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ADVANCES IN CARDIOVASCULAR IMAGING

Explainable Artificial Intelligence and Cardiac
Imaging: Toward More Interpretable Models
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ABSTRACT: Artificial intelligence applications have shown success in different medical and health care domains, and cardiac
imaging is no exception. However, some machine learning models, especially deep learning, are considered black box as
they do not provide an explanation or rationale for model outcomes. Complexity and vagueness in these models necessitate
a transition to explainable artificial intelligence (XAl) methods to ensure that model results are both transparent and
understandable to end users. In cardiac imaging studies, there are a limited number of papers that use XAl methodologies.
This article provides a comprehensive literature review of state-of-the-art works using XAl methods for cardiac imaging.
Moreover, it provides simple and comprehensive guidelines on XAl Finally, open issues and directions for XAl in cardiac
imaging are discussed.
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are designed to assess cardiac structure and func-
tion." Several imaging modalities are now available
and have taken a central position in guiding diagnosis
and treatment of cardiovascular diseases. These modali-
ties include, but are not limited to, cardiac magnetic
resonance (CMR) imaging, cardiac computed tomog-
raphy, and echocardiography.? The quality and speed of
image acquisition in cardiac imaging has improved mark-
edly over the preceding 2 decades. Advances in car-
diac imaging have led to a huge influx of imaging data,
necessitating the development of automatic tools for the
efficient conversion of raw imaging data into meaningful
clinical information. Large research cohorts, such as the
UK Biobank, are increasingly incorporating cardiovascu-
lar imaging into their protocols.® Automated and scalable
image analysis tools are thus essential for the extraction
of meaningful phenotypes from imaging data banks.
Artificial intelligence (Al) has become a determining
factor in this respect, showing extraordinary success and
progress in a diverse range of domains. There are many
areas within which Al might narrow the gap between
clinical care and the abundance of cardiac imaging data

Cardiac imaging refers to noninvasive techniques that

by, for example, improving image acquisition, segmenta-
tion, feature extraction, diagnosis, and as a component
of clinical decision support systems.* Machine learn-
ing (ML) is a branch of Al that does not require explicit
programming.® ML methods are used widely in cardiac
imaging studies to perform tasks including estimation of
biological heart age heart disease risk prediction,” and
heart failure (HF) prediction.®

Deep learning (DL) is a subset of ML that mimics
the human brain to perform simple and complex tasks
more efficiently than any other system. DL models do not
require feature engineering, as is the case for classical
ML models.® Deep neural networks, convolutional neural
networks (CNNSs), recurrent neural networks, and genera-
tive adversarial networks are the most common DL mod-
els. However, such models do not expose the rationale for
their outcomes to human users. This absence of transpar-
ency hinders their adoption in clinical decision-making.'
Indeed, in cardiovascular medicine, it is essential that
explanations regarding Al results are offered in order for
the users to understand, trust, and safely use their new
partners.'” This has led to the emergence of explainable
Al (XAl). The goal of XAl is to enhance the interpretation
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Nonstandard Abbreviations and Acronyms

Al artificial intelligence

CAD coronary artery disease

CMR cardiac magnetic resonance

CNN convolutional neural network

DL deep learning

Grad-CAM gradient-weighted class activation
mapping

HF heart failure

Lv left ventricle

mi myocardial infarction

ML machine learning

RV right ventricle

SHAP Shapley additive explanations

XAl explainable artificial intelligence

of black box model outputs, while maintaining high levels
of performance.’? Therefore, XAl is essential to ensure
core aspects of trustworthiness.'® Here, we will provide
a concise review of the concepts of XAl for clinicians,
without Al backgrounds, and will detail the usages and
advantages of XAl in cardiac imaging. Finally, we will dis-
cuss open issues and directions for future research.

XAI LANDSCAPE

Recent advances have led to an explosion of Al appli-
cations in many fields. However, improvements in model
performance have come at the cost of increased techni-
cal complexity. While Al models are believed to have the
potential to revolutionize health care delivery, real-world
deployment and adoption requires the trust of practi-
tioners, patients, and stakeholders. In the last 10 years,
there has been an enormous surge in the use of the term
XA, mirroring advances in Al, as illustrated in Figure 1.
XAl is a set of tools and processes that enable human
users to comprehend both how Al models work and how
they reach a specific outcome.

