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Abstract

To date, there is no universal explanatory method for making decisions of an Al-based system transparent to human decision
makers. This is because, depending on the application domain, data modality, and classification model, the requirements
for the expressiveness of explanations vary. Explainees, whether experts or novices (e.g., in medical and clinical diagnosis)
or developers, have different information needs. To address the explanation gap, we motivate human-centered explanations
and demonstrate the need for combined and expressive approaches based on two image classification use cases: digital
pathology and clinical pain detection using facial expressions. Various explanatory approaches that have emerged or been
applied in the three-year research project “Transparent Medical Expert Companion” are shortly reviewed and categorized
in expressiveness according to their modality and scope. Their suitability for different contexts of explanation is assessed
with regard to the explainees’ need for information. The article highlights open challenges and suggests future directions for

integrative explanation frameworks.

Keywords Explainable Artificial Intelligence - Digital healthcare - Human-centered explanations - Explanation

expressiveness - Explanation frameworks

1 Introduction

In recent years Al-based image classification has become an
important tool for high stakes decisions, e.g., to support or
even improve medical diagnoses based on image or video
material [21, 52]. However, the use of Al is still largely
limited to the field of research and development [23]. For
widespread use in medical and clinical facilities, several
requirements must first be met. Among the most important
characteristics to be mentioned here are trustworthiness and
reliability as well as transparency of Al systems, the latter
being a prerequisite for fulfilling the first two requirements
or making them measurable [7, 18]. It is particularly impor-
tant to look at how confident or uncertain a system is in its
decision and what reasons led to a particular outcome [3,
34]. Explainable Artificial Intelligence (XAI), which has
grown into an entire branch of research, addresses precisely
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these aspects and has developed many methods to explain
Al systems, especially for image classification tasks [47].

Explainable image classification with Convolutional Neu-
ral Networks (CNNs) is a vivid research field [47]. CNNs
produce complex models that are opaque and not very com-
prehensible to humans [7]. This is both a challenge and
an obstacle for developers of decision support systems in
medicine and clinical settings, for experts who are to assess
whether decisions are appropriate to the domain and made
for the right reasons and strategies, but also for novices who
want to learn how and why an Al system derives its deci-
sions and also which features in a data set lead to the clas-
sification outcome itself. Most of the existing explanatory
methods for making CNNs transparent and comprehensible
have so far been built by and for developers [47]. These
methods usually use highlighting on input data to emphasize
which pixels in an image contributed positively or negatively
to a classification.

Although, visualizations as explanations for image clas-
sifications match the modality of the input data (images),
they are not always sufficient to make all relevant proper-
ties transparent [17, 46]. For example, visualizations cannot
express absence as images are always composed of the same
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amount of pixels, regardless of whether these pixels show an
object of interest or not. Although negation can be displayed
indirectly via a color-based visualization of negative impor-
tance derived from the parameters of a model, the meaning
of relevance is not unambiguous. Its meaning depends on the
correctness of a classification decision and the properties of
contrasting class(es). Furthermore, relations between image
areas may play a role, where opposing classes share a com-
mon set of properties but differ in the spatial composition or
temporal sequence of properties. This holds especially for
images from video data. The current visualization methods
are limited in their expressiveness in this regard. Relations in
comparison to visualizations can usually be easily verbalized
and translated into natural language, which is an advantage
over visualizations [7, 46]. Nevertheless, visualizations may
efficiently provide relevant information “at a glance”, mak-
ing sequential processing of natural language explanations
obsolete. Moreover, the explanatory power varies dependent
on whether an explanation should provide global informa-
tion about a model (i.e., how a class decision is generally
derived) or whether, at a local level, only the classification of
instances should be explained [3, 47]. Scaffolding between
the two levels, that is switching from general, abstract infor-
mation to more specific, detailed information and vice versa,
can also be helpful or even required for understanding [19,
33]. In that sense, there is no “one size fits all” explanation
method [49]. In order to explain the decision of an opaque
CNN model, we thus suggest to use multimodal explana-
tions, i.e., a combination of methods that provide various
representations and which are more expressive all together.

