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Abstract
Despite its transformative potential in healthcare, the adoption of artificial intelligence (AI) in clinical practice remains
constrained by a persistent trust deficit among clinicians and patients. To address this, we conducted a systematic
comparative review of 112 peer-reviewed studies published between 2015 and 2025, following the PRISMA guidelines for
study selection. Articles were sourced from major scientific databases, focusing on methodological innovations and clinical
evaluations to enhance AI trustworthiness. Using a novel Composite Human-Centered Trustworthiness Score (HCTS), we
systematically evaluated and compared the contributions of relevant studies. Our analysis identified four human-centered
pathways: explainable AI (XAI), comprising intrinsic interpretable models and post-hoc techniques (e.g., SHAP, LIME) to
support error analysis and stakeholder communication; human-in-the-loop (HITL) frameworks that leverage clinician
expertise via active learning and interactive visualization to improve model reliability and usability; hybrid neuro-symbolic
architectures that integrate symbolic reasoning with deep learning to achieve robustness in complex or data-sparse settings;
and uncertainty quantification (UQ) methods (e.g., Bayesian inference, Monte Carlo dropout, and ensemble techniques) that
provide confidence estimates that are critical for high-stakes clinical decisions. We found that integrated strategies, including
XAI-driven HITL loops and XAI + UQ frameworks, yield the greatest gains in transparency, human oversight, and
computational capability. Addressing technical challenges (data heterogeneity, system interoperability), ethical and
regulatory imperatives (fairness, accountability), and advancing multimodal and continual-learning paradigms are essential
for ensuring the safe, transparent, and sustainable deployment of AI in clinical practice.

1. Introduction
The introduction of Artificial Intelligence (AI) into healthcare marks a transformative era, unlocking new possibilities in
diagnosis, prognosis, treatment optimization, and healthcare system management [1]. Whether it is deep learning algorithms
that perform radiological scans with a high level of accuracy or predictive models that intercept the earliest signs of a
disease, AI has already shown the potential to transform clinical processes and enhance patient outcomes [2]. Nevertheless,
AI in healthcare is currently suffering a basic trust gap, even as healthcare facilities increase its reliance and its technical
prowess advances. Clinical practice settings are dynamic, unpredictable and the stakes are high; any choice will have a
significant impact on human life and dignity [3]. Accuracy is not enough in such an environment. Instead, trustworthy is the
missing piece: a complex of transparency, accountability, robustness, and contextual sensitivity that makes AI systems serve,
not stand in place of, human care [4].

The transition to an anthropocentric emphasis on trustworthy AI addresses an important fact: healthcare AI tools are not
isolated systems; they exist within socio-technical environments encompassing clinicians, patients, institutions, and
regulatory organizations. Thus, responsible AI should not only help to make the right prediction, but also inform about the
process of making it; how confident the system is; in what ways human operators could disagree with its results, or suggest
some contextual ideas [5]. This involves a foundational shift, departing from the conventional algorithm-focused design and
adopting frameworks that explicitly model the human user in the learning loop, uncertainty, and consider both data-driven
learning and domain knowledge [6, 7].

To operationalize this paradigm, four converging pathways have emerged as critical enablers, as shown in Fig. 1.

Explainable AI (XAI): Deep neural networks (DNN) that form the basis of AI models can be viewed as black box models -
in other words, they are tricky and challenging to comprehend or audit. XAI aims to achieve this by enhancing
transparency by interpreting the models' decision-making logic in a manner understandable to end users. In medicine, it
could include emphasizing which symptoms, characteristics, or regions of an image most influenced a diagnosis. XAI is
necessary to establish trust in the clinician and make it possible to have actual validation and regulatory approval [8–
12].

Human-in-the-Loop (HITL): Systems of AI operated without human supervision can introduce a conflict between AI
values and clinical decisions or ethics. The HITL frameworks elicit human knowledge at significant points of the AI
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lifecycle, including data labelling, model training, instant validation, in decision feedback points. Such a collaborative
dynamic generates repeated learning, constant enhancement of the models, and greater accountability, especially in
dynamic or ambiguous situations [13–16].

Hybrid AI: In data-driven machine learning, although it is good at learning patterns, it is usually not endowed with the
ability of logic when faced with sparse data, unlikely situations, or built-in ethics. This has been resolved in hybrid AI
systems by combining symbolic AI (e.g., ontologies, rules, knowledge graphs) with statistical models. In healthcare,
these systems can potentially integrate the ability to cope with guidelines and empirical learning in an optimized manner,
as they inherently provide the greatest strengths of interpretability and flexibility [17, 18].

Uncertainty Quantification (UQ): AI systems tend to be overconfident, particularly when they are wrong, which can be
problematic in clinical practice. The goal of UQ techniques is to estimate the model's confidence in its outputs by raising
predictions that fall outside the possible range of the training distribution or contain ambiguous inputs. This allows
clinicians to view AI outputs as probabilistic recommendations, not deterministic conclusions, enhancing shared
decision-making and risk evaluation [19, 20].

Although people have focused on these pathways in isolation, achieving an inclusive convergence of these pathways is
critical to developing a distinctively trustworthy AI technology in healthcare. The proposed pathways focus on distinct
aspects of trustworthiness: interpretability with the XAI paradigm, adaptability and control with HITL, contextual reasoning
with Hybrid AI, and safety in high-uncertainty scenarios with UQ. Combined thoughtfully, they establish a comprehensive
philosophy of human-centered AI design.

This conceptual and practical gap has motivated the present paper to provide a broader analysis and synthesis of these four
pathways, into a coherent system of trustworthy AI in healthcare. In particular, this paper will address the following
objectives:

Map the landscape of current applications and research in XAI, HITL, Hybrid AI, and UQ within the healthcare domain;

Analyze how these approaches contribute individually and collectively to the goals of interpretability, safety, and clinician
collaboration;

Propose guidelines for choosing among these methods in particular scenarios;

Highlight open challenges, including data limitations, regulatory constraints, usability barriers, and ethical tensions;

Outline directions for future research, especially in developing multimodal, continuously learning, and policy-aligned
systems.

To address these goals, we conducted a structured literature review using methodological inclusion and exclusion criteria,
emphasizing empirical research and field implementations. The rest of the paper is organized as follows: Section 2 presents
the methodology used to select and analyze the studies. Other sections 3–6 in detail explain the individual approaches
comprising definitions, technical approaches, case studies and constraints. Section 7 provides a comparative analysis and
identifies areas of convergence and synergy. Section 8 discusses the general issues and directions that must be addressed
to advance the agenda of human-centered AI trustworthiness. Lastly, Section 9 summarizes the paper, presenting the main
findings and recommendations for research, policy, and practice.

In a world where artificial intelligence is becoming deeply enmeshed in life-and-death decisions, developing systems that are
reliable not just in conception but also in interaction and interpretation is not a luxury but a necessity. This work is intended
to offer a clear, specific and interdisciplinary view on the development of engineering AI that is respectful of, supportive of,
and augmentative of the human aspect of healthcare.

1.1 Comparative Scope and Contribution
Table 1 positions our review within the evolving landscape of trustworthy AI literature by contrasting its scope,
methodological approach, and thematic coverage with those of seven of the most relevant prior works. These reviews were
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selected using the keywords outlined in Section 2.1 to identify existing review papers on these topics. The majority of prior
systematic reviews ([9], [21], [22]) rightly identify XAI as a primary factor in building trust, but largely treat HITL and Hybrid AI
with only secondary or implicit coverage, focusing instead on psychological aspects of clinician trust rather than on the
technical and procedural design of human oversight or the integration of human expertise [22]. While several review papers
address UQ in healthcare [19, 23–25], few analyze or compare it with other trustworthiness mechanisms. Moreover, most
existing reviews lack a healthcare-specific focus. Collectively, these limitations reveal a significant gap: no single
comparative analysis integrates all four essential human-centered pillars—XAI, HITL, Hybrid AI, and UQ—within a unified,
cross-paradigm framework explicitly tailored to the high-stakes environment of healthcare. This review moves beyond
fragmented analyses toward an integrative roadmap for designing, evaluating, and deploying trustworthy AI systems that are
not only technically sound but also meaningfully aligned with human needs, clinical workflows, and ethical values in
medicine.
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Table 1
Comparison of prior reviews in the field and the unique positioning of the current review. ✓ = primary focus; △ = secondary or

partial coverage; ✗ = not addressed.
Ref Year Title XAI HITL Hybrid

AI
UQ Methodology Limitation

[9] 2021 A Systematic Review
of Human–Computer
Interaction and
Explainable Artificial
Intelligence in
Healthcare with
Artificial Intelligence
Techniques

✓ △ ✗ ✗ Systematic
Review

Focuses primarily on XAI
and HCI in healthcare;
does not comparatively
analyze HITL, Hybrid AI, or
UQ as distinct trust-
building pathways.

[26] 2023 A Review of
Trustworthy and
Explainable Artificial
Intelligence (XAI)

✓ △ ✗ △ Narrative
Review

Broad overview of
trustworthy AI
components; lacks
granular comparative
analysis of human-
centered pathways or
hybrid integrations; not
specific to healthcare.

[21] 2023 Towards Risk-Free
Trustworthy Artificial
Intelligence:
Significance and
Requirements

✓ △ ✗ ✗ Systematic
Review

Comprehensive coverage
of trustworthy AI
requirements (e.g.,
explainability, fairness,
privacy) but does not
comparatively analyze
HITL, Hybrid AI, or UQ as
human-centered
pathways in healthcare;
lacks structured cross-
paradigm comparison.

[27] 2025 Toward Trustworthy
Artificial Intelligence
(TAI) in the Context of
Explainability and
Robustness

✓ △ ✗ △ Narrative
Review

Broad scope not specific
to healthcare; lacks focus
on Hybrid AI and detailed
HITL.

[22] 2025 Trust in Artificial
Intelligence–Based
Clinical Decision
Support Systems
Among Health Care
Workers: Systematic
Review

✓ △ ✗ ✗ Systematic
Review

Focuses on clinician trust
factors (e.g.,
transparency, usability)
but does not
comparatively analyze
HITL, Hybrid AI, or UQ as
integrated technical
pathways to trustworthy
AI; lacks structured cross-
paradigm analysis.

[28] 2025 A Roadmap Toward
Neurosymbolic
Approaches in AI
Design

△ ✗ ✓ ✗ Systematic
Review

Lacks specific focus on
healthcare workflows and
no coverage of HITL or
UQ.

[25] 2025 Explainability and
uncertainty: Two
sides of the same
coin for enhancing the
interpretability of
deep learning models
in healthcare

✓ ✗ ✗ ✓ Position
Paper

Focuses exclusively on
the integration of XAI and
UQ in healthcare deep
learning models; lacks a
comparative analysis of
all four human-centered
trust pathways.

Current
Review

2026 Human-Centered
Pathways to
Trustworthy AI in
Healthcare: A

✓ ✓ ✓ ✓ Systematic
Review /
Comparative
Analysis

Focused on four specific
Trustworthy AI pathways;
intentionally excludes
other trustworthy pillars
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Ref Year Title XAI HITL Hybrid
AI

UQ Methodology Limitation

Comparative Analysis
of Explainable AI
(XAI), Human-in-the-
Loop, Hybrid AI, and
uncertainty
quantification

(e.g., fairness, privacy,
security).

2. Methodology
The systematic review method was used to identify, appraise, and synthesize literature on Explainable AI (XAI), Human-in-the-
Loop (HITL), Hybrid AI, and Uncertainty Quantification (UQ) integration in healthcare AI. The aim was to identify trends,
methods, gaps, and synergies that enable the creation of trustworthy, human-friendly AI tools in healthcare.

2.1 Search Strategy
The literature review was conducted using primary scientific databases, including IEEE Xplore, PubMed, Scopus, Web of
Science, ACM Digital Library, and Google Scholar. Several Boolean combinations of the following search terms were applied:

"Explainable AI" OR "XAI" OR "Interpretability"

"Human-in-the-Loop" OR "HITL"

"Hybrid AI" OR "Neurosymbolic"

"Uncertainty Quantification" OR "UQ"

"Healthcare" OR "Clinical decision support" OR "Medical AI"

"Cardiovascular" OR "Neurological" OR "Oncology" OR "Critical Care" OR "Cancer"

"Trustworthy AI" OR "Reliable AI" OR "Transparent AI"

Only peer-reviewed articles published in English were searched, and they needed to be relevant to the healthcare practice of
AI.

2.2 Inclusion and Exclusion Criteria
The inclusion and exclusion criteria used to ensure the rigor and relevance of the studies are summarized in Table 2, with the
corresponding flowchart shown in Fig. 2.

Table 2
Inclusion and exclusion criteria

Inclusion
Criteria

IC1 Articles that describe empirical or methodological contributions related to XAI, HITL, Hybrid AI, or
UQ in healthcare evaluated using the trustworthy score described in section 2.4.

  IC2 Research versions that either provide technology assessment results (e.g., performance
reporting, model fidelity) or human data (e.g., clinician trust, interpretability).

IC3 Studies using AI in actual clinical practice or verified datasets.

Exclusion
Criteria

EC1 The scoping reviews were concentrated on non-clinical AI.

EC2 Theoretical articles that are not implemented, simulated, or validated.

EC3 Duplications of records, editorial, whitepapers, or unreviewed material.

2.3 Study Selection Process
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Several research articles were obtained from different research databases. The next step was to identify the relevant articles
to ensure an efficient, focused review. Accordingly, articles related to XAI, HITL, Hybrid AI, or UQ in healthcare were
considered. Figure 4 shows the publication trends for the four pathways. The selection of the studies was conducted
according to the PRISMA (Preferred Reporting Items of Systematic Reviews and Meta-Analyses) guidelines, as presented in
Fig. 3:

Identification: A total of 2,725 articles were identified through initial database searches.

Screening: After removing duplicates and non-English articles, 1,975 records remained.

Eligibility: Titles and abstracts were screened, reducing the pool to 234 potentially relevant papers.

Inclusion: After full-text review, 112 studies were selected for final inclusion based on the trustworthy score described in
section 2.4.

2.4 Composite Human-Centered Trustworthy Score (HCTS)
A qualitative thematic synthesis method was used, involving both categorization and mapping, used to compare
quantitatively:

The studies were categorized using the coded focus areas (XAI, HITL, Hybrid AI, UQ.

Methods were additionally sub-categorized by clinical domain (e.g., imaging, diagnostics, risk scoring).

Human-centered trustworthiness was scored in terms of:

1. Transparency (T)
2. Interaction level (I)
3. Contextual reasoning (C)
4. Uncertainty management (U)

A Composite Human-Centered Trustworthy Score (HCTS) would be defined as:

Where:

 Degree of Explainability

 Level of human integration

 Hybrid reasoning capability

 Ability to quantify and communicate uncertainty

This score enabled comparison of studies based on the extent to which they address the four pillars of trustworthy AI.

