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Abstract
Explainable artificial intelligence (XAI) is gaining importance in physiological research, where artificial intelligence is now
used as an analytical and predictive tool for many medical research questions. The primary goal of XAI is to make AI models
understandable for human decision-makers. This can be achieved in particular through providing inherently interpretable AI
methods or by making opaque models and their outputs transparent using post hoc explanations. This review introduces XAI
core topics and provides a selective overview of current XAI methods in physiology. It further illustrates solved and discusses
open challenges in XAI research using existing practical examples from the medical field. The article gives an outlook on
two possible future prospects: (1) using XAI methods to provide trustworthy AI for integrative physiological research and
(2) integrating physiological expertise about human explanation into XAI method development for useful and beneficial
human-AI partnerships.
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Introduction

Physiology is a diverse field of research within human
medicine and beyond. According to Lemoine and Pradeu
[57], physiology is an integrative, explanatory science dedi-
cated to overarching phenomena in living beings that are seen
as normal (healthy) or pathological (indicative of disease).
The British physiologist Noble once pointed out that “physi-
ological analysis requires an understanding of the functional
interactions between the key components of cells, organs,
and systems, as well as how these interactions change in dis-
ease states” [86]. This means physiology is taking a holistic
view on living organisms.

Although physiology is a holistic science, it seems that
physiological research has not yet exploited the full poten-
tial of new technological trends, such as explainable artificial
intelligence (XAI) [59], to integrate existing knowledge with
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new data-intensive analytics. This potential could be utilized
in themany research fields that apply physiological methods.
This includes research on cardiovascular diseases [33, 49,
84], immunology and homeostasis [102], neural physiology,
e.g., for research on Alzheimer’s disease [22] and depression
[104], physiology of aging [140] and reproduction [117], cell
biology [34] as well as the physiology of nutrition, e.g., in
research on human adipogenesis [85], diabetes [141], and
effects of diet on cardiovascular diseases [33]. Last but not
least, physiology plays a crucial role in tumor detection and
diagnosis, e.g., based on histopathological findings using
either traditional methods (e.g., TMN-based classification)
or modern methods (e.g., immunoscore) [57].

Physiology therefore offers a wide range of applications
for artificial intelligence (AI), a set ofmethods and algorithms
including techniques that learn models from data (machine
learning), perform automated planning, or provide knowl-
edge representation for automated processing [79, 127].Most
of theAI algorithms currently in use belong tomachine learn-
ing methods. These can be used for example for regression
tasks, classification, or clustering [79, 127]. Their approach
is predictive rather than descriptive or functional.

AI is already being used in various areas of physiologi-
cal research, particularly in oncology, e.g., for the detection
and classification of breast cancer [27] and colorectal can-
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cer [95]. AI is also applied for the analysis of cardiovascular
conditions, e.g., the detection of systolic dysfunction [29] or
in neurophysiology, for tasks like the detection of epileptic
seizures [13] and stroke prediction [21].

The vast majority of current AI approaches use so-called
deep neural networks (DNN), which offer high-performance
architectures but remain opaque to humans in their decisions
due to their complexity [87, 126, 131].

Explainable artificial intelligence (XAI), as a field of
research and at the same time a term for methods that
are either inherently interpretable or represent an inter-
pretable extension of opaque methods, aims to counteract
this intransparency [131]. XAI is particularly important for
the integration of humans in decision-making processes [87].
XAI methods create understanding in recipients of expla-
nations about the behavior and outcomes produced by AI
models, e.g., why a certain cancer type was classified in a
given microscopy image [87, 126, 130]. Thus, XAI methods
serve experts for the validation of AI models, in particular,
to examine whether these models have produced results for
valid reasons.

AI models depend on input data and may therefore be
prone to noise, errors, or incompleteness in data [87]. In some
medical areas, such problems can be amplified by small data
sets that cannot be representative of large populations, for
example, in histopathology, where false tissue annotations in
whole slide images, along with very diverse tissue constella-
tions, can lead to limited generalization in AImodels [87]. At
the same time, XAI methods can help novices to understand
the domain of interest with the help of an AI model, given
that it was evaluated as representative by experts.

