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A B S T R A C T

With radiology shortages affecting over half of the global population, the potential of artificial intelligence to
revolutionize medical diagnosis and treatment is ever more important. However, lacking trust from medical
professionals hinders the widespread adoption of AI models in health sciences. Explainable AI (XAI) aims
to increase trust and understanding of black box models by identifying biases and providing transparent
explanations. This is the first survey that explores explainable user interfaces (XUI) from a medical domain
perspective, analysing the visualization and interaction methods employed in current medical XAI systems.
We analysed 42 explainable interfaces following the PRISMA methodology, emphasizing the critical role of
effectively conveying information to users as part of the explanation process. We contribute a taxonomy of
interface design properties and identify five distinct clusters of research papers. Future research directions
include contestability in medical decision support, counterfactual explanations for images, and leveraging Large
Language Models to enhance XAI interfaces in healthcare.
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1. Introduction

The growing global disparities in radiology are expected to signif-
icantly impact over half of the world’s population, resulting from a
lack of trained professionals and limited resources [1]. While Deep
Learning (DL) models have demonstrated high levels of accuracy in
predictions [2], their opaque nature has led to concerns about their
decision-making processes, particularly in safety-critical applications.
Studies have shown that DL models may perpetuate biases and discrim-
ination [3–5]. In medical applications, machine learning patterns may
not align with expert annotations, suggesting that they may be based
on spurious correlations rather than medical domain knowledge [6–
8]. Explainable Artificial Intelligence (XAI) is a field that aims to
develop systems that enable human users to understand and validate
the decision-making processes of algorithms.

To foster user trust and encourage domain experts to use DL models,
XAI research aims to develop methods for explaining model predictions.
While the field has witnessed notable advancements in XAI algorithms
and techniques [9–11], it is also important to explore the interface
design properties of intelligent systems. The emerging field of explain-
able user interfaces (XUI) emphasizes the importance of effectively
communicating XAI results to end users [12]. While some XUI design
guidelines are applicable across domains, the unique user requirements
of medical professionals necessitate a specific exploration of XUI design
properties of medical systems. For example, preferences for different
explanation types vary based on user familiarity with DL models [13],
and some explanations are found to be uninformative to medical prac-
titioners specifically [14]. To our knowledge, no systematic literature
review has been conducted in the healthcare domain of the XUI.

The systematic literature review conducted in this paper follows
the guidelines outlined in the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) statement [15]. The rest of the
paper is organized as follows: Section 2 discusses related surveys in
the XAI literature. Section 3 outlines the PRISMA methodology used to
select the 42 most relevant articles. Section 4 examines the interface
design properties found in the surveyed interfaces. Section 5 presents a
taxonomy of XAI interfaces, categorizing papers based on their output
and interaction types. Section 6 summarizes the answers to our research
questions. Section 7 suggests future research directions for developing
effective XAI interfaces, and Section 8 concludes the paper.

2. Related work

Researchers have conducted a growing number of surveys on XAI
literature. They introduce the concept of explainability in AI [16,17],
identify methods and metrics [18], and bring insights from fields out-
side of computer science [10]. While many surveys in this area tackle
the technical aspects of explainable algorithms, human-centred design
considerations are also a clear focus of the XAI field. Mohseni et al. [19]
categorize XAI design goals and evaluation methods, mapping these
goals and methods for different user groups. The paper also offers
step-by-step design guidelines and summarizes ready-to-use evaluation
methods for different goals in XAI research.

The intersection of XAI with the information visualization field
underscores the critical importance of how explanations generated by
intelligent systems are effectively communicated to end-users. Surveys
exploring this intersection often delve into visual analytics in a broad
sense [20,21]. While these surveys shed light on the general principles
of visual communication, they often fail to address how the unique
characteristics and requirements of different application areas may in-
fluence the design and efficacy of visualization strategies for conveying
AI interpretability.

The field of XUI also explores interface design with a focus on
user interaction. Chromik and Butz [12] review XAI literature from
an interaction design perspective, categorizing tools by type of inter-
action and the interaction goal. They provide a structured framework
2 
for understanding the design space of XUI, thereby emphasizing the
variability and adaptability of interface solutions in accommodating
diverse user needs and preferences within the realm of XAI.

