision outcomes in high-stakes settings is summarised by Figure 2.
[image: ]
Figure 2. Conceptual framework for high-stakes human–AI interface design.
3.3 Thematic Analysis
Theme 1: Precision Transparency: Why More Explanation Is Not Always Better
In the studies that were included, transparency was most effective when customised to the role of the user, to the task, and decision pressure, as opposed to being presented in a maximal or consistent manner. Bussone et al. (2015) discovered that fuller explanations enhanced user trust, and they also motivated over-reliance, but thinner explanations prompted the user to engage in self-reliance in clinical decision support. This trend implies that the degree of explanation is not an adequate guarantee of proper trust. An identical tension was reported by Ackerhans et al. (2025), who found that explainability, together with greater workflow integration, enhanced trust in AI-based sepsis support, but explainability also served as a cause of perceived professional identity threat, and explicit mention of accountability escalated that conflict. Naiseh et al. (2023) also demonstrated that the effect of explanation varied across explanation classes, which shows that the usefulness of transparency might be reliant on how appropriately this practice fits clinical requirements.
Xie et al. (2020) demonstrated that physicians favored explanatory interfaces that belonged to exploration, justification, and role-sensitive types of reasoning over a one-size-fits-all presentation. Cai et al. (2019) also observed that refinement tools enhanced trust because pathologists were able to reshape algorithmic similarity in context rather than passively receive retrieved cases. The same was the case with uncertainty displays. Lester et al. (2025) demonstrated that uncertainty-conscious AI had led to a safer and faster process of verification of medications, whereas Zhang et al. (2024) established that uncertainty became utilizable when accompanied by recommending next actions, e.g., recommended laboratory testing methods. Conversely, Hurter et al. (2024) have shown that in air traffic control, the mere use of additional explanation was not necessarily helpful, unless it had a direct contribution to operational understanding. Collectively, these studies indicate that the key to effective transparency does not lie in displaying additional information, but in displaying the appropriate information in the right form that assists users to trust, to doubt, and to take action.
Theme 2: Supporting Deliberation: Interfaces That Improve Workload and Performance
Human-AI interfaces enhanced performance and assisted in workload management when they facilitated the intermediate reasoning of the users as opposed to merely giving the final recommendation. This was especially clear in the diagnosis of sepsis: Zhang et al. (2024) claimed that a previous tool had been abandoned because it intervened at the very end of the decision-making process; however, SepsisLab assisted clinicians in making earlier assumptions, examining ambiguity, and finding further tests that may decrease it. Cai et al. (2019) demonstrated a similar pathological process. Their refinement tools not only described the retrieval model, but also enabled pathologists to navigate the search mechanism, test hypotheses, and provide a better opportunity to control the model error against their inherent uncertainty, thus enhancing diagnostic utility without compromising accuracy.
Regarding air traffic control, Zohrevandi et al. (2022) found that the ecological visual analytics enhanced the user comprehensiveness of airspace conflicts and problem-solving performance, and the benefits were associated with the representational support rather than with previous expertise. Hurter et al. (2024) also demonstrated that explainable support in air traffic management was appreciated when the support enhanced comprehension and the utility of training. According to Prince et al. (2025), the use of AI aid made tasks less difficult and efficient in the specialist radiography interpretation, yet it also created a conflict within the circles of specialists. Lester et al. (2025) offered one of the most transparent workload results, demonstrating that the use of uncertainty-aware AI reduced the reaction time and defended pharmacists against damaging false approvals compared to the black-box AI. Gentile et al. (2025) applied this outside of the healthcare domain, demonstrating that groups of explanations including counterfactuals can lower the number of false alarms, workload, and the time needed to make decisions in condition-based maintenance. In a power-grid setting, Viebahn et al. (2025) have then presented the idea that trust, usability, workload, and task performance could be collectively evaluated to provide a workable measure of operational deployment. In general, the finding suggests the effective interface can enhance results by providing structure to attention, verification, and reasoning instead of merely increasing the information displayed on the screen.
Theme 3:  Guardrails Against Failure: Why Safe Use Depends on Contestability and Oversight
The third theme highlighted that even in systems that seemed to be a success, failure modes still existed suggesting the need to actively build in the role of humans oversight instead of assuming it existed. The most prominent risk was identified as over-reliance. As shown by Bussone et al. (2015), more elaborate explanations might unwillingly lead clinicians to follow flawed recommendations. On the contrary, Lee and Chew (2023) also found out that the users still relied heavily on erroneous AI outputs even though they were aware that the system was fallible. Counterfactual explanations did not eliminate the over-reliance, but reduced it by 21%. A more profound issue was discovered by Vicente and Matute (2023): the users were influenced by biased AI suggestions greatly, which caused them to repeat mistakes made whenever the AI was used, even after its withdrawal. This means that problematic dependency may persist even after the immediate engagement.