Another important aspect is the human-centricity of
explanations [34, 49], especially in high-stakes application

fields such as medical or clinical diagnosis [10, 26]. The
act of explaining constitutes human behavior and is closely
linked to linguistic expression and, as explained above,
can be supplemented by other modalities such as visu-
alizations in order to convey the most appropriate infor-
mation to the recipients of explanations, the explainees
[17, 47]. The human-centered perspective addresses the
information need of explainees. What is being explained
and what is of interest? How should it be explained so that
explainees understand the transmitted information? The
information need varies based on the target explainees.
Experts in a knowledge domain want to be able to vali-
date a model and are therefore more interested in check-
ing the performance of a model or the quality of explana-
tions produced. Experts may even want to take corrective
action and adapt the model, the explanations, or the data.
Novices in a knowledge domain are primarily interested
in how a model came to its classification decision and
which properties from the data set lead to its prediction as
they need to learn from the model and presented explana-
tions about the domain. Developers share requirements
with experts and novices, since they have the knowledge
of how a classification method works (mechanistic under-
standing according to [39]), but first have to learn how
the method behaves on given data to build up knowledge
about the requirements of the domain (functional under-
standing according to [39]). Explanations that are under-
standable for humans lead to a higher perceived transpar-
ency and reliability of Al and thus increase trust in such
systems [51]. Thus, human explainees may benefit from a
bi-directional, human-guided framework (see Fig. 1) that
allows model decisions to be explored, understood and, if
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Fig.1 A bi-directional explanation framework, where humans receive
explanations of classification decisions either for an interpretable
base model, an opaque base model or an opaque base model that is
approximated by an interpretable surrogate model. Explanations are
presented either as unimodal representations or multimodal represen-
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explore and comprehend

tations. The human (expert or novice) can explore and comprehend
the system, in particular the model, the classification of individual
examples as well as given explanations through interacting with an
explanation interface. The framework was adapted based on [46]
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necessary, evaluated and corrected based on expressive
explanations to built better human-Al partnerships [46].

In this article, we present explanatory methods and our
lessons learned each from a medical and a clinical use case.
The article first introduces related background in Sect. 2,
presents methods for building expressive explanations with
varying scope and modality in Sect. 3 and summarizes les-
sons learned from the Transparent Medical Expert Compan-
ion research project in Sect. 4. Open challenges and sugges-
tions for future directions are briefly discussed in Sect. 5.
Section 6 concludes the article.

2 Background
2.1 Explaining Image Classifications

As shown in various current review articles, the use of CNNs
in medical and clinical image classification has increased
significantly during the last years [3, 4, 57]. Due to the opac-
ity of CNN-based models, the development of explanatory
methods for medical and clinical research has also increased
[9, 57]. Presenting all state-of-the-art explanatory methods
for image-based diagnoses would miss the aim of this article.
We therefore refer here to the most recent and very com-
prehensive overview articles [3, 4, 10, 12, 18, 32, 47, 54,
57] and limit ourselves to visual and relational explanatory
methods that were used in the Transparent Medical Expert
Companion project. These methods include Layer-wise Rel-
evance Propagation (LRP) [36], Local Interpretable Model-
agnostic Explanations (LIME) [43], Gradient-weighted
Class Activation Mapping (Grad-CAM) [48], and Inductive
Logic Programming (ILP) [37]. ILP is a relational interpret-
able machine learning approach that can be used to learn
surrogate models for opaque base models [42] and which
has been applied very successfully in relational domains
like medicine and molecular biology in the past [5]. For a
global and extended view of LRP-based explanations, the
clustering method SpRAy [30], which is based on spectral
analysis and suitable for detecting Clever Hans predictions
[24], was also applied and extended. All explanatory meth-
ods mentioned here, except for ILP, make use of highlighting
on individual pixels or pixel groups in images. The scope of
used methods is mostly local, except for ILP and SpRAy,
which provide also global views on classification outcomes.
The more critical reviews (see for example in [3, 12, 18])
pointed out that investigating only local explanations is
not enough to assess the trustworthiness and reliability of
models. They argue that global views on a model’s behavior
are needed and potentially further evaluation methods and
quality measurements for audit. This underscores the need
to combine different explanatory methods and to properly
evaluate models.

A rigorous evaluation of models is particularly crucial in
medicine and clinical use cases as balanced annotated data is
often unavailable, data may be noisy and sparse or available
gold standards may be prone to limited reliability as well as
validity [12, 18]. Since deep learning based approaches like
CNNSs heavily rely on large amounts of data sets available,
poor quality is a major threat to trustworthy and reliable
diagnosis [12]. In the next section we present the two use
cases to which these challenges partially apply and both use
cases do thus benefit from expressive explanations.