XAI properties can have significant differences across different do-
mains [22]. Health sciences are a common area where XAI research
is applied, and researchers conducted literature reviews with this par-
ticular focus [23]. Petch et al. [24] aimed to categorize explainable
models in health sciences and identify challenges faced in this field.
Albahri et al.[25] investigate XAI through a bias risk perspective. Nazar
et al. [26] explore applying interpretable models to medicine with
a user-centred focus. A major problem explored in this survey was
the lack of domain-specific expert knowledge used to train models.
Models trained this way are more susceptible to biases, less trustworthy
to experts, and incapable of providing high-level explainability. Espe-
cially relevant to our work is the identified challenge of effectively
communicating explanations to the domain experts.

While researchers have conducted surveys of XAI in the medical
domain, none specifically addressed interface design. To the best of our
knowledge, none of the existing literature reviews of XAI focus on both
interactive design and the medical domain. Narrowing the scope this
way allowed us to make a more comprehensive literature review and
extract insights that can more effectively empower health professionals.

3. Methodology

This systematic literature review follows the PRISMA guidelines
[15]. The study consists of three phases: defining research questions,
identifying articles from scientific databases, and screening the initial
search result based on inclusion and exclusion criteria.

3.1. Research questions

As we transition from the broader context to a more focused exami-
nation, exploring the three research questions below becomes pivotal in
analysing explainable interface design trends in the existing literature.
These questions dissect the output modalities, user interaction styles,
and desirable properties of XAI systems, ultimately contributing to
developing insights for effective design and implementation in medical
decision support.

RQ1: What output modalities are found in existing XAI interfaces?
Different XAI algorithms produce explanations in varying formats,

such as charts, networks, and textual explanations. Investigating these
formats is important to identify trends and preferences among re-
searchers. Moreover, the nature of the output greatly influences the
comprehensibility and interpretability of AI-driven decisions [12,27].
This research question aims to uncover patterns in the presentation of
outputs that have been most effective in aiding explainability and other
desirable properties.

RQ2: What user interaction styles and methods are used in explain-
able interfaces?

User interaction plays an important role in the usability and ef-
fectiveness of XAI interfaces. As these interfaces aim to facilitate in-
teraction between AI-generated insights and human understanding,
the interaction methods must be carefully designed to facilitate ef-
fective knowledge transfer. By identifying successful interaction tech-
niques, this paper aims to contribute to the development of best prac-
tices for interface design that encourage deeper engagement, improved
comprehension, and enhanced decision-making.

RQ3: How can the properties of explainable interfaces be tailored
to prioritize human-centric design, promoting interactivity and acces-
sibility in medical domain tasks?

Designing interfaces that effectively support clinical decision-
making requires a thorough understanding of the needs and require-
ments of healthcare professionals. Specifically, this question will focus
on identifying how XAI algorithms have been integrated into inter-
faces in a way that prioritizes the human-centred approach to clinical
decision support or model development.
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Fig. 1. Identification of studies via databases.
3.2. Initial search strategy

Our search strategy aimed to collect scholarly articles on XAI inter-
faces. We achieved this by constructing search queries that combined
two themes: papers related to explainable artificial intelligence and
those relating to interactivity, such as visual analytics, user interfaces,
and dialogue. We utilized several APIs, including Scopus, IEEE, WOS,
and PubMed, to search for papers based on their titles, abstracts, and
author keywords.

Our final query is shown below. We iteratively refined the query,
ensuring that important papers remained in the search results while
capturing new results related to our research questions. We made ad-
justments such as shortening words like dialogue to dialo* and using
the W/and PRE/ operators to limit the distance between keywords or
groups of keywords. These strategies helped us reduce the number of
irrelevant papers while preserving relevant ones.

( xai OR counterfact* OR ( ( explain* OR inter-
pret* OR interactive ) W/1 ( ai OR "artificial
intelligence" OR "machine learning" OR "deep
learning" ) )

AND

(( user OR visual* ) PRE/ ( interface* OR
analytic* )) OR dialo* OR ( user PRE/ cent* ))
3 
We faced limitations with some of the APIs that, for example, did
not support the equivalent operators to 𝑊 ∕ and 𝑃𝑅𝐸∕. We used less
strict strategies to avoid missing important papers in these cases. For
instance, instead of using the 𝑊 ∕ and 𝑃𝑅𝐸∕ operators, we used the
operator 𝐴𝑁𝐷.