Other researches have demonstrated that failure with regard to trust is not simply about blind acceptance. Salimzadeh et al. (2024) provided an important behavioural lesson by demonstrating that an increase in uncertainty and complexity led to an increase in reliance with no corresponding rise in reported trust, but this was more of a borderline case when compared to the scope of the review. This shows that self-reported trust is an incompetent measure of safe use. Sivaraman et al. (2023) also found that ICU clinicians did not immediately endorse sepsis recommendations; rather, they negotiated with them by modifying, postponing or partially adopting the advice. Another kind of guarded supervision was recorded by Gomez et al. (2024): healthcare providers were more willing to agree with the AI-generated results, but they still demanded further confirmation testing due to a lack of confidence relative to effectiveness. The researches by Ackerhans et al. (2025) and Prince et al. (2025) also demonstrated that AI is capable of causing interpretive tension and disagreement, as well as identity threat, even in cases of efficiency improvement. Taken together, these studies imply that a more secure human-AI system is one that does not eradicate contestability, allows partial adoption, and brings out the existence of standardised biases.



Table 3: Data Extraction Table for the Included Studies
	Study
	High-stakes context/participants
	AI task/decision setting
	HAI interface or interaction strategy
	Study design/comparator
	Trust, workload, and performance measures
	Key findings
	Failure mode/design implication

	Ackerhans et al. (2025) – healthcare/sepsis CDSS
	Hospital sepsis prevention scenario; 292 medical students and physicians across specialties.
	AI-based CDSS for sepsis prediction/prevention.
	Manipulated explainability of decision outcome, depth of workflow integration, and accountability/signature requirement.
	Web-based 2×2×2 factorial between-subject scenario experiment.
	Trust in AI; perceived professional identity threat; process-design effects (no workload metric reported in uploaded extract).
	Explainability increased trust (β=.508, P<.001) but also increased identity threat (β=.351, P=.02). Deeper workflow integration increased trust (β=.262, P=.009). Trust partially reduced identity threat (β=–.138, P=.047). Accountability/signature increased identity threat (β=.339, P=.004).
	Transparency and integration can strengthen trust, but accountability and visible AI intrusion into professional roles can trigger resistance; trust calibration must be balanced with role protection.

	Bussone et al. (2015) – clinical diagnosis CDSS
	Healthcare professionals diagnosing hypothetical balance-disorder cases using fictional patients.
	Prototype CDSS for diagnostic support.
	Compared fuller versus less-detailed explanations; also varied displayed system confidence.
	Exploratory user study with observation of trust and reliance behavior.
	Trust, reliance/over-reliance, self-reliance, perceived usefulness of confidence/explanations.
	Displayed confidence had only slight effects. Fuller explanations increased trust but also promoted over-reliance. Less-detailed explanations reduced trust and led to self-reliance problems.
	More explanation is not automatically safer; explanation depth must help clinicians verify reasoning, interpret confidence, and make differential diagnoses rather than merely persuade.

	Cai et al. (2019) – pathology image retrieval
	Pathologists using ML-based image retrieval during medical decision-making; two evaluations (sample size not stated in uploaded extract).
	Deep-learning retrieval of visually similar pathology images from prior cases.
	Human-centered refinement tools enabling on-the-fly control of similarity criteria and exploration of retrieved cases.
	Needs assessment plus two interface evaluations against a more traditional interface.
	Diagnostic utility of retrieved images, user trust, interface preference, diagnostic accuracy.
	Refinement tools increased diagnostic utility and user trust, were preferred over a traditional interface, and did not reduce diagnostic accuracy. Users also repurposed the tools to interrogate the algorithm and distinguish model error from human error.
	Interactive controls can support calibrated trust by making algorithmic similarity contestable and tunable, reducing passive acceptance of retrieved outputs.