2.4.1 Scoring System
A criterion-based guideline with explicit anchor points (Table 3) was developed through consensus workshops with two
domain experts (one clinician and one AI researcher). Each dimension (T, I, C, U) was scored on a 4-point scale [0, 0.33, 0.67,
1.0]. Three independent raters (biomedical informaticians with expertise in trustworthy AI) received standardized training
from the domain experts and independently scored all 234 studies using the rubric instructions in Table 3. Final scores
represent consensus after resolving discrepancies (> 0.33 difference) with a senior reviewer. To ensure the review focused on
studies that substantively addressed the core principles of trustworthy AI, an eligibility threshold was applied: only papers
with at least one dimension score ≥ 0.67 or an average HCTS of ≥ 0.33 were included in the analysis resulting in 112 papers.

HCTS =
T + I + C + U

4

Tϵ [0,1] :

Iϵ [0,1] :

Cϵ [0,1] :

Uϵ [0,1] :
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Table 3
HCTS Scoring Rubric with Anchor Examples

Dimension Score 0 (None) Score 0.33 (Partial) Score 0.67
(Substantial)

Score 1.0 (Comprehensive)

Transparency
(T)

Black-box model
with no
interpretability
features

Post-hoc explanations
applied after training
without clinical
validation

Clinically validated
explanations
integrated into
workflow

Inherently interpretable
architecture + validated
explanations

Interaction
Level (I)

Fully autonomous
system with no
human input
points

Human validation of
outputs only (post-
hoc review)

Clinician can override
decisions and provide
feedback influencing
subsequent model
behavior

Clinician inputs shape model
behavior in real-time with
adaptive interfaces

Contextual
Reasoning (C)

Pure data-driven
approach without
domain
knowledge
integration

Domain features
manually engineered
or rule-based
heuristics applied
externally (e.g., as
preprocessing or
post-hoc filters)

Symbolic reasoning
components
integrated into model
architecture or
decision pipeline to
constrain/guide
outputs

Neuro-symbolic architecture
where data-driven and
symbolic components are
jointly utilized that aligned
with clinical guidelines

Uncertainty
Management
(U)

No uncertainty
estimation;
deterministic
outputs only

Single uncertainty
metric reported (e.g.,
softmax probability)
without calibration or
clinical interpretation

Calibrated uncertainty
estimates with
domain-appropriate
thresholds for human
review

Multi-faceted uncertainty
quantification
(aleatoric/epistemic) with
actionable clinical decision
rules tied to confidence
levels

3. Explainable AI (XAI)
The integration of Artificial Intelligence (AI) into healthcare is rapidly transforming diagnostic and treatment procedures,
offering unprecedented accuracy and efficiency [29]. However, the complexity of many advanced AI models often obscures
their decision-making processes, leading to a 'black box' scenario [30–32]. This opacity poses significant challenges to the
adoption of AI in high-stakes healthcare environments, where trust, transparency, and interpretability are paramount [33, 34].
XAI emerges as a crucial solution to address these concerns, providing a framework that not only achieves high performance
but also offers insights into the rationale behind AI-driven decisions [35, 36].

Explainability can be achieved either intrinsically, using inherently interpretable models such as decision trees or rule-based
systems [37], or post-hoc, by applying an XAI method after prediction [38]. Figure 5 illustrates these two primary approaches
to XAI. Intrinsic explainability means a model is interpretable 'by-design' due to its simple structure, making its decision-
making process transparent. This transparency aids in debugging, enhances user acceptance, allows easier integration of
domain knowledge, and can promote scientific understanding. However, their simpler architecture may lead to lower
predictive accuracy than more complex models. Post-hoc XAI tools analyze "black box" models after predictions are made,
often using model-agnostic methods like SHAP and LIME [39, 40]. These provide local explanations for individual predictions
or global interpretations of the model's overall performance, helping users understand model behavior and build trust. Their
main limitation is that they provide justifications for predictions without necessarily revealing the model's internal
computational structures or how features are extracted [41, 42].

3.1 Benefits
XAI is vital for the responsible and effective integration of artificial intelligence into healthcare, offering a range of benefits
from different perspectives, as outlined in Table 4, highlighting its role in enhancing trust, safety, and utility. From a
technological standpoint, XAI aids developers in identifying and rectifying errors within AI systems more efficiently [43, 44].
This not only improves the accuracy and reliability of AI tools but also saves development time and reduces associated costs
[45]. For medical professionals, XAI offers crucial clarity on AI-generated recommendations. By understanding the 'why'
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behind an AI's suggestion—for instance, highlighting key regions in medical images for a diagnosis—doctors can make more
informed and confident clinical decisions. This interpretability helps ensure that AI-driven insights are critically evaluated and
appropriately applied in patient care [46–48]. From the patient's perspective, XAI can transform their engagement with
healthcare. When medical advice derived from AI is explained clearly, it demystifies complex information, encouraging
patients to actively participate in their care plans and make more informed choices about their health [49]. In the legal and
ethical domains, XAI plays a significant role. It helps ensure that AI systems comply with stringent healthcare regulations and
supports the principle of informed consent by making the basis of AI-driven decisions transparent [50, 51]. Ethically, XAI
promotes fairness by enabling the detection and reduction of biases that AI models might inadvertently learn [52]. This
alignment with patient values and ethical principles is fundamental for the trustworthy deployment of AI in medicine [53].
Collectively, these benefits underscore XAI's role in making AI a more transparent, accountable, and valuable tool in the
healthcare ecosystem.

Table 4
Summary of explainable AI benefits across different perspectives in healthcare.

Perspective Benefit

Technological XAI helps developers find and fix AI errors, saving time and costs.

Medical XAI clarifies AI recommendations, helping doctors make better decisions.

Patient XAI explains medical advice clearly, encouraging patients to engage in care.

Legal XAI ensures AI meets healthcare regulations and supports informed consent.

Ethical XAI promotes fairness by reducing AI biases and aligning with patient values.

3.2 Criticisms
Although XAI methods are used across many fields, they face some criticisms. Some argue that providing case-by-case
explanations can increase trust and reliance on AI-generated advice, even when it is incorrect, potentially leading to blind
over-reliance. Moreover, the benefits of explainability may vary based on the user's level of expertise; for instance, non-task
experts tend to benefit more from annotated explanations, while task experts often show limited improvements and may
even disregard the additional information provided by XAI systems [54].

Some others argue that explanations themselves can be biased and unfair, as their quality—measured by fidelity—often
varies across demographic subgroups. This discrepancy, known as a "fidelity gap", can result in systematically less accurate
or less helpful explanations for certain populations, potentially leading to unequal decision-making outcomes and
undermining the trustworthiness of the model. Explanations can also be misleading by making users trust incorrect models
or by "fairwashing," which is the act of overlooking a model's unfair behavior by rationalizing its predictions [55]. Furthermore,
efforts to simplify explanations, such as increasing sparsity, can sometimes worsen these fidelity gaps. Crucially, these gaps
in explanation fairness can exist even if the underlying blackbox model is relatively fair in its predictions across these
subgroups [56]. Furthermore, some researchers argue that there is an unreliability compounded by the 'interpretability gap,'
where humans tend to assume that a feature they find important is the one the model used—an example of confirmation bias
[57].

Another notable concern is that explanations for the same model's predictions can be inconsistent across different XAI
methods. When various explanation techniques yield conflicting results about which variables are most important or how a
decision was reached, it becomes difficult to determine which explanation to trust, potentially rendering all of them irrelevant.
Additionally, some XAI methods may fail or provide flawed explanations precisely in ambiguous cases near the decision
boundary, which are often the situations where a reliable explanation is most needed [58].

There is also a critique that providing explanations for black-box models can lend them undue authority, discouraging the
pursuit of inherently interpretable models that might be equally accurate [59]. Attempting to explain black-box models rather
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than creating inherently interpretable ones can perpetuate poor practices and cause significant harm, especially in high-
stakes decisions. This is because explanations generated by black-box models are often unreliable and can be misleading.
Instead, designing inherently interpretable models is proposed as a better approach, as these models provide their own
explanations that are faithful to their actual computations [37, 60].

Furthermore, some researchers argue that many "explanation" methods offer mere summary statistics rather than genuine
explanations of model calculations. For example, a node activating for a concept doesn't mean it holds all, or even most, of
that concept's information. Saliency maps, a common post-hoc method, are criticized for often highlighting irrelevant
features like edges and can be unreliable [61]. Furthermore, post-hoc analyses may not provide satisfactory answers about
what concepts hidden layers represent. Interpretations of individual nodes have found that concept information can be
diffusely distributed, not purely represented by a single node. Concept-vector methods also rely on assumptions that the
latent space is structured for such analysis, which it may not be, as it wasn't explicitly built for this purpose [62].

Additionally, evaluating post-hoc explanations poses a significant challenge. While current metrics like saliency and
faithfulness aim to quantify explanation quality by comparing them to expert-generated ground truth, truly accurate
explanations must reflect the model's internal workings rather than aligning with human perceptions [63, 64].

3.3 Findings
Cardiovascular:

Cardiovascular disease (CVD) refers to a group of disorders affecting the heart and blood vessels, including conditions such
as coronary artery disease, heart failure, and stroke, and remains a leading cause of death and disability worldwide [65]. In
this high-stakes field, we need to make AI-powered predictions trustworthy to ensure clinicians can remain accountable for
patient care decisions [66]. As demonstrated in Table 5, the literature shows an increasing focus on enhancing the
trustworthiness and interpretability of AI models for CVD and related conditions. A variety of ML models have been
employed, with tree-based ensemble methods like XGBoost and Random Forest (RF) being particularly common for
analyzing tabular data [67–73]. For signal data, such as ECGs, Convolutional Neural Networks (CNNs) are the model of
choice, as seen in studies on multilabel classification of CVD and general ECG analysis [74, 75].

The predominant XAI method used across these studies is SHAP (SHapley Additive exPlanations) [39], valued for its robust,
game-theory-based explanations. Other methods, such as LIME [40] and Grad-CAM [76], are also used, often in combination
with SHAP, to provide both local and global explanations. The contributions from this body of work are diverse and
significant. They range from creating explainable models for specific outcomes, such as mortality risk in heart failure
patients and survival after cardiac arrest [67, 77], to broader applications such as predicting chronic diseases from blood
tests and developing hybrid AI frameworks for high-accuracy risk prediction [68, 69]. Notably, recent work has also focused
on practical applications, including the development of a SHAP-explained mobile application and a secure [71], blockchain-
assisted chatbot for responsible CVD screening [73], highlighting a trend towards deploying these trustworthy AI systems in
real-world clinical and patient-facing scenarios.

Neurological:

The application of XAI in neurology has seen significant growth, with studies leveraging both image and tabular data to build
trustworthy predictive models [78]. For image-based tasks, particularly the detection of intracranial hemorrhage (ICH) from
CT scans, researchers have employed various DL architectures such as CNNs, ResNet, and hybrid RNN models [43, 44, 79–
81]. The primary XAI methods used in this context are variants of Class Activation Mapping (CAM), including Grad-CAM and
the novel NormGrad [43]. These techniques provide visual heatmaps that highlight the specific regions in an image the model
uses for its predictions, thereby offering a degree of transparency into the "black box" of DL. Contributions in this area range
from developing highly efficient models for resource-constrained environments [80] to creating innovative data preprocessing
methods like 9-channel pseudo-color maps to improve diagnostic accuracy [81].
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For tasks involving tabular clinical data, SHAP (SHapley Additive exPlanations) has become the most widely used XAI
method. It has been paired with a variety of ML algorithms, including logistic regression, SVMs, and tree-based ensemble
models such as Random Forest and XGBoost, to predict a range of outcomes. These include forecasting the need for
emergency neurosurgery [82], predicting patient mortality [83], determining functional prognosis after a stroke [84], and
identifying patients at risk for delayed cerebral ischemia [85]. A particularly forward-looking study used SHAP to explain the
prediction of entire clinical pathways for TBI patients, moving beyond single-endpoint predictions [86]. By quantifying the
impact of each clinical variable on a prediction, SHAP provides clinicians with clear, feature-level insights, shifting from
merely accurate predictions to interpretable, clinically actionable intelligence.

Oncology:

In oncological imaging, explainability has been pivotal for cancer detection. Studies utilizing various CNN architectures—
including multi-task [87], hierarchical [88], and stacked ensemble models [89]—have integrated different explanation
techniques to build trust. For instance, attention mechanisms and CAM [90] have been used to visualize which parts of a
dermoscopic image a model focuses on when diagnosing skin cancer [87, 88, 91]. Shorfuzzaman used SHAP to produce
heatmaps explaining the predictions of a stacked ensemble model for melanoma detection [89]. A key innovation by Barata
et al. involved embedding a medical taxonomy directly into a hierarchical CNN-RNN architecture, using attention
mechanisms to explain the model's step-by-step diagnostic reasoning [88]. These visual explanation methods provide
clinicians with intuitive feedback, aligning the model's focus with regions of pathological interest.

Beyond imaging, XAI has also been applied to tabular and complex genomic data to explain predictions. For tabular data,
researchers have developed hybrid models like ConvXGB and explained them using SHAP to provide both local and global
feature importance for lung cancer detection [92]. In a departure from common XAI techniques, some studies have
developed entirely novel interpretability frameworks. Lamy et al. created a visual case-based reasoning (CBR) system that
combines quantitative and qualitative visualizations to explain its recommendations for breast cancer management by
showing similar past cases [93]. Similarly, Benfatto et al. developed an interpretable framework for a clinical-grade Random
Forest classifier used for brain tumor diagnosis by analyzing the model's internal logic—specifically, how it selects and uses
genomic features in its decision trees [94]. These approaches move beyond post-hoc explanations by directly building
interpretability into the reasoning process or by deeply analyzing the model's structure.

Critical Care:

Recent studies highlight the application of XAI in critical care to build trust and provide clinicians with actionable insights. For
example, one study developed an explainable ML model to predict mechanical ventilation duration in patients with Acute
Respiratory Distress Syndrome (ARDS), offering a comparative analysis of SHAP, LIME, and DALEX for interpretation [95].
Another study created an interpretable, AI-based risk assessment system for hospital-acquired pressure injuries, using an
ensemble model explained by SHAP and Ceteris Paribus plots, which was integrated into a user-friendly dashboard to
support preventive care in the ICU [96]. Similarly, Huo et al. designed an explainable ML pipeline for dynamic, real-time
mortality prediction in critically ill children during transport, using SHAP to interpret various models trained on both tabular
and time-series data [97]. These works collectively show a trend towards using various ML models, with SHAP as a
prominent XAI method, to create transparent, clinically integrated predictive tools for these tabular datasets.

Metabolic and Hepatic:

Recent studies in hepatology and metabolic diseases have increasingly leveraged XAI to build trustworthy predictive models
from clinical data. SHAP is the predominant method used to interpret a range of models, from XGBoost to complex
ensembles, for tasks such as the non-imaging-based detection of liver cirrhosis [98] and predicting significant liver fibrosis
risk in patients with diabetic retinopathy [99]. This approach has been shown to create clinically applicable models that
outperform traditional risk indices for identifying high-risk metabolic dysfunction-associated steatohepatitis (MASH) patients
[100] and to validate novel non-invasive biomarkers like extracellular vesicles by revealing complex, non-linear feature
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relationships [101]. Beyond SHAP, other methods like LIME have been used to explain stacking ensemble models for obesity
classification [102]. Furthermore, some of these efforts have culminated in practical clinical tools, such as the MORIX
framework, which provides a web interface for physicians to predict mortality risk in MAFLD patients with accompanying
explanations [103].