3.3. Inclusion and exclusion criteria

We used the following inclusion criteria when selecting papers:

1. Focus on interactivity or user interfaces. The first selection
criterion is important to ensure that the papers chosen for the
survey provide relevant insights into the design and evaluation
of interfaces. This survey can gain insights into the key design
principles and evaluation methods used to develop effective in-
terfaces for clinical decision support by prioritizing interactivity
and user interfaces.

2. Applicable to medical diagnosis. Although XAI algorithms and
techniques from other domains can potentially be applied to the
medical domain, we argue that valuable insights for medical
interface design will mostly be found in intelligent systems appli-
cable to medical tasks. Instead of including keywords relating to
healthcare in our initial search, we decided only to limit this in
our inclusion criteria. This is because some of the interfaces we
surveyed were domain agnostic, but still potentially relevant to
healthcare tasks. Domain-agnostic interfaces do not necessarily
have any healthcare-related keywords in their title or abstract.
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Fig. 2. Different modalities for the feature contribution output type.
3. XAI algorithm must be used. This inclusion criterion is impor-
tant to ensure that the papers selected for the survey are focused
on XAI-based interfaces and provide insights into the algorithms
and techniques used in these systems. By identifying the XAI
algorithms used in interactive tools for clinical decision-making,
this survey can provide insights into the current state of the art
and identify the most promising approaches for the development
of effective XAI-based interfaces.

The following exclusion criteria were used when selecting papers:

1. Focus on non-experts. This criterion is relevant to exclude
papers focusing on non-experts such as patients or the general
public. By focusing on papers that apply to healthcare profes-
sionals, this survey can provide insights directly relevant to the
target audience and help improve the development of interfaces
that can better support healthcare professionals in their clinical
decision-making processes.

2. Non-Medical Use Cases. A significant number of papers were
excluded due to this criteria. Any paper that was specifically fo-
cused on an area that was not relevant to medical diagnosis was
excluded. These included engineering, automation, education,
economics, politics, and many other research domains irrelevant
to our research questions.

3.4. Results and limitations

Results obtained in March of 2024 led to 1539 papers in the initial
search, as shown in Fig. 1. The manual process using the inclusion and
exclusion criteria narrowed these results to 42 explainable interfaces
relevant to answering our research questions. Our search strategy was
designed to be comprehensive, including as many relevant papers as
possible. However, due to this survey’s focus on the medical domain,
the search results were narrowed down extensively. See Table 2 in
Section 5 for a summary with all the references to the 42 papers we
surveyed.

Like any human-driven task, our process of finding relevant research
is influenced by biases. This review recognizes that sticking to just
four databases (Scopus, Web of Science, PubMed, and IEEE) may have
caused us to miss some articles. We could have broadened our search
by including Google Scholar and SpringerLink. We also chose not to
extract references from collected papers to enhance our results since
our search approach was already extensive without them. The search
query focused on keywords related to our papers of interest, but this
approach might have limited our search and caused us to overlook
relevant articles.
4 
4. Explainable interface design

Building upon the groundwork established through our research
questions, search strategy, and selection criteria, this section delves
into the specific intricacies of explainable interfaces. The objective is
to systematically examine how these interfaces convey information and
facilitate user interaction. By exploring diverse explanation formats
and interaction methodologies, we aim to discern patterns and extract
insights into interface desirable properties.

4.1. Information output

User interfaces encompass diverse goals, each employing distinctive
approaches to convey information effectively. Our analysis of 42 in-
terfaces revealed recurring patterns in the presentation of information
across multiple articles, outlined throughout this section.