2.2 Digital Pathology

Last year, Andrey Bychkov and Michael Schubert published
a comprehensive report about the global decline in patholo-
gists across all continents [8]. According to their findings,
experts see possible solutions to combating the shortage of
medical specialists in the promotion of staff training, but
also in the development of digital assistance systems. This
is in line with one of the goals of the Transparent Medical
Expert Companion research project: to integrate an explain-
able classifier for microscopy data of the human intestine
for the detection and staging of colon cancer into such an
assistance system. The task of the classifier was to detect
different types of tissue and their position in relation to each
other to diagnose pathological changes.

Colon cancer is typically assessed by pathologists using
medical classifications such as Wittekind’s standard work
on the TNM classification [56]. Figure 2 shows on the left
how such a microscopy image of human tissue is composed
and how such a tissue can be viewed in its hierarchical and
spatial resolution by zooming in and out. The main challenge
is that cancerous tissue may mix with tissue that would be
considered healthy in the absence of a tumor, imposing the
need for considering the context of tissues when assessing,
e.g., the invasion depth of a tumor. The invasion depth can
be characterized by analysing the spatial relations between
different colon tissues, e.g., a tumorous sample is to be con-
sidered as containing a tumor of stage 2 if the tumor itself
invades areas of the intestine muscle tissue. When explain-
ing image classifiers for digital pathology, it may therefore
be of interest to use methods that can represent spatial rela-
tions as well as the hierarchical composition of tissues (a
tissue is made of cells, each cell may contain a nucleus and
further underlying morphological structures [35].

2.3 Affective Computing

Affective computing is a broad field that encompasses
human emotion recognition and sentiment analysis as well
as research on and applications of cognitive, empathetic
and intelligent systems [55]. The term was coined in 1997
by Rosalind Picard and since then, this area of research has

@ Springer



160

KI - Kiinstliche Intelligenz (2024) 38:157-167

Digital Pathology

Hierarchical Concepts and Parts in Tissues

Spatial Relations

in Zoom out

Fig.2 Two use cases, one in digital pathology and another in clinical
affective computing have been considered for the Transparent Medi-
cal Expert Companion project. To avoid any privacy issues, the data

found its way into clinical application scenarios [40]. The
automatic analysis of facial expressions as a basis for emo-
tion recognition is clinically relevant, for example, when
people are unable to articulate their own emotions due to
cognitive impairments [22, 29]. This is particularly rel-
evant for the detection of pain and in individually tailored
pain treatment. In this article, we focus on the use case
of pain detection using human facial expressions, which
are based on so-called action units [22]. Facial expres-
sion recognition is a suitable application use case for the
development of explanation methods, since this task poses
a major challenge for classification models due to the high
degree of individuality of facial expressions and emotions,
as well as the imbalance of the available data, missing
annotations in existing databases or only sparsely repre-
sentative data sets [31]. Explanation methods are therefore
helpful to identify possible errors, biases or outliers in
model behavior, or data.

The right half of Fig. 2 shows which properties of a data
set are of interest for clinical facial expression recognition.
For example, action units that often appear together in
certain facial expressions, such as pain or other emotions,
naturally correlate. In addition, facial expressions and thus
also action units change over time. This concerns, among
others, the intensity of an expression, the localization
and the extent of an action unit on the face as well as the
change in the correlation between different action units.
A prerequisite for an Al system that provides trustworthy
and reliable facial expression recognition is, on the one
hand, that it can learn correlations of action units and their
changes over time and, on the other hand, also recognizes
that facial expressions not only consist of a composition of
individual action units, but also that the action units them-
selves consist of individual, movable parts of the face,
such as eyebrows, eyelids, and pupils [44]. The explana-
tory methods we present here were developed for CNNs
trained on ready-to-use single image data or extracted
video frames.

@ Springer
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Parts and Composition of Facial Expressions
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presented here was generated with a stable diffusion model. Any sim-
ilarities in the resemblance with true tissue samples or facial record-
ings would be coincidental

2.4 Human-Centered Explanations

A first step toward human-centered explanations is the ques-
tion of who the explainees are, what knowledge they possess
and what information they need [17, 47, 51]. The methods
presented in this article are aimed in particular at medical
and clinical experts, but are also suitable for explaining
model behavior and classification criteria to novices.