In physiology and its related medical tasks, human-
centered XAI can help to integrate human knowledge into
AI models as well as to extract human-understandable con-
cepts from AI models [80, 87, 106]. Established rules (such
as TMN cancer classification rules [72]) can be integrated in
the process of learning AI models to provide human guid-
ance [126, 130]. Analyzing internal representations of AI
models and providing human-understandable labels for them
can serve as a first approximation of human knowledge [87,
106]. All in all, putting the human into an explanatory dia-
loguewithAI could lead to improved collaboration and better
medical decision outcomes [56, 87].

This review article aims for providing an overview on
common XAI topics and methods. It therefore contributes a
collection of 85 publications that have been retrieved from a
systematic review of 200 papers and articles from the fields
of medicine and artificial intelligence with a special focus on
physiology. It further illustrates solved and discusses open
challenges in XAI research using existing practical examples
from themedical field.Basedon the extensive review, the arti-
cle provides a short analysis of the current state of XAI usage
in physiology and gives an outlook on two possible future

prospects: (1) using XAI methods to provide trustworthy
AI for integrative physiological research and (2) integrating
physiological expertise about human explanation into XAI
method development for useful and beneficial human-AI
partnerships. Ultimately, this review article’s goal is to show
howXAI could help tomeet the integrative demands of phys-
iological research despite the use of data-intensive (opaque)
artificial intelligence methods. To the best of my knowledge,
this is the first review article that focuses on XAI for phys-
iology and which discusses the potential of XAI to realize
integrative physiology.

The review is structured as follows: first, the research
area of XAI is introduced with its specific terminology in
Section 2. Then, themethodology behind the reviewof recent
publications that utilize XAI in the field of physiology is
briefly explained in Section 3. Subsequently, the results of the
research are presented and discussed in Section 4. To illus-
trate common XAI methods and for the discussion of open
challenges, examples of XAI methods are shown afterwards,
in particular, for medical applications in physiology (see
Section 5). The discussion and conclusion Sections (6 and 7)
explore and summarize how physiology and XAI as research
areas could mutually benefit from each other in the future.

Explainable artificial intelligence (XAI)

In general, explanatorymethods help to create understanding
in recipients of explanations (the explainees) about the sub-
ject or object that is to be explained (the explanandum) with
the help of phenomena or concepts the explanation is based
on (the explanans) [57, 126, 131]. In the XAI literature, the
component that provides explanations for opaque AI models
is often called an XAI method or explainer [131].

According to Carvalho et al. [92] and Schwalbe and Finzel
[131], the term explainable artificial intelligence (XAI) has
been first used by van Lent et al. in 2004 [59]. The term refers
to AI that is capable of explaining itself or that is enhanced
by methods that make it understandable to humans. Thus,
XAI is the area of research concerned with explaining an AI
system’s decision [131]. An idea of this kind has already been
coined in 1958 when computer scientist McCarthy proposed
inherently transparent AI systems using a formal language
and problem-solving algorithms [71, 125].

Early transparent methods led to expert systems research
in the 1970s and 1980s until the late 1990s [19], which later
lost popularity due to integration challenges. Meanwhile,
artificial neural networks became prominent, with efforts to
make their decisions transparent beginning in the mid-1990s
[31].

The introduction of the GDPR in 2018 emphasized the
need for transparency in AI, leading to new frameworks that
prioritize accountability and the “right of explanation” [14,
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91]. XAI gained further attention after Gunning and Aha’s
publication on explainable AI in 2019, which outlined two
main goals: creating interpretable models without sacrificing
performance and adopting a user-centric approach to enhance
human understanding and trust in AI [32].