Within human–computer interaction (HCI), the same information
can be conveyed through various modalities. Bernsen proposed a taxon-
omy classifying output modalities in HCI into natural language (linguis-
tic) or visual (analogue) categories [28]. In the XAI literature, linguistic
outputs predominantly manifest as typed text in natural language. How-
ever, our comprehensive survey indicated that most examined works
employed visual outputs. Relevant analogue modalities from Bernsen’s
taxonomy in the XAI literature include charts like bar plots and line
plots, networks with nodes and edges, and images. Our investigation
aims to determine the prevalence of these modalities in the literature
concerning different types of information that interfaces commonly
present.

Feature Contribution explanations are the most common in the
interfaces we surveyed. These explanations aim to highlight which
features in the data were most important for a given prediction. Al-
gorithms such as SHAP [29], LIME [30] or LINDA [11] are examples
of model-agnostic algorithms that extract feature contributions from
input data. Moreover, contributions can also be shown for features
learnt for a specific black box model, such as neuron activations in a
neural network [31]. The majority of interfaces present this information
using charts [31–34], primarily with bar plots [13,14,27,35–43] such
as the one in Fig. 2(a). The same information has also been summa-
rized in natural language text [27,38,44]. User interfaces displaying
networks tend to show feature contributions with the thickness of graph
edges [45–48], seen in Fig. 2(b). In image classification tasks, the
contribution of individual pixels is commonly shown using heat maps
in images as in Fig. 2(c). These methods aim to highlight important
regions in an image based on how influential they are for the current
prediction [14,34,43,49–54]. Despite feature contributions being the
most common explanation type we found, it shows mixed results in
user studies with medical domain experts. These explanations were
commonly misunderstood by users without ML familiarity [13,40] or
less preferred compared to other explanation types [40,41]. Experts
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Fig. 3. Example of a counterfactual explanation using a bar plot [40].
also found feature contributions uninformative, particularly concerning
heat map explanations [14]. However, they show greater potential for
novice or junior-level users [43].

Partial Dependence shows how the prediction of a model changes
across the range of up to two specific input features. For an individual
instance, all other features are held constant. Users can visualize the
potentially complex non-linear relationships between features and the
model output. Since this information is calculated locally for a given
instance, it may not capture the relationship in the global scope of the
model. Averaging the results over the whole data set can capture this
global scope and highlight if a feature’s behaviour is inconsistent [55].
Partial Dependence line plots are generally used to display this infor-
mation [27,32,35,44,55,56]. This explanation type was mostly found
in the domain-agnostic articles of our survey and, therefore, not often
explored in the context of health sciences. As with feature contribution
explanations, we expect these explanations to be difficult to interpret
for users without ML familiarity.

Counterfactual explanations aim to point out changes necessary
to result in an alternative prediction. Rather than focusing on why a
certain event occurs, counterfactual reasoning allows users to examine
what changes need to occur to get the desired outcome [57]. According
to Miller, the rationale behind presenting explanations contrastively is
grounded in users’ cognitive inclination to consider causal factors about
alternative counterfactual events [10]. These counterfactual scenarios
are commonly articulated as lists enumerating distinctions between
two instances. These distinctions can be presented through textual
descriptions [58], numerical values [41,55], natural language repre-
sentations [13,59] or graphs [40,60]. Additionally, visualizing coun-
terfactuals can be achieved through charts such as through bar charts
as seen in Fig. 3 [40], or by employing arrows to signify changes in
the values of specific features [61–63]. Counterfactuals are naturally
interpretable by clinicians, even without ML familiarity [40]. Another
application for counterfactuals is to provide customer recommenda-
tions to improve their outcomes such as with loan applications [62].
Yet, practitioners have shown concerns that these recommendations
can be overgeneralized in the context of health care [13].

Rule-Based methods use IF-THEN-ELSE statements, allowing users
to learn logical representations of a given prediction that can be gener-
alized to any instance. This helps users gain a global understanding of
5 
how a predictive model makes its decisions. It is possible to represent
a rule-based model visually, for example, using decision tries [64].
However, interfaces we found in our survey tend to display rules using
natural language [65,66]. A prediction model can itself be a rule-based
algorithm, which is therefore inherently explainable [65]. Alterna-
tively, a rule-based algorithm can be learned using model induction,
by approximating the results of a black box model [66]. While this
approach is more flexible, with possible uses in more complex tasks,
we have not found user studies with medical experts for the latter
explanation type.

