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Abstract—The rapid advancement of artificial intelligence (AI)
in safety-critical fields such as medical diagnostics, autonomous
vehicles, disaster response, aerospace and infrastructure moni-
toring has made the challenge of trustworthiness not only an
academic one, but an important real-world one. Systems that
perceive, reason, and decide in high-stakes environments must
satisfy a demanding set of properties: they must be explainable,
robust under distribution shift and sensor noise, anomaly aware,
human-centred, and verifiably reliable. This article provides the
overview of trustworthy AI for safety-critical perception and
decision systems, tracing the field from its motivating challenges
through emerging technical foundations to open research questions
and exemplary applications.We conclude that trustworthiness is
a systems property, not a single algorithmic feature, and assert
that realising it requires coordinated advances in explainability,
uncertainty quantification, human–AI interaction design, failure
detection, and domain-specific data governance. In addition, we
outline a research agenda for the community and identify the
cross-disciplinary bridges, spanning machine learning, human
factors, and ethics, that must be built if AI is to become a
genuinely dependable partner in life-critical domains

Index Terms—Trustworthy AI, explainability, safety-critical
systems, human-in-the-loop, anomaly detection, robust perception,
deepfake detection, medical AI, disaster assessment.

I. INTRODUCTION

In March 2019, the crash of Ethiopian Airlines Flight 302
highlighted a challenge that extends far beyond aviation. The
tragedy was not simply a failure of software or hardware;
it revealed a deeper systems problem involving automation,
human judgment, and trust. Similar concerns now emerge
across medicine, autonomous transportation, disaster manage-
ment, cybersecurity, and critical infrastructure. As artificial
intelligence assumes increasingly influential roles in decision-
making, society faces a fundamental question: ”when should
humans trust AI, and when should they not?”

The question has become urgent because AI systems are no
longer confined to recommendation engines or consumer ap-
plications. They now assist radiologists in detecting cancer [1],
monitor patients in intensive care units [2], assess structural
damage after natural disasters [3]–[6], support air traffic
management, and guide autonomous vehicles through dynamic
environments [7]. In these contexts, errors can result not merely
in inconvenience but in injury, loss of life, environmental harm,
or large-scale economic disruption.

For decades, the dominant objective in artificial intelligence
research was improving predictive accuracy. Benchmark perfor-
mance became the primary measure of progress. Yet experience
has repeatedly demonstrated that high accuracy alone does not
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Fig. 1. The four mutually reinforcing pillars of trustworthy AI for safety-
critical systems.

guarantee safe deployment. Models that achieve impressive
results in laboratory settings often perform unpredictably when
tested with noisy sensors, changing environments, unforeseen
operating conditions, or novel situations that differ from their
training data [5], [8], [9].

The challenge is especially evident in safety-critical domains.
An autonomous vehicle may correctly identify pedestrians
under normal conditions yet fail during heavy rain or unusual
lighting [7]. A clinical decision-support system may achieve
expert-level diagnostic performance on curated datasets while
producing unreliable recommendations when deployed across
different hospitals [10]. Disaster assessment algorithms may
struggle when incorporated with disaster types or geographic
regions not represented in training data a challenge directly
addressed in recent work on building damage detection [4],
[6]. In each case, the problem is not merely one of accuracy
but of trustworthiness.

Trust in an AI system is multidimensional [11]. It en-
compasses the ability of a human operator to understand
why a decision was made (explainability), confidence that
performance will not degrade catastrophically under novel
or corrupted inputs (robustness), timely awareness of system
failures or anomalies (fault detection), and a design philosophy
that keeps human judgment authoritative when uncertainty
is high (human-in-the-loop) [12]. As Fig. 1 illustrates, these
pillars are mutually reinforcing: explainability supports better
human oversight, which in turn provides correction signals that
improve robustness over time.

