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Abstract
Explainable artificial intelligence (XAI) is increasingly applied to radiological imaging to improve the transparency of artificial intelligence
systems. However, the clinical usefulness of many XAI approaches remains uncertain because computational explanations are not always
aligned with radiological reasoning, user requirements, workflow, or governance needs. This study aimed to map recent XAI research in
radiological imaging, identify gaps in the clinical translation of explanations, and develop an integrative framework for clinically oriented XAI.
A systematic scoping review was conducted following the Arksey and O’Malley framework and subsequent refinements, with reporting
guided by PRISMA-ScR. MEDLINE/PubMed, Scopus, Web of Science Core Collection, IEEE Xplore, ACM Digital Library, and Embase via Ovid
were searched for peer-reviewed studies published between January 2020 and June 2026. Eligible studies applied identifiable XAI
approaches to radiological or clinically relevant medical imaging and reported information concerning explanations or their evaluation.
Evidence was descriptively mapped and thematically synthesized according to XAI methods, clinical applications, explanation evaluation,
clinical translation, usability, workflow integration, and governance. The evidence demonstrated substantial methodological diversity across
imaging modalities, clinical tasks, AI architectures, and XAI approaches. This includes gradient-based, perturbation and feature-based,
attention-based, prototype and concept-based, counterfactual, and inherently interpretable approaches. However, explanation evaluation was
predominantly model-centered, with comparatively limited assessment of clinical understanding, relevance, usefulness, and integration into
radiological decision-making. A recurring clinical translation gap was identified between computational outputs, such as heatmaps and
feature-attribution representations, and the anatomical, morphological, and diagnostic concepts used in radiological reasoning. Workflow,
usability, human oversight, and governance were also inconsistently integrated into XAI evaluation. These findings indicate that the principal
challenge in radiological XAI is not the absence of explanation techniques but the lack of an integrated process for selecting, translating,
evaluating, and documenting explanations according to clinical context. To address this gap, the Explainability–Radiology AI Integration
(XRAI) Framework was developed, comprising six linked layers: clinical context profiling, XAI method selection, explanation generation,
clinical translation, usability validation and feedback, and regulatory compliance logging. XRAI provides a conceptual and a transparent basis
for connecting computational explainability with clinically meaningful and accountable radiological practice. Further empirical evaluation is
required to establish its effectiveness across clinical tasks, imaging modalities, user groups, and deployment environments.

1 Introduction
Artificial intelligence (AI) is increasingly used to support the interpretation of medical images [1]. Radiology has been an important area for
this development because clinical practice generates large volumes of structured image data from computed tomography (CT), magnetic
resonance imaging (MRI), radiography, positron emission tomography (PET), ultrasound, and other modalities [2], [3]. Deep learning models
have demonstrated strong performance in several radiological tasks, including lesion detection, disease classification, and image-based risk
assessment [4], [5]. These results show the technical potential of AI in diagnostic imaging. However, high predictive performance alone does
not ensure safe or effective clinical use [6].

A major challenge is that many high-performing AI models are difficult to interpret. Deep neural networks learn complex relationships
through multiple nonlinear layers, making it difficult for clinicians to determine why a particular prediction was produced [7], [8]. This creates
an important problem in radiology. A radiologist may receive a correct AI prediction but still need to know which image findings contributed
to that prediction, whether those findings are clinically plausible, and whether the model may have relied on irrelevant features [9]. This
information is particularly important when AI is used in situations where an incorrect result can lead to delayed diagnosis, unnecessary
investigation, or inappropriate treatment [10], [11]. Explainable artificial intelligence (XAI) has therefore emerged as an important approach
for improving the transparency of medical AI systems.

A wide range of XAI methods have been applied to medical imaging. Gradient-based approaches, including Gradient-weighted Class
Activation Mapping (Grad-CAM) and related methods, are commonly used to identify image regions associated with a model prediction [12].
Perturbation- and feature-based methods such as Local Interpretable Model-agnostic Explanations (LIME) and SHapley Additive
exPlanations (SHAP) provide alternative forms of attribution. Attention-based methods, prototype-based approaches, concept-based
explanations, and counterfactual methods have also been explored [13], [14]. These techniques can provide useful information about model
behavior, but the presence of an explanation does not necessarily mean that the explanation is clinically useful [15].

The distinction between technical explanation quality and clinical usefulness is particularly important in radiology [16]. Many XAI studies
evaluate explanations using measures related to model behavior or visual characteristics. In contrast, fewer studies examine whether
radiologists can understand the explanation, whether it corresponds to clinically meaningful findings, or whether it improves decision-
making [17], [18]. A visually plausible heatmap, for example, may show where a model responded strongly without explaining why that region
matters clinically. Similarly, a feature-importance score may identify influential image features without indicating how those features relate to
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the anatomical and diagnostic concepts used in routine radiological reporting [19]. Thus, an explanation can be technically faithful to a
model while remaining difficult to interpret or act upon in clinical practice [20].

This problem reflects a broader clinical translation gap between XAI outputs and radiological reasoning. Radiologists communicate findings
using structured clinical concepts that include anatomical location, density or signal characteristics, lesion margins, enhancement patterns,
distribution, and differential diagnosis [10], [18]. In contrast, many XAI systems produce heatmaps, activation maps, feature-importance
rankings, attention scores, or other computational artefacts [21]. These outputs are valuable for analyzing model behavior, but they are not,
by themselves, clinical statements. A heatmap indicating activation in the left perihilar region, for example, does not directly communicate
whether the model is responding to consolidation, a mass, vascular anatomy, or another feature relevant to diagnosis [19], [21]. The gap
between these two forms of information has received limited systematic attention in existing literature [22], [23].

Clinical deployment also requires consideration of workflow, human oversight, safety, and governance [9]. The evaluation of healthcare AI
therefore needs to extend beyond model accuracy and include clinical context, stakeholder involvement, usability, and evidence of safety and
utility [24], [25]. Regulatory developments have further increased the need for transparent and auditable AI systems [26]. Frameworks and
principles addressing responsible AI, including the World Health Organization guidance on ethics and governance of AI for health and
emerging regulatory requirements such as the European Union Artificial Intelligence Act, emphasize transparency, human oversight,
accountability, and appropriate risk management [24], [27]. Yet regulatory and governance considerations remain poorly integrated into much
of the XAI literature in diagnostic imaging.