Classic ML models (eg, linear regression, random for-
est, and decision tree) have reduced complexity compared
with DL models and, as such, are considered more inter-
pretable. However, DL-based models have been shown,
generally, to outperform classic ML on the same tasks."®
Difficulties in the interpretation of DL model outcomes
have led to a lack of trust and represent a major obsta-
cle in their translation to clinical use. Figure 2 illustrates
the relationship between explainability and performance
for the most widely used ML and DL models. The ideal
outcome is that the model to be deployed will have both
high performance and high interpretability, but this can be
rarely accomplished in real-world scenarios, requiring a
trade-off between model performance and interpretability.
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The terms interpretable and explainable are often
used interchangeably. However, Gunning et al'?> argue
that their definitions are domain and task dependent.
Broadly speaking, interpretability is the degree to which
a human could understand or intuit how a model has
reached a given outcome.”™ Explainability, on the other
hand, relates to the internal mechanism and the logic of
the ML system. Related and commonly coencountered
terms are as follows: trustworthiness, the degree of
confidence that the model would act as intended when
encountering a given task; and transferability, the degree
to which model outcomes can be adapted to a different
domain. While there is no standard agreement on what
an explainable model should comprise, research activi-
ties in XAl focus on ensuring trustworthiness, transfer-
ability, fairness, accessibility, and interactivity.'

TAXONOMY OF XAl

Interpretable models can be classified into several cat-
egories based on different criteria.”™ The first criterion
is whether the interpretability is intrinsic (ante hoc) or
established after training (post hoc). ML/DL models
are considered intrinsic if they are self-explanatory and
provide an immediate explanation on how the model has
transformed the inputs to the output.'® Decision trees
and logistic regression are examples of simple intrinsic
models as they are designed to provide not only clas-
sification/prediction results but also feature importance
scores guiding their decision. In contrast, post hoc inter-
pretability requires a second model to explain the cur-
rent model after training. For instance, gradient-weighted
class activation mapping (Grad-CAM)'® is a post hoc XAl
method that is usually applied to DL models. It visualizes
attention map by generating a heat map on the near-
est convolutional layer to the fully connected layers, as
the last convolutional layer carries the spatial informa-
tion that the model uses to make the decision. Saliency
maps were proposed as attention visualization method
by calculating the gradient of the output category with
respect to input.

XAl models can be further classified into specific and
agnostic. Model-specific refers to any explainable method
that has been designed and developed to work with a
single model or specific groups of algorithms. Usually,
a model-specific method depends on the working and
internal architecture (eg, the weights of a linear model) of
the specified ML/DL models. On the other hand, model
agnostic refers to explainable and flexible methods that
can be applied to any model or algorithm,” irrespective
of complexity.'® Shapley additive explanations (SHAP) is
an example of a model-agnostic method.

XAl methods provide either local or global explana-
tions: local explanations hold for a specific or random
instance, that is, a specific patient, whereas global
explanations apply to all instances of the model.”®* Many
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Figure 1. Google Trends is a free tool that analyzes the popularity of Google search terms using real-time data.
Google Trends shows the trend in search terms for artificial intelligence (Al)/explainable Al for the past 10 years. The y axis represents the

normalized relative number of searches of the terms over time.

explainability methods are either built for a specific
model, focus on specific data, or provide either local or
global explanations: as such, there is no best-in-class
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Figure 2. Model explainability versus performance for some
selected artificial intelligence methods.

Graphical models: probabilistic model such as Bayesian network. Rule-
based learning: any model uses rules (eg, if:then) to make a decision.
CNN indicates convolutional neural network; DNN, deep neural
network; GAM, generalized additive model; GAN, generative adversarial
network; KNN, K-nearest neighbor; RNN, recurrent neural network;
SVM, support vector machine; and XGB, extreme gradient boosting.
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method. It may be argued that SHAP is comprehensive
in the sense that it is model agnostic and provides both
local and global explanations.'

