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ABSTRACT

Most artificial intelligence (Al) models used in radiology are black boxes—they produce predictions
without explaining the basis of their outputs, raising concerns about clinical safety, accountability,
and trust. To address this, a growing body of methods has been developed to help clinicians under-
stand and evaluate Al predictions. This field, known as explainable Al (XAl), aims to help clinicians
interrogate, interpret, and critically evaluate Al predictions by identifying factors associated with
model outputs. In this educational and practical review, we provide an accessible overview of XAl
tailored for practicing radiologists and physicians. We cover the major categories of explanation
methods, including saliency maps, perturbation-based and feature-attribution approaches, con-
cept-based methods, and example-based reasoning, as well as uncertainty quantification as a com-
plementary approach for assessing prediction reliability, along with common misconceptions and
emerging regulatory obligations. We aim to make XAl easier for healthcare professionals to under-
stand, as effective oversight of Al tools has become a core competency for the modern radiologist.

KEYWORDS
Explainable artificial intelligence, radiology, medical imaging, interpretability, deep learning, arti-
ficial intelligence

1. Introduction

Radiology is among the medical specialties most radically transformed by artificial intelli-
gence (Al). Advances in deep learning, a subset of Al based on multilayered neural networks,
have enabled algorithms to identify complex patterns in medical images with remarkable
speed and, in some tasks, to match or exceed the performance of expert physicians.? Some
of these capabilities have already moved from research to clinical practice, and Al applications
areincreasingly used to assist radiologists with tasks such as reading mammograms, detecting
pulmonary nodules, flagging intracranial hemorrhages, and characterizing thyroid nodules.>*
Despite these impressive advances, many Al models remain black boxes, with decision-mak-
ing processes that are difficult to interpret. They accept an image as input and produce a
prediction as output without explaining the basis for their outputs. This opacity creates a cas-
cade of practical problems.> Clinicians may not always understand the rationale for a decision
or the conditions under which a model is likely to fail. Patients may be hesitant to accept
Al-assisted decisions because of a lack of transparency. Researchers and regulators may fail to
recognize model failures.

Explainable Al (XAl) is the field dedicated to addressing this problem. It encompasses a
diverse set of methods for generating explanations of Al decisions, thereby providing insight
into model behavior. Interest in XAl has grown substantially over the past decade, and ex-
plainability is now considered not simply a scientific curiosity but a clinical necessity.”# Exist-
ing well-written reviews have mapped this terrain from complementary angles: Borys et al.
cataloged non-saliency XAl methods by their output representations for a cross-disciplinary
readership,’ and Haupt and Maurer'® synthesized XAl applications across radiological subspe-
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cialties, along with their methodological lim-
itations and future directions. Both are pri-
marily oriented toward describing which XAl
methods exist and how they perform. Build-
ing on these contributions, the present re-
view shifts its focus directly to the clinician’s
standpoint on how Al explanations should
be evaluated and clinically supervised. Spe-
cifically, it asks how a practicing radiologist
should interrogate, appraise, and act on the
explanations an Al system generates, includ-
ing when to distrust a convincing readout.

This educational and practical review is
intended for physicians, particularly radiol-
ogists, who encounter Al tools in their dai-
ly practice or are considering integrating
them into their workflow. No background in
programming or data science is required to
engage with this review, though addition-
al articles are available for those with more
technical expertise."" This article uses “ex-
plainable Al”as an umbrella term encompass-
ing both post-hoc explanation methods and
inherently interpretable models. The content
of this article is intended to be task-agnostic
and broadly applicable to Al applications in
detection, segmentation, classification, and
other medical imaging tasks, where appro-
priate. This review has three objectives: first,
to explain why explainability matters from a
clinical standpoint; second, to introduce the
core concepts of XAl in accessible terms; and
third, to guide readers in critically evaluating
the explanations provided by XAl systems.

* The black-box nature of artificial intelli-
gence (Al) poses real clinical risks, including
the risk that models achieve high accuracy
for the wrong reasons.

* Explainable Al (XAl) encompasses methods
that help clinicians interpret and critically
evaluate Al predictions by providing insight
into model behavior.

* No single XAl method is universally superi-
or; the right choice depends on the clinical
question, model type, and intended audi-
ence.

* Standardized evaluation of XAl quality is
currently lacking, creating a critical gap that
the field must address.

* XAl is relevant to every physician who uses
or oversees Al tools, not only to developers
and data scientists. It is increasingly recog-
nized as an important component of safe
clinical deployment.

2. Critical questions and answers

2.1 Why is explainability critical for artificial
intelligence in medical imaging?

Consider a pathology report that simply
states, “Malignant, confidence: 94%." Such a
report would provide insufficient supporting
information for many high-stakes clinical de-
cisions. Similarly, an Al prediction presented
without interpretable supporting informa-
tion may be difficult for clinicians to evaluate
and appropriately contextualize.

The need for explainability in medical Al
stems from several distinct yet interconnect-
ed requirements:

- Patient safety: A model that provides
correct answers for the wrong reasons may
fail catastrophically for patients who differ
even slightly from its training population.
Explanations help clinicians assess whether
the model’s behavior aligns with established
medical knowledge before acting on its out-
put.

« Error detection: When an Al tool produc-
es an unexpected or incorrect result, explain-
ability can help investigate the error by iden-
tifying potential sources of model failure.

- Trust calibration: Clinicians should nei-
ther blindly trust Al recommendations nor
reflexively dismiss them. Explanations en-
able the calibrated trust needed for safe hu-
man-Al collaboration.