Taken together, these issues suggest that the main challenge is no longer simply how to generate an explanation. The more important
question is how to select, generate, translate, evaluate, and document an explanation that is appropriate for a specific radiological task and
its intended user [28]. Current research tends to address individual components of this problem rather than providing an integrated approach
that connects XAI methods with clinical context, radiological language, usability, and governance [9], [21], [23].

To address this gap, the present study conducted a systematic scoping review of peer-reviewed research on XAI in radiological imaging
published between January 2020 and June 2026. The review maps the use of XAI methods across imaging modalities and clinical tasks and
examines how explanations have been evaluated.

Attention is given to the relationship between technical explanation measures and clinical evaluation, the translation of XAI outputs into
radiological concepts, and the consideration of regulatory requirements. The synthesis is then used to identify structural gaps that limit the
clinical integration of XAI. Based on these findings, we propose the Explainability–Radiology AI Integration (XRAI) Framework, a context-
aware framework designed to connect computational explanations with clinical radiological reasoning. XRAI consists of six linked layers.
Clinical context profiling, XAI method selection, explanation generation, clinical translation, usability validation and feedback, and regulatory
compliance logging. The framework is intended to move XAI from the production of isolated explanation artefacts toward a more structured
process in which explanations are selected according to clinical context, translated into clinically meaningful information, evaluated by
intended users, and documented for accountability.

The contribution of this study is therefore threefold. First, it provides a cross-method and cross-modality map of recent XAI research in
diagnostic imaging. Second, it identifies the clinical translation gap as a central limitation in moving XAI outputs from technical research
settings into radiological practice. Third, it introduces and expert-evaluates the XRAI Framework as a structured approach for addressing this
gap while incorporating usability and governance considerations. The framework is intended not as a replacement for individual XAI
techniques, but as an integration layer that helps determine when and how different explanation approaches should be used in clinical
radiology.

2 Methods

2.1 Study design
A scoping review was conducted to map the current evidence on explainable artificial intelligence (XAI) in radiological imaging and to
identify gaps relevant to clinical translation. A scoping review was selected because the literature spans computer science, biomedical
engineering, clinical radiology, and health informatics and includes heterogeneous study designs, XAI methods, imaging modalities, and
evaluation approaches [29], [30].

The review followed the methodological framework of Arksey and O’Malley, with subsequent refinements proposed by Levac et al. [31], [32].
Reporting was guided by the Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews (PRISMA-
ScR) [33], with additional reporting elements informed by PRISMA 2020 [34].
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The review protocol was not prospectively registered. However, the review question, eligibility criteria, database selection, data extraction
categories, and synthesis strategy were defined before the literature search. No patient-level data or clinical records were used.

2.2 Review question and scope
The review was structured using the Population–Concept–Context (PCC) framework recommended for scoping reviews [35].

Population

Studies using radiological or medical imaging data from any patient population or demographic group has been considered. Eligible
modalities included radiography, computed tomography (CT), magnetic resonance imaging (MRI), positron emission tomography (PET),
single-photon emission computed tomography (SPECT), and diagnostic ultrasound.

Concept

The use of XAI to explain predictions or behavior of artificial intelligence and deep learning systems applied to radiological images. XAI
approaches included gradient-based methods such as Grad-CAM and its variants, perturbation and feature-based methods such as LIME
and SHAP, attention-based methods, prototype- and concept-based approaches, counterfactual explanations, and inherently interpretable
model architectures [18, 20].

Context

Clinical and research applications of radiological imaging, including diagnosis, screening, disease characterization, prognosis, and clinical
decision support.

The review addressed three questions:

1. Which XAI methods have been applied to radiological imaging between 2020 and 2026?
2. How have the quality and clinical relevance of XAI explanations been evaluated?
3. What gaps exist between current XAI practices and the practical requirements of clinical radiology?

These questions were used to guide both the descriptive mapping of the literature and the subsequent development of the XRAI framework.

2.3 Information sources and search strategy
A systematic literature search was performed in six databases: MEDLINE/PubMed, Scopus, Web of Science Core Collection, IEEE Xplore,
ACM Digital Library, and Embase via Ovid. The databases were selected to provide coverage across clinical medicine, biomedical
engineering, computer science, and health informatics.

2.3.1 Search strategy and keywords
The search strategy was developed around three main concept blocks: explainable artificial intelligence, medical or radiological imaging, and
clinical or diagnostic application. Each block included related terms and commonly used alternative expressions. Examples of search terms
included explainable artificial intelligence, XAI, explainability, interpretability, interpretable AI, radiology, diagnostic imaging, medical imaging,
computed tomography, magnetic resonance imaging, radiography, mammography, PET, and SPECT.

Within each concept block, related terms were combined using the Boolean operator OR. The major concept blocks were then combined
using AND. This approach was used to broaden retrieval within each concept while maintaining the required relationship between
explainability, imaging, and clinical application.

Search strings were developed iteratively using known-item testing against relevant publications identified before the search. For
MEDLINE/PubMed and other indexed databases, controlled vocabulary and Medical Subject Headings (MeSH) were incorporated where
applicable. Truncation, phrase searching, and database-specific field tags were used according to the syntax supported by each database.
The search strategy was adapted for each database rather than applying a single unmodified query across all sources.

The search strategy was structured around three main concepts: XAI, medical imaging, and clinical application. Figure 1 shows how these
concepts were combined across the databases. The database-specific structure was used to maintain the same overall scope while
adapting the search terms to each database.

Figure 1 Full search strings deployed across respective databases.
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2.4 Eligibility criteria

Studies were included when they met all the following criteria:

published as a peer-reviewed journal article between 1 January 2020 and 30 June 2026;

available in English with accessible full text;

applied at least one identifiable XAI method, either post hoc or inherent to the model;

used radiological or medical imaging data from a modality relevant to clinical radiology; and

reported information about the explanation, its behavior, or its evaluation rather than reporting predictive performance alone.

Studies were excluded if they were conference abstracts, posters, editorials, commentaries, opinion articles, book chapters, or letters. Used
only non-imaging clinical data; applied AI to radiological images without addressing interpretability or explainability; were available only as
preprints; or lacked accessible as full text.

2.5 Study selection
All retrieved records were imported into Rayyan for screening and duplicate management [36]. Duplicate records identified automatically
were manually checked before screening.