Significant contributions to the user-centric perspective
include Miller’s 2019 paper on social science aspects of AI
[78] and Rudin’s advocacy for interpretable models [123].
The XAI community now also focuses on evaluating the
quality of explanations, recognizing the importance of for-
malized assessment metrics [75, 122]. Most recent works
provide methods that try to map internal representations in
AI models to human-understandable concepts [10, 106, 119]
and create explanatory dialogues to allow for multi-faceted
interaction and explanation processes [56, 87].

A specific terminology has been established in the XAI
community for the categorization of XAI methods [75, 131].
It is briefly introduced in the following list of terms. Note
that this review does not aim for providing a comprehen-
sive survey of existing XAI methods. Instead, its goal is to
point to current XAI usage in physiological research and to
open challenges with respect to integrating explanations with
human-centered AI in medical fields, such as physiology.

For a more detailed overview, the interested reader may
consider, for example, the recent survey paper by Schwalbe
and Finzel (2023) that introduces an XAI taxonomy and
presents a collection of over 50 XAI methods [131] and the
survey article by Ali et al. [75] that complements XAI topics
and methods with their formalization. The following list is
an excerpt of terminology adapted from Schwalbe and Finzel
[131].

• Interpretability: Involves the recognitionof constituents
of an explanandum and the assignment of meaning to
such elements.

• Explainability: Refers to the creation of understanding
about an explanandum.

• Model-agnostic explanations: An explainer produces
model-agnostic explanations if it is applicable to any type
of model (any type of explanandum).

• Model-specific explanations: An explainer produces
model-specific explanations if it is applicable to only a
certain type of model (a certain type of explanandum).
The reason is that such an explainer uses internal model
parameters or internal representations to produce expla-
nations.

• Global explanations: Provide insights into the reasons
for an overall behavior of a model. The explanandum is
themodel itself. The explanansmay be parts of themodel
or some approximation of the whole model.

• Local explanations: Provide insights into the reasons
for an outcome of applying a model to input data. The

explanandum is the outcome of a model’s application to
an individual instance. The explanans may be properties
of the input instance (its features) and their influence on
the model’s output.

• Model induction: This describes the approach of gen-
erating a surrogate model based on inputs, constituents,
or outputs of another model in order to approximate the
explanandum. This termwas specifically coined by Gun-
ning and Aha [32].

• Deep explanation: This describes the approach of gen-
erating explanations based on constituents or outputs of
a model, the explanandum, that is usually a very complex
and opaque model such as DNNs. This term was coined
by Gunning and Aha [32].

• Interpretable models: Such models are constructed
from interpretable parts and thus usually inherently trans-
parent (see, for example, [32, 123]).

• Ante hoc explanations: Explanations are produced dur-
ing model creation. This applies to interpretable AI
models. The model itself can be used to generate global
or local explanations.

• Post hoc explanations: Explanations are produced after
model creation. This applies to opaque AI models
which are made transparent with the help of an external
explainer. The explainer is used to generate global or local
explanations either by accessing internal representations
of the model (deep explanation) or by approximating the
model’s behavior (surrogate model).

• Multimodal explanations: Such explanations are not
expressed via a singular modality, e.g., text. Instead, dif-
ferent representations are used (e.g., text in combination
with images).

• Human-centered explanations:Such explanations address
the varying information needs and individual character-
istics of human explainees.

This list of terms is not complete as there exists more
nuanced terminology for characterizing specialized explain-
ability techniques as well as synonyms that can not be
covered altogether in this article. For example, data explain-
ability [75] is mentioned as another aspect in the literature to
describe methods that enable reasoning on data (e.g., knowl-
edge graphs) or allow the data’s direct characterization (e.g.,
summarization methods). The term ante hoc explanations
used in this article is also called model explainability (see
Ali et al. [75]) in other works. As this article does not discuss
explanation evaluation methods, the interested reader may
find a comprehensive overview in Schwalbe and Finzel [131]
and a concise summary of explanation assessment methods
in Ali et al. [75].