« Transparency and oversight: Regulatory
authorities emphasize information-sharing
and transparency in defined circumstanc-
es.'?’3 These include providing meaningful
information about the logic, the significance
of the processing, and its anticipated con-
sequences, without necessarily disclosing a
model’s full internal mechanics or requiring
the use of a specific XAl method. Further reg-
ulations will be discussed in Section 5.

- Professional accountability: Radiolo-
gists remain professionally accountable for
clinical judgments within their scope of prac-
tice, but legal liability for Al-related harm
may be shared among clinicians, healthcare
institutions, manufacturers, and other actors,
depending on the jurisdiction and circum-
stances.

2.2 Do | need to learn about explainable ar-
tificial intelligence as a clinician?

A common misconception is that XAl
is exclusively a technical concern, relevant
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only to the computer scientists and data en-
gineers who build Al models, not to the cli-
nicians who use them. This view is mistaken
and potentially dangerous.

There are at least three roles in which a
physician engages directly with XAl:

« As users of Al tools, radiologists and oth-
er physicians increasingly rely on Al-assisted
platforms in daily clinical practice. When a
tool provides an uncertainty estimate along-
side its prediction, the clinician needs to un-
derstand what that estimate means, its lim-
itations, and how much weight to give it.

« As critical evaluators, physicians are re-
sponsible for assessing any new Al tool pro-
posed for adoption. Critically examining the
explanations a model provides, not just its
numerical performance, is essential to that
evaluation.

- As feedback providers, clinicians are
uniquely positioned to identify when an Al
model relies on anatomically implausible or
clinically inappropriate features or behaves
inconsistently with established disease
mechanisms. This feedback is invaluable for
improving the model. Radiologists who un-
derstand XAl can communicate these con-
cerns in a way that enables developers to act.

Just as pilots rely on cockpit instruments
while remaining mindful of their limitations,
clinicians should use XAl to monitor Al pre-
dictions while recognizing that explanations
may themselves be imperfect. XAl is there-
fore a tool for oversight, not proof that a
model’s prediction is correct.

2.3 Is a high-accuracy model with a con-
vincing explanation enough to be trusted?

Performance metrics assess outcomes,
not reasoning. Metrics such as area under
the curve (AUCQ), sensitivity, and specificity
indicate how often a model makes correct
predictions, but they do not reveal whether
those predictions are grounded in clinically
valid reasoning. This distinction is not pure-
ly academic. Deep learning models on chest
radiographs have repeatedly been shown
to exploit shortcuts rather than pathology:
pneumonia and COVID-19 models rely on
portable imaging and institution-specific
acquisition characteristics, whereas pneu-
mothorax models rely on the chest drains
used to treat the condition. Because these
cues reflect clinical workflow rather than
biology, they inflate apparent performance
and fail when the shortcut is absent.'*'¢
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In mammography, models trained on imag-
es from a single manufacturer have learned
vendor-specific image characteristics that
correlate with the training labels, degrading
performance when deployed on equipment
from other vendors."”” This phenomenon, in
which a model learns statistically convenient
but clinically irrelevant correlations, is known
as shortcut learning or the Clever Hans ef-
fect. The name refers to the famous horse
that appeared to solve arithmetic problems
but was actually reading its trainer’s cues.'

XAl provides tools to detect it:a model that
reaches the correct answer while focusing on
the wrong part of the image should raise an
immediate red flag, regardless of its overall
accuracy. Model accuracy and explanation
quality are therefore distinct properties."
Explanation quality also has two dimensions
that are often conflated. Plausibility is the
degree to which an explanation aligns with
clinical expectations; for example, a heatmap
highlighting the lesion the radiologist would
have chosen is plausible. Faithfulness is the
degree to which an explanation reflects the
computation the model actually performed
(Figure 1). Plausibility is judged by the clini-
cian; faithfulness is assessed by comparing
the explanation with the model’s actual de-
cision process. The two can diverge in either
direction. When a model works as intended
but relies on shortcut learning, scanner arti-
facts, or spurious correlations, an explanation
would be faithful yet implausible. Converse-
ly, an explanation may highlight the clinically
relevant region while reflecting little of what
the model learned: plausible but unfaith-
ful, and therefore not valid evidence of the
model’s decision basis. This second scenar-
io is arguably more concerning because,

by inspection, it is indistinguishable from a
genuinely faithful explanation. Accordingly,
an explanation should not be regarded as
proof of validity and should be interpreted
cautiously.

The same skepticism applies when dif-
ferent XAl tools disagree, which happens
more often than clinicians expect. Because
methods define importance differently
[Gradient-weighted Class Activation Map-
ping (Grad-CAM) follows gradients, Local
Interpretable Model-agnostic Explanations
(LIME) masks regions, and SHapley Addi-
tive exPlanations (SHAP) quantifies feature
contributions], minor differences between
explanation methods are expected, but
their clinical significance should be inter-
preted in context. Large discrepancies, such
as one method highlighting a pulmonary
mass while another highlights the image
periphery, raise concerns about explanation
instability, method dependence, or reliance
on complex model behavior and warrant
further evaluation. The wrong response is to
choose the output that matches clinical in-
tuition, which introduces confirmation bias
and undermines XAl's purpose as an auditing
tool. Instead, consult quantitative validation
data, raise the discrepancy with the vendor
or informatics team, and apply independent
clinical judgment without deferring to either
output.