	Gentile et al. (2025) – condition-based maintenance
	Hydraulic-system condition diagnosis; 24 participants in a digital work environment.
	Supervised ML decision aid for maintenance diagnosis.
	Compared baseline/no explanation, normative+contrastive explanations, normative+counterfactual explanations, and all three combined.
	Controlled experiment with four explanation conditions.
	Decision performance, false alarm rate, decision time, workload.
	No significant overall performance differences across explanation conditions. The combined normative+contrastive+counterfactual condition reduced false alarms, while counterfactual-containing conditions showed potential reductions in decision time and workload.
	Counterfactuals may ease cognitive burden, but their value depends on how they are bundled with other explanation forms; explanation complexity should not be assumed to improve accuracy.

	Gomez et al. (2024) – telehealth infectious-disease screening
	Telehealth strep throat screening; 121 telehealth providers.
	AI CDSS predicting streptococcal pharyngitis from smartphone throat images.
	Three explainable-AI CDSS prototypes introduced after a validated baseline aid (Modified Centor Score).
	Randomized online experiment using clinical vignettes and linear-model analysis.
	Prediction accuracy, confirmatory testing rate, perceived trust, perceived understanding, agreement with AI.
	AI-based CDSS improved clinicians’ predictions relative to the Centor Score. Yet providers reported lower trust in AI advice than in the Centor baseline and requested more in-person confirmatory testing despite higher agreement with AI outputs.
	Accuracy gains do not guarantee calibrated acceptance; unfamiliar AI representations may provoke defensive checking, especially where overtreatment and missed diagnosis carry consequences.

	Hurter et al. (2024) – air traffic control
	21 air traffic controllers evaluating a machine-learning DSS in air traffic management.
	ML-supported conflict management / decision support in ATM.
	Compared three levels of explainability and visualization transparency in the DSS.
	Controlled validation study/case study with end-user air traffic controllers.
	User ratings of transparency, usefulness, acceptance, training value, and trust-related perceptions.
	Explainable and transparent AI was seen as promising for trust-building, training, and operational acceptance, with benefits strongest when information improved controller understanding rather than merely adding detail.
	In safety-critical control rooms, transparency must support controller reasoning and training, not overload already complex displays.

	Lee & Chew (2023) – post-stroke motion assessment
	7 physical therapists and 10 non-experts evaluating AI-based motion assessment.
	Clinical assessment support for post-stroke movement quality.
	Compared counterfactual explanations with saliency-map explanations.
	Experimental comparison of explanation formats under correct and incorrect AI predictions.
	Reliance/over-reliance, correctness of final decisions, explanation preference.
	Even when aware of AI fallibility, users over-relied on incorrect AI outputs. Counterfactual explanations reduced over-reliance by 21% compared with saliency explanations.
	Counterfactuals appear more effective than feature-highlighting alone for helping users challenge wrong AI decisions.

	Lester et al. (2025) – medication verification
	30 pharmacists in a web-based mock medication verification task.
	AI support for medication verification and approval decisions.
	Compared black-box AI versus uncertainty-aware AI.
	Randomized controlled experiment.
	Reaction time, rate of harmful approval decisions, trust-related safe reliance behavior.
	Uncertainty-aware AI reduced reaction times in most cases and helped pharmacists avoid harmful incorrect approvals compared with black-box AI.
	Communicated uncertainty can improve both speed and safety when the task is verification-focused and time sensitive.

	Naiseh et al. (2023) – clinical XAI interfaces
	Clinical decision-support context; participant details not fully specified in uploaded extract.
	Clinical AI decision support.
	Compared four explanation classes for XAI interfaces.
	Empirical comparison of explanation classes.
	Trust calibration, understandability, explanation usefulness.
	Two explanation classes were more understandable than the others, but explanations could still trigger over-reliance depending on presentation and context.
	Explanation type matters; interpretability must be aligned with the user’s task and not treated as inherently trust-calibrating.