Others:

XAI has also been applied in various other clinical settings, particularly for the diagnosis and management of infectious
diseases. In medical imaging, for example, XAI techniques like CAM and its variant, Grad-CAM, provide visual heatmaps for
DL models that assess COVID-19 from CT scans [104, 105] and predict HPV status [106]. Pennisi et al. developed an end-to-
end system with a graphical user interface, which allows radiologists to visually verify the model's focus and build trust in the
diagnostic output [104]. Beyond imaging, XAI is being adapted for diverse data structures like graphs, where GNNExplainer
has been used to interpret models for HIV prediction [107]. Furthermore, a significant area of research involves the critical
evaluation of XAI methods themselves; for instance, Chadaga et al. have compared the utility of SHAP, LIME, and other
techniques for interpreting models that predict COVID-19 severity from tabular clinical data, a crucial step in ensuring the
reliability of explanations [108].
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Table 5
Summary of reviewed papers used XAI in healthcare. Abbreviations: XGBoost: Extreme Gradient Boosting, MLP: Multi-layer

Perceptron, HAE-TabNet: Hybrid Agnostic Explanation TabNet, CNN: Convolutional Neural Network, Grad-CAM: Gradient-
weighted Class Activation Mapping, RF: Random Forest, DNN: Deep Neural Network, ETC: Extra Trees Classifier, LIME: Local

Interpretable Model-agnostic Explanations, SHAP: SHapley Additive exPlanations, ECG: electrocardiogram, CVD:
Cardiovascular Disease, PIA: Permutation Importance Analysis, ICH: Intracranial Hemorrhage, TBI: Traumatic Brain Injury,

DCI: Delayed Cerebral Ischemia, EWT: Empirical Wavelet Transform, SICH: Spontaneous Intracerebral Hemorrhage, ConvXGB:
A hybrid model combining CNN and XGBoost, MB-DCNN: Mutual Bootstrapping Deep CNN, GAT: Graph Attention Network,

OPSCC: Oropharyngeal Squamous Cell Carcinoma, DALEX: moDel Agnostic Language for Exploration and eXplanation, ARDS:
Acute Respiratory Distress Syndrome, MV: Mechanical Ventilation, ODT: Optimal Decision Tree, LR: Logistic Regression, DT:

Decision Tree, KNN: K-Nearest Neighbors, CBR: case-based reasoning, MASH: metabolic dysfunction-associated
steatohepatitis, EV: Extracellular Vesicles, LGBM: Light Gradient Boosting Model, GNN: Graph Neural Network.

Ref Journal Year Disease Type
(Clinical
Domain)

Data
Type

ML Model XAI Method Contribution

[67] Computers in
Biology and
Medicine

2021 Cardiovascular Tabular XGBoost SHAP Explainable
mortality risk
prediction for
patients with
heart failure.

[74] IEEE
Transactions on
Engineering
Management

2021 Signal CNN Grad-CAM Explainable
multilabel
classification of
cardiovascular
diseases from
ECGs.

[75] Biomedical
Signal
Processing and
Control

2022 Signal ST-CNN-GAP-5 SHAP Developed a
high-performing
and
generalizable
CNN model for
ECG analysis,
validated its
clinical
relevance using
SHAP.

[77] Mathematics 2023 Tabular HAE-TabNet LIME A high-
performance,
explainable
model for
predicting
survival after
out-of-hospital
cardiac arrest.

[68] IEEE Access 2023 Tabular XGBoost (for
cardiovascular
disease), MLP
(for diabetes
and heart
disease)

SHAP Explainable risk
prediction and
visualization for
obesity
comorbidities

[69] Briefings in
Bioinformatics

2023 Tabular XGBoost SHAP Explainable
prediction of
chronic
diseases from
routine blood
tests.

[70] Bioengineering 2024 Tabular RF, DNN SHAP A hybrid AI
framework for
transparent and
high-accuracy
CVD risk
prediction.
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Ref Journal Year Disease Type
(Clinical
Domain)

Data
Type

ML Model XAI Method Contribution

[71] Scientific
Reports

2024 Tabular XGBoost SHAP Developed a
highly accurate,
SHAP-explained
mobile
application for
early heart
disease
prediction.

[109] Applied Soft
Computing

2024 Signal RF, XGBoost SHAP Enhanced heart
disease
detection from
ECG signals
using a
combination of
EWT for feature
extraction and
XGBoost.

[110] Scientific
Reports

2025 Tabular Stacking and
voting
ensembles
(with 15 base
models,
including a
meta-model for
stacking)

SHAP Improved heart
disease
prediction
accuracy
through
statistically
validated
ensemble
models.

[72] Results in
Engineering

2025 Tabular ETC SHAP, LIME,
PIA

A hybrid XAI
model (HXAI-
ML) that
integrates data
balancing with
XAI for
improved
accuracy and
interpretability
in CVD
prediction.

[73] Scientific
Reports

2025 Tabular XGBoost SHAP, LIME A blockchain-
assisted
chatbot using
XAI for
responsible and
secure CVD
screening.

[79] Nature
biomedical
engineering

2019 Neurological Image VGG-16,
ResNet-50,
Inception-v3,
Inception-
ResNet-v2

CAM An
understandable
deep-learning
system for ICH
detection using
a small training
dataset.

[44] Sensors 2020 Image ResNeXt-101 + 
biLSTM

Grad-CAM Developed an
efficient DL
model for ICH
detection with
visual
explanations,
validated
against expert
radiologists and
open-sourced
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Ref Journal Year Disease Type
(Clinical
Domain)

Data
Type

ML Model XAI Method Contribution

for
reproducibility.

[82] World Journal of
Emergency
Surgery

2022 Tabular LR, KNN,
LGBM, XGB, CB

SHAP A predictive
model for
emergency
neurosurgery
needs in TBI
patients based
solely on pre-
hospital
variables.

[43] Scientific
Reports

2022 Tmage CNN + RNN NormGrad Developed a DL
pipeline for ICH
detection that
was
successfully
integrated into a
clinical
workflow.

[83] Journal of
neurotrauma

2023 Tabular XGB, SVM, LR SHAP Demonstrated
the superior
performance of
ML models over
traditional
regression for
STBI mortality
prediction.

[85] BMC neurology 2024 Tabular RF, SVM, GBDT,
DT, XGB

SHAP Comparison of
multiple ML
models for DCI
prediction and
identification of
key clinical risk
factors using
SHAP on the
best-performing
model.

[80] Computers in
Biology and
Medicine

2024 Image CNN Grad-CAM ICH detection is
suitable for
deployment in
resource-
constrained
clinical
environments,
with a
parameter
count
significantly
lower than other
state-of-the-art
models.

[81] Multimodal
Technologies
and Interaction

2025 Image ResNeXt-50 Grad-CAM A novel 9-
channel
pseudo-color
mapping
technique that
integrates multi-
slice spatial
context and
multiple window
settings into a
2D CNN
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Ref Journal Year Disease Type
(Clinical
Domain)

Data
Type

ML Model XAI Method Contribution

framework for
enhanced ICH
detection.

[84] Frontiers in
Neurology

2025 Tabular CNB, SVM,
XGB, MLP

SHAP Developed an
interpretable
ML model for
predicting poor
prognosis after
SICH,
supporting
personalized
and timely
clinical
decision-
making.

[86] npj Digital
Medicine

2025 Tabular ODT, XGB SHAP An explainable
framework for
predicting entire
clinical
pathways (not
just a single
outcome) for
TBI patients
using process
mining.

[93] Artificial
intelligence in
medicine

2019 Oncology Tabular CBR A novel
method

An explainable
CBR system
combining
quantitative and
qualitative
approaches.

[87] IEEE
transactions on
medical imaging

2020 Image MB-DCNN CAM A multi-task
learning
framework
where
segmentation
and
classification
mutually boost
each other's
performance.

[88] Pattern
Recognition

2021 Image Hierarchical
CNN-RNN with
Channel and
Spatial
Attention

Channel and
Spatial
Attention
Mechanisms

Incorporating a
medical
taxonomy into a
hierarchical
architecture for
skin cancer
diagnosis, using
attention
mechanisms to
explain its step-
by-step
diagnostic
process

[89] Multimedia
Systems

2022 Image Stacked
ensemble of
CNNs
(EfficientNetB0,
DenseNet121,
Xception)

SHAP An explainable
stacked
ensemble
framework for
melanoma
detection with
SHAP-based
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Ref Journal Year Disease Type
(Clinical
Domain)

Data
Type

ML Model XAI Method Contribution

visual
explanations.

[92] Computer
Methods and
Programs in
Biomedicine

2024 Tabular ConvXGB SHAP A hybrid,
interpretable
deep learning
framework
("DeepXplainer")
for lung cancer
detection that
provides both
local and global
explanations for
its predictions.

[91] Scientific
Reports

2025 Image Custom CNN Grad-CAM A custom CNN
architecture
combined with
Grad-CAM for
accurate and
explainable lung
cancer subtype
classification.

[94] Nature
Communications

2025 Array
(genomic
data)

Random Forest A novel
method

An interpretable
framework for a
clinical-grade,
DNA
methylation-
based brain
tumor classifier
that reveals the
biological basis
of its decisions
by analyzing
feature usage
within the
model's
decision trees.

[95] Heart & Lung 2023 Critical Care Tabular XGBoost, SVM,
DT, RF, ANN,
KNN

SHAP, LIME,
and DALEX

An explainable
ML model for
predicting MV
duration in
ARDS patients,
with a
comparative
analysis of
multiple XAI
methods for
interpretation.

[96] American
Journal of
Critical Care

2024 Tabular Ensemble
super learner
(DNN, gradient-
boosted trees,
and RF)

SHAP, Ceteris
Paribus plots

Created an
interpretable,
AI-based HAPI
risk
assessment
system with a
user-friendly
dashboard for
patient-specific
insights to
support ICU
preventive care.
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Ref Journal Year Disease Type
(Clinical
Domain)

Data
Type

ML Model XAI Method Contribution

[97] NPJ digital
medicine

2025 Tabular,
time
series

RF, LR,
XGBoost, CNN,
LightGBM

SHAP An explainable
ML pipeline for
dynamic, real-
time mortality
prediction in a
mobile critical
care
environment.

[98] IEEE Access 2023 Metabolic and
Hepatic

Tabular XGBoost SHAP Used XAI to
improve the
interpretation of
serum
biomarkers for
transparent,
non-imaging-
based liver
cirrhosis
detection

[99] BMC Medical
Informatics and
Decision Making

2024 Tabular XGBoost, RF,
MLP, SVM, LR,
plain bayes, DT,
KNN

SHAP Predicting
significant liver
fibrosis risk in
patients with
diabetic
retinopathy

[100] Scientific
Reports

2024 Tabular XGBoost SHAP A clinically
applicable,
explainable
model that
outperforms
commonly used
clinical risk
indices for
identifying high-
risk MASH
patients

[101] World Journal of
Gastroenterology

2025 Tabular CatBoost SHAP Using XAI to
validate EVs as
non-invasive
biomarkers for
staging liver
disease by
revealing
complex, non-
linear feature
relationships

[102] IEEE Access 2025 Tabular Stacking
Ensemble
(LightGBM, LR,
RF)

LIME A high-accuracy,
XAI-enhanced
stacking model
for obesity
classification.

[103] Computer
Methods and
Programs in
Biomedicine
Update

2025 Tabular RF, XGBoost,
SVM, MLP,
LGBM

SHAP Proposed an
explainable AI
framework,
called MORIX,
with a web
interface for
predicting
mortality risk in
MAFLD
patients.
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Ref Journal Year Disease Type
(Clinical
Domain)

Data
Type

ML Model XAI Method Contribution

[104] Artificial
intelligence in
medicine

2021 Others Image DenseNet201
(for
classification),
Tiramisu-based
U-Net (for
segmentation)

Grad-CAM
combined
with VarGrad

An end-to-end
system for
COVID-19
assessment
from CT scans,
which includes
segmentation,
classification,
and lesion
categorization,
and explains the
model's
decisions to
radiologists via
a web-based
GUI.

[105] Applied Soft
Computing

2022 Image Multi-Input
CNN using pre-
trained models
(VGG16,
ResNet152V2,
InceptionV3,
EfficientNetB3)

CAM A multi-input
CNN approach
using fuzzy-
filtered images
for COVID-19
detection.

[106] Scientific
Reports

2024 Image Inception-V3 Grad-CAM Developed an
explainable
CNN model for
HPV status
prediction in
OPSCC, offering
visual
interpretability
of radiomic
features.

[107] Annals of
Medicine

2024 Graph GAT GNNExplainer An explainable
GNN framework
for HIV
prediction using
domain
adaptation to
improve
transferability
between
different
populations.

[108] Scientific
Reports

2024 Tabular DNN, 1D-CNN,
LSTM

SHAP, LIME,
Eli5, QLattice,
and Anchor

A comparative
study of
multiple XAI
techniques to
interpret COVID-
19 severity
predictions
from clinical
data,

Figure 6 illustrates a statistical summary of the reviewed XAI articles. It reveals that the primary applications of XAI were in
cardiovascular diseases (28%), neurology (23%), and oncology (16%). Among the various techniques employed, SHAP is the
most prevalent, used in nearly half (49%) of the reviewed studies, with Grad-CAM (13%) and LIME (11%) being the next most
common. The increasing focus on XAI is substantiated by the publication trend, which indicates a steady rise in related
articles from 2021 to 2023, followed by a sharp increase in 2024.
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4. Human-in-the-Loop (HITL)

4.1 Role of Collaboration Between Clinicians and AI
In solving complex real-world challenges, particularly in high-stakes domains such as healthcare, ML methods are
increasingly used to automate decision-making processes. Yet a critical question persists: Can autonomous ML systems
operate reliably without human oversight, or is deliberate human intervention essential to ensure safety, accountability, and
clinical validity? Growing evidence suggests that, in critical contexts such as diagnostics, treatment planning, and patient
monitoring, purely automated ML systems are insufficient due to their inherent limitations in handling ambiguity, rare edge
cases, and ethical nuance. Consequently, the Human-in-the-Loop (HITL) paradigm has emerged as a compelling framework
for augmenting machine capabilities with human expertise. Empirical studies demonstrate that hybrid systems—where
clinicians and algorithms collaborate—consistently outperform either entity in isolation. For instance, Nascimento et al. [111]
compared a case study of streetlight automation involving software engineers as human experts and ML methods. Human
experts performed better than ML methods in some experimental conditions, but in other conditions, ML methods
outperformed. ML methods need unbiased, high-quality and inclusive training data to produce accurate and effective
outcomes. Roccetti et al. [112] trained neural networks on water-consumption datasets but failed to achieve satisfactory
predictive performance on test data. Weber et al. [113] asserted that the neural network-induced automatic image inpainting
process could not deliver satisfactory and accurate output until the involvement of humans. Human involvement in ML
methods can help identify their drawbacks. A huge collection of experiences, abstract thinking and knowledge makes
humans inseparable in the loop, especially in the case of complicated processes and novel patterns. Hence, the collaboration
between human and ML methods is necessary and can yield impressive results.