Study selection was conducted in two stages. First, two reviewers independently screened titles and abstracts against the predefined
eligibility criteria. Records that could not be clearly excluded at this stage were assessed in full text. Second, the same reviewers
independently evaluated the full texts of potentially eligible studies.

Disagreements were resolved through discussion. Where agreement could not be reached, a third reviewer was available to make the final
decision. Inter-rater agreement was assessed using Cohen’s kappa (κ), with κ ≥ 0.70 considered acceptable [37]. The screening process
resulted in the final set of studies included in the review. Figure 2 summarizes the identification, screening, eligibility, and inclusion stages
used to obtain the final evidence base. The final included studies were then used for structured data extraction and subsequent descriptive
and thematic synthesis.

Figure 2 PRISMA-ScR flow diagram detailing the study selection process

2.6 Data extraction and charting
A structured data extraction form was developed and pilot-tested using ten randomly selected included studies. One reviewer extracted the
data, and a second reviewer independently verified the extracted information. Differences were resolved through discussion.

The following information was extracted:

study characteristics, including publication year, country, and study design;

imaging modality and anatomical region;

clinical task, including classification, detection, localization, segmentation, prognosis, and risk prediction;

AI model architecture and training approach;

XAI method and method category;

explanation type and evaluation approach;

dataset characteristics and source;

main findings related to XAI;

reported limitations relevant to explainability or clinical translation; and

explicit statements concerning clinical applicability or deployment.

The extraction categories are summarized in Table 1.
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Table 1
Data extraction categories and variables charted from the included studies.

Field Category Variables Extracted

Study identification Authors, year, journal, country

Study design Type; dataset origin (retrospective/prospective/public benchmark)

Imaging characteristics Modality; anatomical region; acquisition parameters if reported

Clinical task Classification, detection, segmentation, prognosis, risk prediction

AI model Architecture type; pre-trained or de novo training

XAI method Specific technique(s); category (ante-hoc/post-hoc; local/global; agnostic/specific)

Explanation evaluation Assessment method (quantitative metrics, radiologist review, user study, none)

Dataset Public or private; approximate size; geographic source

Key findings Principal reported outcomes related to XAI

Limitations Author-reported limitations relevant to explainability or clinical translation

Clinical orientation Explicit statement of suitability or intent for clinical deployment

Table 2 summarizes the characteristics of the included studies by imaging modality. Figure 3 presents the same modality distribution
visually, making the relative contribution of each imaging area easier to compare. Chest imaging and neurological imaging represented the
largest groups in the included evidence base.
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Table 2
Dataset Characteristics of Included Studies by Imaging Modality

Imaging modality Studies,
n (%)

Primary clinical
tasks

Common
benchmark/reference
datasets

Dataset
source

Typical
dataset size

Geographic
representation

Chest

(X-ray and thoracic
CT)

71
(38%)

Classification,
detection/localization

ChestX-ray14; RSNA
Pneumonia Detection
Challenge; NIH CXR;
COVID‑19
Radiography
Database; The
Cancer Imaging
Archive (TCIA)

Predominantly
public

1,000–
112,120
images

USA, China,
Europe, India

Neurological

(brain MRI)

52
(28%)

Classification,
segmentation,
prognosis

BraTS; ADNI; IXI;
OASIS; private
institutional cohorts

Public and
private
(mixed)

500–20,000
scans

USA, Germany,
Netherlands,
China

Breast

(mammography/MRI)

26
(14%)

Classification,
detection

INbreast; VinDr-
Mammo; CBIS-DDSM;
RSNA Screening
Mammography;
private screening
datasets

Public and
private
(mixed)

1,000–
54,000
examinations

USA, UK,
Vietnam, EU

PET/SPECT

(functional imaging)

6 (3%) Classification,
prognosis

ADNI-PET; private
nuclear medicine
institutional archives

Predominantly
private

100–2,500
scans

USA, Germany,
South Korea

Musculoskeletal

(X-ray/MRI)

8 (4%) Classification,
detection,
segmentation

MURA; private
orthopedic cohorts

Public and
private
(mixed)

500–40,000
radiographs

USA, China,
Australia

Abdominal/pelvic

(CT/MRI)

14 (7%) Classification,
segmentation,
detection

LiTS; Kits; Medical
Segmentation
Decathlon; private
institutional cohorts

Public and
private
(mixed)

200–10,000
scans

USA, Europe,
China

Cardiac imaging

(echo/CT/MRI)

5 (3%) Classification,
segmentation

ACDC; private
echocardiography
archives

Public and
private
(mixed)

150–5,000
studies

France, USA,
UK

Other/multimodal

(ultrasound, hybrid)

5 (3%) Classification,
detection

BUSI; multimodal
private cohorts

Predominantly
private

100–3,000
images

Mixed/multi-
site

Total 187
(100%)

— — — — —

Figure 3 depicts the visualized distribution of imaging modalities to get much firm insight.

The included studies also differed in their clinical objectives. Figure 4 shows the distribution of studies across the main clinical tasks.
Classification, detection and localization formed the largest task groups, while segmentation, prognosis and risk prediction were less
frequently represented.

This distribution provides the clinical context for interpreting the XAI methods identified in the next stage of the synthesis. No formal risk-of-
bias or methodological quality assessment was performed because the purpose of the review was to map the evidence base and identify
patterns across a heterogeneous body of literature rather than estimate a pooled effect [30], [38].

2.7 Data synthesis
The evidence was synthesized in two stages.

First, descriptive mapping was used to summarize the distribution of studies by publication year, geographic location, imaging modality,
clinical tasks, AI architecture, XAI method, and explanation evaluation approach. This provided an overview of how XAI has been applied
across radiological imaging. Second, qualitative thematic synthesis was used to identify recurring limitations and gaps related to
explanation evaluation, clinical relevance, usability, workflow integration, and regulatory considerations. Reported study limitations and
descriptions of clinical use were coded and grouped into broader themes. The synthesis followed the general principles of thematic analysis
described by Thomas and Harden, including coding, development of descriptive themes, and generation of higher-level interpretations [39].
The two stages were then integrated to identify areas where the technical capabilities of existing XAI methods did not adequately address
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the requirements of clinical radiology. Attention was given to four dimensions: method selection, explanation evaluation, clinical translation,
and governance.