Figure 3A illustrates the outcome of 2 XAl methods
(Grad-CAM and saliency map) that represent how the
model can be distracted by motion artifact. The model
was intended to segment myocardium; however, the
attention map shows that the model was driven outside
the myocardial region due to motion artifact. For instance,
in segment 2 (g, b, d, and e), the attention map did not
fully cover the inferoseptal and anteroseptal segment
that could be related to the fact that the motion arti-
facts in these regions often occurred together. The red
arrow represents the distraction. Figure 3B and 3C is an
illustrative example of XAl model-agnostic methods that
show the local and global explanation for a binary clas-
sification model to distinguish patients with myocardial
infarction (MI) from the control group (non-MI) created
from the UK Biobank. Figure 3A is the global explana-
tion from SHAP, which illustrates the contribution of each
predictor to the model outcome for all instances. It shows
that high cholesterol, sex (male, 1), and body mass index
are the most significant and contribute positively to the
model outcome, indicating that small increases (change
from female to male) to these values will increase the
possibility of having MI. On the contrary, height contrib-
utes negatively. Figure 3B is a local explanation for a spe-
cific subject using the local interpretable model-agnostic
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Figure 3. Clinical examples and interpretation.
A, Attention map generated by gradient-weighted class activation mapping (Grad-CAM) and saliency in cardiac T1 mapping. B, Global list of
informative predictors from Shapley additive explanations (SHAP). High cholesterol, sex, and body mass index are contributing positively to
model output (myocardial infarction [MI]) while height contributes negatively (non-Ml). C, Local features contributions for a specific subject in
the model. It shows the prediction probability for each class the subject might belong to. The color indicates whether the feature contributes
to Ml or non-Ml classes while the numbers in the table represent the effect size in the model. A, Adapted from Zhang et al'® with permission.

Copyright © Elsevier, 2020.
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explanations method. It shows the probability of the sub-
ject being part of the control group (0.26) or as having
had an MI (0.74). In addition, it shows the contribution of
each predictor for each class. For instance, having high
cholesterol and being male contributes to the MI clas-
sification while having a body mass index value equal
to 21.29 and the absence of diabetes contribute to the
non-MI classification. Thus, methods such as SHAP and
local interpretable model-agnostic explanations can be
used to examine the under-the-hood workings of Al
models and examine their biological plausibility. These
results can be used to foster confidence in model out-
puts to end users. Other real examples on cardiac data
are reported in Table S1.

XAI IN CARDIAC APPLICATIONS

Figure 4 illustrates the 2 common paths that cardiac
imaging applications generally take, with the overall goal
of leading to accurate diagnosis and prognostication. Of
note, CMR was taken as an example over other modalities
in this figure and in the subsequent description, although
these concepts can be similarly extended to other car-
diac imaging modalities. In image-based models, raw
or minimally preprocessed images (2-dimensional/3-
dimensional/4-dimensional depending on the model)
are used directly as input, avoiding feature handcraft-
ing. Usually, these are complex models (eg, CNNs and
recurrent neural networks), and including an XAl method
is required to make the model interpretable. The most
common XAl methods generally applied to such data are
SmoothGrad,'® class activation mapping,?® Grad-CAM,'®
and saliency maps.?' The output of these XAl methods is
usually a heat map, applied to a random or specific car-
diac image from test data set, to represent the regions
(pixels or voxels) that drive the model output.

On the other hand, feature-based methods require (1)
preprocessing to extract the regions of interest from the
images (for example, the left ventricles [LVs] and right
ventricles [RVs]), a process commonly known as seg-
mentation, and then (2) the derivation of measures rep-
resenting local characteristics. Extracted features could
be either conventional CMR or radiomics. Conventional
CMR generally extracts LV/RV volumes in end diastole
and end systole, LV/RV stroke volumes, LV/RV ejection
fractions, and the LV mass.?? Such approaches provide
detailed information related to the size of cardiac cham-
bers that can be used to distinguish healthy and patho-
logical states.

Radiomics is a novel image analysis method that
transforms raw cardiac images into quantifiable data
representing the structural and functional characteris-
tics of cardiac tissue.?® It includes shape features such
as volume, area, and surface; first-order features such
as energy and entropy; and textural features such as
contrast and spherical disproportion. Radiomics can
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be extracted in end diastole and end systole. A full
description of all radiomics that can be extracted from
cardiac images and the relevant open-source packages
(Pyradiomics) can be found in the study by Van Gri-
ethuysen et al.?* These handcrafted features are then
used to train the model for a given application, using
either regression, classification, or unsupervised learn-
ing tasks such as clustering. Subsequently, XAl methods
can be applied to aid interpretation of the model output.
The outcomes of XAl are usually a list of informative
predictors or class membership probabilities (eg, HF
versus control) and the contribution of each predictor
for each class in a classification model. The Table 1 lists
the most common XAl methods applied to both image-
based and features-based models, together with a brief
description related to their aims, properties, applicable
input and ML/DL model, and applications in previous
cardiac imaging studies.