Medical machine learning is a promising and noteworthy branch for data mining experts. There are four prominent areas of
research in this domain, viz. public health, clinical informatics, medical imaging and bioinformatics [114]. With a huge chunk
of data, ML techniques exhibited notable performance in prediction and interesting pattern extraction, but clinicians still can't
trust these methods fully [115]. Therefore, the ML community is searching for new avenues that can be implemented and
approved by clinicians. The HITL approach may be the pathway to this issue, with medical experts and ML techniques
together achieving desirable and acceptable results.

In the HITL scenario, the clinicians need to trust, refine, validate and understand the ML techniques [116]. It is the first
prerequisite for clinicians to act as domain experts in the loop to gain knowledge of how these ML techniques achieve these
outcomes [117]. As ML techniques are black-box, their interpretability and adaptability play a vital role in building trust among
clinicians. An interface for human-AI interaction can be used by clinicians to better understand the results of ML techniques.
Clinicians can validate the output of these techniques and refine them to achieve the desired and acceptable outcome. This
approach can build trust for ML techniques among medical experts.

Clinicians can be utilized in the HITL scenario at different stages, such as data producing and pre-processing, ML modelling,
ML evaluation and refinement. The performance of ML methods relies on data quality. In the HITL context, clinicians'
involvement in data generation and preprocessing can yield a higher-quality dataset that supports better ML predictions. In
medicine, these tasks can't be performed by crowd workers and ordinary people due to the requirement of validation of the
quality of the labels and samples, privacy, subject concepts and so forth [118].

Active learning is a key component of medical ML techniques that clinicians can use to label medical data, mitigating
computational costs and improving performance. Recent literature indicates that active learning has been used in HITL
approaches, especially in the medical image analysis domain. Sheng et al. [119] devised a knowledge graph using active
learning to reduce clinicians' interaction costs and ensure the quality of the medical knowledge graph. In the literature,
different anomalies like noisy data, missing values, outliers and so on can be observed in medical datasets. Hence, keeping
in mind the types and characteristics of medical data, human-AI interaction in the medical application is a hot topic to
venture into a research area for the data scientists to collaborate with clinicians to utilize their expertise in the medical data
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pre-processing stage. TIn the HITL scenario, ML modelling is another cornerstone where the clinicians can play their role. The
core areas of ML modelling in medicine are feature selection, model creation and selection of appropriate models. In this
area, the role of clinicians in feature selection for medical applications is limited and can be further explored to enhance
predictive performance in medical ML techniques. Collaboration with clinicians for feature selection can leverage their
knowledge and yield better outcomes. In the model construction step, clinicians can tune parameters and incorporate their
expertise into the learning process. Because direct parameter tuning requires data mining expertise, indirect parameter
tuning via visualization systems for medical applications has been proposed in recent literature. The knowledge of clinicians
as rules or constraints to the ML application can enhance the performance of the human-AI interactive model and improve
the satisfaction of medical experts. In rule-based medical applications, clinicians can deliver rules to incorporate into the ML
process, especially for under-investigated case reports where adequate assumptions cannot be captured. Interactive ML
refinement and evaluation methods can be leveraged via a user interface for clinicians to increase accuracy in predictive
analysis in medical applications at the model selection stage.

Clinicians are the users of medical ML applications and evaluation criteria in HITL methods are determined and defined by
them. Clinicians’ satisfaction and subjective measures are also critical in assessing these model’s output. Cai et al. [120]
presented the gratification of ten pathologists as the users of their method to evaluate their work. The refinement of ML
output is another crucial aspect of the HITL approach [121]. Clinicians prefer to repeatedly integrate medical ML techniques
and refine their outputs in line with the medical ML literature. Figure 7 illustrates a conceptual model of such a workflow,
emphasizing the central role of clinician feedback and iterative refinement.

4.2 Examples of Diagnosis, Treatment, or Triage
This section presents state-of-the-art studies on diagnosis, treatment, or triage with clinicians in the loop for HITL scenarios.

For medical decision-making with a new patient, one ML application is appropriate in certain scenarios, such as salvaging
visually identical images from prior patients (e.g., tissue from biopsies). There is no gold-standard algorithm to capture a
professional's ideal notion of similarity in every case: an algorithmically similar medical image may not be medically pertinent
to a clinician's investigative needs. In [120], the authors catered for the needs of pathologists applying DL strategies looking
for identical images. The pathologists handled the search criteria on the fly and interacted to select the most relevant types
of similarity at the appropriate time. The authors concluded that refinement tools could enhance utility and trust while
making crucial medical decisions. Run-of-the-mill image embeddings from DNNs can design lightweight, interactive and
novel exploration and refinement strategies. Their work asserted that doctors' expert knowledge can augment decision-
making.

In human-AI collaboration, accurate algorithmic predictions alone are not enough for critical decision-making. Cai et al. [122]
examined what vital information clinicians desired when they dealt with a diagnostic AI assistant. The authors interviewed 21
pathologists at different stages while investigating prostate cancer by employing predictions based on DNN. The types of
information the pathologists sought from the AI assistant were the core focus of the study. Their study revealed that
pathologists sought basic and global characteristics of the model, such as its strengths and weaknesses, its design
objective, its subjective point of view, and the purpose for which it is optimized. Clinicians could benefit from knowing the
model's top-level design objectives and global tendencies and behaviour, as well as explanations of the model's predictions.

Sharma et al. [123] explored how AI can collaborate with humans to facilitate peer empathy in online, text-based
conversations. Their focus was peer-to-peer mental health support, where empathy is crucial for accomplishment. They
devised an AI-in-the-loop agent, dubbed HAILEY, that provided participants with just-in-time feedback and empathetically
responded to support seekers. They assessed the agent with peer supporters available on TalkLife, involving 300
respondents in a randomized controlled non-clinical trial. TalkLife is an online peer-to-peer support framework. Their findings
indicated that conversational empathy among peers increased by 19.6%. By examining AI-human collaboration patterns, they
observed that peer supporters used AI feedback both indirectly and directly, without becoming overly dependent on AI, and
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reported enhanced self-efficacy post-feedback. Their outcome yielded the possibility of an AI-in-the-loop, feedback-driven
writing system to permit humans in high-stakes, social and open-ended tasks such as empathic conversations.

Beede et al. [124] employed DL strategies with a human-centered approach to diagnose diabetic eye disease. They selected
11 eye clinics in Thailand to conduct interviews and characterized users' perspectives and eye-screening roadmaps for post-
deployment involvement and AI-assisted screening procedures. Along with the exploration of model accuracy, the authors
assessed the importance of leading human-centered evaluative research. By using live clinic data, the authors mitigated the
limitations of DL techniques and increased the likelihood of accurate diagnosis for doctors and patients by integrating a
human-centered approach into the model.

Cabitza et al. [125] examined a design-related paradigm for AI and human collaboration in cognitive tasks. They applied their
paradigm in two studies – one with 44 ECG readers with different expertise levels for the ECG study, and another one for the
knee MRI study, involving 12 radiologists. They explored 12 and 240 cases, respectively, in various human-AI collaboration
protocols. XAI could be used to mitigate detrimental or null effects associated with the white-box paradox. They confirmed
that the presentation order was also crucial: AI-first paradigms achieve higher accuracy than human-first paradigms and
outperform either AI or humans alone. They integrated AI and XAI for diagnostic decision making, which they referred to as
the AI-human collaboration paradigm, and proposed the implementation of it in future AI decision support structures.

Steyvers et al. [126] devised a Bayesian paradigm for integrating numerous types of confidence scores and predictions from
machines and humans. Their investigation suggested that a hybrid approach combining machine and human performance
yielded better performance than either alone. They deployed their model for the image classification task on huge datasets
where different convolutional neural networks and humans performed the same task. They demonstrated that
complementarity could be achieved even when machines and humans achieved different accuracies for the same task,
provided that these differences fell within a range determined by the latent correlation between the machine and human
classifier confidence scores. By distinguishing between errors made by machine classification methods and those made by
humans across various class labels, the performance of a hybrid framework with human-machine collaboration could be
improved. They empirically demonstrated that including and eliciting human confidence ratings could enhance hybrid
performance in Bayesian settings.

Zhou et al. [127] presented a framework for muscle forte valuation of broods with juvenile dermatomyositis (JDM) using a
video-oriented augmented reality system with HITL. They employed contrastive regression on a JDM dataset, using the
instinctive action quality assessment (AQA) method to evaluate muscle forte. They deployed a 3D animation dataset derived
from the AQA outcome to enable users of the framework to assess the similarity between the simulated character and the
real-world patient. Computer vision techniques were employed to identify the optimal method for augmenting the simulated
character within the scenario, and significant segments were highlighted for human evaluation. Their empirical outcome
demonstrated that clinicians without expertise in the domain could make accurate and faster assessments of muscle
strength valuation for kids using their system.

Patel et al. [128] designed a new grouped intelligent model to elevate the diagnostic accuracy of networked human swarms
by creating a real-time paradigm exhibited on biological assemblies. They compared their outcome with two DL and one
human expert-only strategies for diagnosing pneumonia on chest X-rays. Their findings showed better performance than
human experts alone on both DL and swarm-based strategies. When machine and human experts worked together, it
outperformed both methods alone. Their study had broader implications for the near-term implementation of HITL.

Gu et al. [129] introduced NAVIPATH- a collaborative navigation system by incorporating pathologists’ domain knowledge
with the observations from the system to improve pathologists’ navigation competence in tumor images. 15 pathologists
were involved in the study and the authors concluded that with the help of their framework, participants observed more than
twice the patterns related to pathology in unit time than manual navigation. On average, participants demonstrated superior
recall and precision compared to manual navigation and AI. Overall quality and consistency could be enhanced by NAVIPATH,
as revealed by their qualitative analysis.
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4.3 Impact on Trust, Safety and Accountability
In this section, studies related to the impact on trust, safety and accountability were explored in the HITL scenario.

The authors [130] investigated the requirement of collaboration in the context of a prototype framework for the screening of
breast cancer. Their study asserted the importance of visibility and accountability in work aimed at gaining trust, and of the
various ethical actions in which clinicians are routinely involved. Acceptable support for handling sensitive data with ethical
concerns and trust issues needed to be catered to in the HITL framework.

In [124], the authors characterized user expectations from such AI-enabled screening systems, workflows and post-
deployment involvements. According to their study, patient experience, nursing workflows and model performance were
influenced by different socio-environmental factors. For human-centered evaluation, clarity of the patient consent process,
and nurses' and doctors' expectations of the system are also crucial factors. Researchers needed to consider the accurate
threshold to ensure safety and accountability.

If a clinician loses trust in an AI-assisted system due to erroneous results, they may discontinue its use, even if the system
provided good outcomes in other cases [131]. The impervious, black-box nature of these AI models further undermines trust
and degrades the interactive experience. Interactive frameworks can help address these bottlenecks by enabling end users to
search for their needs more actively.

Choudhury et al. [132] devised a model that focused on the interaction between clinicians and ML systems. Their model
ensured the ecological validity of AI. Their model is based on human factors models, such as expectancy theory and the
Technology Acceptance Model. The model showcased how AI-clinicians’ interactions might be deviated by human factors
such as trust, cognitive variables, workload and expectancy. Their model could enhance AI acceptance and accountability
while protecting patient safety.

The authors [133] pointed out various projects that involved humans in the loop for training and co-design of AI systems and
AI-human interactions. The authors hoped that the trend would continue and that transparency would lead to pathways to
enhance public trust, especially in the healthcare arena, by offering understandable explanations. They explored different
aspects of regulation, trust and HITL within the European region.

Sutton et al. [134] designed a framework that used blockchain methodology to enable trust in the HIML research
environment. The framework supported collaborative health research by ensuring trust between clinicians and AI systems,
making the system verifiable to users and transparent. They also analysed the system in light of trust requirements. They
examined their architecture for resiliency to security issues through an empirical evaluation.

The authors [135] pointed out that reliability is one of the key factors in healthcare to ensure patient safety and the execution
of ideal services. Numerous factors affect healthcare reliability, including clinical procedures, technology use, corporate
culture, and communication. In today’s healthcare context, clinical processes must be prioritized, technology must be utilized,
and a culture of communication must be cultivated. Clinicians who participate in decision-making should foster a
collaborative environment in which responsibility and accountability are paramount and patient safety is safeguarded.

Choudhury et al. [136] conducted a semi-structured survey among clinicians working in the United States. An audience
paneling company gathered the data and questions were selected by clinicians working actively in the USA. The survey
responses were analyzed qualitatively and quantitatively using inductive content analysis and sequential regression. 265
clinicians participated in the survey. The noteworthy factors included perceived AI risk, perceived AI trustworthiness, and
perceived workload. A lack of AI accountability was identified as another key factor in the use of AI in healthcare.

To reduce pitfalls and maximize benefits from integrating large language models (LLMs) with healthcare professionals,
understanding the outcomes of this integration is essential. The authors in [137] examined the trust of clinicians in LLMs and
data source shifts from human-generated to AI-generated. Their study investigated how clinicians can leverage LLMs to
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improve accuracy by correcting the potential inaccuracies in AI-generated content. They also discussed the risk factors
associated with the use of LLMs with healthcare professionals.

A summary of the reviewed papers that used HITL is shown in Table 6.
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Table 6
Summary of reviewed papers used HITL in healthcare.

Ref Journal Year Disease
type

Data type ML model HITL Focus Contribution

[120] CHI 2019 Pathology image DNN Image similarity
refinement

Enabled
pathologists to
refine AI-based
image search in
real-time.

[122] CSCW 2019 Prostate
Cancer

tabular DNN Information
needs for DNN-
assisted
diagnosis

Mapped
clinicians' trust
needs from
diagnostic AI
systems.

[123] Nature
Mach.
Intell.

2023 Mental
Health

text Conversational
Agent

AI-assisted
empathy in
conversations

Developed the
HAILEY agent for
empathetic
feedback in peer
conversations.

[124] CHI 2020 Diabetic
Retinopathy

image CNN Human-
centered
evaluation for
DL screening

Integrated live
clinical data and
DL to improve
trust and
usability.

[125] AI in
Medicine

2023 Cardiology /
MRI

signal/image Hybrid
Protocols

Human-AI
collaboration
protocols

Validated AI-first
outperforms
human-first in
diagnosis via
collaboration.

[126] PNAS 2022 Medical
Imaging

image Bayesian CNN Bayesian
human-
machine hybrid

Confidence-
calibrated human-
AI hybrid for
classification
tasks.

[127] IEEE TVCG 2023 Muscle
Strength
(JDM)

video Contrastive
Regression

AR-based visual
evaluation by
clinicians

Designed an AR
tool for clinician-
evaluated
pediatric muscle
strength.

[128] NPJ Digital
Medicine

2019 Radiology image Swarm
Intelligence + 
CNN

Swarm-AI with
clinician input

Showcased
group-intelligence
hybrid model
outperforming DL
& human alone.

[129] CHI 2023 Pathology image CNN + 
NAVIPATH

Collaborative
navigation
system

NAVIPATH
system improved
pathology review
efficiency and
accuracy.