	Prince et al. (2025) – pediatric neuro-oncology imaging
	6 expert clinicians interpreting radiographic images of adamantinomatous craniopharyngioma.
	AI-assisted radiographic interpretation.
	AI decision-support overlays/recommendations integrated into expert image interpretation workflow.
	Applied expert evaluation/case study.
	Perceived difficulty, efficiency, confidence, expert agreement/disagreement.
	AI support reduced perceived difficulty in most cases and was viewed as useful for efficiency, but it also surfaced disagreement and interpretive tension among experts.
	Even high-expertise users may not converge around AI outputs; interfaces should preserve room for expert deliberation rather than imply singular correctness.

	Salimzadeh et al. (2024) – uncertainty/reliance study (scope-borderline)
	Experimental assisted decision-making task; participant details not fully specified in uploaded extract.
	Prognostic versus diagnostic AI-assisted decision-making under uncertainty.
	Manipulated task framing and uncertainty conditions.
	Comparative experimental study.
	Trust, reliance, task difficulty effects.
	Increasing task complexity and uncertainty increased reliance on AI without necessarily increasing self-reported trust.
	Reliance and trust are not interchangeable; interface evaluation should capture both behavioral uptake and subjective trust.

	Sivaraman et al. (2023) – sepsis treatment recommendations
	24 intensive care clinicians using AI-based sepsis treatment recommendations.
	AI recommendations for sepsis management.
	Interpretable recommendation interface showing treatment advice and explanation elements.
	Qualitative/experimental evaluation of clinician interaction with AI recommendations.
	Acceptance, negotiation behavior, confidence in recommendations, interpretability.
	Clinicians did not simply accept or reject recommendations; they often negotiated with them by modifying, delaying, or partially using the advice. Interpretability increased confidence but did not eliminate selective uptake.
	Effective HAI may need to support negotiation and partial adoption, not just binary acceptance/rejection.

	Vicente & Matute (2023) – AI bias inheritance
	Simulated medical diagnosis task with human participants.
	AI-assisted diagnostic classification.
	Participants exposed to biased AI recommendations during diagnostic decisions.
	Experimental study of bias transfer and persistence after AI removal.
	Decision bias, persistence of biased judgments, trust-related behavioral carryover.
	Participants inherited the AI’s diagnostic bias and continued reproducing it even after the AI support was removed.
	Automation effects can persist beyond immediate interaction; interfaces should actively help users detect and correct biased guidance.

	Viebahn et al. (2025) – power grid congestion management
	Full end-user population of a transmission-system-operator DSS in a real power-grid management context.
	AI-based decision support for congestion management.
	Operational DSS evaluated for UX, trust, and workload in grid-control setting.
	Applied user-experience evaluation with end users.
	Trust/acceptance, task success, NASA-TLX workload, System Usability Scale (SUS).
	The DSS received high overall UX scores with acceptable workload and good usability, demonstrating the value of formal UX evaluation in critical infrastructure deployment.
	Real-world deployment should assess workload and usability alongside technical performance to avoid hidden operational burdens.

	Xie et al. (2020) – CheXplain chest X-ray support
	Physicians interacting with AI-supported chest X-ray analysis; survey, co-design, and evaluation phases.
	AI-enabled medical imaging analysis for chest radiographs.
	Co-designed explanation interface enabling exploration and understanding of model outputs.
	User-centered design study with clinician involvement across design and evaluation.
	Perceived usefulness, interpretability, support for reasoning and exploration.
	Physicians valued interfaces that allowed exploration, justification, and understanding of outputs rather than static one-shot explanations.
	Explanation interfaces should support sense-making and inquiry, especially in image-based diagnosis where users need to inspect evidence paths.

	Zhang et al. (2024) – SepsisLab
	6 clinicians evaluating an uncertainty-aware sepsis-diagnosis support prototype.
	Sepsis diagnosis support with future-risk estimation.
	Prototype visualized future sepsis risk, uncertainty, and recommended additional laboratory tests.
	Heuristic evaluation / prototype assessment with clinicians.
	Perceived utility, support for uncertainty handling, diagnostic reasoning support.
	Clinicians viewed the system as promising because it helped them reason about uncertainty and identify next steps, rather than simply presenting a final risk score.
	Uncertainty is more actionable when paired with guidance on what information could reduce it.