LITERATURE REVIEW

We performed a literature search on December 9, 2022,
within PubMed, Scopus, IEEE Xplore, and Web of Sci-
ence databases, to determine the main papers avail-
able in the current literature on cardiac imaging and
XAl The query consisted of 4 main parts (Table S2)
that combined different terminologies for cardiac (car-
diac and heart), imaging methods (eg, CMR, computed
tomography, and echocardiograms), ML/DL (eg, ML
and CNN), and for a wide range of XAl models (eg,
SHAP, Layer-wise Relevance Propagation, Grad-CAM,
and Local Interpretable Model-agnostic Explanations).
The research was restricted to title and abstract, and
we considered only articles written in English, with no
time restriction. This led to a total of 49 unique articles.
Of these, 17 articles were removed after full text review
as they did not specifically include XAl methods and
the words explainable/interpretable were only used in a
more general sense. Therefore, 32 original articles (24
journal papers and 8 international conference proceed-
ings) were considered, suggesting that the application
and development of XAl methods in cardiac imaging is
still in its infancy (Table 1; Table S3).

Sixteen of these articles relied on well-known XAl
methods and applied them to interpret the outcomes of
complex DL-based models (more scarcely ML based)
having cardiac images from CMR, nuclear medicine,
echocardiography, or histopathology as inputs. The aims
of these articles were diverse and included the automatic
calculation of the LV volume and ejection fraction?2®; the
automatic segmentation of cardiac structures as LV/
RV, myocardium, interventricular septal, and posterior LV
wall3®8185; and classification approaches. Classification
was investigated in the context of cardiac disorders such
as mitral valve diseases,*® myocardial injury,®® coronary
artery disease (CAD)S*%* cardiomyopathy,*® congenital
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Figure 4. Overview of the 2 common paths that cardiac imaging studies might follow using cardiac magnetic resonance (CMR)
as an example.

AUC indicates area under the curve; CNN, convolutional neural network; DeepConvNet, deep learning with convolutional neural networks; DL,
deep learning; DNN, deep neural network; Grad-CAM, gradient-weighted class activation mapping; LIME, local interpretable model-agnostic
explanations; LV, left ventricle; ML, machine learning; MSE, mean squared error; NNKX, neural network knowledge extraction; RV, right ventricle;
SHAP, Shapley additive explanations; and XAl, explainable artificial intelligence. Reproduced with permission. Copyright © 2023, the UK Biobank.

heart disease,*® and HF3?; even in newborn*® for the
presence of intracardiac devices (eg, catheters, pace-
maker, and defibrillator leads) or motion'8; for severe left
atrial dilation and LV hypertrophy*?; and for CMR image
view.?" In order to improve the interpretability of the seg-
mentation/prediction/classification results, these articles
generally focused on DL-based XAl methods as class
activation mapping or Grad-CAM, SmoothGrad, saliency
maps, testing with concept activation vectors, and guided
backpropagation. Class activation mapping—based meth-
ods are often used when 2- or 3-dimensional images
are available, and some extensions have been proposed
in cardiac imaging applications. For instance, Pérez-
Pelegné et al”® developed a new explainable approach

Circ Cardiovasc Imaging. 2023;16:¢014519. DOI: 10.1161/CIRCIMAGING.122.014519

that combines class activation mapping with U-net to
automatically estimate the LV volume in end diastole and
obtain the result in the form of a segmentation mask
without segmentation labels to train the algorithm.
Grad-CAM was used in 7 cardiac imaging studies, either
for classification'®344048-50 or segmentation.5' The latter in
particular proposed a new interpretable CNN model (fast
and accurate echocardiographic automatic segmentation
based on U-Net) that integrates U-net architecture and
transfer learning (from Visual Geometry Group 19) to seg-
ment 2-dimensional echocardiography of 88 patients into
3 regions (LV, interventricular septal, and posterior LV wall).
The model showed better performance compared with
traditional methods by achieving high mean dice score
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XAl Aim Properties | Input | Model | Application
PDP? Shows the marginal effect of 1 or 2 predictorson | G, A * M, D None
the outcome
ALE?® Shows the average effect of features on the G A * M, D None
outcome
Class activation map? Build discriminative image regions to show the LS t D Classification?’;
regions used by the model Regression?®
RxREN?® Extract rules that drive the model using classified | G, S * D None
and misclassified data
NNKX2© Knowledge extraction from multilayers trained L, S * D None
model
SHAP®! Provide feature importance list locally and globally | G, L, A *+ M, D Classification®*34;
based on game theory Regression®
LIMES® Explain the contribution of each feature toward the | L, A *t M, D None
outcome for one single instance
Layer-wise relevance Generate a heat map in the input space to L, S T D None
propagation®” reveal the contribution of each voxel in the model
outcome
Guided Visualize the learning of the intermediate layer of LS t D Segmentation®®;
backpropagation®® deep learning models Classification*°
DeepLIFT#! Shows the additive features attribution to the L, S *t D None
model outcome
Seq2Seq*? Visualize and debug sequence-to-sequence tool L, S *+ None
SmoothGrad'® Improve the sensitivity maps generated on the L, S t Classification and
input image by removing the noise Regression*®
Saliency maps?' Generate saliency maps, which shows the L, S 1 D Classification'®
contribution of each pixel toward the model output
DeepTaylor* Generate heat maps, which shows the L, S t D None
contribution of each pixel toward the model output
DeConvNet*® Generate heat maps, which shows the L, S 1 D None
contribution of each pixel toward the model output
Pattern attribution*® Generate heat maps, which shows the L, S t D None
contribution of each pixel toward the model output
Integrated gradients*’ Generate heat maps, which shows the LS t D None
contribution of each pixel toward the model output
Grad-CAM'® Generate heat map, which shows the contribution | L, S 1 D Classification 83440484950,
of each pixel toward the model output Segmentation®'
Grad-CAM++52 Improved version of Grad-CAM L, S T None
TCAV®® Features attribution L, S 1 Classification®*;
Segmentation®®