In the following sections, the recent works applying XAI
to physiological use cases will be collected, partially illus-
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trated, and discussed with respect to their integrative nature.
First, the methodology behind the search is shortly intro-
duced.

Reviewmethodology

For this review paper, relevant journals (with impact factor
2.0 or higher) and conference proceedings from the fields of
artificial intelligence andmedicine with at least an h-index of
10 were searched with the keywords “explainable artificial
intelligence, XAI, explainability, interpretability, physiol-
ogy.” Common platforms (Google Scholar and PubMed)
were considered for paper retrieval. Only papers published
during the years 2020 to 2024were included (first considered
day, 1.1.2020; last considered day, 1.11.2024). As a further
criterion, publications had to have been cited at least 5 times
in the last three years and publications from the past five years
at least 10 times (considering only the year of publication).
Preprints and workshop papers were excluded from search
results. Papers that referenced applications of XAI in physi-
ology, but did not provide any research outcomes in this area
(a survey, method or experimental results), were excluded as
well. From the list of results found by PubMed and Google
Scholar, only the first 100 entries (sorted by relevance in
Google Scholar) have been reviewed. The keywords have
been searched with a query using operators. The query was
formulated as “(explainable artificial intelligence OR XAI
OR explainability OR interpretability) AND physiology” to
allow for synonyms and related XAI terms being equally
important and to emphasize on physiology.

Review results for XAI in physiology

All retrieved and included papers and articles have either
a strong focus on XAI with mentions of physiology or a
strong focus on physiology with applications or substantial
discussions of XAI.

Querying the data bases with the aforementioned query
generated a list of roughly 24,700 results as denoted by
Google Scholar and a list of 51,591 results in PubMed.

From the 100 first entries returned by Google Scholar, 60
met the criteria for the minimum number of citations and for
the impact factor of the respective journal or the h-indexof the
conference. From the 100 first entries returned by PubMed,
53 publications met the citation criterion as well as the min-
imum impact factor or h-index for journals or conferences.
The content was reviewed for its depth in XAI focus or phys-
iology. This left 85 articles, of which 18 were survey papers
and 67 presented at least one XAI method.

All selected publications are organized in Table 1. It sorts
the alphabetically ordered articles according to (1) their arti-

cle type being a survey or technical contribution using anXAI
method, (2) the XAI method(s) they present1, (3) the journal
or conference they were published in2, and (4) the content
focus in medicine (either on physiology or more general with
considerable mentions of physiology as application).

Table 1 contains a considerably large number of method-
ological publications and some survey articles. The majority
of the methodological works utilize existing XAI methods,
rather than introducing novel ones.

The collection of publications shows neither a prominent
research field in terms of journals and conferences, nor a
major topic in terms of application areas. The research fields
covered in journals and conferences range from multidis-
ciplinary (e.g., IEEE Access), medical (e.g., The Lancet),
and microbiological research (e.g., Frontiers in Microbiol-
ogy) to general, application-oriented research (e.g., Journal
of Healthcare Informatics Research).

The publications with a rather broad and general focus
and in which physiology plays a subordinate role (denoted
by G) cover the topics of health (5 times), mental health (2
times), biology (1 time), and oncology (1 time). The general
focus is specified accordingly in Table 1. One of the broad
publications (Mei et al. [76]) has a technical focus and was
therefore not specified in more detail.

The publications that focus on physiology (P) primarily
deal with intensive care medicine (ICU, 5 times), genetics
(Genes, 5 times), various forms andmeasuring instruments of
age diagnostics (Age, 4 times), diseases caused by the coro-
navirus (COVID, 4 times), pain physiology (Pain, 3 times),
various biosignals (Biosign., 2 times), Alzheimer’s dementia
(AD, 2 times), electromyography (EMG, 2 times), sepsis (2
times), and toxicity (2 times).