Neural Network Concepts are representations of features learnt
from DL models by analysing the behaviour of a single neuron or
group of neurons in a neural network. These are especially useful when
working with unstructured data, such as for image classification tasks.
Representations start from lower-level concepts such as shapes and tex-
tures in an image, that are combined to form more complex concepts at
each layer of the model, eventually leading to the final prediction. Con-
cepts are commonly represented in interfaces by displaying examples
of image segments with high activation for the concept [45,46,67], but
synthetic images can also be generated to represent a concept [37,46].
In the medical domain, we found it more common for concepts to be
manually labelled by experts [68]. Such a system allows the integration
of domain knowledge in the explanations provided, but poses a much
higher burden on healthcare expert’s time.

Feature Context refers to information on how features in data
compare across a sub-population or data set. For example, the statistical
distribution of features can communicate to users the mean value of
a specific feature and its expected ranges. This context can enhance
the explainability of the different outputs discussed previously. With
feature contribution explanations, not only is it useful to know if
features are important for a prediction, but also to know if feature
values are relatively low or high or check if they are outliers in the data.
Individual feature context is most commonly represented with charts
such as histograms [32,36,61,62,66,67], scatter plots [63] and box
plots [67], but can also be summarized through natural language [27,
44]. Contextualizing an instance with its neighbours can also help
with case-based reasoning. In medical applications, for example, it is
common for experts to compare a patient with other similar cases to
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Fig. 4. Example of 2D projection of data where similar patients are positioned next to each other [33]. Patients are coloured differently depending on their diagnosis. Users can
click on any point to explore each patient.
gain further insight or solve conflicting information [69]. A common
interface design tool is to use an algorithm such as t-SNE [70] to project
features into two dimensions for visualization purposes [31–33,36,39,
43,45–47,55,71,72]. By using these two-dimensional projections, as in
Fig. 4, users can visualize neighbouring instances to the one they are
analysing.

Model Performance refers to any performance metric calculated
for the predictive model on a test set. Since most of the interfaces
we surveyed were for classification tasks, the most common perfor-
mance metrics were taken from confusion matrixes (Fig. 5(a)), showing
misclassification through bar plots [31,55,58,61,62,66,67]. Many of
these visualizations are interactive, letting users click on the different
misclassified instances to investigate potential problems in a model.
Evaluating a model using information extracted from XAI algorithms
is also possible. For example, Li et al. develop a scatter plot visualiza-
tion that helps users visualize the consistency of feature contribution
explanations [71], seen in Fig. 5(b). A feature with low consistency has
increased randomness in its feature contribution for different instances
regardless of feature values. This is showcased in their charts when the
points in the scatter plot are spread out and show more noise. Prince
et al. [14] found that performance metrics are more informative for
engineers developing or evaluating models, but are not as useful for
medical experts.

To measure the accessibility of an interface, we identify its Visual
Complexity (VIS CPX) on a three-point scale. We define low complex-
ity as an interface with fewer than six possible unique visual outputs
6 
and whether less than four are shown simultaneously. If only one
of these constraints were met, it was marked as medium complexity.
These numbers were based on the mean values across the interfaces
we surveyed. We also verify if more than one output type was used
to communicate explanations in an interface. As argued by Chromik
and Butz [12], using multiple modalities can enhance the explainability
of an interface. Hence, even though an interface may have one main
output type, interfaces should aim to have Multi-Modal Explanations
(MM EXP).

4.2. User interaction

While effective information communication remains a crucial com-
ponent of explainable interfaces, how users engage with these inter-
faces holds equal significance. Drawing upon Shneiderman’s taxonomy
of user interaction types [73], we have identified three primary meth-
ods of interaction with XAI interfaces in the existing literature: direct
manipulation, encompassing actions like clicking on visual elements,
obtaining information on hover, and utilizing drag-and-drop function-
ality; indirect manipulation, involving the use of sliders, drop-down
menus, and buttons; and lastly, natural language dialogue. Specifically,
indirect manipulation involves interaction elements that are placed on
a separate panel or menu. We have categorized user interaction styles
with explainable interfaces into four distinct types, discussed below.