Please refer to Table S3 for more details on the cardiac imaging papers. A indicates agnostic; ALE, accumulated local effects; D, deep learning;
DeConvNet, deconvolution network; DeepLIFT, deep learning important features; G, global; Grad-CAM, gradient-weighted class activation mapping;
L, local; LIME, local interpretable model-agnostic explanations; M, machine learning; NNKX, neural network knowledge extraction; PDP, partial
dependence plot; RXREN, rule extraction by reverse engineering; S, specific; Seq2Seq, sequence-to-sequence models; SHAF, Shapley additive
explanations; TCAV, testing with concept activation vectors; and XAl, explainable artificial intelligence.

“Tabular.
tlmages.

coefficients (0.932, 0.848, and 0.868 for the 3 regions,
respectively). Adding Grad-CAM to the model allowed the
authors to visualize the feature maps from the U-net for
each of the 3 regions and thus to highlight the areas con-
tributing more to the segmentation outcome.

Testing with concept activation vectors® is an XAl
method that was designed by Google Al researchers
to address the issue of fairness and bias in Al models,
focusing on high-level concepts (stripes in a zebra) rather
than on low-level concepts (edges and lines in a picture).
Testing with concept activation vectors was used twice in

Circ Cardiovasc Imaging. 2023;16:¢014519. DOI: 10.1161/CIRCIMAGING.122.014519

these cardiac imaging studies to interpret DL models. In
a classification model based on variational autoencoder,
it was used to link some concepts (eg, low LV ejection
fraction) to the output (MI and CAD versus control).5*
Thereafter, they inspected the defined concepts and
established whether they were significantly related to the
model output by changing the concepts and observing
the alterations in the image domain. Their results indi-
cate that filling rates and LV ejection fraction had high
contributions to the model output. In addition, testing with
concept activation vectors was used to discover different
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concepts for different cardiac conditions in a trained
model to segment cardiac MRI into LV, RV, and myocar-
dium in 5 subject groups including controls, chronic M,
hypertrophic cardiomyopathy, dilated cardiomyopathy,
and dilated RV.%5 Their model detected a wide range of
significant concepts to the model output; however, these
concepts were similar in the 5 groups and require further
clinical validation.

In addition, 4 studies relied on SHAP to interpret
the model outputs.??-*®* One of these studies® relied on
SHAP to develop and test an explainable ML model to
assess whether noncontrast CMR could bring added
value to predicting HF hospitalization compared with
clinical data only. Their results demonstrated that CMR-
based ML models could provide a significantly superior
prediction of HF hospitalization (area under the curve,
0.81) compared with the basic clinical model (area
under the curve, 0.64). Moreover, their SHAP analysis
revealed left and right atrium strains as top imaging
markers contributing to the more accurate prediction of
future HF hospitalization.3?