The resulting evidence synthesis was used to inform the design of the Explainability–Radiology AI Integration (XRAI) Framework. XRAI was
developed as a transparent framework rather than as a new XAI algorithm. Its purpose is to provide a structured pathway linking clinical
context to XAI method selection, explanation generation, translation into clinically meaningful information, usability evaluation, and
regulatory documentation.

3 Results
The evidence synthesis identified a heterogeneous body of research examining explainability in artificial intelligence systems applied to
radiological imaging. The discussion literature varied substantially in imaging modality, clinical task, AI architecture, XAI technique,
explanation format, and approach used to evaluate explanations. This heterogeneity reflects the multidisciplinary nature of radiological XAI
research but also limits direct comparison between individual approaches. The findings were therefore synthesized across four main
dimensions as application of XAI methods, evaluation of explanations, clinical relevance and translation, and workflow and governance
considerations.

3.1 Characteristics of the evidence base
The included studies covered a broad range of radiological applications, including classification, detection, localization, segmentation,
prognosis, and risk prediction. CT, MRI, radiography, and other diagnostic imaging modalities were represented across the literature. The
clinical objectives also varied from automated identification of specific abnormalities to broader disease characterization and prediction
tasks. Most studies evaluated explainability in association with deep learning models, particularly models designed for image classification,
detection, or segmentation [15], [19], [38]. The use of XAI was generally positioned as an additional interpretability component rather than as
an integral part of the model design [40]. Consequently, many studies first optimized predictive performance and subsequently applied an
XAI technique to provide an explanation of the resulting prediction.

The evidence also demonstrated considerable variation in the purpose assigned to XAI. In some studies, explanations were primarily used to
inspect model behavior and identify image regions associated with predictions. Other studies used explanations to investigate potential
model errors, assess whether the model attended clinically relevant structures, or provide additional information intended to support clinical
interpretation. This variation indicates that explainability is being used for multiple purposes that are not necessarily equivalent and may
require different forms of explanation and evaluation.

3.2 XAI methods and explanation approaches
Gradient-based methods represented an important category of approaches used in radiological imaging. Grad-CAM and related techniques
were commonly used to generate spatial heatmaps highlighting image regions associated with a model prediction [41]. These approaches
were particularly suitable for image-based classification and localization tasks because they provided a visual representation that could be
superimposed on the original image. Perturbation- and feature-based approaches, including LIME and SHAP, provided alternative forms of
attribution by estimating the contribution of image regions or features to individual predictions. These methods offered a more explicit
representation of feature importance, but their clinical interpretation depended on how the identified features were defined and presented
[42]. Attention-based approaches were also used to provide information about regions receiving greater model attention. Prototype-based
and concept-based approaches provided alternative mechanisms for connecting model predictions with representative examples or higher-
level concepts. Counterfactual approaches further extended explainability by examining how changes to an input might alter a model
prediction. Inherently interpretable architecture represented a different direction in which interpretability was incorporated into the model
rather than generated entirely as a post-hoc explanation.

Overall, the literature indicates that radiological XAI remains strongly oriented toward post-hoc explanation techniques. Heatmaps, activation
maps, feature-attribution representations, and attention visualizations were frequently used to communicate model behavior. Although these
approaches can improve transparency at the computational level, their outputs do not necessarily correspond directly to the anatomical,
morphological, or diagnostic concepts used in radiological reasoning. The distribution of XAI methods also varied across imaging modalities
and clinical tasks. Table 3 summarizes these patterns and shows how the main XAI method families were used across the included studies.
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Table 3
XAI method families Part A. XAI Method Family × Imaging Modality

XAI method family Chest Neurological Breast PET/SPECT Musculoskeletal Other Row total
n (%)

Gradient-based (Grad-CAM, Score-
CAM, Grad-CAM++, LayerCAM)

38
(42%)

24 (27%) 14
(16%)

2 (2%) 5 (6%) 7 (8%) 90
(48.1%)

SHAP (Shapley additive
explanations)

11
(32%)

12 (35%) 5 (15%) 2 (6%) 2 (6%) 2 (6%) 34
(18.2%)

Transformer attention (attention
rollout, cross-attention
visualisation)

11
(39%)

13 (46%) 2 (7%) 1 (4%) 0 (0%) 1 (4%) 28
(15.0%)

LIME (local interpretable model-
agnostic explanations)

9 (43%) 2 (10%) 5 (24%) 1 (5%) 1 (5%) 3 (14%) 21
(11.2%)

Other (counterfactual, prototype-
based, concept-based, inherently
interpretable)

2 (14%) 1 (7%) 0 (0%) 0 (0%) 0 (0%) 11
(79%)

14 (7.5%)

Column total n (%) 71
(38.0%)

52 (27.8%) 26
(13.9%)

6 (3.2%) 8 (4.3%) 24
(12.8%)

187
(100%)

Part B. XAI Method Family × Clinical Task Type

XAI method family Classification Detection and
localization

Segmentation Prognosis and risk
stratification

Other Row total
n (%)

Gradient-based (Grad-CAM, Score-
CAM, Grad-CAM++, LayerCAM)

52 (58%) 22 (24%) 10 (11%) 4 (4%) 2 (2%) 90
(48.1%)

SHAP (Shapley additive
explanations)

16 (47%) 7 (21%) 4 (12%) 5 (15%) 2 (6%) 34
(18.2%)

Transformer attention (attention
rollout, cross-attention
visualisation)

16 (57%) 9 (32%) 3 (11%) 0 (0%) 0 (0%) 28
(15.0%)

LIME (local interpretable model-
agnostic explanations)

10 (48%) 5 (24%) 4 (19%) 2 (10%) 0 (0%) 21
(11.2%)

Other (counterfactual, prototype-
based, concept-based, inherently
interpretable)

3 (21%) 2 (14%) 5 (36%) 2 (14%) 2
(14%)

14 (7.5%)

Column total n (%) 97 (51.9%) 45 (24.1%) 26 (13.9%) 13 (7.0%) 6
(3.2%)

187
(100%)

Gradient-based methods were the most frequently represented method family, followed by SHAP, transformer attention, LIME, and other
approaches. The distribution also varied by clinical task, indicating that XAI use was not uniform across radiological applications.