Further specialist areas are indicated in the table as cor-
responding focus topics within physiology. At this point,
only those are explicitly mentioned from which the focus—
without special prior knowledge—cannot be read directly
from the abbreviations used in Table 1. These include
functional near-infrared spectroscopy (fNRS), gene expres-
sion data (GED), heart rate variability (HRV), the integral
transmembrane protein aquaporin-4 associated with amy-
loid burden in aging brains (AQP4), single nucleotide
polymorphism in genetics (SNP), whole slide imaging in
(histo-)pathology (WSI), non-communicable diseases pre-
diction (NCD),Crohn’s disease (CD),whole exome sequenc-
ing for leukemia (WES), electroencephalography (EEG),
obstructive sleep apnea/hypopnea syndrome (OSAHS), car-
diac arrest (CA), peripheral blood mononuclear cells as
breast cancer biomarkers (PBMC), hepatocellular carcinoma

1 Note that for survey articles, the full list is omitted and instead denoted
with various.
2 Note that long journal or conference names are presented in abbrevi-
ated form for space reasons.
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(HCC), early warning scores for critical illness (EWS),
cellular calcium homeostasis in muscles through sarcoen-
doplasmic reticulum calcium ATPase (SERCA), mechanical
ventilation in life support (MV), radiogenomics (Radio-
Gen), electrocardiography (ECG), colorectal cancer (CRC),
vestibular schwannoma (VS), prostate cancer (PC), bioac-
tivity prediction of phenolic cyclooxygenase-2 inhibitors
(COX-2), acute kidney injury (AKI), and cardiovascular dis-
ease (CVD).

On closer inspection of the analytical tools utilized in the
collected publications, it stands out that some XAI methods
were used much more frequently than others. The follow-
ing numbers were derived for the publications for which
the XAI methods are explicitly listed in Table 1. The occur-
rences in the papers that present a large number of methods
simultaneously (mostly surveys) were not counted here, in
order to focus more on the application of XAI in physiology.
Themost frequently usedmethods include SHapley Additive
exPlanations (SHAP) for model-agnostic explanations (40
times) and the Local Interpretable Model-agnostic Expla-
nations (LIME) method (15 times), which are often used in
combination. SHAPwasmostly used for global explanations
and LIME for local explanations. Both methods are model-
agnostic and can therefore be widely applied. This probably
explains their popularity to a large extent. Layer-wise Rel-
evance Propagation (LRP) as a model-specific explanation
method (4 times), Partial Dependency Analysis (PDA) as a
model-agnostic explanationmethod (3 times) aswell asDeep
Taylor Decomposition (DTD), Class Activation Mapping
(CAM, including mostly Grad-CAM and Relevance-CAM
in few cases), and feature importance in general (2 times
each of the mentioned methods) follow them.
Note that feature importance refers to a wide range of meth-
ods that measure and explicate the contribution of features
to the final outcome of a computation. There exist different
variants, and some of the already mentioned methods, like
SHAP, belong to feature importancemethods [58], also called
attribution methods [131]. The following section briefly
introduces the XAI methods that were most common in the
reviewed literature.

Selected XAI methods and examples

Subsequently, the most common XAI methods applied in
physiology and collected inTable 1will be shortly introduced
and illustrated. Note that methods that appeared only once in
the collected literature, introducing XAI applied to physio-
logical use cases (denoted by P), were omitted in this list. The
purpose of the following list is to give a concise introduction
to the most important XAI methods applied to physiological
use cases rather than to give a comprehensive introduction of

all kinds of existing XAI techniques. The interested reader
may find more information in state-of-the-art survey papers
on XAI methods [15, 74, 75, 115, 131].