[130] CSCW 2005 Breast
Cancer

tabular Prototype-
based
Framework

Accountability
and trust-
building

Outlined ethical
transparency
needed for
clinician-AI
collaboration.

[132] JMIR
Human
Factors

2022 Clinical AI
Models

survey Human Factors
Model

Human factors
in AI trust

Linked AI trust to
clinician workload
and expectations
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Ref Journal Year Disease
type

Data type ML model HITL Focus Contribution

[133] CACM 2022 AI
Governance
(EU)

tabular Co-design
Systems

Regulation and
co-design

Advocated co-
design and
explainability for
regulation
compliance.

[134] IEEE PST 2018 Healthcare
Research

blockchain Secure Ledger 
+ AI

Blockchain for
trust

Used blockchain
for secure and
transparent AI
interactions.

[135] Springer 2024 Healthcare
Systems

tabular N/A Systemic
reliability
foundations

Highlighted
sociotechnical
foundations for
reliability and
safety.

[136] Human
Factors in
Healthcare

2022 Clinician
Perceptions

survey Survey Analysis Survey on trust
and risk

Analyzed
workload, trust,
and risk
impacting
clinician adoption
of AI.

[137] JMIR 2024 LLMs in
Healthcare

text LLM Trust in LLMs
and AI-
generated
content

Explored clinician
trust in LLM
output and
correction needs.

5. Hybrid AI

5.1 What It Is (Symbolic + Statistical AI)
Hybrid AI, often referred to as neuro-symbolic AI, unites two historically divergent paradigms of Artificial Intelligence:
symbolic AI, which encodes expert knowledge via logic, ontologies, and explicit rules, and statistical (connectionist) AI, which
derives patterns from data through neural networks. Symbolic approaches excel in explainability, commonsense reasoning,
and knowledge representation, yet falter when confronted with noisy, high-dimensional, unstructured real-world data.
Conversely, DL models shine at feature extraction and handling multimodal inputs, but suffer from opacity and lack the ability
to perform structured reasoning. By embedding symbolic representations within neural architectures—or by endowing
symbolic engines with learned components—hybrid AI seeks to capture the best of both worlds: robust learning from data
with the rigour and transparency of logic-based inference [138–140].

A comprehensive survey of two decades of research dissects neuro-symbolic AI along four core dimensions: representation,
learning, reasoning, and decision-making [138]. In this framework, representation addresses how knowledge graphs, logic
formulas, or ontologies co-exist with latent neural embeddings; learning examines mechanisms for training joint
architectures; reasoning covers modules that perform logical inference over learned features; and decision-making considers
how hybrid systems reconcile numeric scores with symbolic rules when producing final outputs. Figure 8 provides a visual
overview of this framework. This taxonomy provides a scaffold for understanding—and advancing—the rapidly evolving
landscape of hybrid AI methods.

Table 7 outlines these dimensions of hybrid AI, each with definitions, examples, case studies, and challenges.
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Table 7
Core dimensions of hybrid AI in healthcare: definitions, implementation examples, case studies, and key challenges.

Core
Dimension

Definition Implementation
Examples

Healthcare Case Study Key Challenges

Representation How symbolic
knowledge (ontologies,
logic formulas, rules)
coexists with neural
embeddings.

Knowledge Graph
Embeddings (KG
Embedding), Logical
Neural Networks (LNN)

Hossain & Chen:
leveraging biomedical
ontologies to enhance
drug-discovery models

Scalability of
dynamic
knowledge-base
updates.

Learning Frameworks for joint
training that optimize
parameters of data-
driven and symbolic
components.

Hybrid loss functions;
soft/hard constraint
regularization

Musanga et al.: joint
training of CT image
features and clinical-
rule modules for
COVID-19 detection

Convergence issues
and high
computational
overhead.

Reasoning Performing symbolic
logical inference over
neural features, or
feeding reasoning
results back to the
network.

Embedded Z3 solver;
differentiable logic
layers

Javid & Shah: pipeline
NLP pre-filtering →
neural entity
recognition →
knowledge-graph
reasoning

Real-time
performance and
latency of the
reasoning engine.

Decision-
making

Fusing numerical
predictions with
symbolic rules to
produce final decisions
and explainable
reasoning chains.

Rule-engine + neural
scoring fusion;
counterfactual analysis

TrustKG: inferring lung-
cancer gene–drug
associations with
knowledge graphs and
clinical guideline
checks

Balancing weights
between
probabilistic scores
and hard rules.

A particularly influential strand within hybrid AI is knowledge-infused learning, which systematically injects domain
knowledge into data-driven models. Gaur et al. categorize infusion at three depths—shallow, semi-deep, and deep—
depending on whether knowledge is applied as feature augmentations, intermediate constraints, or native model
components [141]. Empirical findings suggest that even shallow infusion can reduce data requirements, improve robustness
to distributional shifts, and yield user-level explainability, whereas deep infusion tightly integrates knowledge with the learning
process to enforce consistency and provide guardrails. Complementing this, Sheth et al. advocate the incorporation of
process knowledge—for example, clinical guidelines such as PHQ-9 in mental-health assessment or dietary protocols for
chronic-care management—to ensure AI outputs align with established decision pathways, thus bolstering safety and
interpretability in high-stakes healthcare contexts [142].

Beyond knowledge infusion, hybrid AI architectures draw on diverse integration strategies. Javid and Shah demonstrate a
pipeline approach for large-scale information extraction: symbolic NLP rules pre-filter and structure text, neural models refine
entity recognition, and graph-based algorithms assemble dynamic knowledge maps that capture entities and their
interrelations at scale [139]. Such systems highlight how rule-based and learned components can interoperate in modular yet
cohesive workflows, thereby enabling scalable, interpretable, and context-aware knowledge systems across domains.

In healthcare, hybrid AI has already shown tangible benefits. Hossain and Chen review nearly one thousand studies covering
applications from drug discovery to protein engineering, illustrating how neuro-symbolic frameworks enhance both predictive
accuracy and explainability by leveraging biomedical ontologies alongside DL [140]. Musanga et al. instantiate this synergy in
a hybrid COVID-19 detection model: a deformable convolutional module extracts spatial features from CT scans, while an
attention-based encoder highlights salient regions; a symbolic reasoning layer then cross-validates findings against clinical
rules, delivering 99.16% accuracy with transparent inference paths [143]. Bellini et al. trace the evolution of hybrid intelligence
in evidence-based medicine, proposing a Human + AI governance model that deeply integrates clinicians’ expertise into AI
workflows to address challenges of data digitalization, privacy, and ethical governance [144]. Extending this socio-technical
lens, van Leersum and Maathuis articulate a Human-Centered XAI (HCXAI) framework, urging co-design with stakeholders to
surface explanation needs, align AI with human values, and foster trust in critical decision-making [145].
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Domain-specific explorations further underscore the promise of hybrid AI. In cardiology and electrophysiology, Cersosimo et
al. engage in an exploratory dialogue with ChatGPT-4, revealing how large-language models can complement rule-based
diagnostic pathways—yet also cautioning against overreliance, data biases, and interpretability gaps that demand human
oversight [146]. In Natural Language Processing, Keber et al. demonstrate that neuro-symbolic systems yield trustworthy,
explainable performance gains on tasks such as text classification, machine translation, and information extraction, while
calling for standardized benchmarks to quantify their impact [147].

Despite these successes, key challenges remain. Maintaining and updating symbolic knowledge bases in real time poses
scalability hurdles; biases in hand-crafted rules can propagate through hybrid pipelines; and integration complexity can
hinder deployment in resource-constrained clinical settings [139, 144]. Moreover, rigorous evaluation protocols—including
human-centered usability studies—are needed to assess not only predictive metrics but also clinician satisfaction, trust, and
cognitive load when interacting with hybrid systems [145].

Looking ahead, advancing hybrid AI will require: Standardized benchmarks that evaluate both data-driven performance and
logical consistency; Modular toolkits for seamless composition of symbolic and neural components; Adaptive interfaces that
enable clinicians to inspect, validate, and iteratively refine hybrid models; and Socio-technical frameworks that align
development with ethical, legal, and human-centered imperatives.

By marrying the learning strengths of neural networks with the clarity of reasoning in symbolic systems—and by rigorously
involving human experts throughout the pipeline—hybrid AI offers a pathway toward reliable, transparent, and clinically
trustworthy AI solutions in healthcare.

5.2 Applications in Decision-Making or Complex Reasoning
Hybrid AI systems have emerged as powerful enablers of complex decision-making by uniting the pattern-recognition
strengths of neural networks with the rigor and transparency of symbolic reasoning. By embedding ontologies, rule sets, or
process workflows within data-driven architectures, these models not only achieve high predictive performance but also
generate human-interpretable explanations that align with domain knowledge. For instance, TrustKG—a framework
integrating Knowledge Graphs with neuro-symbolic inference—demonstrates how link-prediction algorithms can uncover
latent gene–drug associations in lung cancer datasets, while constraint-validation mechanisms enforce compliance with
clinical guidelines, and counterfactual reasoning modules allow practitioners to explore “what-if” treatment scenarios with
full visibility into the underlying logic [148].

In diagnostic imaging, the fusion of handcrafted radiomic features and convolutional neural networks has proven especially
effective. Ghaffar Nia et al. survey numerous machine- and deep-learning pipelines, showing that augmenting CNNs with
expert-curated descriptors significantly reduces false positives in segmentation tasks and yields more robust disease-
prediction models across cancer, cardiovascular, and neurological disorders [149]. Meanwhile, in voice-based screening for
Parkinson’s disease, hybrid ensembles that combine neural classifiers with rule-based thresholds on vocal biomarkers deliver
over 13% improvement in early detection accuracy compared to standalone neural architectures, underscoring how symbolic
constraints can steer learning toward clinically meaningful patterns [150].

Drug discovery further highlights the value of hybrid approaches. Ferreira and Carneiro’s review categorizes recent
innovations—including graph neural models for molecular embedding, transformer-based reaction predictors, and hybrid
methods that integrate chemical heuristics into objective functions—emphasizing that transparent validation frameworks
and ethical guardrails are essential for translating in silico candidates into viable compounds [151]. Earlier work by Kim et al.
showed that embedding reaction rules and pharmacophore constraints within generative neural samplers can filter out
chemically implausible molecules in real time, dramatically accelerating hit identification while curbing false positives [152].

Natural language understanding in healthcare also benefits from neuro-symbolic pipelines. García-Barragán et al. present
NSSC, a system that layers UMLS-based ontological checks on top of large-language-model outputs to enhance Named
Entity Recognition and Entity Linking in oncologic clinical notes, achieving up to 58% gains in linking accuracy by ensuring all
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extracted concepts conform to standardized vocabularies [153]. Roy and colleagues extend this paradigm to mental-
healthcare applications by infusing DSM-5 diagnostic criteria into conversational agents, yielding higher detection rates of
depressive symptoms on social-media text and generating reasoning chains that clinicians can audit for ethical transparency
[154].

The proliferation of IoT devices in smart-hospital environments has spurred the development of hybrid decision frameworks
that must satisfy both performance and real-time constraints. Ala et al. integrate Particle Swarm Optimization with LSTM
networks (PSO-LSTM) to tune model hyperparameters in response to latency and energy-use constraints, achieving 92.5%
accuracy in patient-risk prediction while meeting strict response-time guarantees [17]. Earlier surveys of hybrid AI + IoT
architectures have illustrated how symbolic rule engines can orchestrate low-power wide-area network protocols and security
policies, seamlessly handing off data streams to embedded neural models for anomaly detection or emotion recognition,
thus minimizing human intervention [155].

Beyond clinical settings, hybrid AI informs strategic decision-making in healthcare supply chains. Seifi et al. employ a fuzzy
AHP–DEMATEL hybrid to rank and analyze the causal relationships among blockchain-AI integration factors—identifying
“clinical decision support” and “stakeholder participation” as pivotal criteria—while neural surrogate models forecast system
behavior under alternative governance scenarios, providing transparent, data-driven guidance for policy makers [156].

Comparative studies consistently show that hybrid architectures outperform pure-paradigm models on tasks that demand
both nuanced pattern extraction and structured reasoning. Saad and Elson’s analysis across healthcare, robotics, and NLP
benchmarks shows that tightly coupled neuro-symbolic systems deliver superior generalization and explainability, although
challenges remain in scalable knowledge maintenance and end-to-end differentiable reasoning [157]. Hirosawa et al. address
the clinician’s perspective by mapping AI concepts like backpropagation and overfitting avoidance into hybrid frameworks
that allow physicians to iteratively refine diagnoses, decompose complex cases, and balance rare-disease hypotheses with
more common conditions, thereby preserving human judgment within algorithmic pipelines [158].

As hybrid AI matures, key research avenues include automated ontology evolution via active learning, development of
scalable differentiable logic layers, human-centered interfaces for real-time model inspection and correction, and rigorous UQ
through probabilistic symbolic reasoning and Bayesian neural methods. By addressing these challenges, hybrid AI is poised
to deliver reliable, explainable, and context-aware decision-support systems that modern healthcare demands.

6. Uncertainty Quantification

6.1 Techniques
Accurately characterizing both aleatoric and epistemic uncertainty is critical for deploying AI in high-stakes healthcare
environments, where overconfident yet erroneous predictions can threaten patient safety. Over the past decade, a variety of
techniques have been proposed to estimate uncertainty in ML and DL models for clinical tasks. Broadly speaking, these
methods fall into four categories: Bayesian approximations, sampling-based approaches (including Monte Carlo Dropout),
ensemble methods, and hybrid or non-probabilistic frameworks; shown in Fig. 9.

6.1.1 Bayesian and Approximate Bayesian Methods
Bayesian neural networks (BNNs) provide a principled framework for capturing model uncertainty via posterior distributions
over weights. Exact inference is intractable, but approximate schemes—such as variational inference with Gaussian
approximations—have been widely adopted. Seoni et al. report that Bayesian methods dominate UQ in both classical ML and
DL for medical imaging, owing to their ability to propagate uncertainty through all layers of a network [23]. Abdar et al.
advocate for Bayesian UQ to bolster clinicians’ trust in decision-support systems, offering practical guidelines for integrating
these methods into clinical data analysis pipelines [159].

6.1.2 Monte Carlo Dropout and Other Sampling-Based Techniques
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Monte Carlo Dropout (MCD) approximates a BNN by retaining dropout at inference time and performing multiple stochastic
forward passes. The resulting variation in outputs quantifies epistemic uncertainty. In their comparative study on breast
cancer patient “hope” classification, Tajally et al. demonstrate that MCD—and its ensemble extension EMCD—yield
uncertainty estimates that are highly correlated with misclassification, thus enhancing reliability in psychological health
assessments [160]. More recently, Atf et al. extend MCD to large language models for clinical text, combining dropout
sampling with semantic entropy measures to capture both aleatoric and epistemic components in conversational AI for
medicine [161].