Exploration (EXP) is the most common user interaction style in the
literature. Exploration is an interaction style that provides ways for a
Fig. 5. Examples of model performance visualizations.
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user to navigate the information output of an interface from different
perspectives to reach their own understanding and conclusions. Users
should be able to engage in a meaningful conversation with the XAI
system, pose questions, and receive relevant information in response.
This approach, advocated by Miller [10], places interactivity and dia-
logue at the forefront of explanation delivery. However, it is important
to note that a conversational explanation dialogue need not be confined
to natural language. Alternative representations of information, such as
utilizing interactive elements, diagrams, or other non-linguistic forms
of communication, can be equally effective. We explore this interaction
style in greater detail in Section 4.3.

Control (CTRL) is an interaction style in which the user can di-
rectly adjust the predictive model through the interface. This type of
interaction is also referred to in the literature as human-in-the-loop or
interactive machine learning [74]. In the medical domain, this control
is important so that experts can align prediction models with their
own domain knowledge. Literature exploring algorithms that can take
human input is extensive, but we also found examples of this interac-
tion style incorporated into explainable interfaces directly. Generally,
through indirect manipulations, users can change the classification
thresholds [55], the structure of a model [47], retrain a model with new
feature weights [36] or fine-tune a model with corrected data [68].

Contestability (CNTS) allows users to disagree with outputs given
by the explainable interface. To achieve this, the interface needs to
give the user alternative predictions and explanations. However, this
alone does not provide contestability. As argued by Vaccaro et al. [75],
contestability is achieved through an appeal process where the user’s
voice is heard. This means that the interface requires active interaction
mechanisms that can interpret the user’s disagreement and solve it.
Users are shown to desire contestability the higher the impact of
a decision [76], meaning this interaction is increasingly important
in the medical domain. However, none of the interfaces we have
surveyed in this article implements interaction mechanisms matching
these properties.

The Supportive (SUP) interaction style aims to integrate explain-
ability into an expert’s existing workflow. Such systems let users anal-
yse data using their expert knowledge before showing prediction results
from a DL model. Users can prompt the interface for predictions and
explanations on an as-needed basis. Not only does this help shift the
interface agency to the user, but it can also reduce potential biases such
as anchoring and confirmation bias [59]. We found only two examples
in our survey utilizing this interaction style [40,65], where predictions
and explanations are designed to be integrated directly into clinician
software.

To measure the accessibility of an interface, we identify their In-
teraction Complexity (INT CPX) on a three-point scale. We define
medium complexity when the interface has five to seven unique inter-
active elements. Lower or higher than this range of values is marked
as low or high complexity, respectively. These numbers were based on
the mean values across the interfaces we surveyed.

4.3. Exploration

Since most of the interfaces we surveyed used the exploration
interaction style, we further investigated common themes for types
of information users can explore. While analysing each interface, we
quantify in Table 2 in Section 5 how many of these themes are present
in the interface.

Dynamic Explanation Detail is a design tool that researchers have
implemented in many explainable interfaces. Through direct manipu-
lation, users can hover their mouse over explanations to get further
information [59,66,77,78], or click interactive elements to expand into
more detailed explanations [43,66,67,67,68]. Other interfaces imple-
ment buttons [34,42,58,63,72] or sliders [38,46] to achieve similar
results through indirect manipulation. Natural language dialogue is also

an accessible way for users to ask for further details [44]. p
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Table 1
Taxonomy of explainable interfaces based on output and interaction types.

ine Paper Cluster Output type Interaction type

[33,34,37–39,58,61–63] Visual analytics Charts Indirect manipulation[13,14,40–42,55,65,72]

[27,59,66,71,77–79] Interactive analytics Charts Direct manipulation[31,32,36,43,67,68]

[50–54,65] Image visualization Images Indirect manipulation
[45–48] Networks Networks Direct manipulation
[44] Natural language Text Dialogue