3. Workflow of explainable artificial intelli-
gence in medical imaging

Understanding how XAl fits into the
broader Al-assisted radiology pipeline helps
clinicians clarify the origin of explanations
and what they represent. The overall work-

Faithfulness

High

flow, illustrated in Figure 2, consists of three
interconnected phases.

3.1 Image acquisition and preprocessing

The workflow begins with image acqui-
sition, regardless of the image [computed
tomography (CT), magnetic resonance im-
aging, radiography, or ultrasound], which
serves as input to the Al system. Before
entering the Al model, images typically un-
dergo preprocessing: standardizing pixel
values, resizing to a fixed dimension, and,
sometimes, normalizing intensity. Software
typically handles these steps automatically,
but they matter because they can affect what
the model sees and, consequently, what an
explanation highlights.

One important practical consideration
is distribution shift: if a model is trained on
images from one scanner type or acquisition
protocol and then deployed on images from
another, both the model’s performance and
the quality of its explanations may degrade.
This is one reason why explanations that
seem clinically sensible on validation data
may appear unexpected in real-world prac-
tice.

3.2 Model inference and explainability
strategy

After preprocessing, the image is fed into
the Al model. The model then processes
the image through a series of mathematical
transformations across multiple layers, ulti-
mately producing an output such as a classi-
fication label (“pneumonia/no pneumonia”)
or a probability score (“82% likelihood of
malignancy”).

Low

High

Trustworthy explanation
The explanation satisfies both
dimensions.

I, Dangerous False Reassurance
The explanation looks clinically
convincing but does not reflect

the model’s decision mechanism.

Plausibility

Low

©, Hidden Bias

The explanation method works as
intended, but the model has
learned an undesirable decision
strategy.

> Uninformative

The explanation provides no
meaningful insight into the
model's decision.

Figure 1. Plausibility and faithfulness are distinct dimensions of an explanation. Plausibility assesses whether an explanation aligns with clinical expectations and is
evaluated by the clinician. Faithfulness assesses whether the explanation accurately represents the model’s underlying computation and must be evaluated against

the model itself.
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The explainability strategy refers to the
method used to generate an explanation for
the model’s output. Broadly, explanations
can be generated in two ways (Figure 3):%

« Ante-hoc (intrinsic) methods: Ante-hoc
models are designed so that their predic-
tions are inherently interpretable, eliminat-
ing the need for separate post-hoc expla-
nation methods. Although these models
have traditionally been thought to sacrifice
performance for transparency, this trade-off

is increasingly contested. A growing body
of work argues that interpretability should
be incorporated during model development
rather than retrofitted after prediction.”!

- Post-hoc methods: These techniques
are applied after training to generate expla-
nations for a black-box model’s predictions.
Many Al tools currently deployed in radiolo-
gy rely on complex black-box models, which
is why post-hoc methods dominate clinical
XAl in practice. Post-hoc methods include

WORKFLOW OF EXPLAINABLE Al IN MEDICAL IMAGING

saliency maps, perturbation-based methods,
and feature attribution scores, all described
in Section 4.

3.3 Clinical interpretation and feedback

The final phase, the one most directly
relevant to the practicing physician, is the
clinical interpretation of the explanation.
This step is not passive. A thoughtful radiol-
ogist should ask: Does this explanation make
sense? Does the model attend to the correct
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Figure 2. Overview of the explainable artificial intelligence (Al) workflow that illustrates how explanation methods provide complementary information to
interrogate Al predictions during clinical oversight. Grad-CAM, gradient-weighted class activation mapping; LIME, local interpretable model-agnostic explanations;
SHAP, SHapley Additive exPlanations; TCAV, testing with concept activation vectors.
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region, or is it focusing on irrelevant areas
(such as labels, artifacts, or patient identifi-
ers)? Does the model’s confidence match the
case’s difficulty?

Quality assurance for Al models requires
ongoing, critical collaboration between ra-
diologists and developers. When clinicians
routinely review explanation outputs along-
side model performance, they may detect
implausible behavior, shortcut learning, or
unexpected failures that aggregate perfor-
mance metrics alone might miss. Explain-
ability can strengthen this cycle by helping
clinicians and developers identify otherwise
hidden model limitations and failure modes,
enabling radiologist feedback, model refine-
ment, and iterative improvement of Al sys-
tems.

4, Categories of explainable artificial intelli-
gence in medical imaging

Researchers have developed and applied
a wide variety of XAl methods in medical
imaging. For educational purposes, these
methods are grouped into six broad cate-
gories, with perturbation-based and fea-
ture-attribution methods discussed together
in Section 4.2. These categories are not mu-
tually exclusive, and many XAl methods can
be described along multiple dimensions (for
example, how explanations are generated,
what they explain, or how they are present-
ed) (Figure 4). Most of these categories ad-
dress what the model is attending to or why
it produced a given output, using spatial,
feature-level, concept-level, or example-lev-
el accounts. Uncertainty quantification does
not explain why a prediction was made but

complements explainability by estimating
the reliability of that prediction. Table 1 pro-
vides a comparative summary.

4.1 Visual and spatial explanation methods

The most widely used XAl method in ra-
diology is the saliency map, a visual overlay
typically rendered as a heatmap that high-
lights the image regions most important to
the model’s prediction. When a radiologist
opens an Al platform and sees a warm-col-
ored region superimposed on a chest CT
indicating where the algorithm detected a
nodule, they are viewing a saliency map.

One of the most commonly used methods
for generating saliency maps is Grad-CAM.?
It traces gradients flowing backward from the
predicted classtothefinal convolutionallayer.