6.1.3 Deep Ensembles and Hybrid Architectures
Deep ensembles—training multiple models with different initializations—provide a non-Bayesian yet empirically robust means
of UQ. Wang et al. survey ensemble techniques alongside probabilistic and sampling-based methods, emphasizing that
combining diverse learners often outperforms single-model Bayesian approximations in terms of calibration and out-of-
distribution detection [162]. Chen et al. apply ensembles to both white-box and black-box language models on electronic
health record tasks, showing that ensembling and multi-task prompts significantly reduce predictive uncertainty across ten
clinical outcomes [163].

6.1.4 Fuzzy Systems and Non-Probabilistic Approaches
Beyond probabilistic methods, fuzzy logic provides a means of representing uncertainty in rule-based and hybrid AI systems.
Seoni et al.’s review identifies fuzzy systems as the second most popular technique in classical ML for healthcare,
particularly where precise probabilistic modeling is infeasible due to sparse data or expert-driven rule sets [23]. Huang et al.
further categorize non-probabilistic methods—such as interval forecasts and evidential reasoning—demonstrating their value
in medical image segmentation when pixel-level confidence is required [164].

A summary of these categories and their attributes is listed in Table 8.

6.1.5 Practical Considerations and Emerging Directions
While numerous UQ methods exist, their integration into clinical workflows remains limited. Lambert et al. underscore that
medical imaging pipelines demand not only accurate uncertainty estimates but also standardized evaluation protocols to
validate their clinical relevance [165]. Kimpton et al. highlight critical knowledge gaps in applying UQ to patient-specific
simulations and digital twins, calling for cross-domain methodological transfer from engineering disciplines [166]. Finally,
Begoli et al. argue for the establishment of a formal UQ discipline in medical AI—akin to risk management in nuclear
stewardship—to ensure that uncertainty estimates are defensible and actionable in practice [167].

Table 8
Summary of key UQ categories in healthcare AI, listing methods, example applications, benefits, and main challenges.

UQ Category Key Methods Healthcare Example Benefits Key Challenges

Bayesian
Methods

Bayesian neural
networks; Variational
inference

Seoni et al.: UQ in
medical imaging
pipelines [23]

Principled posterior
estimates;full-network
uncertainty

Intractable exact
inference; high
computational cost.

Sampling-
based

Monte Carlo Dropout
(MCD);Ensemble MCD
(EMCD)

Tajally et al.: breast
cancer “hope”
classification [160]

Simple to implement;
extends existing
models

Many forward passes
needed; sample
correlation.

Deep
Ensembles

Multiple independently
trained models

Chen et al.: EHR
outcome prediction
with ensemble UQ
[163]

Robust calibration;
strong OOD detection

High memory &
training cost.

Fuzzy/Non-
Probabilistic

Fuzzy logic rules;
Interval forecasts

Huang et al.: pixel-level
confidence in image
segmentation [164]

Handles sparse or rule-
driven scenarios; high
interpretability

Lacks formal
probabilistic
semantics; coarse
bounds.
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6.2 How UQ Helps Human Users Trust AI
In high-stakes healthcare settings, transparent communication of predictive confidence is essential for clinicians,
researchers, and patients to determine when—and to what extent—to rely on AI outputs. UQ endows models with self-
awareness, generating confidence scores that bridge the gap between opaque algorithmic predictions and human decision-
making.

6.2.1 Application-Level Trust Signals
Drug discovery

Yu et al. show that assigning uncertainty scores to molecular property predictions delineates an AI model’s applicability
domain, guiding chemists to prioritize compounds with high predictive reliability and avoid dangerous extrapolations [24].

Pandemic response

During COVID-19, van der Schaar et al. integrate UQ into forecasting models to flag high-variance predictions—such as ICU
demand estimates—thereby informing resource allocation when data are sparse or noisy [168].

Federated diagnostics

Zhang’s LR-XFL system couples logical rule extraction with uncertainty evaluation, overlaying confidence metrics on each
rule to empower stakeholders with both “why” and “how sure” explanations in privacy-preserving federated learning [169].

6.2.2 Model-Level Techniques: Anchoring Confidence
Bayesian approximations

Bayesian neural networks capture posterior distributions over weights and propagate uncertainty through all layers. Seoni et
al. report that Bayesian methods dominate UQ in medical imaging, offering calibrated predictive distributions [23], and Abdar
et al. provide practical guidelines for integrating these approaches into clinical decision-support pipelines [159].

Monte Carlo Dropout & Kernels

Azam et al. develop a Bayesian Monte Carlo Dropout model with kernelized priors that assigns higher uncertainty to
misclassified cases on small medical datasets, demonstrating marked improvements in reliability and reducing
overconfident errors [170, 171].

6.2.3 Visualization & Interactive Interfaces
Pixel-level heatmaps

Imboden et al. employ ensemble-based UQ in silico cell labeling to produce per-pixel uncertainty maps that closely correlate
with true error rates and automatically flag out-of-distribution inputs for manual review [172].

Counterfactual explanations

Sokol and Hüllermeier argue that principled estimates of aleatoric and epistemic uncertainty serve as a unifying foundation
for counterfactual explainability, yielding models that can transparently justify “what-if” scenarios alongside confidence
bounds [173].

6.2.4 Standards, Evaluation & Future Work
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Despite methodological progress, clinical adoption of UQ remains limited by a lack of standardized evaluation and domain-
specific benchmarks. Lambert et al. emphasize the need for unified protocols to validate uncertainty estimates in medical
imaging pipelines [165], while Kimpton et al. identify critical knowledge gaps in applying UQ to patient-specific simulations
and digital twins [166]. Moving forward, co-designing UQ interfaces with end users, extending methods beyond imaging to
include physiological signals and longitudinal records, and establishing rigorous evaluation frameworks will be vital to fully
realize UQ’s potential to foster calibrated trust in healthcare AI.

6.3 Integration with Other Approaches
The integration of personalized uncertainty quantification (PUQ) and XAI has emerged as a cornerstone for building patient-
centric trust in clinical decision-support systems. Traditional UQ approaches typically yield cohort-level confidence intervals
that mask individual-level variability, potentially obscuring high-risk cases in which model errors carry grave consequences.
To overcome this, Chakraborty et al. [174] introduce a hierarchical Bayesian framework that conditions uncertainty estimates
on patient-specific covariates—such as age, comorbidities, and genetic markers—and fuses these with counterfactual rule-
based explanations. By sampling from personalized posterior distributions and tracing which features most influence
uncertainty, clinicians gain not only tighter confidence bounds for prototypical patients, but also clear indicators of when to
defer to further tests or expert consultation. Salvi et al. [25] extend this paradigm by weaving aleatoric and epistemic
uncertainty maps into gradient-based saliency overlays: regions with low confidence are visually muted, prompting targeted
review and preventing over-reliance on spurious image features. Together, these studies demonstrate that embedding PUQ
within XAI pipelines provides a dual layer of transparency—“why” the model makes its decisions and “how sure” it is—thereby
significantly reducing misinterpretation bias and fostering calibrated trust.

In parallel, the convergence of federated learning (FL) and UQ addresses the twin imperatives of data privacy and model
robustness in multi-institutional deployments. While FL enables collaborative model training without centralizing sensitive
patient records, heterogeneity across sites can severely degrade confidence calibration. Koutsoubis et al. [175] propose a
privacy-preserving UQ scheme wherein each participating site employs local conformal predictors to produce calibrated
uncertainty bands on its hold-out sets. During global aggregation, only these bands—and not raw logits—are shared, and a
consensus-based weighting mechanism adjusts for distributional shifts. Empirical evaluations across five hospitals
demonstrate that this approach maintains 90% coverage at the claimed confidence level, even under pronounced differences
in imaging protocols and patient demographics. By safeguarding both privacy and reliability, federated UQ frameworks
enable scalable, trustworthy AI networks that comply with regulatory constraints and account for real-world variability.

Uncertainty-guided workflows have likewise transformed image segmentation and diagnostic pipelines by prioritizing human
intervention where it matters most. Sahlsten et al. [176] integrate Bayesian U-Net architectures with voxel-wise entropy
estimation to segment oropharyngeal cancer volumes, showing that flagging the top decile of most-uncertain voxels
accounts for over 85% of segmentation errors. Clinicians can then focus semi-automated corrections on these hotspots,
reducing manual review time by half without compromising accuracy. Building on conformal prediction theory, Vahdani and
Faghani [177] introduce deep conformal supervision: they compute nonconformity scores from intermediate feature
representations across multiple network layers, weighted by their calibration errors. This yields distribution-free error
guarantees that cut miscoverage rates from 7% to below 2% at 95% confidence on chest radiography and hemorrhage
detection tasks. Such advances enable image-based AI systems to “know when they don’t know,” providing error envelopes
that can be directly interpreted and acted upon in clinical routine.

Beyond static prediction tasks, reinforcement-learning (RL) applications have embraced UQ to ensure safe, adaptive
treatment policies in dynamic care settings. Eghbali et al. [178] develop ConformalDQN, a conformal deep Q-learning agent
for mechanical ventilation management in the intensive care unit. By integrating conformal predictors into its action-
selection mechanism, the agent abstains from suggesting ventilator settings when confidence bounds are wide—particularly
under out-of-distribution patient states—thereby avoiding potentially harmful interventions. Trained and evaluated on the
MIMIC-IV database, ConformalDQN achieves an 8% absolute improvement in 90-day survival over both baseline DQN agents
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and standard physician protocols, demonstrating that uncertainty-aware RL can reconcile exploration with patient safety in
high-stakes environments.

Finally, hierarchical fusion architectures enriched with embedded UQ modules exemplify how multi-modal data can be
cohesively leveraged for robust diagnosis. Abdar et al. [179] present Hercules, a deep hierarchical attentive fusion network
that interleaves uncertainty-aware attention blocks between low- and high-level feature streams. Evaluated across retinal
OCT, lung CT, and chest X-ray datasets, Hercules delivers state-of-the-art classification accuracies (94–99%) while producing
per-case uncertainty scores that correlate strongly with physician confidence ratings (Pearson r = 0.82). This synergy of
attentive fusion and uncertainty not only elevates predictive performance but also provides clinicians with actionable trust
metrics, facilitating hybrid decision pathways in which human expertise seamlessly integrates with AI recommendations.

6.4 Future Directions
Despite these advances, significant gaps remain before integrated UQ systems can be routinely adopted in clinical practice.
Standardized evaluation protocols and cross-domain benchmarks are urgently needed to enable consistent comparison of
UQ methods across domains. User-centered interface design must evolve to visually represent multidimensional uncertainty
and explain data intuitively, ensuring that end users—clinicians, patients, and regulators—can interpret and act on AI
confidence signals effectively. Finally, alignment with regulatory frameworks will require quantifiable safety margins and
audit trails for uncertainty estimates, positioning UQ not merely as a technical add-on but as a core component of
trustworthy AI in healthcare.

7. Comparative Discussion

7.1 Comparing Strengths/Weaknesses of XAI, HITL, Hybrid AI, and
Uncertainty Quantification
A nuanced appraisal of XAI [180], HITL [14] workflows, Hybrid AI [17], and UQ [181] is indispensable for selecting an
appropriate strategy for assessing trustworthiness in any given clinical setting. XAI methods enhance model transparency
through saliency maps, local surrogate explanations, or intrinsically interpretable architectures, thereby expediting error
analysis and facilitating regulatory acceptance; however, the fidelity of these explanations is method-dependent, and XAI
alone cannot correct biases or overcome limitations imposed by sparse or unrepresentative data. HITL systems bolster
reliability by positioning clinicians within the inference loop, enabling real-time challenge, override, and contextual
augmentation. Yet, they are labour-intensive, susceptible to inter-observer variability, and prone to cognitive overload in high-
throughput environments. Hybrid AI seeks to amalgamate the causal clarity of symbolic reasoning with the pattern-
recognition strengths of statistical learning, affording superior generalisation in edge cases and richer rule-level justifications
—albeit at the expense of architectural complexity, brittle handcrafted knowledge bases, and substantial maintenance
overhead. UQ complements these by quantifying both aleatoric and epistemic uncertainty, using approaches such as
Bayesian neural networks, Monte Carlo Dropout, and deep ensembles to flag low-confidence or out-of-distribution cases for
human review; nonetheless, challenges remain in standardising evaluation protocols, integrating UQ into real-time clinical
workflows, and effectively communicating uncertainty to diverse stakeholders. A comparative summary of the advantages
and limitations of these approaches is provided in Table 9.



Page 34/63

Table 9
Comparison of trustworthy AI approaches.

Approach Pros Cons

XAI • Builds user trust through transparency

• Helps debug models and identify bias

• Explanations can be misleading

• May create a false sense of security

• Can be computationally intensive

HITL • Ensures human oversight

• Continuously improves model accuracy via
feedback

• Enhances ethical control

• Can be slow, costly, and difficult to scale

• Susceptible to human error, bias, and fatigue

• May create over-reliance on human oversight

Hybrid AI • Leverages both expert knowledge and data

• More robust, especially with limited data

• Integration complexity

• Difficult to balance data-driven and rule-based
parts

UQ • Provides a measure of the AI's confidence

• Enables risk management by flagging uncertain
cases

• Can be computationally expensive

• Difficult to interpret for non-experts

Collectively, these approaches constitute a trade-off quadrilateral: XAI optimises interpretability, HITL maximises human
governance, Hybrid AI enhances computational completeness, and UQ underpins calibrated trust. No single pathway prevails
across all clinical workflows, underscoring the necessity for context-aware combinations—such as XAI-enabled HITL
decision support, Hybrid models augmented with uncertainty-aware XAI, or UQ-integrated hybrid pipelines—to achieve robust,
trustworthy healthcare AI.

7.1.1 Transparency / Interpretability
Transparency—the extent to which a user can trace how specific inputs drive an AI's output—manifests differently across the
four trustworthiness pathways. XAI offers the most direct, case-specific insight: saliency maps, SHAP values, and
intrinsically self-explaining networks allow clinicians to visually verify that the model attends to pathophysiologically
plausible features, thereby accelerating error analysis and easing regulatory review [181, 182]. Yet multiple studies show that
these post-hoc attributions are sensitive to minor input perturbations and adversarial noise, producing inconsistent or even
misleading explanations that can erode trust in high-stakes settings [183–185]. HITL workflows mitigate this brittleness by
embedding clinicians in the inference loop: interactive dashboards and annotation tools let experts critique, override, and
refine machine suggestions, coupling explanations to domain knowledge and thereby increasing perceived intelligibility [186,
187]. The trade-off is human cost: real-time oversight demands time, introduces inter-observer variability, and, according to
workload meta-analyses, risks cognitive overload in busy imaging services [188]. Hybrid AI seeks a middle ground: symbolic
knowledge graphs or rule engines provide rule-level, causally explicit justifications, while statistical components supply
pattern-recognition power. Recent lung-cancer decision-support prototypes demonstrate that such architectures can surface
counterfactual or "why-not" explanations absent from purely neural models [189, 190]. However, stitching symbolic and
subsymbolic layers together introduces opaque interfacing code and brittle, manually curated knowledge bases, limiting end-
to-end interpretability when either layer drifts. UQ adds an additional interpretability dimension by quantifying the model’s
confidence for each prediction, allowing clinicians to link explanatory content to reliability signals. This dual-layer view can
help identify when apparently plausible explanations coincide with low confidence, prompting cautious interpretation and
targeted follow-up.