What-if analysis allows users to explore how manually changing
nput values affects the outcome of a prediction model. This allows
sers to probe a prediction model to explore how it reacts to different
cenarios. Usually through indirect manipulation [14,33,36,41,48,55],
sers can edit features individually and visualize the resulting changes.
or direct manipulation, Outcome Explorer is an example where users
an interactively edit nodes in a structural graph to perform the what-if
nalysis [47].
Prototypes are especially important to explore in medical applica-

ions. This exploration style refers to investigating real instances that
re similar to the one being analysed. It is also important to let users
xplore instances of different classes to mitigate representativeness
ias [59]. Allowing users to click on elements in 2D projections of
opulations mentioned previously is a common way to add prototype
xploration [31,36,43,55,68,71,72]. However, users can also get the
op matches through indirect manipulation [14,40,41], search for pro-
otypes through search boxes or drop-down menus [32,38] or ask the
nterface through natural language dialogue [44].
Sub-Population creation gives users control over how instances

re contextualized or how to cluster datasets based on domain knowl-
dge. This is usually achieved through menus using indirect manipula-
ion [39,55,62,63,66,79]. One way to introduce this exploration style
hrough direct manipulation is by using a lasso tool so that users can
raw clusters of data in a 2D projection [32,36,43,68,71,72].

Understanding the underlying Model Architecture is crucial for
sers seeking in-depth insights. Interfaces that incorporate this explo-
ation style allow users to delve into the specifics of the employed
achine learning model. Users can inspect the model’s layers, nodes,

nd connections to understand its structure comprehensively. Interfaces
ith visual model representations can add direct manipulation for this
xploration style [31,32,45,46,66]. Drop-down menus or buttons are
ommonly used [34,37,47,49,52,67].
Explanation customization empowers users to modify the pro-

ided explanations’ content, format, or level of detail. Tailoring expla-
ations to meet user preferences or specific requirements is essential to
any interfaces. This is usually achieved through indirect manipulation

n the settings of the application [34,39,45,50,55,61,63,66,67].

. Taxonomy of explainable interfaces

Based on our findings relating to information outputs and interac-
ion types, we propose a taxonomy of explainable interfaces, dividing
he existing literature into five clusters of papers. We based these clus-
ers on two properties, as in Table 1. First, the main information output
ype was identified as charts, networks, images, and natural language
ext. Second, the main interaction type between direct manipulation,
ndirect manipulation and natural language dialogue is chosen. Many
f these interfaces have multiple information and interaction types. We
hose to identify only the main one to get clearly defined clusters in
ur taxonomy. Charts are the main output type used in the current
iterature. Moreover, few interfaces use images or natural language as
heir main output types. This contrasts the output types that medical

rofessionals most commonly work with.
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Table 2 summarizes our systematic review findings for each clus-
ter, with example interfaces shown in Fig. 6. Visual and interactive
analytics display information primarily through charts, differing only
in whether the main interaction is through indirect or direct ma-
nipulation. These interfaces vary significantly in terms of visual and
interaction complexities. The image visualization cluster only contains
interfaces utilizing heat maps for image explanations, generally found
in low-complexity interfaces. The applications in the network cluster
also differ from the others due to their main output type. In our final
cluster, we only found one interface using natural language dialogue in
combination with XAI algorithms.

Domain-agnostic interfaces stand out in our visual analytics clus-
ter. Spinner et al. [34] showcase how providing users with multiple
choices of XAI algorithms enhances exploration by allowing users to
customize the explanation outputs of the interfaces. Similarly, Context
Sight [63] uses feature contribution and counterfactual explanation
in the same interface. By presenting information using charts, both
explanation types can be combined visually. Despite its interaction
complexity, it presents much information in a single output panel.
Through its model performance panel, the What-If tool [55] allows
users to control the classification thresholds of the predictive model.
As its name implies, the interface offers what-if analysis tools, resulting
in a greater exploration interaction style. A similarly interactive was
developed in the health care domain by Wang et al. [72]. Its predictive
model is based on a graph neural network that provides path-based
explanations, a less common explanation type that the paper argues
resembles how medical experts explain phenomena to their peers.

Both Tarnowska et al. [65] and Naiseh et al. [40] developed tools
that use the supportive interaction style. Even though they do not incor-
porate a lot of exploration or a large variety of explanation types, they
are examples of how explainable interfaces can be integrated directly
into an expert user’s existing workflow. Tarnowska et al. [65] designed
an interface for diagnosing tinnitus in patients and allows healthcare
experts to record visits, diagnoses, and treatment plans. Naiseh et al.
[40] incorporate and evaluate several different explanation types into
a medical prescription system. These interfaces showcase how explain-
able interfaces can be used as a decision-support tool where predictive
models and explanations are added bonus functionality.