CATEGORIES OF EXPLAINABLE Al
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Figure 4. Overview of the major categories of explainable artificial intelligence methods with representative illustrations. Grad-CAM, gradient-weighted class
activation mapping; LIME, local interpretable model-agnostic explanations; SHAP, SHapley Additive exPlanations; TCAV, testing with concept activation vectors;

ACE, automated concept-based explanation.
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Table 1. Summary of explainable artificial intelligence categories in medical imaging

Category What it shows

Typical example Strengths

Weaknesses

Which image
regions influenced
the prediction

Visual/spatial

How the output

Perturbation-based .
of the image are
masked

Which features
(numerical or
image-derived)
contribute to the
prediction

Feature attribution

Whether the model

uses human-defined
visual concepts (e.g.,

Concept-based
spiculation, mass
shape)

How the model
relates the
current case to
representative
examples

Example- and case-based

How reliable the
prediction is and
whether the case
may be out of
distribution

Uncertainty quantification

changes when parts

v Intuitive and easy to
understand; visually
appealing for clinicians
v Computationally fast;
widely implemented

Grad-CAM saliency
map

v Model-agnostic—works

with any architecture
v Interpretable to non-
technical audiences

LIME

v Quantifies feature
contributions

v Local attributions can be
aggregated for cohort-level

SHAP
model auditing
v Useful for multivariable
clinical models

v Speaks the language of
radiology—spiculation,

TCAV, ACE margin, and shape

v Enables direct audit against

clinical reporting criteria

v Mirrors the case-based
Counterfactuals,
prototype matching

to support interpretation

v May indicate atypical or

borderline cases before a
wrong decision is made
v Supports other XAl
methods and safe human
oversight

Monte Carlo dropout,
deep ensembles

reasoning familiar to clinicians
v Provides concrete examples

X Spatial only—does not explain why a
region matters

X Maps can reflect image structure rather
than the model’s decision process

X Can be computationally expensive—
many forward passes required

X Local approximations may not reflect
global model behavior

X Sensitive to masking strategy

X Many implementations make simplifying
assumptions about feature dependence,
which may distort attributions for
correlated variables

X Can be computationally expensive at
scale

X Requires pre-defined, expertly labeled
concept sets

X Concept quality directly limits
explanation validity

X Difficult to scale across diseases

X Prototype and retrieval methods depend
on the representativeness of the reference
library

X Counterfactual explanations require
validation of anatomical realism, clinical
feasibility, and clinical plausibility

X Uncertainty estimates themselves may be
miscalibrated in novel contexts

X Does not explain why the model made its
prediction—only how reliable it is

Grad-CAM, gradient-weighted class activation mapping; LIME, local interpretable model-agnostic explanations; SHAP, SHapley Additive exPlanations; TCAV, testing with concept
activation vectors; ACE, automated concept-based explanations; XAl, explainable artificial intelligence.

In simpler terms, it estimates which image
regions contributed most strongly to the
prediction. The result is a coarse localization
map that can be overlaid on the original im-
age.

Several Grad-CAM variants have been
proposed. Grad-CAM++ extends Grad-CAM
to better capture cases where multiple in-
stances of the same class appear in a single
image.” Eigen-CAM uses a different math-
ematical approach that does not rely on
class-specific gradients.?* Score-CAM avoids
gradients altogether, instead using acti-
vation maps to mask the input image and
scoring the resulting change in the model’s
output.? All of these variants aim to provide
a spatially meaningful explanation of the
model’s prediction.

Other backpropagation-based methods
include Layer-wise Relevance Propagation,®
which traces relevance scores backward
from the output through every layer of the
network to the input pixels, and Integrated

Gradients,” which satisfies the completeness
property, meaning that the sum of the attri-
bution scores equals the difference between
the model’s output for the input image and
its output for a baseline reference image.

What radiologists should know: Saliency
maps are intuitive and visually compelling,
but visual plausibility is not evidence of va-
lidity, as discussed in Section 5.1. The reliabil-
ity of any given map depends on the method
and the specific case.

4.2 Perturbation-based and feature attribu-
tion methods

Beyond saliency maps, explainability
techniques can also identify which inputs
or features contribute most strongly to a
model’s predictions. Although perturba-
tion-based and feature-attribution methods
represent different conceptual approaches,
they are often discussed together because
they provide complementary insights. LIME?®
is a widely used perturbation-based fea-
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ture-attribution method. It is fundamentally
a local explanation method that clarifies in-
dividual predictions and is most commonly
used for case-level interpretation. It divides
an image into superpixels and generates
multiple modified versions by selectively
masking these regions. It then fits an inter-
pretable surrogate model to approximate
the original model’s behavior, highlighting
the regions or features that contributed most
to a specific prediction. Because LIME is mod-
el-agnostic, it can be applied to a wide range
of Al systems, though the resulting explana-
tions may be sensitive to parameter choices
and the method can be computationally in-
tensive.

SHAPR? derived from cooperative game
theory, assigns each feature a contribution
value that reflects its influence on the predic-
tion. Like LIME, SHAP is fundamentally a local
explanation method that clarifies individual
predictions. However, its local feature attri-
butions can be aggregated across patient co-
horts, making SHAP particularly well suited

Durak et al.



for global feature attribution. Conceptually, it
estimates how much each feature influences
the model’s prediction across different fea-
ture combinations and assigns each feature
a “fair share” of the prediction. Aggregating
these contributions across multiple cases
enables SHAP to identify variables that con-
sistently influence model predictions across
a population.