The scale of this concern is quantifiable. A 2023 OECD
survey revealed that AI-related incidents in high-risk industries
have surged exponentially, by more than 200% since 2020,
with healthcare and transportation accounting for the largest
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share [13]. Models that attain 95% accuracy on curated
test sets often drop below 70% when faced with the noise,
occlusion, and distributional shifts that characterise authentic
operational environments [8]. The performance drop is not
simply an engineering inconvenience: in a patient monitoring
system a 25-point accuracy decrease directly results in missed
diagnoses; in an autonomous vehicle it leads to collisions; in a
disaster response system it causes misallocated resources and
preventable casualties.

The urgency is also reflected in the policy landscape. The EU
AI Act (2024) classifies medical devices, critical infrastructure,
and autonomous vehicles as high-risk AI systems subject to
mandatory conformity assessment [14]. The US NIST AI Risk
Management Framework [13] and the IEEE 7000 series on ethi-
cally aligned design similarly call for systematic trustworthiness
evaluation. Yet the research community lacks consensus on
operationalising these requirements into deployable engineering
practice.

This article aims to bridge that gap. Section II examines the
key challenges associated with deploying AI in safety-critical
environments. Section III reviews the technical foundations that
underpin trustworthy AI, including explainability, robustness,
uncertainty quantification, anomaly detection, and human-
AI collaboration. Section IV discusses the ongoing shift
from isolated AI components toward integrated trustworthy
AI systems. Section V highlights representative applications
in healthcare, assistive technologies and human-computer
interaction, and autonomous and disaster-response systems.
Section VI outlines the major open challenges and future
research directions shaping the next generation of trustworthy
AI. Finally, Section VII concludes the article.

II. CORE CHALLENGES IN SAFETY-CRITICAL AI
Deploying AI in safety-critical contexts exposes a cluster of

challenges that are qualitatively different from those encoun-
tered in consumer applications.

A. The Opacity Problem
Modern deep neural networks achieve remarkable accuracy

by learning highly nonlinear, high-dimensional representations
that resist human interpretation [15]. In a consumer context,
opacity is disruptive; in a clinical or aviation context, it can
be fatal. A radiologist cannot act on a lung-cancer prediction
they cannot interrogate. A pilot cannot trust an autopilot whose
reasoning is invisible. Explainability is therefore not a ”nice
to have” feature but a prerequisite for deployment [16].

B. Distribution Shift and Sensor Degradation
Real-world sensors are noisy, occluded, and subject to

calibration drift. Models trained on clean, curated datasets often
fail when deployed in the field [8]. Across five representative
safety-critical benchmarks, mean accuracy under common
corruptions (noise, blur, weather, digital artefacts) drops by
18-41 percentage points relative to clean-data performance.
This has been observed in medical imaging workflows [10],
autonomous driving stacks [7], and disaster remote sensing
pipelines [4]. Robust perception under degraded inputs is
therefore a first-order research priority.

C. Failure Detection and Silent Errors

A distinguishing feature of safety critical AI is that silent
failures confidently wrong predictions are more dangerous than
abstentions. Systems must know what they do not know [17].
Anomaly detection and out-of-distribution (OOD) recognition
are therefore integral components, not post-hoc additions.

D. Human–AI Trust Calibration

Evidence from aviation [18], medicine [19], and nuclear
operations consistently shows that humans either over-trust
automated systems (automation bias) or under-trust them after
a single failure. Neither extreme is safe. Calibrated trust
proportional to actual system reliability in context requires
explicit interaction design, uncertainty communication, and
feedback mechanisms [20]. Human-in-the-loop frameworks
enable experts to review, validate, and override AI recom-
mendations when necessary. Establishing clear accountability
between human operators and automated systems is essential
for trustworthy deployment.

E. Data Scarcity and Label Noise in Critical Domains

Safety-critical events are, by definition, rare. Labelled failure
cases, disease positives, and disaster imagery are scarce relative
to the distributional diversity of deployment conditions. Label
noise is compounded by inter-annotator disagreement among
domain experts [21]. These data challenges demand specialised
learning strategies beyond standard supervised learning.