3.3 Evaluation of explanations
Substantial variation was observed in how explanations were evaluated. Several studies focused primarily on properties of the generated
explanation or its relationship to model behavior. Such evaluations included visual inspection, attribution-based measures, localization
characteristics, perturbation analysis, and comparisons between explanation outputs and image regions associated with known findings.
These approaches provide important information about whether an explanation reflects aspects of model behavior. However, technical
evaluation does not necessarily establish whether an explanation is understandable, clinically meaningful, or useful to a radiologist. An
explanation may accurately represent the internal behavior of a model while still failing to communicate information in a form that supports
clinical reasoning. A smaller but important body of research considered human or expert evaluation of explanations. These studies provided
evidence that clinical usefulness depends not only on whether an explanation identifies an influential image region but also on whether the
identified region corresponds to a meaningful radiological finding. The distinction between model-focused evaluation and user-focused
evaluation therefore emerged as an important feature of the evidence base.

The findings suggest that explanation quality should not be treated as a single technical property. An explanation may possess
computational validity while having limited clinical interpretability, usability, or decision-support value. This indicates the need for evaluation
approaches that consider both the behavior of the underlying model and the requirements of its intended clinical users. The differences in
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evaluation approaches are important because they show whether XAI was assessed mainly from a technical perspective or also from a
clinical perspective. Figure 5 summarizes the evaluation approaches used across the included studies and provides a visual view of this
distribution.

The distribution shows the greater use of model-centered evaluation compared with human or clinical evaluation. This finding supports the
need to assess not only whether an explanation reflects model behavior, but also whether it is understandable and useful to clinical users.

3.4 Clinical translation gap
A recurring finding across the evidence was the limited connection between computational XAI outputs and the structured language of
radiological interpretation. Radiologists generally describe findings using concepts related to anatomy, morphology, density or signal
characteristics, lesion margins, distribution, enhancement, and diagnostic interpretation. Many XAI methods, in contrast, produce heatmaps,
activation maps, attention scores, or feature-attribution values. These outputs can indicate where or which features influenced a prediction
but do not necessarily explain the clinical significance of those features. For example, highlighting a region within an image may
demonstrate that the model considered the region important without identifying the corresponding anatomical structure or pathological
finding. The explanation therefore remains at the level of computational attribution rather than being translated into a clinically meaningful
statement.

This distinction represents an important gap between explainability and clinical translation. The generation of an explanation does not by
itself establish that the explanation can be incorporated into radiological reasoning. The evidence therefore indicates a need for an
intermediate translation process through which computational explanations can be related to clinically recognizable radiological concepts.

3.5 Workflow, usability, and governance considerations
The literature also demonstrated limited and inconsistent consideration of the wider clinical environment in which XAI systems would
operate. While model performance and explanation generation were frequently examined. Fewer studies provided detailed consideration of
workflow integration, intended users, usability, human oversight, or the role of explanations in clinical decision-making. This is particularly
important because the value of an explanation depends on its intended purpose and user [43]. An explanation designed for model debugging
may differ substantially from one intended to support a radiologist during diagnostic interpretation. Similarly, an explanation that is useful
during retrospective research evaluation may not be appropriate for real-time clinical workflow. Governance and accountability
considerations were also not consistently integrated with XAI evaluation. Transparent documentation of how an explanation was generated,
why a particular XAI method was selected, and how the explanation was evaluated can become important when AI systems are used in
clinical environments. Regulatory and responsible AI principles therefore require consideration alongside technical explainability rather than
being treated as separate concerns.

3.6 Structural gaps identified from the synthesis
The combined descriptive and thematic synthesis identified four interconnected structural gaps in current radiological XAI research. First,
XAI method selection is often insufficiently connected to clinical context. Different radiological tasks, imaging modalities, model
architectures, and intended users may require different explanation approaches, yet method selection is frequently presented primarily as a
technical decision. Second, explanation evaluation remains predominantly model centered. Technical measures can determine whether an
explanation reflects model behavior but provide limited evidence regarding clinical understanding, usefulness, or impact on decision-making.
Third, translation from computational explanation to radiological reasoning remains underdeveloped. Many explanations identify influential
regions or feature without converting them into clinically meaningful anatomical, morphological, or diagnostic concepts. Fourth, usability,
workflow integration, and governance are insufficiently integrated with explanation generation and evaluation.

This creates a separation between the technical production of explanations and the practical requirements of safe clinical deployment.
Taken together, these findings indicate that the central limitation of current radiological XAI research is not the absence of explanation
techniques. Rather, the limitation lies in the lack of an integrated process for determining which explanation is appropriate for a particular
clinical context, translating the resulting explanation into clinically meaningful information, evaluating its usefulness with intended users, and
maintaining appropriate documentation for accountability. These structural gaps provided the basis for the development of the
Explainability–Radiology AI Integration (XRAI) Framework. Rather than introducing another XAI algorithm, the framework addresses the
integration problem by connecting clinical context profiling, XAI method selection, explanation generation, clinical translation, usability
validation, feedback, and regulatory compliance within a single structured pathway.

4 Explainability–Radiology AI Integration (XRAI) Framework
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The findings of the evidence synthesis indicate that the principal challenge in radiological XAI is not the availability of explanation techniques
but the absence of a structured process for integrating those techniques with clinical requirements. Existing approaches frequently address
explanation generation as an isolated technical activity, while clinical context, radiological reasoning, usability, workflow integration, and
governance are considered separately or inconsistently. In response to these gaps, the Explainability–Radiology AI Integration (XRAI)
Framework was developed as a context-aware integration framework for connecting computational explainability with clinical radiological
reasoning. XRAI is not proposed as a new XAI algorithm and does not replace existing explanation techniques. Instead, it provides an
integration layer through which an appropriate XAI approach can be selected, generated, translated, evaluated, and documented according to
the clinical context in which an AI system is intended to operate. The framework consists of six linked layers: clinical context profiling, XAI
method selection, explanation generation, clinical translation, usability validation and feedback, and regulatory compliance logging. The six
layers are connected to form a single workflow rather than six separate components. Figure 6 presents the overall structure of the XRAI
Framework and shows how the process moves from clinical context to explanation selection, explanation generation, clinical translation,
user evaluation, and regulatory documentation.

The Fig. 6 shows that clinical context is placed at the beginning of the process. The computational explanation is then translated into
clinically meaningful information before it is evaluated by the intended users. Feedback from this evaluation can be used to refine earlier
stages. Regulatory documentation runs across the process to support traceability and accountability. The following sections describe each
layer of the framework and explain its role in the overall workflow.