	Zohrevandi et al. (2022) – ecological visual analytics in ATC
	45 novices plus expert comparison in air traffic control conflict-resolution tasks.
	Visual analytics support for ATC conflict understanding and resolution.
	Ecological interface/visual analytics emphasizing system relationships and constraints.
	Comparative human-in-the-loop study.
	Problem-solving performance, understanding of airspace conflicts, expert–novice comparison.
	Ecological visual analytics improved understanding of conflicts and problem-solving performance, with gains driven more by representational support than by prior expertise alone.
	Well-designed visual representations can reduce cognitive burden and support reasoning in complex, time-critical control environments.










4.1 Summary of Key Findings
In the studies covered by the study, the key finding was that the meaningful impact of the interface design on the effect of AI on improving judgment or promoting harmful dependency was large in all reviewed articles. Explanations also enhanced trust, but comprehensive or inappropriately matched explanations might also enhance over-reliance, whereas shallow explanations may result in distrust or self-reliance. The most promising strategies were counterfactual and interactive forms of explanations, in particular, to assist users in questioning AI-based recommendations and diminishing the acceptance of erroneous outputs. Uncertainty-aware interfaces tended to perform better than black-box advice, such as by reducing reaction time, protecting against erroneous advice, or encouraging the user to be more cautious, but tended to prompt additional checking. Ecological visual analytics and interpretable decision-support displays showed more understanding or problem solving or workflow fit in operational situations. Nevertheless, the facts have revealed some persistent failure modes, including: automation bias, inherited AI bias, threats to professional identity, disagreement among experts, and biased but not exhaustive acceptance of recommendations. Altogether, the best interfaces were those that enabled verification, contestability, and intgermediate reasoning, and not active acceptance of AI results.
4.2 Comparison with Global Literature
The present review showed that human-AI collaboration can be improved by transparency, but only when it is actionable, role-sensitive, and selective, and not maximal. According to Hoff and Bashir (2015), trust is stratified and is influenced by learned, situational, and dispositional factors. This provides an explanation as to why the same explanation can calibrate trust in one situation and distort it in another. Similarly to Mehrotra et al. (2024), Wischnewski et al. (2023) also indicate that the concept of trust-calibration is multidimensional and that improper measurement often misleads about whether transparency improves proper reliance or just increases the subjective trust. The findings also correspond to those of Zhang et al. (2020), who have discovered that confidence cues can enhance trust calibration even without a clear enhancement of joint accuracy. Equally, Yu and Li (2022) demonstrated that transparency may boost the perceived discomfort and effectiveness, which supports the notion that useful transparency should be context-related.
Interfaces supporting intermediate reasoning as opposed to simply offering final recommendations have been observed to facilitate performance and assist in managing workload. This conclusion follows a critique within the field of healthcare human factors, where AI studies tend to overlook workflow, cognition, and ecological validity (Asan & Choudhury, 2021). It is also in accordance with the Measurement–Algorithm–Presentation model suggested by van Berkel et al. (2023), which argues that safety in decision support is rooted in how output is given to be interpreted. According to Bansal et al. (2021), explanations led to more accepting AI advice, yet no improvement in complementary team performance. Meanwhile, Bučinca et al. (2021) have shown that such reduction of overreliance often requires cognitive forcing and not explanation alone, but usability problems can also accompany this method. Moreover, Cao and Huang (2022) also define the difference between trust and reliance, implying that behavioural measures like gaze can be more effective at workload measurement than self-reports.
The third theme was persistence of failure modes, especially over-reliance on automation, bias, and contestability required. Dratsch et al. (2023) have shown that radiologists could be prone to inaccurate AI suggestions, and Foroughi et al. (2023) showed that highly automated systems changed attention and decreased discovery failures, which increases operational risk. A further demonstration of the harm caused by automation failures and of the partial and behaviourally imperative character of trust repair is given by Mishler and Chen (2023) and Centeio Jorge et al. (2023). Carter et al. (2024) support this claim in this review that trust calibration is not as dependent on the superficial, human-like evidence but, rather, on meaningful discourse related to uncertainty. Overall, researchers already attest to the fact that instead of passive compliance, complementary performance depends on the decisive effect of manageable information load, interaction designs, and correct mental models that provide incentives to selective reliance, verification, and challenge (Steyvers and Kumar 2024 and Ling et al. 2024).
4.3 Implications for Policy and Practice
Policy: It is suggested that requirements in the human–AI interface must be implemented as a formal safety and quality standard in the high-stakes decision-support environments. This would entail obligatory human-centred review prior to deployment, regular evaluation of trust calibration and workload impacts, and minimum interface necessities toward uncertainty communicating, explanation traceability, as well as override choices and accountability recording. Human supervision also needs to be an operational need and not a symbolic precaution, and the policies must be established such that AI suggestions may be argued with and verified by auditing them at the point of usage. Besides this, the procedures of procurement and regulatory approval must demand evidence of not just model accuracy, but must also necessitate a demonstration of model workflow fit, usability, alert load, and impact on the quality of decision in realistic operating conditions. Audits and post-deployment monitoring should be specified with core evaluation indicators of trust calibration, NASA-TLX, or equivalent measures of workload, accuracy of the tasks performed, ability to detect errors, capacity to handle false alarms, and override behaviour. In resource-constrained environments, simple interface features indicating high value, such as clear confidence or uncertainty indicators, a concise estimation of appropriately specific roles and purposes, and a minimal burden escalation procedure, should be prioritized and facilitated by gradual implementation and specific staff education.
Practice: It is necessary to practice the adoption of a review, verify, decision monitor model and interface design, facilitating users to verify AI outputs, quantify uncertainty, demand a comparison with evidence, case-specific, and record final decisions. Implementation of stratified explanations is also essential, and brief actionable summaries are displayed as default, and a deeper resort to rationale, counterfactuals, or supporting evidence on utilizing requests. To promote safe uptake, interfaces are suggested to have verification supports like secondary checks, prioritization of alerts, and easy-access overrides, and, in the absence of overload in interface visual presentation, generic explanation overload, or instant persuasion indications. On the other hand, embedding AI outputs into workflows should be avoided in such a manner that can be seen as creating passive acceptance or making disagreement challenging. Enhancement of interface behaviour with respect to complex tasks, expertise of the user, time sensitivity, and risk of the domain are requirements that must be customised. Trust, reliance, workload, response time, and error-detection metrics must be used to monitor the results of use, and the resulting information must be used in cyclic redesign processes. It is advised that the training of the teams on the interpretation of uncertainty, proper reliance, and the practice of escalation is strengthened and practiced to enhance the safety, adoption, and equity in reality settings.
4.4 Limitations of Review
Despite the provision of a structured cross-domain map, this review has limitations. The evidence base was small (17 studies), often based on simulations, prototypes, methodologically heterogeneous, healthcare-dominant, and or scenario experiments rather than long-term real-world deployment. Furthermore, trust and workload were measured inconsistently, which limited direct comparison across studies. No formal risk-of-bias appraisal was undertaken. Only peer-reviewed studies written in English were included. Grey literature was also excluded, potentially omitting implementation insights from operational settings and reducing geographic and sectoral representativeness.