F. Bias in Data and Models

Bias in AI systems refers to systematic errors introduced by
unrepresentative data, flawed assumptions, or learned patterns
that lead to unfair, inaccurate, or inconsistent outcomes across
different populations, environments, or operating conditions.
AI systems learn from historical data, which may contain
demographic, geographic, or institutional biases. Such biases
can result in unfair or inaccurate predictions for underrep-
resented populations or operating conditions [22]. Ensuring
representative datasets and fairness-aware model development
remains a critical challenge, particularly in healthcare and
disaster response where bias directly translates to differential
harm.

III. TECHNICAL FOUNDATIONS FOR TRUSTWORTHY AI

The research community has responded to the challenges
in Section II with a growing toolkit. This section surveys the
principal technical foundations that underpin our workshop
themes.

A. Explainability Methods

Post-hoc explainability methods decompose a trained model’s
predictions into human-interpretable components. LIME [23]
approximates the local decision boundary with an interpretable
surrogate. SHAP [24] uses Shapley values to assign glob-
ally consistent feature attributions. Grad-CAM [25] localises
salient image regions for convolutional networks, with direct
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clinical utility in radiology and pathology. Concept-based
explanations [26] align internal representations with human-
defined concepts, enabling domain experts to audit model
reasoning using their own vocabulary. Intrinsically interpretable
architectures decision trees, rule lists, case-based reasoners,
and monotone neural networks [16] avoid the fidelity gap of
post-hoc methods but at some expressivity cost. Recent work
on self-explaining neural networks and prototype networks [27]
attempts to retain deep-learning accuracy while building
explanations into the architecture itself.

A critical but underappreciated axis is explanation fidelity
versus explanation plausibility [15]. Plausible explanations align
with domain expert intuition; faithful explanations accurately
reflect the model’s actual computation. These properties are
not equivalent a post-hoc method can produce plausible
but unfaithful explanations, which may reassure a clinician
while concealing a spurious reasoning shortcut. Evaluation
frameworks that separately audit fidelity and plausibility,
using held-out causal interventions or adversarial explanation
stress-tests [28], are therefore essential components of a
trustworthiness assessment pipeline.

B. Uncertainty Quantification

Reliable uncertainty estimates are a prerequisite for safe
deployment. Bayesian deep learning [29] provides principled
posterior estimates via Monte Carlo dropout at test time. Deep
ensembles [30] produce well-calibrated predictive distributions
at modest computational overhead. Conformal prediction [31]
provides distribution-free, finite-sample coverage guarantees
an increasingly attractive property for regulatory submissions.
Post-hoc calibration via temperature scaling [32] corrects
overconfidence in pre-trained models without retraining.

C. Robust Perception under Noise and Incomplete Data

Adversarial training [33] augments datasets with worst-case
perturbations to improve certified robustness. Data augmenta-
tion strategies including MixUp, CutMix, and AutoAugment
generalise training distributions. Self-supervised pre-training
on large unlabelled corpora builds robust representations
transferable to low-resource safety-critical tasks [34]. Sensor
fusion architectures that aggregate redundant modalities (RGB
+ depth + LiDAR + radar) provide graceful degradation when
individual sensors fail [7].

D. Anomaly Detection and OOD Awareness

Classical statistical process control provides interpretable
anomaly scores in low-dimensional settings. Deep one-class
classifiers [35] and energy-based models [36] scale to complex
sensory data. Foundation-model embeddings combined with
lightweight OOD heads [37] offer an efficient route to anomaly
detection when labelled anomalies are unavailable. For physio-
logical monitoring, transformer-based sequence models detect
subtle precursor patterns preceding cardiac or neurological
events [2].

E. Human-in-the-Loop Learning
Active learning selectively queries human experts for la-

bels on the most informative samples, dramatically reducing
annotation cost in label-scarce domains [38]. Reinforcement
learning from human feedback (RLHF) [39] aligns model
behaviour with expert preferences, while interactive machine
learning frameworks [40] allow domain experts to correct
model errors in real time. Mixed-initiative systems explicitly
partition decision authority between human and AI based on
estimated confidence and task context [41].