Experts and novices differ in their information processing
systems and capabilities [20]. Experts have acquired exper-
tise in one subject, allowing them to recognize meaningful
patterns in their field of expertise across different infor-
mation modes. They are more efficient at recognizing and
selecting problem-relevant information, although they ini-
tially invest more time in problem representation compared
to novices. Experts show superior memory performance by
being able to efficiently recall information from long-term
and short-term memory. This superior performance is attrib-
uted to experts’ ability to store knowledge in a principle-
based manner, using knowledge schemata known for exam-
ple as chunks to classify new information functionally [20].

Novices, on the other hand, must first build up knowledge
and experience in a subject with the aim of eventually reach-
ing the level of knowledge and competence of an expert.
Novices are in general to be distinguished from laypersons.
Although both groups must first receive information in order
to be able to make more competent decisions, laypersons
do not aim to become experts in a field. For example, medi-
cal intervention is dependent on the patient’s consent. The
patient should be aware of the possible consequences, but
does not need to know exactly how the procedure is per-
formed by an expert [6].

What are the implications of expertise research for
human-centered explanations of Al-based classification?
Psychological research has shown that for humans it is
easier recognizing information or items than recalling them
from memory [27, 53]. This may even apply to cognitively
impaired people [25]. The advantage of recognition over
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recall lies in the availability of informative cues. In this
respect, psychological studies have shown that the per-
formance of subjects who were only allowed to use recall
approximated the performance of subjects tested under a
recognition condition as the number of cues increased [53].

From this it can be concluded that explanations provid-
ing more information contribute better to the understand-
ing of a classification, since fewer facts and relationships
have to be recalled from memory. However, it is also to be
expected that experts, due to the better cognitive linking and
processing of information compared to novices, need less
detailed explanations and can also gain an understanding of
the behavior of a classification system from aggregated and
more abstract material.

Good explanations range from much to little detail,
depending on the information needs of the explainee [34].
Experts are usually interested in finding structures that are
in line with their knowledge (which we refer to validation
by recognition). Visual explanations in terms of highlighting
or a verifiable summary may be sufficient for that purpose
[54]. Novices rather want to know what structures are char-
acteristic of a particular classification outcome or diagnosis
(which is basically learning from new information). Relevant
aspects need to be broken down in much more detail [11, 19,
33]. This may also apply to experts, for example in compli-
cated or unclear cases [17].

Good explanations are selective and are limited to the
essential aspects that the explainee needs to know [28, 34].
The most prominent strategies found in the explanation lit-
erature include explanations based on prototypes, contrastive
explanations, or abstractions [47]. A dialogue-based interac-
tion between the explainee and the explanation interface can
help navigate through the spectrum of the level of detail or
to switch between different explanation strategies that are
available [16]. Prototype-based explanations are particularly

Fig.3 A three-dimensional
model that categorizes explana-
tions according to their scope
(from local to global, or both
across the whole range of the
y-axis), modality (front: visual,
back: verbal, middle: multi-
modal), and their expressiveness
(illustrated on an approximate
range from low to high). Shad-
ows indicate a bottom posi-
tion with respect to the y-axis
(local explanations). The other
methods provide a more global

view on classifier decisions or C) <

a mixture of local and global
perspectives (e.g., an explana- 4
tory dialogue)

Common features  Missing features

suitable in domains where generalization to data is difficult,
for example in the detection of skin diseases [41]. Contras-
tive explanations are particularly helpful where classes are
very similar and can easily be confused with one another due
to a few different characteristics [34]. This is true, for exam-
ple, for facial expressions of pain versus disgust [29]. These
are two conditions that are therefore best distinguished from
one another by contrast [14]. The smallest difference in simi-
lar classes can be found on the basis of a contrastive expla-
nation using near misses or counterfactuals [14, 34]. Just
like the other two strategies, abstraction can help to aggre-
gate information. Two approaches are generalization, i.e.,
abstraction from individual samples, or hiding and removing
irrelevant information [13, 45].

The next section presents explanation methods that cover
these aspects either individually or in combination with the
aim to provide expressive, human-centered explanations.