4.1 Clinical context profiling
The first layer establishes the context in which the AI system and its explanation will be used. This layer recognizes that explainability
requirements are not uniform across radiological applications. The appropriate form of explanation may depend on the imaging modality,
anatomical region, clinical task, AI model, intended user, stage of the clinical workflow, and purpose for which the explanation is required.
Clinical context profiling therefore defines the characteristics of the task before an XAI method is selected. Relevant factors include whether
the system performs classification, detection, localization, segmentation, prognosis, or risk prediction; whether the output is intended for
diagnostic support, screening, research, quality assurance, or model inspection; and whether the primary user is a radiologist or another
clinical or technical stakeholder.

The purpose of this layer is to establish a clear relationship between the clinical problem and the explainability requirement. Rather than
treating explanation generation as a generic post-processing step, XRAI positions the intended clinical context as the starting point of the
explainability process.

4.2 XAI method selection
Following context profiling, the second layer determines the most appropriate explanation approach for the identified requirements. The
framework accommodates gradient-based, perturbation- and feature-based, attention-based, prototype-based, concept-based,
counterfactual, and inherently interpretable approaches. Method selection is therefore treated as a context-dependent decision rather than a
purely technical preference. Characteristics of the underlying AI model, imaging modality, clinical task, expected explanation type, and
intended user are considered when selecting an approach. For example, spatial localization may be particularly relevant when the clinical
objective requires identification of an abnormal region, whereas feature- or concept-based explanations may be more appropriate when the
objective requires understanding of higher-level diagnostic characteristics. The framework does not prescribe a single XAI technique for a
particular task. Instead, it establishes a structured decision point at which the suitability of an explanation method can be considered
against the requirements established during clinical context profiling. This approach also allows different XAI methods to be used for
different clinical contexts without assuming that one method provides universally adequate explanations.

4.3 Explanation generation
The third layer concerns the generation of the computational explanation. At this stage, the selected XAI method is applied to the AI model
and the relevant radiological input to produce an explanation associated with the model's prediction or output. Depending on the selected
approach, the resulting explanation may take the form of a heatmap, activation map, feature attribution, attention representation, prototype
comparison, concept representation, or counterfactual output. The explanation should retain an explicit association with the underlying
model prediction so that the relationship between the prediction and the explanation can be examined. An important feature of XRAI is that
explanation generation is not considered the final output of the process. The generated explanation represents an intermediate
computational representation that must subsequently be interpreted in relation to the clinical context. This distinction addresses a recurring
limitation identified in the reviewed literature, where the presence of an explanation is sometimes treated as sufficient evidence of
explainability.

4.4 Clinical translation
Page 11/23



The fourth layer represents the central integration component of the XRAI Framework. It addresses the gap between computational
explanation outputs and the concepts used in radiological reasoning. At this stage, the computational explanation is related to clinically
meaningful information such as anatomical location, morphological characteristics, distribution, density or signal properties, lesion
characteristics, and other relevant radiological concepts. The objective is not simply to identify where a model responded strongly but to
establish what the highlighted or attributed information represents in clinical terms. Clinical translation therefore converts an explanation
from a model-oriented representation into information that can be interpreted within the relevant radiological context. For example, an
activation region may be associated with a particular anatomical structure or radiological finding rather than being presented only as a
colored region on an image. The resulting representation can then be considered in relation to the clinical task and the model's prediction.
This layer is particularly important because a technically faithful explanation may still have limited clinical value if its meaning is not
understandable to the intended user. XRAI therefore treats clinical translation as a distinct stage rather than if computational attribution
automatically constitutes clinical explanation.

4.5 Usability validation and feedback
The fifth layer evaluates whether the translated explanation is understandable, clinically relevant, and useful to its intended users. Evaluation
is therefore extended beyond model-centered explanation metrics to include human and clinical considerations. The evaluation may
consider whether the explanation identifies clinically meaningful information, whether users can correctly understand its relationship to the
AI prediction, whether it supports rather than unnecessarily complicates clinical reasoning, and whether it provides sufficient information for
the intended decision-support context. The specific evaluation criteria may vary according to the clinical task and intended users.

Feedback obtained during this stage is incorporated into the framework as an iterative mechanism. If users identify that an explanation is
difficult to interpret, clinically incomplete, misleading, or poorly aligned with workflow requirements, the findings can inform revision of the
explanation method, translation process, or contextual requirements. This feedback mechanism recognizes that explainability is not
necessarily achieved through a single design decision. The suitability of an explanation may become clearer only when it is evaluated by the
users for whom it is intended.

4.6 Regulatory compliance logging
The sixth layer incorporates documentation and accountability requirements into the explainability process. It recognizes that clinical AI
systems require more than an explanation presented to an end user. There is also a need for traceable information concerning how the
explanation was produced, the context in which it was used, and how its suitability was assessed. The compliance logging layer therefore
provides a structured record of relevant information, including the clinical context, selected XAI method, explanation generation process,
translation approach, evaluation outcomes, user feedback, and relevant governance decisions. Such documentation can support
transparency, auditability, human oversight, and accountability throughout the AI lifecycle. The purpose of this layer is not to define a specific
regulatory framework or impose a single compliance mechanism. Rather, it provides a location within the overall XAI process where
governance and documentation requirements can be incorporated. This distinguishes XRAI from approaches that treat regulatory
considerations as external to technical explainability.

4.7 Integrated XRAI workflow
As shown in Fig. 6, the six layers operate as an interconnected pathway rather than as independent components. Clinical context profiling
establishes the requirements for explanation, which informs XAI method selection. The six layers operate as an interconnected pathway
rather than as independent components. Clinical context profiling establishes the requirements for explanation, which informs XAI method
selection. The selected method generates a computational explanation, which is subsequently translated into clinically meaningful
information. The translated explanation is evaluated by intended users, and the resulting feedback can inform refinement of earlier stages.
Throughout this process, relevant decisions and outcomes are documented through the regulatory compliance layer.

The resulting workflow can therefore be represented as:

Clinical context → XAI method selection → Explanation generation → Clinical translation → Usability validation and feedback →
Regulatory compliance logging

The workflow is iterative rather than strictly linear. Findings from usability validation may require modification of the selected XAI method or
the clinical translation process, while governance requirements may influence the information collected at earlier stages. The framework
consequently supports refinement as the AI system progresses from research development toward clinical use.