A key empirical finding is that the benefit of human oversight
is highly task- and confidence-dependent [18]. When AI confi-
dence is high and task complexity is low, human intervention
adds latency without improving accuracy. Conversely, at the
tails of the confidence distribution precisely where errors are
most consequential human judgment consistently outperforms
autonomous AI. The design implication is a dynamic handoff
boundary: the system should automatically escalate to human
review when uncertainty exceeds a domain-calibrated threshold,
and progressively automate as accumulated evidence builds
confidence in a particular decision context.

IV. NEW PARADIGM: THE TRUSTWORTHY AI SYSTEMS
ERA

The convergence of the techniques described in Section III
is not merely an incremental advance it constitutes a paradigm
shift in how AI for safety-critical systems is conceived,
designed, and evaluated.

A. Trustworthiness as a Measurable Property
A prerequisite for the paradigm shift is agreeing on what

to measure. The community has converged on several key
metrics: Expected Calibration Error (ECE) and AUROC for
uncertainty and OOD detection; mean Corruption Error (mCE)
and certified robustness radius for perception; faithfulness and
plausibility scores for explainability; and Safety Case Coverage
for verified deployment [8], [42], [43]. The absence of a unified
benchmark integrating all five dimensions remains a key open
challenge identified in Section VI.

B. From Components to Systems
The prevailing research paradigm treats explainability, ro-

bustness, and human factors as separate workstreams. The
emerging paradigm recognises them as co-dependent properties
of an integrated system. Fig. 2 illustrates this ecosystem view:
perception, reasoning, explanation, monitoring, and human
interaction form a closed-loop system with continuous feedback
rather than a one-shot inference pipeline.

C. Foundation Models as Trustworthy Backbones
Large pre-trained models vision transformers [44], CLIP [45],

and domain-adapted models such as Med-PALM 2 [46] and
GeoSAM [47] provide robust, transferable representations
that reduce the data scarcity challenge. However, their scale
introduces new interpretability and auditability challenges.
The emerging response is retrieval-augmented and evidence-
grounded prediction [48], where predictions are linked to
specific supporting evidence that a domain expert can verify.
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Fig. 2. Closed-loop trustworthy AI ecosystem. Perception, reasoning, explanation, anomaly monitoring, and human oversight interact continuously rather than
as sequential pipeline stages.

D. LLM-Driven Decision Support

Large language models (LLMs) are beginning to serve as
cognitive mediators in safety-critical workflows [49]: translating
clinical notes into structured risk scores, summarising multi-
sensor alarm streams for operators, or generating natural-
language justifications for autonomous system decisions. Multi-
agent architectures [50] allow specialised AI agents to collab-
orate on complex diagnostic or planning tasks, with explicit
debate and verification steps that expose disagreement before it
reaches the human operator a direct analogue of crew resource
management in aviation.

E. Regulatory Alignment and Standards

The paradigm shift extends beyond technology. Regulatory
bodies now require AI developers to produce technical docu-
mentation demonstrating conformity with safety requirements
throughout the AI lifecycle. Concepts such as AI safety
cases structured arguments that a system is acceptably safe
for a defined operating context [43] are migrating from
the nuclear and aerospace industries into medical devices
and autonomous vehicles. Standards bodies (ISO/IEC 42001,
IEC 62304, DO-178C) are actively developing AI-specific
annexes. The community must therefore produce not only
accurate models but arguable ones.

V. APPLICATIONS OF TRUSTWORTHY AI IN
SAFETY-CRITICAL DOMAINS

Trustworthy AI is increasingly being deployed across a wide
range of safety-critical domains where reliability, transparency,
and human oversight are essential. While application require-
ments differ across sectors, common trustworthiness challenges
include explainability, uncertainty quantification, robustness to
distribution shift, anomaly awareness, and effective human-AI
collaboration. We highlight three major application areas where
these principles are particularly important.

A. Trustworthy AI in Healthcare and Medical Decision Support

Healthcare is among the most demanding application do-
mains for trustworthy AI because prediction errors can directly
impact patient safety and clinical outcomes. Recent advances
in deep learning have demonstrated expert-level performance
in radiology, pathology, and physiological signal analysis [1],
[2]. However, successful clinical deployment requires more
than predictive accuracy. Models must provide interpretable

explanations, calibrated confidence estimates, and robustness
across institutions, patient populations, and imaging devices
[10], [17].