SHAP and Grad-CAM were also integrated in a single
study to build an XAl model using myocardial positron
emission tomography images to predict mortality risk.3*
Grad-CAM was used to create attention maps in the
model, whereas SHAP was incorporated to determine
the importance of input,

The remaining 16 articles proposed different
approaches with the common aim of making their models
more interpretable and to cast light on the complex net-
work structure of the DL methods that impact the inter-
pretation of the model outcomes. In particular, Guo et
al®® developed a new way to enhance cardiac magnetic
resonance imaging multiclass segmentation by combin-
ing the strengths of CNN and interpretable ML algo-
rithms, by generating labeling probability maps for each
structure to guide the segmentation. Their results dem-
onstrated the possibility of applying CNN even in small
training data sets and at the same time improving the
accuracy for cardiac MRI segmentation in both research
and clinical patient care. Another article assessed the
quality of echocardiograms in apical 4-chamber view and
visualized the learnt features in the model using a novel
technique.®” They first assessed the quality of the echo-
cardiograms by an expert cardiologist. Then, using the
scores assigned by the experts, they trained a CNN to
calculate an automatic echo score in real time. Overall,
the embedding in their model of an interpretation method
helped to map the learnt features from the convolutional
layers to the images. A CAD-DL model was proposed
by Otaki et al®® and applied to single-photon emission
computed tomography myocardial perfusion imaging
to detect obstructive CAD, while spatial decomposi-
tion network®® was proposed to factorize 2-dimensional
images into spatial anatomical factors and nonspatial
anatomical factors for segmentation in order to increase

Circ Cardiovasc Imaging. 2023;16:¢014519. DOI: 10.1161/CIRCIMAGING.122.014519
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interpretability. Finally, another interpretable model was
proposed to derive a score to represent the quality of the
CMR reconstruction.®® The authors proposed a semantic
interpretability score that measured the visibility of the
regions of interest in both ground truth and the recon-
structed images. The score was calculated using mean
dice overlap between the experts-segmented cardiac
MRI (ground truth) and the segmented cardiac MRI by
pretrained model (reconstructed images). Their method
considers human perception into account when evaluat-
ing the quality of image reconstruction.

The complete list of the 32 articles reviewed in the
current work with more details on data, study cohort, and
application is given in Table S3.

OPEN ISSUES AND RESEARCH
DIRECTION

Our literature review suggests limited use of XAl meth-
ods in cardiac imaging, although the last year has wit-
nessed an increased number of articles on this topic. XAl
is indispensable in applications where there is no visual
feedback such as classification and regression while its
role might become less important when the output of the
model can be visually assessed such as in segmenta-
tion tasks. A list of open-source XAl tools currently avail-
able and that can be used in this domain is reported in
Table S4. It is a desirable characteristic, particularly in
health care applications, as it can combat the uncertainty
caused by the black box nature of underlying algorithms
and subsequent lack of trust. For example, XAl has been
used to avoid unnecessary financial costs related to inap-
propriate prescribing®' or long-term health care for those
with stable CAD.%? Furthermore, using XAl may help
compliance with the implementation of general data pro-
tection, when Al is used in automated decision-making.®®
Importantly, Ghassemi et al® have considered the rel-
evance of XAl for health care applications in a broader
context and argue that adoptability of medical Al should
be driven by rigorous internal and external validation as,
ultimately, this is necessary for deployment in a medi-
cal context. The authors conclude that XAl has more of
a role at a developmental level through model trouble-
shooting and audit where it could be used to assess for
bias, failure modes, or performance issues.
Notwithstanding an increasing uptake of XAl, there
is no standard way to evaluate the outcomes that result
from its use. Three levels of evaluation have been pro-
posed to evaluate interpretability methods: (1) applica-
tion-grounded, (2) human-grounded, and (3) functionally
grounded evaluation.®® Application-grounded evaluation
uses experts to assess explainability but is expensive,
nongeneralizable, and subjective. Human-grounded eval-
uation uses nonclinical evaluators and so is less expen-
sive but is not applicable in medical fields due to the

April 2023 353


https://www.ahajournals.org/doi/suppl/10.1161/CIRCIMAGING.122.014519
https://www.ahajournals.org/doi/suppl/10.1161/CIRCIMAGING.122.014519

Gzoz ‘1€ Afenuer uo Aq Blio'sfeuinofeye//:dny woly pspeojumod

Salih et al

privacy issues. Functionally grounded evaluation aims to
evaluate XAl methods using proxies and statistical meth-
ods to quantify model uncertainty. Selectivity®*®® and sen-
sitivity*™®” have been put forward as proxies to evaluate
XAl methods: selectivity indicates how the model perfor-
mance would be affected if significant features/regions
identified by XAl method were removed; and sensitivity
is related to feature perturbation and its effect on XAl
outcomes. Our conclusion is that the evaluation of XAl
methods is an emerging and young field of research and
that, therefore, involving experts in the evaluation of XAl
outcomes remains of crucial importance.
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