What radiologists should know: LIME
and SHAP offer complementary forms of ex-
plainability—LIME is more commonly used
for individual cases, whereas SHAP is more
commonly used across populations. Both
methods can be applied to multimodal Al
models that combine imaging with electron-
ic health record data, laboratory values, de-
mographic information, or genomic markers,
helping clinicians understand which inputs
contribute most to the final prediction. They
may also reveal potential biases when mod-
els rely heavily on confounding variables
rather than disease-related characteristics.

4.3 Concept-based explainability

One of the most clinically intuitive catego-
ries of XAl is the concept-based explanation.
Rather than asking “which pixels matter?”,
concept-based methods ask, “does this mod-
el's behavior correlate with human-defined
visual concepts?”—for example, spiculation
of a lung nodule, heterogeneity of a liver le-
sion, or cortical disruption of a bone.

Testing with concept activation vectors
(TCAV)*® is a prominent method in this cat-
egory. It first defines a clinically meaningful
concept using representative examples,
contrasts these examples with an appropri-
ate control set, and then fits a linear classi-
fier whose decision boundary identifies the
concept’s direction in the model’s internal
feature space (for example, images with
spiculated vs. smooth nodule margins). The
resulting concept activation vector encodes
the concept in the neural network’s math-
ematical space. Then, TCAV estimates how
sensitive the model’s predictions are to the
presence of that concept, formally expressed
as the fraction of cases in which the concept
increases the model’s score for a specified
target class.

Automated concept-based explanations
(ACE)*' extend the TCAV idea by automat-
ing concept discovery, reducing, though not
entirely eliminating, the need for manually
labeled concept datasets since the discov-
ered concepts still require expert review for
clinical interpretation. ACE generates image
segments and clusters their internal feature

representations to identify groups of visu-
ally similar regions that appear consistently
across many images within the same class,
treating these clusters as automatically dis-
covered concepts.

Concept-based methods are especially
valuable in radiology because radiologists
already think in visual terms. A model that
can be interrogated with the question “Is this
model using the pleural effusion to predict
malignancy?”is far more clinically useful than
one that simply produces a diffuse heatmap.
As these methods mature, they hold great
promise for aligning Al reasoning with estab-
lished radiological reporting frameworks.

What radiologists should know: Con-
cept-based methods are among the most
clinically aligned, interrogating models by
using terms such as spiculation or cortical
disruption rather than pixel gradients. When
evaluating an Al tool, assess it against the
specific imaging criteria already used in the
relevant specialty. Otherwise, its explana-
tions may be technically valid yet clinically
uninformative.

4.4 Example-based and case-based expla-
nations

Example-based methods explain a mod-
el’s prediction by referring to representa-
tive examples, retrieved reference cases, or
learned prototypes rather than to abstract
features or pixel maps. This approach mir-
rors the pattern-recognition process familiar
to radiologists, who often interpret imaging
findings by comparing them with previously
encountered cases.

Counterfactual explanations address
this question: “What would the image need
to look like for the model to predict a dif-
ferent outcome?” The concept originated in
automated decision-making under data-pro-
tection law** and has since been extended
to imaging tasks, where it may overlap with
example-based reasoning when reference
images or prototypes are used. For example,
given a mammogram classified as high risk,
a counterfactual explanation might show
what the mammogram would need to look
like, perhaps with a smaller or smoother le-
sion, to be classified as low-risk. This contras-
tive structure aligns with human reasoning
and may improve clinicians’ understanding
of Al decisions.

Prototype-based models** go a step fur-
ther by incorporating example-based rea-
soning directly into the model architecture.
The model learns a set of representative im-

age prototypes in its internal feature space
for each class. For any new image, the mod-
el’s prediction is based on similarity to these
prototypes, and the explanation takes this
form: “This region of the new image resem-
bles this prototype, which is associated with
malignancy.” However, this requires careful
design to avoid misleading or degenerate
prototypes.

What radiologists should know: Exam-
ple-based explanations are also intuitive for
clinicians because they mirror case-based
reasoning, but their trustworthiness de-
pends on the quality, realism, and clinical va-
lidity of the generated or retrieved examples.
For retrieval-based systems, assess whether
the reference cases represent the relevant
patient population. For prototype-based
models, examine how the learned proto-
types are constructed and validated.

4.5 Uncertainty quantification

An often-overlooked yet critically import-
ant aspect of Al interpretation in clinical prac-
tice is uncertainty quantification. Most deep
learning models produce a single probability
score, which does not directly reflect the pre-
diction’s reliability. The probability score in-
dicates how strongly the model favors a pre-
diction, whereas uncertainty quantification
estimates its reliability. A model may assign
a high probability to an incorrect prediction,
making such failures difficult to recognize.
Uncertainty quantification methods address
this limitation by estimating how much to
trust a prediction.®*

Uncertainty estimation has several im-
portant clinical applications. It can help iden-
tify difficult or ambiguous cases, highlight
predictions that may warrant additional scru-
tiny, and flag out-of-distribution cases. These
images differ substantially from the model’s
training data, and predictions can be less reli-
able.® In practice, high-uncertainty cases can
be automatically flagged for human review,
an approach increasingly advocated for safe
Al deployment.