Explainable AI techniques such as SHAP, Grad-CAM, and
concept-based explanations enable clinicians to understand
model predictions and identify potential failure modes [25],
[26]. Likewise, uncertainty-aware inference allows systems to
flag ambiguous cases for expert review rather than producing
overconfident predictions. Federated learning has emerged as a
promising framework for addressing data-sharing and privacy
challenges while enabling collaborative model development
across healthcare institutions [52].

Examples of trustworthy healthcare AI include multimodal
physiological monitoring systems integrating electrocardiogram
(ECG) and phonocardiogram (PCG) signals for cardiac assess-
ment [53], transformer-based analysis of neurological and phys-
iological signals [2], and AI-assisted brain tumor infiltration
prediction systems that combine predictive performance with
explainable decision support [54]. In all cases, human clinicians
remain central to the decision-making process, highlighting the
importance of trust calibration and human oversight.

B. Trustworthy AI for Assistive Technologies and Human-
Computer Interaction

Beyond automation, AI increasingly functions as an assistive
technology that augments human decision making in healthcare,
cybersecurity, industrial operations, and education. In these
settings, AI serves as a cognitive partner rather than an
autonomous decision maker, requiring effective interaction
mechanisms that support transparency, collaboration, and user
trust [12], [20].

Human-centered AI systems incorporate explainability, un-
certainty communication, and interactive feedback loops that
allow users to understand, validate, and override AI recommen-
dations when necessary [19], [55]. Mixed-initiative systems
dynamically allocate authority between human operators and AI
based on task complexity, operational context, and confidence
estimates [41]. Recent advances in large language models
(LLMs) further expand these capabilities by enabling natural-
language explanations, decision summaries, and conversational
decision support interfaces [49].

Media authenticity and deepfake detection represent another
emerging area of trustworthy assistive AI. As synthetic media
become increasingly realistic, AI-based forensic tools help
users assess the credibility of visual and audio content [56],
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Fig. 3. Disaster AI pipeline: satellite imagery and SAR/LiDAR data are fused, processed for damage detection and severity classification with uncertainty
estimation, and surfaced to human commanders as actionable situation reports [3], [51].

[57]. Recent work has explored phonetic and self-supervised
speech representations for detecting synthetic audio while
simultaneously evaluating fairness across demographic groups
[58]. These systems exemplify how trustworthy AI can support
informed human judgment rather than replace it.

C. Trustworthy AI for Disaster Response, Infrastructure Moni-
toring, and Autonomous Systems

Safety-critical operational environments require AI systems
capable of perceiving, reasoning, and acting under uncertainty.
Autonomous vehicles, disaster response platforms, and in-
frastructure monitoring systems must operate reliably despite
sensor degradation, adverse weather conditions, incomplete
information, and unforeseen operating scenarios [7], [8].

Recent advances in multimodal sensing, sensor fusion, and
uncertainty-aware perception have improved the robustness
of these systems. Autonomous vehicle platforms increasingly
integrate cameras, LiDAR, radar, and depth sensors to achieve
graceful degradation when individual sensing modalities fail [7].
At the same time, anomaly detection and out-of-distribution
(OOD) monitoring techniques enable systems to recognize
unfamiliar operating conditions and request human intervention
when necessary [35], [36].

In disaster management, trustworthy AI supports rapid situa-
tional awareness by combining satellite imagery, social-media
data, and meteorological information [51]. Building damage
assessment systems developed using datasets such as xBD pro-
vide critical information for emergency response and resource
allocation following natural disasters [3]. Recent research has
focused on improving robustness across geographic regions
and disaster types while incorporating uncertainty estimation
into operational workflows [5], [6]. Similar approaches are
increasingly being applied to infrastructure monitoring, where
AI systems detect structural degradation, equipment failures,
and other anomalies before they escalate into catastrophic
events.