3 Expressive Explanations with Varying
Scope and Modality

Figure 3 categorizes selected methods from the Transpar-
ent Medical Expert Companion project that differ in scope,
modality and ultimately in expressiveness. The y-axis
for scope places local explanation methods at the bottom
and global explanations at the top. Mixed, multiscope
approaches, like explanatory dialogues, range over the whole
y-axis. The axis for modality places visual explanation meth-
ods at the front, verbal explanations at the back and multi-
modal approaches in between. The further a method is to the
right, the higher its expressiveness. The methods use differ-
ent explanation strategies (such as prototypes, near misses,
scaffolding) for which no additional dimension was added
to the figure. In the following paragraphs, each approach
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of interest is shortly introduced and as a summary listed
according to its properties in Table 1.

3.1 Visual Explanations

The first explanation method we are going to introduce is
LRP, a visual explanation technique. Montavon et al. [36]
give a more detailed overview on LRP for interested readers.
LRP is a technique that enables explainability for complex
deep neural networks and that is particularly tested for CNN
architectures from the VGG and ResNet family [30]. LRP
involves propagating the prediction backwards in the neural
network using specially designed propagation rules. LRP
can be theoretically justified as a Deep Taylor Decomposi-
tion [36] and visualizes this decomposition in the form of
heatmaps. This method was primarily developed to check the
generalization capabilities of models for image classifica-
tion based on visual and local explanations. Its placement in
Fig. 3 is therefore at part (a) with the respective expressive-
ness of highlighting methods. This means that LRP provides
an abstract view on the classification of instances mainly
for experts.

On top of LRP the work of Lapuschkin et al. [30] pro-
poses a cluster-based evaluation method. The authors intro-
duce a semi-automated spectral relevance analysis over
pixel relevance (SpRAy) and show that their approach is
an effective method for characterizing and validating the

Table1 Overview of selected explanation methods applied and
developed during the research project Transparent Medical Expert
Companion

Explanation method properties Publication
Modality

Visual (pixel importance) [13, 30, 35, 36]
Verbal (relations) [46]
Multimodal (visualizations and relations) [16, 17]

Scope

Local [36]

Global [30]

Mixed [13, 16, 17, 35, 46]
Interaction

Dialogue [16, 17]
Correction [44, 46]

Type of information aggregation

Contrastive explanation [14]
Prototype-based explanation [13]
Cluster-based explanation [13, 30]
Classifier base model

Interpretable base model [16, 17, 46]

Opaque base model with interpretable surrogate [46]
model

Opaque base model [13, 30, 35, 36]

@ Springer

behavior of nonlinear learning methods, like CNNs. They
demonstrate that SpRAy helps to identify so-called Clever
Hans effects [24] and thus to assess whether a learned model
is indeed reliable for the problem for which it was designed.
We consider SpRAy to be more global in scope than LRP,
since the clusters produced hint at more general pattern in
the classification and features of input images. We place it at
part (b) in Fig. 3 above part (a) on the scope axis as it uses
visualization as modality and may not be much more expres-
sive than LRP or other highlighting methods. We consider it
mainly relevant to experts.

Finzel et al. [13] make use of both, LRP and SpRAy
based on the best practices and code bases introduced in
[36] and [30]. Their work introduces a novel method for
deriving temporal prototypes from CNN-based action unit
predictions on video sequences. By clustering similar frames
based on relevance computed with LRP, temporal prototypes
are derived per cluster and input sequence. The prototypes
offer an aggregated view of a network’s frame-wise predic-
tions while preserving the temporal order of expressions,
thus reducing the evaluation effort for human decision mak-
ers for sequential data. The respective prototypes are visual-
ized based on filtering and highlighting the most relevant
areas when predicting specific action units in human faces.
A quantitative evaluation demonstrates that temporal proto-
types effectively capture and aggregate temporal changes in
action units for a given emotional state throughout a video
sequence [13]. Again, we consider this method to be mostly
relevant to experts who want to validate a model. Its modal-
ity is visual, therefore we place it in Fig. 3 at part (c), in
the neighborhood of part (a). However, due to their tempo-
ral resolution, we consider temporal prototypes to be more
expressive than single-image highlighting. As illustrated
in part (c) of Fig. 3 we can observe a change over time in
sequential data, e.g., facial expressions. In an aggregated
view that helps especially experts to efficiently validate a
model.