• SHapley Additive exPlanation (SHAP) [66]:Amodel-
agnostic game-theoretic method for explaining machine
learning model predictions. It assigns importance val-
ues, called Shapley values, to input features, quantifying
their contribution to a specific prediction relative to a
baseline. Based on cooperative game theory, SHAP cal-
culates feature contributions by averaging their marginal
contributions across all possible subsets of features.
SHAP assumes an additive explanation model where
the prediction is expressed as the sum of contribu-
tions from each feature and a baseline value. Computing
exact Shapleyvalues is computationally expensive; there-
fore, SHAP employs efficient approximations like Ker-
nelSHAP (model-agnostic) and TreeSHAP (optimized
for tree-based models). SHAP provides local explana-
tions by attributing contributions to input features for
individual predictions, while also offering global insights
when aggregated across instances. SHAP can be compu-
tationally intensive and sensitive to the choice of baseline.
SHAP further requires a definition of features on the input
to compute importance values on. It serves as a post hoc
explanation method.

• Local Interpretable Model-agnostic Explanations (LI-
ME) [116]: A method for explaining individual pre-
dictions of opaque, machine-learned classification mod-
els by approximating their behavior locally on input
instances with a more simple, interpretable model. LIME
works by selecting a specific instance for which the pre-
diction is to be explained, generating a set of randomly
perturbed instances around this instance, and using the
original model to predict outputs for these perturbations.
To focus the explanation on the instance of interest, LIME
assigns higher weights to perturbed instances closer to
the original. A simple model, such as linear regression,
is then trained using weighted features from instances.
The interpretablemodel’s coefficients indicate the impor-
tance of each feature in the opaquemodel’s prediction for
the chosen instance. While LIME provides interpretable
explanations, they may be valid only in the vicinity of the
instance, not generalizing globally. Furthermore, expla-
nations can vary significantly with different perturbation
strategies or parameter settings for feature definition.
Additionally, its reliance on perturbations and retraining
for each instance can make it computationally expen-
sive. Nevertheless, LIME is suitable for use cases, where
the ease of interpretation is of great importance. LIME
works with different data types (tabular, text, or images).
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For example, in textual data, the contribution of indi-
vidual words can be computed, while in images, pixels
are grouped into superpixels and randomly switched off
(e.g., by replacing themwith a neutral background color)
to derive the contribution of individual image regions.
LIME is in general used for local post hoc explanations.

• Layer-wise Relevance Propagation (LRP) [101]: A
method used to interpret the decisions of DNNs. It works
by propagating a model’s prediction backward through
the model’s layers to assign relevance scores (impor-
tance) to input features (such as individual pixels in an
image). These scores represent the contribution of each
feature to the network’s output. They can be visualized
in the form of heatmaps (for images or text). The prop-
agation follows specific rules tailored to the structure
and parameters of each layer. The common approach for
explanation generation on images is to provide heatmaps
based on normalizing and plotting the relevance of every
individual pixel. LRPallows to express positive relevance
on features (contributing to an output) and negative rele-
vance (speaking against a certain output). A key principle
of LRP is the conservation of relevance, which ensures
that the sum of relevance scores remains consistent as
they propagate from one layer to the next. This prin-
ciple ensures that the input relevance scores explain the
full prediction value. The selection of the aforementioned
rules can be non-trivial and may significantly affect the
quality and interpretability of the produced explanation.
LRP is model-specific, relying on the model’s structure
and learned parameters, which makes it less flexible than
some model-agnostic methods. Nevertheless, LRP may
be more faithful with respect to representing what a
model has learned as it has access to model internals.
LRP is a local post hoc explanation method. It can be
combined with further methods, such as the t-Distributed
Stochastic Neighbor Embedding (t-SNE) method intro-
duced by van derMaaten and Hinton [68], to derive more
global explanations.

• Partial Dependency Analysis (PDA) [38]: Computes
the effect of a specific input feature on the final output of a
model, usually accompanied by a partial dependency plot
for visualization [74, 115]. In principle, PDA isolates the
relationship between selected features and the model’s
output by averaging out the effects of all other features. To
performPDA, one ormore features of interest are chosen,
and their values are varied across a range. For each com-
bination of values, the model’s predictions are averaged
over all possible values of the other features in the dataset.
This marginalization removes the influence of irrelevant
features. The resulting values are then visualized in a par-
tial dependence plot (PDP), which shows how changes

in the selected features affect the model’s predictions.
PDA provides global explanations for amodel’s behavior
[131]. PDA assumes feature independence, which may
not hold in cases of highly correlated data, leading to
potentially misleading results. Additionally, PDA can be
computationally expensive for large datasets or complex
models. PDA is a post hoc explanation method.