Several techniques can estimate a mod-
el's uncertainty. Monte Carlo Dropout is
among the most widely used. It repeated-
ly evaluates the same image with different
dropout patterns during inference, and the
variability among the resulting predictions
serves as the uncertainty estimate® Deep
ensembles, instead, compare the predictions
of several independently trained models.>’
Both methods are primarily used to estimate
epistemic uncertainty, which reflects un-
certainty due to limited model knowledge
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or unfamiliar inputs. By contrast, aleatoric
uncertainty reflects inherent ambiguity or
noise in the input data and typically requires
a model explicitly designed to estimate it.
Such estimates complement explainability
methods such as saliency and attribution
maps: whereas those maps indicate where
the model looked or which features it relied
on, uncertainty indicates how reliable the
model’s prediction is.

What radiologists should know: A sys-
tem that provides well-calibrated, externally
validated uncertainty estimates may support
safer clinical oversight than one that pro-
vides no uncertainty information. Uncertain-
ty estimates help clinicians act appropriately
on model outputs, for example, by deferring
high-uncertainty cases for immediate expert
review. However, users should also be cau-
tious; an Al system may report uncertainty,
but it cannot determine whether its esti-
mates remain trustworthy in a novel clinical
context.®

4.6 How do | choose between explainable
artificial intelligence methods for a given
task?

No single XAl method is best; the right
choice depends on the clinical question and
the intended audience. The clinical question
should be considered first:

- To understand where the model is focus-
ing, a saliency method such as Grad-CAM is
the natural first choice.

- To identify feature importance for indi-
vidual predictions, LIME would be preferable.

- To identify feature importance across a
patient cohort, aggregated SHAP analyses
are more appropriate.

« To determine whether the model is us-
ing radiologically meaningful concepts, such
as spiculation or lesion heterogeneity, con-
cept-based methods, such as TCAV, are the
most directly informative.

« To understand which prior cases most
influenced the prediction, or what would
need to change for the prediction to differ,
prototype retrieval or counterfactual meth-
ods should be used.

«To assess prediction reliability, uncertain-
ty quantification is the appropriate choice.

Additionally, the audience should be
considered. Heatmaps may be particularly
comprehensible for radiologists because
they preserve the spatial context of imaging
findings, whereas SHAP feature plots may fa-
cilitate multidisciplinary discussions involv-
ing clinical variables. Prototype and coun-

terfactual explanations can provide intuitive
examples that nonexpert users can interpret
more easily. When needed, validate findings
with complementary methods. A practical
guide for selecting and critically evaluating
XAl methods is provided in Table 2.

5. Limitations, common misconceptions,
and future directions

Although XAl is a necessary complement
to Al, it has limitations and can be misused.
This section reviews common misconcep-
tions, limitations, and future directions in XAl
and summarizes the key concepts in Figure 5.

5.1 Visual appeal does not equal true rea-
soning

Perhaps the most important misconcep-
tionin clinical XAl is that a visually convincing
heatmap constitutes a reliable explanation.
A heatmap highlighting the correct region of
an image is reassuring, yet it does not pro-
vide sufficient evidence of faithful model rea-
soning or guarantee that it will continue to
highlight the correct region in other cases or
on other scanners.

Adebayo et al** showed in a landmark
study that several widely used saliency
methods produced similar heatmaps even
after progressively randomizing the model’s
learned parameters. This finding suggested
that the resulting explanations were driv-
en largely by image characteristics such as
edges and textures rather than by the mod-
el's learned representations. A method that
produces the same explanation regardless of
what the model has learned cannot be con-
sidered a faithful explanation of the model
itself (see the “Dangerous False Reassurance”
in Figure 1).

Quantitative benchmarking has also
shown that saliency maps do not always lo-
calize lesions accurately. In a study evaluat-
ing Grad-CAM, Grad-CAM++, and Eigen-CAM
on mammography,* Pointing Game Scores,*!
which measure localization accuracy by
checking whether the saliency map’s peak
activation falls within the expert-annotated
lesion region, were only 0.41, 0.30, and 0.35,
respectively, substantially lower than the vi-
sual impression of reliability would suggest.

Debate continues over whether the entire
post-hoc XAl paradigm might be a category
error in high-stakes medical settings—if ex-
planations generated after a model reaches
its conclusion cannot reliably reconstruct its
actual reasoning, then their clinical value,
however intuitive they may seem, remains
fundamentally limited. Proponents of this
view argue that the field should instead pri-
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oritize interpretable-by-design approaches,
in which transparency is embedded directly
in the model architecture rather than in-
ferred from post-hoc explanations.'2'42 Post-
hoc methods remain crucial for auditing the
black-box models that currently dominate
clinical deployment, but when an ante-hoc
model of comparable performance exists,
there is a strong argument for preferring it.

5.2 Risk of overtrust and automation bias

Counterintuitively, explanations accom-
panying Al predictions may not always re-
duce inappropriate trust and, in some cases,
may even reinforce it.* This phenomenon,
known as automation bias, is the tendency
to over-rely on Al outputs despite conflicting
clinical evidence, a risk that may be height-
ened by visually persuasive explanations.
Even a correctly placed heatmap should
prompt independent confirmation of the
finding rather than deference to the model
(see Section 2.3).

Beyond the content of an explanation, the
way it is presented, including its on-screen
position, the opacity of a heatmap overlay,
and the visual prominence of uncertainty in-
dicators, can fundamentally alter how a clini-
cian responds to it, regardless of its accuracy.
Emerging human factors research suggests
that Al interface design can influence how
clinicians interact with Al outputs, making
interface design integral to safe Al deploy-
ment rather than an afterthought.** Cogni-
tive load is another important consideration.
Although evidence specific to explainability
remains limited, studies on radiologist fa-
tigue underscore that increased cognitive
demands can adversely affect diagnostic
performance, emphasizing the need for
concise, clinically interpretable explanation
interfaces.*

5.3 Lack of standardized evaluation metrics

In a systematic review of primary diag-
nostic test accuracy studies published from
January 2016 to January 2021, 490 radiology
studies used end-to-end deep learning, of
which 179 (37%) incorporated XAl. Only one
study used a formal measure to assess ex-
planation quality.* This gap is striking, given
that the field routinely evaluates diagnostic
performance using rigorous statistical test-
ing.