Across these domains, trustworthy AI depends not only on
accurate prediction but also on the ability to communicate
uncertainty, detect failures, and maintain meaningful human
oversight throughout the decision-making process.

VI. OPEN CHALLENGES AND FUTURE DIRECTIONS

Despite remarkable advances in artificial intelligence, achiev-
ing trustworthy AI for safety-critical systems remains an open

research challenge. Across healthcare, assistive technologies,
autonomous systems, disaster response, and critical infrastruc-
ture, successful deployment requires more than high predictive
accuracy. Systems must provide reliable uncertainty estimates,
remain robust under changing operating conditions, support
meaningful human oversight, and satisfy increasingly stringent
regulatory requirements. Addressing these challenges will
require coordinated advances across machine learning, human
factors, systems engineering, and public policy.

A. Robustness and Adaptation Under Distribution Shift

Real-world environments are dynamic and continuously
evolving. Medical protocols change, sensors degrade, infras-
tructure ages, and new threat patterns emerge. Models trained
on historical data often experience significant performance
degradation when deployed under conditions that differ from
their training distributions [8], [17]. Future trustworthy AI
systems must be capable of adapting to changing environments
while preserving previously validated behaviors. Research in
continual learning, domain adaptation, test-time adaptation,
and robust representation learning offers promising directions,
but practical deployment remains limited by challenges such
as catastrophic forgetting and the absence of reliable re-
certification mechanisms [59].

B. Causal and Explainable Reasoning

Many current AI systems rely primarily on statistical corre-
lations rather than causal understanding. While such models
may achieve high predictive accuracy, they often struggle
to generalize under distributional shifts and provide limited
support for human decision-making. Future research must
move beyond post-hoc explanations toward models capable of
reasoning about cause-and-effect relationships and generating
actionable counterfactual explanations [60]. Integrating causal
reasoning with foundation models may enable systems that not
only predict outcomes but also explain why decisions are made
and how alternative actions could influence future outcomes.

C. Human–AI Collaboration and Trust Calibration

The future of trustworthy AI is unlikely to be fully
autonomous. Instead, AI systems will increasingly operate
as collaborative partners that support human expertise in
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Fig. 4. Three-horizon research roadmap for trustworthy AI in safety-critical systems, spanning near-term deployable solutions through long-term foundational
research goals.

complex decision-making environments. A central challenge
is achieving appropriate trust calibration, ensuring that users
neither over-rely on nor underutilize AI recommendations [18],
[20]. Future research should focus on adaptive interfaces,
uncertainty communication, mixed-initiative decision-making,
and personalized explanation strategies that account for user
expertise, workload, and situational context. Understanding
how humans interact with increasingly capable AI systems
remains one of the most important interdisciplinary challenges
in the field.

D. Evaluation Frameworks and Benchmarking
Progress in trustworthy AI is hindered by the absence of

standardized evaluation methodologies. Existing metrics for
explainability, robustness, calibration, fairness, and anomaly
detection are often evaluated independently, making it difficult
to assess overall system trustworthiness [28]. Future efforts
should focus on developing comprehensive benchmark suites
that evaluate multiple dimensions of trustworthiness under real-
istic deployment conditions. Similar to crash-testing standards
in the automotive industry, trustworthy AI will require rigorous
stress-testing protocols capable of assessing performance under
uncertainty, adversarial conditions, and rare edge cases.

E. Governance, Ethics, and Regulatory Alignment
As AI systems become increasingly integrated into critical

societal functions, governance and regulatory considerations
will play a growing role in deployment decisions. Emerging
frameworks such as the NIST AI Risk Management Framework,
the EU AI Act, and AI-specific safety standards emphasize
accountability, transparency, risk management, and human
oversight [13], [14]. Future research must therefore address not
only technical performance but also compliance, auditability,
fairness, privacy, and accountability throughout the AI lifecycle.
Building trustworthy AI will require close collaboration among
researchers, industry practitioners, policymakers, and domain
experts.