• Gradient-weighted Class ActivationMapping (Grad-
CAM) [133]: Visualizes for image data which regions
of an input image are most important for image classify-
ing convolutional neural network’s (CNN) predictions.3

It produces so-called class-specific activation maps,
highlighting areas relevant to the model’s decision for
a particular class in the form of heatmaps (similar to
LRP). Grad-CAM first computes a CNNmodel’s predic-
tion on an input image with respect to the target class.
Then, gradients of the predicted target class score with
respect to feature maps learned by the CNN are calcu-
lated. These gradients represent the contribution of each
pixel in the learned feature maps to the class score. To
create a class activation map for an input image, weights
are computed by averaging the gradients over the spatial
dimensions of the feature maps. These weights are fur-
ther used to produce the class activationmap from feature
maps. Grad-CAM retains only positive contributions in
activation maps (as opposed to LRP). Consequently, the
final result is a heatmap that highlights the regions most
relevant to the target class. Grad-CAM is class-specific
and model-specific. It provides local visual explanations
and is a post hoc explanation method for CNNs.

• Deep Taylor Decomposition (DTD) [81]: Is used to
interpret the decisions of DNNs. It is an attribution
method that decomposes a network’s output into con-
tributions from the input features. It builds upon Tay-
lor expansions, where the neural network’s decision is
expressed as a sum of relevance scores assigned to the
input features. The idea is to propagate the relevance
scores from the output layer back to the input layer, adher-
ing to certain conservation principles. Thismeans that the
sum of relevance scores remains consistent across lay-
ers, preserving the overall decision value at each stage of
the decomposition. Layer-wise Relevance Propagation is
built upon the same conservation principle.

Figure1 illustrates the explanations produced by the selected
XAI methods for some of the works collected in Table 1.
All produced explanations are visual, either in the form of
a plot or a heatmap. The first displayed visual explanation

3 The principle of convolutional neural networks was introduced by
LeCun et al. [53].
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Fig. 1 An illustration of visual explanations for AI-based analysis in
physiology presenting A Local Interpretable Model-agnostic Explana-
tions from Przepiorka et al. [107], B SHapley Additive exPlanations
from Kim et al. [41], C Layer-wise Relevance Propagation, Gradient-

weighted Class ActivationMapping and a relevance-based variant from
Kim et al. [41], D Partial Dependency Analysis from Chan et al. [99],
and E Deep Taylor Decomposition from Lauritsen et al. [51]

(A) was produced with LIME for the use case of explaining
a classifier for facial nerve functioning after schwannoma
surgery as presented in Przepiorka et al. [107].Another visual
explanation (B) was produced with SHAP for sensor-based
gait analysis as introduced by Kim et al. [41]. In the same

work, Grad-CAM (and Relevance-CAM, a variant of it) and
LRP (C) have been used to produce heatmap-based visual
explanations. A partial dependency plot (D) was used by
Chan et al. [99] to visually explain the mortality prediction
of a machine-learned model with the help of PDA. A visual
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explanation produced by Deep Taylor Decomposition (E)
was presented by Lauritsen et al. [51] for the prediction of
acute critical illness from different early warning scores.

After having presented the most important works on XAI
inphysiology andhaving illustrated selectedmethods applied
to physiological use cases, the next section discusses which
XAI-specific challenges in physiology still remain open from
an XAI point of view and what implications the respective
findings have for the existingmethods and their further devel-
opment.