One of the most pressing unsolved
problems in clinical XAl is the lack of stan-
dardized, agreed-upon metrics for eval-
uating explanation quality.*” Unlike di-
agnostic Al performance, where metrics
such as AUC, sensitivity, and specificity are
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Table 2. Practical guide for selecting and critically evaluating explainable artificial intelligence methods

Clinical question

Recommended XAl method(s)

What should the radiologist verify?

Example

Is the Al focusing on the
clinically relevant region?

Why did the Al make this
prediction for this patient?

Is the model relying on
clinically meaningful features
or concepts rather than

Grad-CAM or other visual explanation

methods

LIME, SHAP

SHAP, TCAV, Grad-CAM

Verify localization accuracy and review evidence
for clinical validation. Be aware that visually
plausible localization does not necessarily
indicate a faithful explanation.

Assess whether the reported feature
importance is clinically plausible and review
available evidence that the explanation method
has been validated for faithfulness.

Determine whether the highlighted concepts
represent genuine imaging biomarkers rather
than dataset-specific artifacts or shortcuts.

Pulmonary nodule
detector highlights the
nodule rather than ribs
or scanner artifacts.

Identify which imaging
and/or clinical features
most influenced the
prediction for a liver
lesion.

The mammography
model relies on
spiculated margins
rather than acquisition

shortcuts?

How reliable is the model’s
prediction in this case?

How reliable is the prediction
in difficult or unusual cases?

Which prior cases drove this
prediction, or what would

e explanations

How are imaging and clinical

variables combined? SHAP, LIME

Should this Al model be
trusted before deployment?

Uncertainty quantification

Uncertainty quantification

Prototype methods, counterfactual

Comprehensive XAl evaluation

Check whether the retrieved prototypes

or reference cases resemble your patient
population and whether the counterfactual
change is clinically meaningful.

Assess how multimodal information contributes
to prediction and whether the model’s decision
basis is clinically plausible.

Review explanation validation, dataset
compatibility, workflow integration, limitations,
and post-deployment monitoring.

Verify calibration and external performance.

Review the uncertainty estimate and consider
whether the case may be out-of-distribution.

markers.

The model flags an
equivocal pulmonary
embolism study for
radiologist review.

A workflow flags

an atypical chest
radiograph—unlike
those in the training
data—as high-
uncertainty and routes
it for priority human
review.

A mammogram
classified as high risk

is shown alongside a
counterfactual with a
smaller, smoother lesion
that would reclassify it
as low risk.

A hepatocellular
carcinoma prognosis
model combines
imaging and laboratory
data.

A comprehensive audit
of a chest CT Al model
is conducted before
clinical implementation.

Al, artificial intelligence; Grad-CAM, gradient-weighted class activation mapping; LIME, local interpretable model-agnostic explanations; SHAP, SHapley Additive exPlanations;
TCAV, testing with concept activation vectors; XAl, explainable artificial intelligence; CT, computed tomography.

widely understood and routinely report-
ed, no single universally accepted standard
exists for evaluating explanation quality.
Several evaluation frameworks have been
proposed. In addition to the aforementioned
Pointing Game Score, insertion and deletion
scores assess whether progressively remov-
ing or restoring the regions highlighted by an
explanation produces the expected change
in the model’s prediction confidence.*®
Faithfulness metrics also evaluate whether
the explanation accurately represents the
features the model used to reach its output.*
Qualitative evaluation using a radiologist’s
judgment is also valuable but introduces

subjectivity and interobserver variability.

The lack of standardization has practical
consequences. It means that two Al products
can both claim to provide XAl-enhanced out-
puts without a meaningful way to compare
the quality or reliability of their explanations.
It also makes the XAl literature difficult to
synthesize, as methods are rarely evaluated
on the same benchmarks. Therefore, devel-
oping and adopting standardized evaluation
criteria for XAl in clinical imaging is a top pri-
ority for the field.

5.4 Regulatory frameworks and transpar-
ency obligations

Al tools in clinical radiology do not
deploy in a regulatory vacuum, and the
frameworks that govern their use directly
shape how transparency, documentation,
human oversight, and communication of
Al outputs are applied in clinical practice.
In the United States, the Food and Drug
Administration (FDA) regulates many Al-en-
abled imaging software products as Soft-
ware as a Medical Device or as other medi-
cal-device software functions, depending
on their intended use. Because the statutory
non-device clinical decision-support exclu-
sion under the 21 Century Cures Act does
not apply to software that acquires, process-
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Figure 5. Summary of the clinical importance, common misconceptions, and future directions of explainable artificial intelligence. XAl, explainable artificial
intelligence; PACS, Picture Archiving and Communication System.

es, or analyzes a medical image, imaging Al
tools fall outside that exclusion and remain
subject to FDA device oversight, regardless
of the transparency or explainability features
they provide. The Good Machine Learning
Practice guiding principles,® jointly pub-
lished by the FDA, Health Canada, and the
United Kingdom Medicines and Healthcare
products Regulatory Agency (MHRA) in 2021,
outline 10 principles that encourage devel-
opers to provide users with clear information
about model performance across subgroups,
training data characteristics, and post-de-
ployment monitoring. Building on this foun-
dation, the FDA, Health Canada, and MHRA
jointly published Transparency for Machine
Learning-Enabled Medical Devices: Guiding
Principles in June 2024,°" which further em-
phasized the need to communicate infor-
mation required for safe and informed use,
including intended use, performance, lim-
itations, data characteristics, lifecycle moni-
toring, and, where appropriate, information
about the model or algorithmic approach.
Although these are nonbinding guiding
principles rather than binding regulations,
they signal a clear regulatory direction and
increasingly shape regulatory submissions
and expectations for product transparency.