Mohammed et al. [35] propose a method to enhance the
transparency of automatic tissue classification by leverag-
ing the technique of Grad-CAM as introduced in [48]. In
their work, Mohammed et al. go beyond the commonly used
visualizations of the final layers of a CNN in order to iden-
tify the most relevant intermediate layers. The researchers
collaborate with pathologists to visually assess the relevance
of these layers, and they find that the intermediate layers
are particularly important for capturing important morpho-
logical structures that are necessary for accurate class deci-
sions. They provide a user-friendly interface that can be used
by medical experts to validate any CNN and its layers. By
offering visual explanations for intermediate layers and tak-
ing into account the expertise of pathologists, the authors
claim to provide valuable insights into the decision-mak-
ing process of neural networks in histopathological tissue
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classification [35]. We place this method at part (d) of Fig. 3
as it provides more than a single-image visual explanation.
Compared to the previously introduced temporal prototypes,
it provides a spatial resolution based on the extraction of
highlights from different intermediate layers of a CNN. It
uncovers hierarchical and part-based compositions learned
by a CNN. We consider it therefore as a method that offers
more expressiveness than single-image explanations.

3.2 Expert-Based Correction and Verbal
Explanations

The concept of mutual explanations for interactive machine
learning is introduced and demonstrated in an article by
Schmid and Finzel [46] as part of an application named
LearnWithME for comprehensible digital pathology [7].
Their work is motivated by combining deep learning black-
box approaches with interpretable machine learning for clas-
sifying the depth of tumor invasion in colon tissue. The idea
behind their proposed approach is to combine the predictive
accuracy of deep learning with the transparency and com-
prehensibility of interpretable models, in particular ILP [37,
38]. Specifically, the authors present an extension of the ILP
framework Aleph [50] to enable interactive learning. Medi-
cal experts can ask for verbal explanations. They can correct
labels of classified examples and, moreover, correct expla-
nations. Expert knowledge is injected into the ILP model’s
learning process in the form of user-defined constraints for
model adaptation [46]. We place this approach at the back
of Fig. 3 at part (e) as it provides verbal explanations. We
consider it more expressive than visualization techniques.
This approach is obviously tailored to experts in a domain.
Nevertheless, since verbal explanations can convey rela-
tional information, LearnWithME can be also helpful for
novices who want to understand more complex relationships
in classification outcomes.

Another approach exploits domain-knowledge in the form
of correlations between ground truth labels of facial expres-
sions in order to regularize CNN-based classifications of
action units in video sequences [44]. This approach could
be enhanced, for example, by visual explanations, like those
introduced in [13], or verbal explanations for temporal rela-
tionships between facial expressions, similar to [14] to serve
the information needs of domain experts.

3.3 Contrastive Explanations

In their work, Finzel et al. [14] present an approach for gen-
erating contrastive explanations to explain the classification
of similar facial expressions, in particular, pain and disgust
from video sequences. Two approaches are compared: one
based on facial expression attributes and the other based on
temporal relationships between facial expressions within a

sequence. The input to the contrastive explanation method is
the output of a rule-based ILP classifier for pain and disgust.
Two similarity metrics are used to determine most similar
and least similar contrasting instances (near misses versus
far misses) based on the coverage of sample features with
and without considering the coverage by learned rules. The
results show that explanations for near misses are shorter
than those for far misses, regardless of the similarity metric
used [14]. We place this method at the back of Fig. 3 at part
(f) as it provides contrastive verbal explanations. We con-
sider it to be a little bit more expressive than verbal expla-
nations generated for example by the previously introduced
LearnWithME. Contrastive explanations shed light into the
decision boundary of models and may therefore be of value
for experts and novices.

3.4 Dialogue-Based Interaction and Multimodal
Explanation

Based on empirical evidence suggesting that different types
of explanations should be used to satisfy different informa-
tion needs of users and to build trust in Al systems [51],
Finzel et al. [17] implement multimodal explanations (visual
and verbal) for decisions made by a machine learning model.
They apply an approach to support medical diagnoses, that
was first introduced on artificial data [16]. The method ena-
bles medical professionals and students to obtain verbal
explanations for classifications through a dialogue, along
with the ability to query the system and receive prototypi-
cal examples in the form of images depicting typical health
conditions from digital pathology. The authors suggest that
this approach can be used to validate algorithmic decisions
by incorporating an expert-in-the-loop method, or for medi-
cal education purposes [17]. We consider this approach to
be the most expressive within the selection of methods pre-
sented here. We place it rightmost in Fig. 3 at part (g). It
encompasses multimodal explanations as well as scaffolding
between global and local explanations in a drill-down man-
ner [16, 17].