5.0 Conclusion
This scoping review synthesised 17 empirical studies on human–AI interface design for cognitive workload and trust calibration management in high-stakes decision-making contexts. Across diverse domains such as healthcare, maintenance settings, power grid operations, and air traffic control, interfaces combining selective transparency, interactive verification, actionable uncertainty communication, and user-centred reasoning generally showed more promise than static, one-size-fits-all explanation designs. However, persistent failure modes such as guarded uptake, identity threat, bias inheritance, and over-reliance remained evident. However, most studies were methodologically heterogeneous and small, with limited standardisation in trust and workload measurement, and only loosely connected to sustained real-world deployment. Overall, the evidence suggests that human–AI systems can manage cognitive demand and improve decision quality when interface features support context-sensitive human oversight, verification, and contestability, rather than passive acceptance of model outputs. Future work should prioritise stronger cross-domain benchmarking, external validation of interface effects, ecologically valid field evaluation, and more consistent use of behavioural and workload measures alongside subjective trust ratings. There should also be a focus on developing explainable, integrated, uncertainty-aware tools linked to clear performance indicators such as override behaviour, response time, error detection, and safe reliance. These gaps must be addressed if high-stakes human–AI decision support is to evolve from promising prototypes into a trustworthy, mature, and operationally resilient capability.
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