In Europe, the General Data Protection
Regulation (GDPR) imposes transparency

obligations on certain forms of automated
decision-making, but it should not be read
as creating a universal right to a technical
explanation for every Al-assisted medical de-
cision.'**? More recently, the European Union
Al Act entered into force in August 2024 and
classified many Al-enabled medical devices
as high-risk Al systems, subject to the cor-
responding regulatory requirements.®>* It
requires providers to design these systems
to be sufficiently transparent so that deploy-
ers can interpret their output and use them
appropriately and to provide instructions
covering logging, human oversight, and
the system’s limitations and performance
characteristics.>* Notably, the Act’s individ-
ual right to an explanation of a specific au-
tomated decision does not apply to medical
devices.' This reinforces, as with the GDPR,
that there is no general right to a case-level
technical explanation for imaging Al.

This Act’s timeline has since been amend-
ed: Regulation (EU) 2026/1744, which en-
tered into force on 27 July 2026, postponed
the high-risk obligations to 2 December
2027 for standalone systems and to 2 August
2028 for Al embedded in regulated products,
including medical devices. Accordingly, al-
though many Al-enabled medical devices re-
main classified as high-risk, the correspond-
ing obligations do not yet apply.
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5.5 Future directions

Among the most consequential advances
in Al, and by extension in XAl, is the emer-
gence of foundation models. These large
multimodal systems are trained on vast data-
sets of paired images and text and introduce
a qualitatively different approach to commu-
nicating Al predictions and their support-
ing rationales. Whereas conventional image
classification models often require separate
post-hoc explanation methods, vision-lan-
guage models such as GPT-4 and Med-Gem-
ini can generate natural-language outputs
alongside their predictions.>>*® These out-
puts create the appearance of transparen-
cy, a convincing rationale, and stepwise
reasoning but should not be interpreted as
revealing the model’s underlying computa-
tional process.”” They may instead be post-
hoc rationalizations that describe a plausible
reasoning pathway without faithfully repre-
senting how the prediction was reached. A
critical priority for the field will therefore be
to develop safeguards against hallucinated
or ungrounded natural-language explana-
tions. These generated rationales should be
evaluated independently along four comple-
mentary dimensions: clinical usefulness, fac-
tual accuracy, grounding in the input data,
and faithfulness to the underlying prediction
process.*®
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Several further developments in XAl for
radiology are likely to shape its trajectory
over the coming years.

. Standardization and regulation: As
discussed in detail in the previous section,
regulatory bodies increasingly emphasize
transparency for Al tools intended for clinical
use. However, no common language has yet
been established to describe or evaluate the
quality of an explanation. Standardized eval-
uation frameworks, analogous to reporting
guidelines such as Standards for Reporting
Diagnostic Accuracy Studies,* are anticipat-
ed.

« User-centric XAl design: Current XAl
methods are primarily designed to meet
technical definitions of interpretability. A
growing body of research advocates hu-
man-centered design, developing expla-
nations that address clinicians’ actual ques-
tions rather than optimizing mathematical
properties. This requires close collaboration
among Al developers, radiologists, and social
scientists.

- Integration into clinical workflows: In-
tegration of XAl into picture archiving and
communication systems (PACS) and clinical
decision support systems, with standard-
ized presentation formats and user interface
design, will be necessary for XAl to reach
everyday clinical practice. This will pave the
way for interactive explanations and human-
in-the-loop systems, enabling users to query
the model and receive tailored responses.

« Beyond saliency—richer forms of
explanation: The field is moving beyond
heatmaps toward richer explanation types,
including textual reports, interactive what-if
interfaces, and prototype-based compari-
sons. These more structured forms of expla-
nation can provide clinicians with contextu-
al, contrastive, and actionable information
that supports genuine decision-making.

5.6 Concluding remarks

The question facing radiology is no lon-
ger whether Al will be integrated into clinical
practice; it already has been. The real ques-
tion is whether radiologists will serve as in-
formed partners in Al-assisted diagnosis or
as passive recipients of algorithmic outputs
they cannot interrogate.

XAl does not fully solve the problems of
clinical Al, and its limitations are real: post-
hoc explanations of black-box models ap-
proximate the computational processes
underlying their predictions, but they may
not faithfully represent the internal features

or interactions responsible for the output.
There is an argument for preferring interpre-
table-by-design models whenever perfor-
mance is comparable. Regardless of the ex-
planation method used, trustworthy clinical
Al depends on rigorous clinical and external
validation, calibration, and ongoing human
oversight.

This is not new for radiologists. Recogniz-
ing a false heatmap, questioning a vendor,
identifying misplaced model confidence,
and providing feedback to developers ex-
tend the appraisal skills the specialty already
applies to every other diagnostic tool. XAl is
what makes those skills actionable.
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