We want to point out that most of the work presented
here provides repositories with respective code bases. If data
could not be made available due to data protection, the nec-
essary, licensed resources are either listed in the respective
publications or small, simulated data sets are included in
order to at least provide testable code.

4 Lessons Learned from Explainable
Medical and Clinical Image Classification

This section outlines the lessons learned from the Transpar-

ent Medical Expert Companion project by discussing the
methods introduced in the previous section.
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4.1 Thereis a Lack of Meaning and Semantics
in Visual Explanations

All methods presented in Sect. 3.1 are based on some form
of visual highlighting of relevant pixel areas in input images
to approximate the reasoning for the classification of a CNN.
Although, domain experts can interpret these visual explana-
tions, the meaning of highlights might not be unambiguous
and rather dependent of whether the ground truth label of
an image matches the label predicted by a CNN and whether
contrasting classes share common properties or not. Espe-
cially, if explanations should also serve novices, it is neces-
sary to assign some meaning to important pixels. Currently,
novel approaches for concept-based explanations are being
investigated. For example, there exists a concept-level exten-
sion to LRP [1, 2].

4.2 Assessing the Faithfulness of Models
with the Help of Visual Explanations
is Challenging

Another lesson learned from applying and evaluating the
methods from Sect. 3.1 was that visual explanations may
not always display relevance indicating faithfulness to the
properties of classes (e.g., due to noise) without providing
semantic grounding (see Sect. 4.1). Relevance is usually
spread across all pixels in an image, where only a few are
truly important for a classification outcome. Thus, it remains
a challenge to assess the faithfulness of CNNs to the domain
of interest. Therefore, more application-grounded evaluation
techniques are needed to support experts and developers in
the process of model improvement. For instance, a technique
developed during the project computes the aggregation of
pixel relevance inside the boundaries of polygonal areas
overlayed on human faces in order to evaluate facial expres-
sion classification. The goal is to approximate the faithful-
ness of a CNN to domain-knowledge in the form of facial
expressions which get localized via landmarks and for which
the relevance assigned to respective pixel areas is put into
ratio with the total relevance in an image [15].

4.3 Constraints and Their Quality Matter

The main lesson learned from the methods presented in
Sect. 3.2 is that corrective feedback by humans is beneficial
for improving models in certain cases, although probably
limited in number. We found that constraining a model is
especially helpful if a data set contains noise and the noise
can be filtered by a constraint all at once [46]. This reduces
the corrective effort for experts. Nevertheless, we would like
to point out that corrective feedback may harm a model if
the corrective decision is biased, uncertain, or contradicting
parts of a model that are necessary to correctly detect other

@ Springer

classes or sub-classes of instances. More general approaches
as the one presented in [44] are a promising counter measure
against locally false corrections, since they consider correla-
tions between classes in the entire ground truth, however, as
described before, especially medical and clinical data may
not be free from erroneous labels, noise or sparse features,
which could render correlations spurious.

Even if the application of constraints may not directly
contribute to improving a model, constraints are still help-
ful in exploring and debugging the predictive behavior of a
model and interactively examining the quality of the gener-
ated explanations and the input data [46]. For this purpose,
for example a combination of injecting domain-specific local
constraints and domain-independent global constraints, hard
constraints as well as soft constraints into a model, could
support the automated quantification of a model’s faithful-
ness and uncertainty for experts or help with exploring alter-
native explanations for novices.

4.4 There is a Trade-Off Between Generating
and Selecting Contrastive Samples
for Explanation

Contrastive explanation methods like the one introduced in
Sect. 3.3 seem especially helpful for experts as well as nov-
ices, as they provide the means to explore a decision bound-
ary of a model. A general lesson learned here is the observa-
tion that for rather sparse data sets it might not be possible to
generate contrastive explanations like near misses from the
data distribution, since such a process may yield unrealistic
samples. The approach, presented in [14] therefore selects
samples from the given data set based on a similarity met-
ric. In borderline cases, where instances from a data set do
not have many commonalities, this may mean that produced
explanations will not be minimal. For very similar classes,
this may happen, however, probably in a neglectable amount
of cases.