Taken together, the evidence delineates a four-way trade-off. XAI provides the clearest mechanistic insight, yet its
explanations can be unstable; HITL yields the greatest contextual intelligibility, though at a high human-resource cost; Hybrid
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AI achieves the broadest logical coverage, but only with considerable architectural complexity; and UQ enhances
transparency by coupling interpretability with calibrated confidence, though its outputs require careful communication to
avoid misinterpretation. Accordingly, adopting—or judiciously combining—these approaches should hinge on the
transparency demands, workload constraints, knowledge-maintenance capacities, and confidence-calibration needs of the
intended clinical workflow.

7.1.2 Decision Robustness & Accuracy
Explainability, human oversight, neurosymbolic fusion, and uncertainty quantification each bolster predictive performance—
but along different fault lines. XAI improves indirect robustness: attribution heatmaps and SHAP profiles expose spurious
shortcuts, allowing developers to excise confounders and lift top-1 accuracy by ≈ 3–12 percentage points in recent imaging
benchmarks. Yet the same saliency methods are notoriously brittle; minimal pixel-level perturbations can flip an “important”
region, leaving clinicians unsure which attribution to trust [191]. Embedding a HITL checkpoint delivers the most immediate
accuracy gains. A 2024 meta-analysis of 36 imaging studies found that AI-assisted readers achieved a pooled relative
sensitivity of 1.12 while maintaining specificity, cutting false-negatives without inflating false-positives [188]. Subsequent
surveys of radiology practice corroborate these findings, reporting lower miss rates when algorithms act as a concurrent or
second reader, but also documenting fatigue-related slips when case volumes exceed human capacity [192]. Hybrid AI offers
edge-case resilience: lung-cancer decision-support prototypes that integrate knowledge-graph reasoning with CNN detectors
show 5–9% accuracy uplifts on rare-variant cohorts relative to deep-learning baselines [148, 193]. The trade-off is
engineering debt: rule drift and interface bugs can erode performance if the symbolic layer is not continuously curated. UQ
enhances robustness by flagging low-confidence or out-of-distribution predictions, prioritising them for human review to
reduce overconfident errors and improve calibration across diverse patient cohorts. However, its impact depends on the
availability of standardised calibration metrics and the integration of uncertainty outputs into time-sensitive clinical
workflows.

In sum, XAI contributes diagnostic auditability, HITL supplies real-time corrective power, Hybrid AI provides structural
generalisation, and UQ underpins calibrated decision-making by aligning model confidence with clinical risk tolerance.
Clinicians must balance these levers against available staff, data quality, and maintenance resources when optimising for
decision robustness in specific care pathways.

7.1.3 Integration into Clinical Workflow
Successful deployment hinges less on algorithmic brilliance than on how seamlessly the tool slots into everyday clinical
routines. In prototype work on an explainable-ML decision‐support panel for COVID-19 triage, Shulha et al. [194] showed that
embedding design-thinking workshops with front-line physicians was decisive: saliency-based explanations were reshaped
three times before clinicians judged them actionable, and the resulting interface was adopted for a six-week pilot without
extra training sessions. By contrast, large-scale evaluations of human-AI co-reading in imaging reveal a different bottleneck:
although reader‐pairing with an AI assistant cut miss-rates and saved a median 12% of interpretation time, throughput gains
flattened once case volume exceeded the supervisor's capacity, leading to ‘alert fatigue’ after roughly 50 studies per shift
[188]. Integration at an institutional scale also demands plumbing: a 2024 Radiology primer catalogues how DICOM-WADO,
HL7 FHIR, and IHE "AI Results" profiles are now mandatory for fault-tolerant routing of algorithm outputs into PACS and
electronic health-record timelines—standards most commercial XAI dashboards still ignore [195].1 Hybrid systems add yet
another layer: a recent framework [143] that integrate knowledge-graph rules with a CNN for COVID-19 CT scans achieved
seamless read-back of symbolic justifications into radiology reports, but only after a dedicated ontology team updated the
graph weekly to mirror guideline changes, underscoring the maintenance burden of neurosymbolic pipelines. UQ introduces
its own integration considerations: uncertainty maps or case-level confidence scores must be rendered in formats
compatible with clinical image viewers or EHR dashboards, and their presentation tuned to avoid misinterpretation under
time pressure. Early deployments using Bayesian neural networks or Monte Carlo Dropout have shown that flagging high-
uncertainty cases can improve triage prioritisation and guide secondary review, but also revealed that without standardised
visual conventions and workflow hooks, these signals risk being ignored or misunderstood by busy clinicians.
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Overall, the findings delineate a graduated spectrum of implementation effort: XAI-centered applications are incorporated
most readily when co-designed with frontline users; HITL configurations call for staffing models calibrated to workload
demands; Hybrid AI delivers the most comprehensive bedside narrative, albeit at the cost of continuous knowledge-base
maintenance and rigorous interoperability governance; and UQ demands careful interface design and standardisation to
ensure its confidence signals are actionable and trusted within routine care.

7.1.4 Scalability & Resource Demands
Post-hoc explainability layers are not free of computational cost. Saliency methods such as Integrated Gradients or the multi-
segmentation pipeline evaluated in the ODExAI benchmark require multiple forward and backward passes, increasing GPU
time by an order of magnitude and pushing real-time inference out of reach for resource-constrained hospitals [196].
Experimental “fast-XAI” toolkits can cut this overhead, yet they do so by caching intermediate activations or pruning
resolution—techniques that are still difficult to generalise across diverse imaging protocols [197]. Hence, XAI scales well only
when the clinical service can tolerate the extra compute or when batch explanations can be generated offline.

HITL configurations shift the bottleneck from silicon to staffing. A 2024 meta-analysis of 36 radiology studies showed that
human-AI co-reading reduced average interpretation time by 27%, but the same review warned that gains plateau once daily
volume approaches the supervising clinician’s cognitive limit [188]. Qualitative work in critical-care units echoes this pattern:
AI dashboards eased nurse workload only when shift ratios were adjusted to absorb the new verification tasks [198]. In other
words, scaling HITL beyond pilot wards requires workload-aware scheduling and sustained training budgets.

Hybrid AI systems face a different ceiling: knowledge-base maintenance. A recent Frontiers survey on patient-centric
knowledge graphs catalogued the labour needed for ontology alignment, term curation, and version control, noting that graph
upkeep, not initial graph-building, dominates annual costs in large hospitals [199]. Automation frameworks such as the M-
KGA pipeline cut manual linking time by 40% in test deployments, yet still rely on domain experts for weekly validation of new
edges before clinical release [200]. The symbolic layer, therefore, becomes the rate-limiting step when rolling Hybrid AI
across multiple sites.

UQ introduces scalability constraints: Bayesian neural networks, Monte Carlo Dropout, and deep ensembles require multiple
stochastic forward passes or model replications, thereby significantly increasing inference latency and computational cost.
While lightweight conformal predictors and approximate Bayesian methods can reduce this burden, they often trade off
calibration quality or uncertainty resolution. Moreover, integrating uncertainty visualisations into PACS or EHR systems at
scale requires interface standardisation and clinician training; without these, the confidence signals risk being ignored or
misinterpreted in high-throughput settings.

In summary, XAI’s scalability is principally limited by computational capacity, HITL’s by the availability of skilled human
oversight, Hybrid AI’s by the scope and maintenance of knowledge-engineering infrastructure, and UQ’s by the computational
overhead of uncertainty estimation and the operational challenge of embedding its outputs into routine workflows.
Consequently, selecting—or judiciously combining—these approaches necessitates a precise appraisal of the resource
constraints that most acutely affect the institution.

7.1.5 Safety, Accountability & Compliance
Modern regulation treats explainability, human oversight and traceable logic as complementary pillars of clinical-grade
safety. The EU AI Act classifies most diagnostic and therapeutic algorithms as "high-risk," mandating demonstrable
transparency, risk-management and post-market monitoring [201]; parallel draft FDA guidance for AI-enabled devices
explicitly calls for human-factors analysis and life-cycle safety files, while ISO 81001-5-1 and IEC 60601-4-5 extend these
duties to cybersecurity and software maintenance. These instruments set the compliance backdrop against which XAI, HITL
and Hybrid solutions must be judged [202, 203].

XAI: Saliency-based and surrogate-model techniques satisfy auditors' demand for algorithmic traceability and can expose
spurious shortcuts before deployment—an advantage repeatedly highlighted in systematic reviews of medical XAI [5]. Yet
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empirical studies show that small input perturbations or adversarial noise can invert these heat-maps, undermining reliability
and, by extension, legal defensibility if a harm event is litigated [204, 205].

HITL: Placing clinicians in the decision loop shifts primary accountability to the human operator, aligning with WHO and NHS
guidance that "AI augments, never replaces, professional judgment" [206]. Controlled trials report lower miss-rates when
experts override doubtful machine outputs, but the same studies document confirmation bias and alert-fatigue once case
loads exceed cognitive limits—risks that regulators increasingly ask sponsors to quantify in real-world evidence packages
[207].

Hybrid AI: By combining symbolic rules with statistical learners, hybrid systems furnish rule-level justifications that map
neatly onto clinical guidelines, a feature regulators view favourably when tracing root cause during adverse-event
investigations [208]. However, every rule update introduces a validation burden; surveys of knowledge-graph deployments
show that ontology maintenance quickly becomes the dominant safety-engineering cost. Early FDA feedback indicates that
sponsors must document change-control procedures for both the neural and symbolic layers, complicating submissions
even as the approach promises richer accountability [209].

UQ: By quantifying model confidence, UQ can help satisfy emerging regulatory calls for reliability metrics alongside
explanations. Techniques such as Bayesian neural networks, Monte Carlo Dropout, and conformal prediction can generate
per-case or per-region confidence scores, enabling developers to document when the system “knows what it doesn’t know”
and to flag outputs requiring human review. This capability aligns with the EU AI Act’s emphasis on risk management and
with FDA expectations for performance characterisation across varying input conditions. However, regulators may require
sponsors to validate the calibration of these uncertainty estimates, standardise their presentation in clinical interfaces, and
maintain post-market surveillance on their stability—adding a compliance workload similar to that for explanation methods.

7.2 When/Where Each Is Most Useful in Healthcare Workflows
Evidence from recent deployments delineates three clinical niches, each favouring a different trustworthiness pathway. High-
volume, time-critical screening—for instance, population mammography—benefits most from lightweight XAI overlays:
saliency maps or feature-attribution cues enable technologists to verify thousands of images per shift while reducing miss
rates by surfacing the lesion voxels that drive the algorithmic alert [210]. Acute, high-stakes decision points in emergency
settings require a HITL configuration; bedside audits in stroke and trauma care show that retaining a clinician in the loop
shortens diagnostic turnaround and preserves legal accountability, provided that interface design mitigates cognitive
overload [211]. Multi-modal, guideline-driven reasoning and data-sparse edge cases—tumour-board deliberations or rare-
disease work-ups—are best served by Hybrid AI: neurosymbolic systems that fuse knowledge-graph rules with deep learners
deliver guideline-aligned explanations and maintain accuracy when evidence is scarce or heterogeneous [212]. UQ offers
cross-cutting value across these niches by quantifying model confidence and flagging borderline or out-of-distribution cases
for human review. In screening workflows, well-calibrated uncertainty estimates can prioritise ambiguous studies for
secondary reads, optimising reader time. In acute HITL settings, real-time confidence scoring can help triage which AI
suggestions require immediate clinician override. In Hybrid AI use cases, uncertainty measures can inform the relative weight
to be assigned to symbolic rules versus statistical predictions when evidence is incomplete, thereby supporting more
defensible decision-making in rare or heterogeneous cases. Figure 10 illustrates how the core needs of trustworthiness map
to these methods.

7.2.1 High-Volume, Time-Critical Screening
High-volume, time-critical screening programmes—mammography, chest radiograph triage, and community diabetic
retinopathy checks—prioritise sheer throughput, so the most pragmatic trustworthiness lever is a lightweight XAI overlay that
can be vetted in seconds. In German national breast-screening data (> 460 000 women), an AI reader that highlighted
suspicious pixels for the supervising radiologist raised the cancer-detection rate by 17.6% without increasing recalls, while
freeing one of the two mandated human readers in 30% of cases [213]. Saliency-map studies on 191 confirmed cancers
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further show that technologists can reject 18–25% of false-positive heat maps with < 30 seconds of review time, preserving
workflow speed [210]. A Catalan primary-care study validates an AI with 0.95 accuracy that labels normal films and flags its
own blind spots, allowing non-radiologist clinicians to clear half of daily films unaided [214]. In ophthalmology, an
interpretable retinopathy model that visualises micro-aneurysm clusters achieved 94% diagnostic accuracy and increased a
nurse-led screening hub's daily throughput from 160 to 240 patients without eroding grader confidence [215]. In these
settings, lightweight UQ can further streamline throughput by automatically flagging borderline or low-confidence cases for
secondary review, ensuring that human attention is reserved for studies most likely to benefit from expert adjudication
without slowing the bulk of clear-cut cases. Across these settings, rapid, visually transparent cues—not deep collaborative
interfaces—prove decisive for keeping mass-screening lines moving while still giving operators a defensible glimpse into the
model’s reasoning.

7.2.2 Acute, High-Stakes Decision Points
In resuscitation bays, stroke suites and critical-care pods, every minute shaved from diagnosis or intervention translates into
measurable survival gains; here, systems that leave the clinician inside the control loop consistently outperform stand-alone
automation. Multi-center stroke networks that coupled AI large-vessel-occlusion alerts with mandatory neuroradiologist sign-
off cut median door-to-needle time by 22 minutes and door-to-puncture time by 86 minutes, without sacrificing accuracy
[216]. The VALIDATE registry extended these findings to 41 hospitals, showing faster escalation to interventionalists when an
AI-driven coordination app was supervised by on-call physicians rather than acting autonomously [217]. Similar patterns
appear in trauma care: a paediatric resuscitation study found that surgeons given real-time AI recommendations for blood
transfusion or neurosurgical intervention made correct life-saving decisions 18% more often than those given raw predictions
alone, but only when the interface allowed instant override and narrative justification [218]. In adult poly-trauma [219], a
smartphone HITL tool predicting massive transfusion needs proved feasible in field trials and was accepted by paramedics
because it fitted existing hand-off protocols rather than replacing them. Integrating real-time UQ in these HITL tools can help
triage which AI alerts require immediate override versus those that can be trusted as-is, reducing cognitive overload and
prioritising scarce attention for high-uncertainty, high-risk cases. Collectively, these studies underscore that in adrenaline-
charged settings, the optimal configuration is neither raw autonomy nor explanation-only XAI, but a HITL architecture that
balances algorithmic speed with human judgment, supported by interfaces expressly designed to minimise cognitive
overload and preserve legal accountability.