Discussion

In the introduction, it was motivated that in addition to
existing XAI methods for physiology, open challenges
in the further development of XAI for physiology and
the improvement of XAI through physiological knowledge
should be considered.

One finding is that the majority of the methodological
works that have been reviewed utilize existing XAI methods,
rather than introducing novel ones. This may suggest that
the focus of medical research is currently more on solving
a domain-specific problem and justifying the solution with
existing XAI methods rather than presenting XAI as a novel
solution to physiological problems.

According to Lemoine and Pradeu (2018), clinical phe-
nomena (considered the explanandum)maybefirst explained
by physiological phenomena (which are the explanans
here). These physiological phenomena (now considered the
explanandum) can then be explained by molecular phenom-
ena (explanans) or by phenomena described by other sciences
[57]. Physiology and related fields could therefore benefit
from combining XAI methods in an integrative manner to
derive new conclusions or achieve the representation of more
complex knowledge with the help of explainability.

Considering the examples presented in Section 5, a major
finding of this work is that many visual explanation meth-
ods are applied or developed for physiological use cases.
There seems to be a lack of multimodal approaches that
combine visualizations and, for example, verbal statements
for more expressive explainability. Multimodal explanations
[24] aswell as interactive explanations, such as bi-directional
explanatory dialogues [56, 126, 130], are considered impor-
tant prerequisites to human-centered explanations and could
be implemented with interpretable models that provide ante
hoc explanations [87].

The current XAI methods applied to physiology seem
to utilize only static explanations rather than interactive
ones. Human-centered approaches that integrate the human
as an active participant into AI-supported decision-making
processes and that allow for introducing human expertise

into learned models could be addressed in future devel-
opment attempts [87]. Another advantage could be that
human-in-the-loop systems may drive faster implementation
of AI-supported analysis [8, 98].

Furthermore, Lemoine and Pradeu (2018) argue that data-
driven prediction methods do not seek explanations in the
way traditional physiology does. They state that prediction-
based approaches in general may “inspire, and be inspired
by, physiology, but are not themselves physiological, in that
they do not focus on explanation” [57].

XAI could build a bridge by revealing concepts in fea-
tures underlying the outcome (prediction) of a data-intensive
model. These concepts could be the building blocks that form
the basis of constructing more complex explanations [10].

As stated by Lemoine and Pradeu in this context, “Clar-
ity can only be achieved by placing knowledge gathered in
non-physiological approaches (remark: e.g., statistical, data-
driven models) into a framework, by integrating it into a
physiological picture” to derive new explanations and knowl-
edge bases [57].

Integrating results and findings produced with the help of
XAI is thus not only the way to follow for evaluating data-
intensive models against complex knowledge domains like
physiology, but XAI could also provide the means for future
knowledge discovery in physiology with the help of AI.

It is furthermore worth mentioning that generative arti-
ficial intelligence (genAI) has the potential to break new
diagnostic ground and make outcomes transparent with the
help of XAI [77]. The work considered in this paper is based
on more traditional AI and XAI methods, well established
and justified for the respective domains. Under considera-
tion of the advancements in regulatory developments, it is
expected that there will be an increase in the use of genAI in
medicine over the next few years [77].

Finally, the explanation itself is a physiological process
with neural and biochemical events occurring in memory,
attention, and perception of human cognition. XAI research
could benefit from considering neurological constraints and
potentials in reasoning about and production of explanations
in humans [9].

Conclusion

This article reviewed recent publications using explainable
artificial intelligence (XAI) in physiology. It provided a col-
lection of 85 works, introduced and illustrated the most
applied XAImethods, and discussed open challenges regard-
ing the interfaces between XAI and physiology. Specifically,
physiology could benefit if XAI methods were used to con-
duct knowledge discovery and to integrate human knowledge
with models and data. XAI could benefit from considering
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physiological knowledge for improving generated explana-
tions.Ultimately, providinghuman-centered explanations for
AI decisions could pave the way to a more integrative usage
of AI in physiology.
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