The principal distinction between XRAI and conventional XAI implementation is therefore the position of clinical context and translation
within the overall process. Rather than moving directly from an AI prediction to a computational explanation, XRAI introduces explicit stages
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for determining why an explanation is required, selecting an appropriate method, translating the output into clinically meaningful information,
evaluating its usefulness, and documenting the resulting process.

4.8 Framework contribution
The XRAI Framework addresses the structural gaps identified through the evidence synthesis by integrating four requirements that are
frequently separated in existing research: context-sensitive method selection, explanation evaluation, clinical translation, and governance. Its
contribution is consequently methodological and integrative rather than algorithmic. The framework provides a structured pathway for
moving from technically generated explanations toward explanations that are better aligned with the reasoning, workflow, and accountability
requirements of radiological practice. It also provides a common structure through which different XAI techniques can be evaluated without
assuming that any individual method is universally appropriate. By positioning clinical context as the starting point and usability and
governance as integral components of the process, XRAI reframes explainability as an end-to-end clinical integration problem rather than
solely as a model transparency problem. The framework therefore provides a basis for systematic evaluation of whether an explanation is
not only computationally informative but also clinically meaningful, usable, and appropriately documented for its intended application.

5 Discussion

5.1 Principal Findings
This scoping review demonstrates that explainability in diagnostic radiology has progressed substantially at the methodological level, but its
translation into clinically meaningful and operationally useful information remains comparatively underdeveloped. The reviewed literature
encompasses a broad range of XAI approaches, including gradient-based methods, perturbation and feature-attribution techniques, attention
mechanisms, prototype- and concept-based approaches, counterfactual explanations, and inherently interpretable models. However, the
selection and evaluation of these approaches are frequently centered on model behavior rather than on the specific requirements of the
radiological task, intended user, and clinical workflow. The distribution of imaging modalities and clinical tasks shown in Figs. 3 and 4 also
indicates that radiological XAI is being studied across a wide range of applications. This variation makes a single explanation strategy
difficult to apply across all clinical settings.

A central finding is therefore that explainability should not be regarded solely as a property of an AI model or an explanation algorithm. In
radiology, the usefulness of an explanation depends on whether it can be interpreted within the clinical context in which the prediction is
generated and used [44]. An explanation that successfully identifies image regions associated with a model prediction may demonstrate
technical interpretability, but this does not necessarily indicate that the explanation provides actionable information to a radiologist. The
distinction between computational explanation and clinical explanation represents an important structural gap within the current literature.
The findings further indicate that explanation evaluation remains heterogeneous. Many studies assess explanations through technical or
model-centered criteria, while comparatively less attention is given to whether clinicians understand the explanation, consider it relevant, or
can incorporate it into their decision-making process. Explainability evaluation should therefore extend beyond demonstrating that an XAI
method produces an interpretable output and should consider the relationship between explanation, prediction, clinical reasoning, and
workflow [45].

5.2 Relationship to Existing XAI Research
The findings are consistent with the broader development of XAI, in which considerable methodological attention has been directed toward
generating explanations for increasingly complex machine-learning models. Post-hoc approaches are particularly attractive in medical
imaging because they can be applied to existing high-performing models without requiring major changes to the underlying architecture [46].
Nevertheless, the flexibility of post-hoc techniques also creates challenges concerning the stability, faithfulness, and clinical interpretation of
their outputs. The reviewed evidence suggests that no individual XAI method can be considered universally appropriate for diagnostic
radiology. Different clinical tasks generate different explanation requirements [47]. For example, lesion detection and localization may benefit
from spatial explanations, whereas risk prediction or disease characterization may require feature-level, concept-level, or counterfactual
information. Similarly, the explanation required by a radiologist may differ from that required by a clinician reviewing an AI-assisted decision
or by a technical stakeholder auditing model behavior [19]. This reinforces the need to move from a method-first approach toward a context-
first approach. Rather than asking which XAI technique should be applied to a particular model, the more clinically relevant question is which
form of explanation is appropriate for a specific task, user, and decision context. The XRAI Framework addresses this requirement by
positioning clinical context profiling before XAI method selection.

5.3 Clinical Translation as the Central Challenge
The most significant implication of the review is the need for an explicit translation layer between computational explanations and
radiological reasoning. Radiologists generally interpret images through structured clinical concepts involving anatomy, morphology, density
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or signal characteristics, lesion distribution, enhancement, relationships between structures, and differential diagnostic reasoning [48]. In
contrast, many XAI systems communicate model behavior through heat maps, activation maps, attention scores, or feature-importance
representations [49].

The evaluation pattern shown in Fig. 5 further supports this concern. Technical assessment is more common than direct assessment of
clinical understanding and usefulness. This difference helps explain why computational explanations may not translate easily into
radiological reasoning. These outputs may provide valuable evidence about where or which features influenced a model, but they do not
inherently communicate why that information is clinically meaningful. Consequently, the presence of an explanation should not be equated
with clinical interpretability. A heatmap may indicate a relevant anatomical region without explaining whether the model responded to a
lesion, an imaging artefact, surrounding tissue, or another unintended characteristic. The XRAI Framework therefore treats clinical
translation as a central integration layer rather than an optional post-processing step. This layer provides a conceptual mechanism for
connecting computational explanation outputs with clinically meaningful radiological concepts. Such translation can potentially improve the
relevance of explanations while also providing a clearer basis for evaluating whether explanations support or interfere with clinical reasoning
[50].

5.4 Implications for Clinical AI Development
The workflow shown in Fig. 6 addresses this issue by placing clinical context and clinical translation within the explainability process. This
allows the explanation to be considered in relation to the task and the intended user before it is used for clinical support. The findings have
implications for the design and evaluation of future radiological AI systems. Explainability should be considered during system development
rather than added only after model training. Early identification of the intended clinical task, user, workflow position, and explanation purpose
can guide the selection of appropriate XAI techniques and reduce the risk of generating explanations that are technically valid but clinically
unhelpful [51]. Evaluation should similarly incorporate multiple dimensions. Technical assessment remains important for understanding
model behavior, but it should be complemented by human-centered assessment of comprehensibility, clinical relevance, usefulness, and
consistency with expert reasoning. Such evaluation is particularly important because an explanation can increase user confidence without
necessarily improving decision quality [52]. The objective should therefore be meaningful clinical support rather than simply greater user
trust.