F. Research Roadmap
Figure 4 summarizes a three-horizon roadmap for advancing

trustworthy AI in safety-critical systems. Near-term efforts

should focus on establishing standardized trustworthiness
metrics, improving explainability and uncertainty estimation,
and developing practical deployment frameworks for high-risk
applications. Mid-term priorities include continual learning,
causal reasoning, federated evaluation, and robust multimodal
AI systems capable of operating under distributional shift.
Looking further ahead, long-term research aims to enable self-
explaining, verifiable, and adaptive AI systems that collabo-
rate effectively with human stakeholders while maintaining
transparency, accountability, and safety. Achieving this vision
will require a shift from optimizing isolated models toward
engineering trustworthy AI ecosystems that integrate technical,
human, and organizational considerations.

VII. CONCLUSION

Trustworthy AI for safety-critical systems represents one of
the most important challenges at the intersection of artificial
intelligence, human-centered design, and systems engineer-
ing. As AI technologies become increasingly integrated into
healthcare, assistive technologies, autonomous systems, disaster
response, and critical infrastructure, ensuring that these systems
are explainable, robust, reliable, and aligned with human
values is essential. This article has highlighted the technical
foundations, application domains, and emerging challenges that
define the field, emphasizing that trustworthiness is not a single
algorithmic property but a systems-level characteristic that
depends on effective uncertainty management, human oversight,
continual adaptation, and responsible governance. Moving
forward, advances in verification, causal reasoning, human-AI
collaboration, and standardized evaluation frameworks will be
critical to building AI systems that not only perform accurately
but also operate safely, transparently, and accountably in
real-world environments. Ultimately, the goal of trustworthy
AI is not to replace human decision makers but to create
dependable and collaborative intelligent systems that enhance
human capabilities while preserving safety, trust, and societal
well-being.
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augmented generation for knowledge-intensive NLP tasks,” in Advances
in Neural Information Processing Systems (NeurIPS), vol. 33, 2020, pp.
9459–9474. [Online]. Available: https://papers.nips.cc/paper/2020/hash/
6b493230205f780e1bc26945df7481e5-Abstract.html

[49] M. Moor, O. Banerjee, Z. S. H. Abad, H. M. Krumholz, J. Leskovec,
E. J. Topol, and P. Rajpurkar, “Foundation models for generalist medical
artificial intelligence,” Nature, vol. 616, no. 7956, pp. 259–265, 2023.

[50] J. S. Park, J. C. O’Brien, C. J. Cai, M. R. Morris, P. Liang, and M. S.
Bernstein, “Generative agents: Interactive simulacra of human behavior,”
in Proceedings of the ACM Symposium on User Interface Software and
Technology (UIST), 2023, pp. 1–22.

[51] F. Alam, H. Sajjad, M. Imran, and F. Ofli, “MEDIC: A
multi-task learning dataset for disaster image classification,” in
arXiv preprint arXiv:2108.12828, 2021. [Online]. Available: https:
//arxiv.org/abs/2108.12828

[52] N. Rieke, J. Hancox, W. Li, F. Milletari, H. R. Roth, S. Albarqouni,
S. Bakas, M. N. Galtier, B. A. Landman, K. Maier-Hein et al., “The
future of digital health with federated learning,” npj Digital Medicine,
vol. 3, no. 1, pp. 1–7, 2020.

[53] M. Thu and S. Kshirsagar, “A machine learning approach for integrating
phonocardiogram and electro-cardiogram data for heart sound detection,”
in Proceedings of the International Conference on Signal Processing
(ICSP), Germany, 2023.

[54] S. M. A. Hossain and S. Kshirsagar, “InfiltrNet: Dual-branch
CNN-Transformer architecture for brain tumor infiltration risk
prediction,” arXiv preprint arXiv:2605.02230, 2025. [Online]. Available:
https://arxiv.org/abs/2605.02230

[55] B. Shneiderman, Human-Centered AI. Oxford University Press, 2022.
[56] R. Tolosana, R. Vera-Rodriguez, J. Fierrez, A. Morales, and J. Ortega-

Garcia, “Deepfakes and beyond: A survey of face manipulation and fake
detection,” Information Fusion, vol. 64, pp. 131–148, 2020.
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