7.2.3 Multi-Modal, Guideline-Driven Reasoning or Data-Sparse Edge
Cases
When clinical decisions hinge on the fusion of heterogeneous evidence or on conditions too rare for purely data-driven
learning, neurosymbolic—or "Hybrid"—architectures provide a decisive advantage. A recent lung-cancer study integrated CT-
radiomics features with a treatment-pathway knowledge graph; the system nudged tumour-board consensus on stage-
specific therapy from 74% to 89% while retaining a fully traceable rule chain that satisfied audit requirements [148]. For rare
diseases, where sample sizes are tiny and phenotypes heterogeneous, Hybrid pipelines that marry ontological rules with
deep encoders now outperform stand-alone networks by 8–12% in top-1 diagnostic accuracy, according to both a 2025 case-
series on lysosomal-storage disorders [220] and a knowledge-guided retrieval study that layers Retrieval-Augmented
Generation on Electronic Health Records [221]. Crucially, frameworks such as TrustKG demonstrate that embedding symbolic
reasoning modules yields counterfactual ("why-not") explanations aligned with practice guidelines, bolstering clinician trust
in low-evidence scenarios [189], while ontology-aware update engines can automatically refresh rule sets as
recommendations evolve, mitigating the maintenance burden traditionally associated with symbolic systems [148]. In such
data-sparse and multi-modal contexts, UQ can dynamically weight contributions from symbolic and statistical components,
signalling when confidence is low so that human experts can interrogate the reasoning chain more deeply before acting.
Collectively, these results show that Hybrid AI is uniquely positioned to deliver reliable, guideline-conformant support
precisely where data scarcity or multimodal complexity would undermine the effectiveness of either XAI overlays or pure
HITL supervision alone.
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7.2.4 A Pragmatic Guideline for Method Selection
To aid practitioners in selecting the most appropriate human-centered AI method for a given healthcare application, we
propose a decision framework. This framework guides the selection of the optimal trustworthy AI technique based on
specific clinical needs and situational context, as illustrated in Fig. 11. This pragmatic guideline begins by determining
whether understanding the AI's internal decision-making process is necessary. If such transparency is paramount, the
subsequent consideration is whether active human oversight and intervention are required for critical decisions, which would
necessitate a HITL system. If only an understanding of the model's rationale is needed without direct intervention, XAI is the
more suitable choice. Conversely, if insight into the AI's process is not the primary concern, the decision pathway shifts. The
need to quantify the certainty of AI predictions underscores the use of UQ techniques. In scenarios where neither
transparency nor uncertainty quantification is the primary driver, but the goal is to synergize AI model capabilities with human
expertise or existing rule-based systems, a Hybrid AI approach is the most effective solution.

7.3 Intersections and Synergies
Harnessing the complementary strengths of distinct trustworthiness pathways yields three recurring synergies. First, XAI-
enhanced HITL oversight deploys saliency maps, SHAP profiles, and counterfactuals as an interactive conduit between
algorithm and clinician, expediting challenge or override while significantly reducing confirmation bias in prospective imaging
audits [222]. Second, coupling XAI with calibrated UQ imposes explicit confidence bounds on persuasive visual explanations:
feature attributions are displayed only when epistemic uncertainty surpasses a predefined threshold, curbing over-reliance
and prompting more rigorous scrutiny of borderline sepsis alerts [25]. Third, iterative HITL feedback can be assimilated into
Hybrid AI rule bases, whereby recurrent clinician edits are formalised as knowledge-graph triples or production rules,
incrementally enriching neurosymbolic reasoning without full model retraining and enhancing alignment with evolving clinical
guidelines [16]. These integrations advance trustworthiness from a collection of isolated techniques to a cohesive, adaptive,
and human-centered ecosystem.

7.3.1 XAI-Driven HITL Oversight
Embedding interpretable attribution layers within HITL pipelines transforms explanations from passive visual aids into active
dialogue prompts between clinician and model. Prospective imaging audits show that when saliency maps or SHAP plots
accompany each chest radiograph suggestion, radiologists are 23% more likely to challenge discordant outputs and 18% less
likely to accept false positives, without prolonging mean reading time [188]. Experimental work with intentionally biased
brain-MRI classifiers further demonstrates that counterfactual explanations reduce confirmation-bias errors by one-third,
provided the interface permits single-click override and mandatory rationale logging [223, 224]. The evidence suggests that
integrating real-time interpretability with clinician oversight not only expedites verification processes but also operationalises
clinical intuition as a systematic defence against model bias and adversarial perturbations.

7.3.2 XAI + UQ
Integrating calibrated uncertainty signals with post-hoc explanations addresses a persistent weakness of standalone XAI—
clinicians' tendency to over-trust visually persuasive but low-fidelity attributions. Selective-explanation frameworks that reveal
saliency maps only when epistemic uncertainty falls below a predefined threshold preserved 95% of clinically actionable
findings in a 40-center chest-radiograph cohort while reducing false-positive acceptances by almost one-third [225]. In sepsis
early-warning workflows, coupling SHAP heat-maps with Monte-Carlo-Dropout confidence bands prompted physicians to
seek chart review for borderline alerts nearly twice as often, cutting premature antibiotic starts by 14% without delaying
intervention times [226]. Controlled experiments in breast-cancer decision support further show that displaying confidence
scores alongside explanations moderates over-reliance and improves diagnostic accuracy, albeit at the cost of modest
increases in cognitive load [227]. These results reframe UQ as an active gating and triage mechanism for XAI, aligning
explanation delivery with both the reliability of the model’s inference and the clinician’s tolerance for risk.

7.3.3 HITL Feedback & Hybrid AI Refinement
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Hybrid frameworks can convert local, episodic corrections that arise in HITL deployment into global, persistent knowledge by
formalising them as symbolic rules or knowledge graph triples. In the SKI-SKE "closed loop" proposed by Sirocchi et al. [228],
every clinician overrides triggers symbolic-knowledge extraction from the trained network, followed by re-injection of the
distilled rule set—an iterative process that cuts false-negative diabetes predictions by 18% while raising rule-level
explainability scores in a prospective test set. Systematic reviews of HITL-ML likewise underscore that interactive machine-
teaching paradigms can distil expert feedback into compact rule bases, accelerating convergence and improving sample
efficiency in data-sparse tasks [229]. Prototype sepsis-knowledge graphs built with GPT-4 have operationalised a similar
pipeline: bedside edits are captured as natural-language rationales, auto-parsed into Resource Description Framework (RDF)
triples, and then fed back to the reasoning engine [230]. Adding UQ to this refinement loop enables selective incorporation of
human edits from high-uncertainty instances, ensuring that scarce expert input is channelled toward the cases most likely to
yield meaningful improvements in both symbolic and statistical components. Collectively, these studies show that HITL
feedback is not merely a safety net but a renewable source of structured domain knowledge, enabling Hybrid AI systems to
evolve in lock-step with clinical practice while keeping maintenance overhead manageable.

8. Challenges and Future Directions
While significant progress has been made in the development of trustworthy AI systems in healthcare, the pathway to real-
world, human-centered deployment remains hindered by multidimensional challenges [231]. This section outlines the key
obstacles and future priorities across six critical domains: technical limitations, ethical and regulatory tensions, human
factors, emerging trends, research gaps, and policy integration.

8.1 Technical Challenges: Data Quality, Robustness, and Systems
Integration
Despite the proliferation of AI applications in healthcare, limitations in data and robustness continue to constrain scalability
and generalizability [232]. Clinical datasets often suffer from sparsity, demographic imbalance, and label inconsistency,
particularly in rare disease contexts and underserved populations [233]. Multi-institutional data heterogeneity further
complicates model transferability and reproducibility.

Moreover, AI models remain vulnerable to distributional shifts [234], adversarial perturbations [235], and out-of-distribution
(OOD) inputs [236], with post-hoc explainability methods (e.g., saliency maps) [61] and UQ techniques (e.g., Monte Carlo
dropout) [237] often producing unstable or misleading outputs in ambiguous scenarios. For instance, small perturbations in
imaging data can lead to contradictory visual attributions, undermining clinician trust and interpretive value [238].

Integrating explainability, HITL, hybrid reasoning, and UQ into a cohesive clinical-grade system remains an engineering and
design challenge [45, 165, 190, 239]. Symbolic knowledge bases require constant maintenance; real-time HITL workflows
demand efficient and intuitive interfaces [240]; and multimodal data fusion adds significant complexity. These barriers are
particularly acute in resource-constrained healthcare settings, where computational and staffing limitations add further
constraints.

8.2 Ethical and Regulatory Considerations
AI deployment in clinical settings must contend with growing concerns about fairness, transparency, and accountability.
Emerging evidence suggests that XAI methods may produce "fidelity gaps"—systematic disparities in explanation quality
across subgroups—potentially reinforcing existing healthcare inequities [241]. Similarly, HITL frameworks, while enabling
human oversight, risk introducing confirmation bias, alert fatigue, or inconsistent decision behavior under cognitive stress
[242, 243].

On the regulatory front, frameworks such as the EU AI Act, the FDA's Good Machine Learning Practice guidance, and
standards like ISO 81001-5-1 and IEC 62304 increasingly mandate explainability, lifecycle monitoring, and human agency
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[244]. However, no global consensus yet exists on quantitative metrics to evaluate explanation quality, UQ calibration, or HITL
interaction fidelity [245–247]. The lack of standardized protocols delays approval processes and impedes cross-jurisdictional
deployment.

8.3 Human Factors: Trust, Usability, and Workflow Alignment
Trust in AI systems is not solely a function of technical accuracy but is deeply shaped by user perception, interface design,
and workflow integration. Studies have shown that clinicians are more likely to trust and appropriately engage with AI outputs
when uncertainty and explanation cues are presented clearly and contextually [122, 248, 249].

However, poorly calibrated alerts, “black-box” recommendations [250]Intuitive interfaces often lead to alert fatigue, clinician
disengagement, or blind over-reliance. In HITL scenarios, interaction design must actively mitigate cognitive overload while
delivering actionable, timely insights. Similarly, UQ outputs should be integrated into decision-making pathways only when
they enhance understanding and support safe deferral or escalation, rather than introducing ambiguity.

Education and training remain critical: clinicians must be equipped not only to interpret AI outputs but to evaluate them
critically, especially under conditions of uncertainty or disagreement with clinical intuition [124, 251].

8.4 Emerging Trends: Multimodal AI and Continual Learning
The next frontier in healthcare AI involves multimodal systems [252] that integrate data from imaging, electronic health
records, genomics, sensor streams, and natural language inputs [253–256]. While such systems offer richer clinical context
and improved performance in certain tasks, they also introduce new challenges related to data alignment, model
synchronization, and interpretability consistency [253, 257].

Parallel advances in continual learning [258] and adaptive personalization are gaining attention as solutions to model
degradation over time. However, most current systems lack mechanisms for safe online adaptation [259]. Without methods
such as active learning [260, 261], drift detection [262], or uncertainty-guided feedback loops [7]AI systems risk becoming
unsafe in dynamic clinical environments.

The integration of large language models (LLMs) into clinical decision-support tools, such as Med-PaLM [263], BioGPT [264],
and GatorTron [265]—has opened new possibilities for text generation, reasoning, and multi-turn interaction, but these
models remain prone to hallucination, bias, and limited calibration—issues that must be addressed through hybrid
approaches and guardrails [266, 267].

8.5 Research Needs for Human-Centered Trustworthiness
To transition from research prototypes to clinically dependable systems, several research directions warrant urgent attention:

Standardized evaluation protocols for explanation fidelity, UQ calibration, HITL effectiveness, and system usability [268,
269].

Interactive and adaptive interfaces that tailor AI outputs to different user roles (e.g., clinicians, nurses, patients) and
tasks (e.g., triage, diagnosis, monitoring) [270, 271].

Participatory design and human-centered methodologies, including co-design workshops and iterative usability testing
within clinical environments [272–275].

Formal models of trust and accountability, incorporating insights from psychology, organizational theory, and ethics
[276, 277].

Benchmarking frameworks that assess system performance under adversarial conditions, longitudinal data drift, and
rare-event scenarios [278–280].

These research threads should be guided by a comprehensive view that balances algorithmic performance, social values,
and institutional requirements.
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8.6 Policy and Clinical Integration Outlook
To enable the sustained and safe integration of AI into clinical workflows, policymakers and institutions must establish
supportive infrastructure and governance mechanisms:

Data governance frameworks ensuring patient privacy, consent, and data provenance [281–283].

Interoperability standards (e.g., HL7 FHIR, DICOM SR) to integrate AI outputs with electronic health records and clinical
information systems [284–286].

Workforce and staffing models that support human-in-the-loop oversight without overburdening clinicians [287, 288].

Clinical guidelines and pathways that formally incorporate AI-based recommendations while maintaining clinician
autonomy and legal accountability [289–291].

Educational and credentialing frameworks to cultivate AI literacy, interpretability awareness, and critical engagement
among healthcare professionals [292–295].

Ultimately, the adoption of hybrid governance models—which combine human judgment with algorithmic support, and
dynamic regulation with robust accountability—will be essential. By aligning technological capability with ethical
responsibility and clinical relevance, healthcare AI can move from pilot projects to trusted infrastructure.

9. Conclusion
Trustworthy AI in healthcare must go beyond accuracy—it requires systems that are transparent, trustworthy, and centered
on human needs. This paper examined four key pathways toward this goal: Explainable AI (XAI), Human-in-the-Loop (HITL),
Hybrid AI, and Uncertainty Quantification (UQ). Each approach contributes uniquely: XAI improves interpretability, HITL
embeds clinical expertise, Hybrid AI combines learning with logic, and UQ helps calibrate trust. While powerful in their own
right, their real strength lies in thoughtful integration, forming a human-centered ecosystem in which AI supports rather than
replaces clinical judgment. Despite progress, challenges remain—from data limitations and usability concerns to regulatory
and ethical demands. Moving forward, successful AI systems will need to be co-designed with clinicians, aligned with
healthcare standards, and evaluated not only for performance but also for safety, transparency, and trust. Ultimately, building
reliable healthcare AI is not just a technical task—it is a shared responsibility across disciplines, ensuring that innovation
serves both patients and professionals in meaningful, responsible ways.
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Footnotes
1. Abbreviations: DICOM-WADO = Digital Imaging and Communications in Medicine – Web Access to DICOM Objects; HL7

FHIR = Health Level Seven Fast Healthcare Interoperability Resources; IHE = Integrating the Healthcare Enterprise; PACS 
= Picture Archiving and Communication System.
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Figure 1

Human-Centered Pathways to Trustworthy AI in Healthcare.
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Figure 2

Systematic study of inclusion and exclusion of research articles.
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Figure 3

Study selection process flow diagram.
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Figure 4

Publication trend chart (2015–2025) for four pathways based on keyword searches. The annual number of included studies
is displayed on (a) a linear scale and (b) a logarithmic scale to highlight comparative growth.

Figure 5

The difference between an intrinsically explainable model (e.g., a decision tree) and a post-hoc interpretable model. "F"
stands for feature, and "C" stands for class.
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Figure 6

A statistical summary of the reviewed literature on XAI in healthcare.
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Figure 7

A conceptual model of the HITL workflow for developing a clinical decision support system.

Figure 8
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Hybrid AI workflow: multimodal healthcare data pass through Representation (symbolic↔neural), Learning (joint training),
Reasoning (bidirectional inference), and Decision-making (fusion for explainable outputs).

Figure 9

Simplified UQ workflow for healthcare AI: a central UQ Hub feeds four method categories.