4.5 There is a Need for Interfaces that Bridge
the Semantic Gap Between Different Modalities

Complementing visual explanations for image classification
with appropriate verbal explanations produced by an inter-
pretable surrogate model in order to express more complex
relationships may not always be straightforward to do. It
may be necessary to first match the content of and concepts
behind a visualization with the message that is transferred by
a verbal explanation. Neuro-symbolic approaches to image
classification that integrate knowledge into the process of
learning and explaining may provide a solution to identify-
ing concepts and knowledgably putting them into relation.
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4.6 Interpretable Models are not Easy
to Understand by Default

For all methods described in Sect. 3.4 the main finding
was that not only deep learning models are complex. Also
interpretable (surrogate) models may not be explainable
at once due to complex relations among individual con-
cepts and rich conceptual hierarchies [16]. Scaffolding of
reasons for a classification outcome, e.g., through a dia-
logue-based interaction between the system and the human
user may help navigating the different decision paths and
strategies of a model.

4.7 We Need More Integrative Explanation
Frameworks

Ultimately, all the previous lessons learned illustrate the
need for an integrative approach that provides various
explanation strategies and flexible interaction interfaces
for experts, novices and developers. This means that
explainees should be able to switch between local and
global explanations, choose between different domain-
relevant explanation modalities and, if necessary, use con-
straints to explore the predictive behavior of a model and
corresponding explanations according to their individual
information need. The open challenge is to realise such a
dynamic, integrative explanation framework that puts the
human and the learning system into a beneficial explana-
tory dialogue.

5 Open Challenges and Future Directions

Open challenges concern mainly the lack of high quality
data from the real world and in benchmarks that allow to
assess the performance and quality of models and expla-
nations in high-stakes applications such as medicine and
clinical decision making. Furthermore it remains an open
question how the quality of explanations and the faithful-
ness of models could be assessed and ensured for complex
image classification models like CNNs. The most promis-
ing future directions that we currently see, is XAl evalu-
ation from less technical perspectives including accuracy
measures and pixel importance quantification toward more
human-centered, concept-based as well as application-
grounded metrics. This includes constructing and collect-
ing appropriate benchmarks as well as developing valid,
reliable and objective evaluation metrics. Deriving empiri-
cal evidence for explanation quality and beneficial interac-
tion between Al and human experts and novices will pave
the way for more integrative, dialogue-based solutions that

allow learning and exchange in two directions: from the
system to the human and back.

6 Conclusions

We presented and categorized explanation methods that
have been developed and applied for image classification
in digital pathology and affective computing during an
interdisciplinary research project, involving medical and
clinical experts. In particular, we discussed the expressive-
ness of visual, verbal and multimodal explanations differ-
ing in scope and their suitability to serve the information
need of experts and novices in an application field. Our
findings suggest that solely highlighting features in the
input space to assess an image classifier’s performance
or reasons behind a decision may not be enough. We pre-
sented methods that extend unimodal visual explanations,
e.g., by verbal explanations and dialogue-based interaction
between a human and a classification model. We identified
that prototypes may be especially beneficial as explanation
methods when a global view is not feasible due to limited
generalizability in the domain of interest. We present con-
trastive explanations, e.g., based on near misses, as suit-
able for cases, where instances are close to the decision
boundary of a classifier. Finally, we conclude that mul-
timodal explanations are helpful if various perspectives
are needed for solving the task at hand, e.g., validating a
model as an expert or learning from a model as a novice.
The goal of this article was to report our lessons learned
from designing explanations such that they support the
understanding of model decisions from a human perspec-
tive. Our findings include in particular that there is a need
for more semantically enriched, explorative, interactive
and especially integrative explanatory approaches that pro-
vide explanation as a process in which different explainees
may satisfy their information need in accordance to their
current level of knowledge and understanding.

We see a research gap in the lack of human-centered and
application-grounded benchmarks and metrics for expla-
nation generation and evaluation as well as in empirical
evidence that demonstrates the usefulness of explanations
for experts and novices in medicine and clinical decision
making. We believe that providing more human-centered
and integrative explanation frameworks will pave the way
to beneficial Al transparency and human understanding of
and trust in AL
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