The framework also supports iterative development. Feedback obtained from intended users can be used to refine the selected explanation
method, explanation representation, and clinical translation process. This creates a feedback-oriented approach in which explainability is
treated as an evolving component of clinical AI rather than as a fixed characteristic of a deployed model.

5.5 Governance, Transparency and Accountability
Explainability also has implications beyond direct clinical interpretation [53]. As AI systems become integrated into clinical environments,
there is a growing need to document how explanations are generated, interpreted, evaluated, and used [54]. Governance processes should
be able to establish what model and explanation method were used, within which clinical context, for which intended purpose, and under
what human oversight arrangements [55]. The regulatory compliance logging layer of XRAI addresses this requirement by treating
explanation-related information as part of the broader accountability record [47]. Such documentation can support auditability, monitoring,
and review when AI systems are modified or deployed across different clinical environments [56]. Importantly, logging should not be
interpreted as a substitute for human oversight [47], [56]. Rather, it provides supporting evidence for responsible governance and facilitates
reconstruction of explanation-related decisions when required.

5.6 Strengths and Limitations
A key strength of this review is its multidisciplinary focus across XAI methods, radiological applications, explanation evaluation, clinical
translation, usability, and governance. Rather than evaluating individual explanation algorithms in isolation, the review identifies structural
relationships between these components and uses them to develop the XRAI Framework as an integrative perspective. Several limitations
should nevertheless be considered. The review was restricted to English-language, peer-reviewed, full-text literature published between
January 2020 and June 2026 and therefore may not capture relevant evidence outside these criteria. The heterogeneous nature of the
included literature also limits direct comparison across studies and does not support quantitative pooling of explanation performance. In
addition, a formal risk of bias assessment was not undertaken because the primary objective was evidence mapping rather than estimation
of a pooled effect. The protocol was not prospectively registered, which should also be considered when interpreting the methodological
scope of the review.

Most importantly, XRAI should be regarded as a conceptual integration framework rather than a validated clinical decision-support
algorithm. Its practical value requires further empirical investigation across imaging modalities, clinical tasks, user groups, and deployment
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environments. Future studies should therefore examine whether context-sensitive explanation selection and explicit clinical translation
improve explanation usefulness, clinician performance, and safe interaction with AI systems [57].

5.7 Future Research Directions
Future research should move toward standardized and clinically grounded evaluation of XAI in radiology [58]. This includes developing
evaluation criteria that jointly consider technical explanation quality, clinical relevance, user understanding, decision support, and workflow
compatibility. Comparative studies involving different XAI approaches within the same clinical task could also clarify which explanation
forms are most appropriate for radiological contexts [59].

Further work is also required to operate the clinical translation layer proposed by XRAI. This could involve structured mappings between
computational explanation outputs and radiological concepts, together with expert defined criteria for assessing whether such mappings
accurately represent clinically meaningful information. Longitudinal evaluation in realistic clinical environments will additionally be
necessary to determine whether explanations remain useful when integrated into routine workflows [60]. Overall, the evidence suggests that
the next stage of radiological XAI research should move beyond the question of whether an AI model can be explained toward the broader
question of whether its behavior can be explained appropriately, meaningfully, and responsibly within clinical practice. The XRAI Framework
provides a structured basis for this transition by connecting clinical context, XAI selection, explanation generation, clinical translation,
usability evaluation, and governance within a single integrative process.

6 Conclusion
This scoping review demonstrates that explainable artificial intelligence in radiological imaging has developed rapidly at the methodological
level, but its translation into clinically meaningful, usable, and accountable information remains limited. A broad range of XAI approaches
has been applied across imaging modalities and clinical tasks [61]. However, explanation generation and evaluation remain predominantly
focused on model behavior [18]. The evidence indicates that a technically informative explanation does not necessarily provide information
that can be readily interpreted or incorporated into radiological reasoning. The central gap identified in this review is therefore not the
absence of XAI methods, but the limited integration of computational explanations with clinical context, radiological concepts, user needs,
workflow requirements, and governance. Explanation selection should be guided by the clinical task, intended user, imaging context, and
purpose of the explanation rather than by the availability or popularity of a particular XAI technique [62]. Similarly, evaluation should extend
beyond technical properties of explanations to include clinical relevance, user understanding, usefulness, and compatibility with clinical
decision-making [63].

To address these gaps, the Explainability–Radiology AI Integration (XRAI) Framework provides a structured, context-aware pathway linking
clinical context profiling, XAI method selection, explanation generation, clinical translation, usability validation and feedback, and regulatory
compliance logging. The framework positions clinical translation as an explicit integration layer between computational attribution and
radiological reasoning and incorporates user evaluation and governance within the same explainability process. In this way, XRAI provides a
common structure through which different XAI approaches can be considered without assuming that any individual method is universally
appropriate. XRAI should be regarded as a conceptual integration framework rather than a validated clinical decision-support system. Its
practical effectiveness therefore requires prospective empirical evaluation across imaging modalities, clinical tasks, user groups, and
deployment environments.

Future studies should determine whether context-sensitive explanation selection and explicit clinical translation improve explanation quality,
clinician understanding, decision support, workflow compatibility, and safe interaction with AI systems [13]. Overall, the findings support a
shift in radiological XAI research from asking whether an AI system can be explained toward determining whether its behavior can be
explained appropriately, meaningfully, and responsibly within clinical practice. The integration of technical explainability with clinical
reasoning, usability, and governance may provide a more appropriate foundation for the responsible translation of AI-assisted radiological
systems into clinical care [64].
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Figures

Figure 1

Full search strings deployed across respective databases
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Figure 2

PRISMA-ScR flow diagram detailing the study selection process
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Figure 3

Distribution of included studies across imaging modalities (n = 187).

Figure 4

Distribution of Clinical Tasks Across Included Studies (n = 187). Panel (a) shows the study count by clinical task. Panel (b) provides a
proportional breakdown. Panel (c) illustrates the task composition for the three dominant modalities.
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Figure 5

Distribution of explanation evaluation approaches across the included studies (n = 187).
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Figure 6

XRAI Framework showing the six linked stages from clinical context profiling to regulatory compliance logging.
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