There is a lack of interactivity in image visualization interfaces. All
six interfaces from this cluster provide similar explanations: heatmaps
that show the most important areas of an image for the current pre-
diction. Yet very few of the interactivity properties we mentioned in
our review are used in these interfaces. Including domain-agnostic
interfaces in our comprehensive survey allowed for the identification
of promising image classification systems. In the Interactive Analytics
cluster, ConceptExplainer [35] showcases the neural network concept
output type. As one of the most visually complex interfaces we sur-
veyed, it does present several unique visual output types, such as an
interactive hex chart that contextualizes the concepts it identifies in
the DL model. NeuroCartography [45] and Summit [46] adapt this
information type to Networks. Without losing a lot of exploration
options, they drastically reduce the visual complexity of the interface
by using this output modality.

Outcome-Explorer [47] is another example of an interface using the
Network output modality. Unlike the previous two, this interface does
not use an XAI algorithm. Instead, it uses a causality-based predictive
model that is inherently explainable. Since users train the causal model
directly in the interface, it is a clear example of the control user
interaction style. After exploring the model structure and using the
what-if analysis tool provided, expert users can change the structure of
the predictive model to reflect their domain knowledge better. In the
healthcare domain, RetainVis [36] is an example of how explainability
can enhance the control interaction style. By analysing the feature
contributions of different instances, users can retrain the DL model with
alternate feature weights, resulting in a more aligned model with expert

knowledge.
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In the interactive analytics cluster, three healthcare interfaces offer
simple interfaces with multi-modal explanations. This simplicity comes
at the cost of very low user interaction. The interface developed by
Panigutti et al. is a clear example of this trade-off [77]. The interface
only presents the feature contribution output type through a scatter plot
and natural language summary. It is an efficient method of communi-
cating a single explanation method, but users cannot interact with the
information meaningfully. The interface proposed by Barda et al. offers
similar information outputs but adds tabular data and a time series
chart so users can better visualize the input data [78]. Wang et al. offer
a wider variety of explanation types by incorporating counterfactuals
in natural language alongside feature contributions [59]. Nevertheless,
all three interfaces are mostly static, where their only interactive mech-
anism displays extra explanation details by hovering over the different
outputs.

On the other hand, tools such as RetainVis [36] forego visual
simplicity to enable a higher degree of user interaction. Users can
interactively create sub-populations and investigate instances of in-
terest through their two-dimensional projection of the data set. The
visual complexity adds to its learning curve, but the exploration in-
teraction style shifts agency to the user. Rulematrix is another such
example [66]. Through its rule-based explanations, this interface also
lets users interactively probe the predictive model and get a better
global understanding of its decision-making process. Even though its
main interaction type is direct manipulation, a significant part of the
user interaction is also through sliders and buttons. This makes the
interface complex in terms of visual and interaction complexity.

Our Natural Language cluster stands out as having only one in-
terface. The tool developed by Kusba and Biecek [44] presents visu-
alizations such as partial dependence plots and feature contribution
plots. However, it distinguishes itself from all the other interfaces
we surveyed since its only interaction mechanism is through natural
language dialogue. The paper’s main contribution is training a natural
language understanding model that assigns user prompts into a set of
predefined question types. By only showing its different outputs as
the users ask follow-up questions, the interface uses the progressive
disclosure principle advocated by Chromik et al. [80]. This style of
interaction helps keep the visual and interaction complexities low. Even
though there is room for a much greater degree of user interaction
styles, this interface shows the potential of using natural language
dialogue in explainable interfaces.

Across all interfaces we surveyed, we found no standardized method
of explainable interface evaluation. A few papers used the think-aloud
protocol to gather expert user comments about an interface [59,67],
while others did interviews with experts after they used the inter-
faces [36,65,78,79]. Proposed interface evaluation methodologies exist,
such as the System Usability Scale [81], and others specifically de-
veloped for explainability such as the System Causability Scale [82].
It is a testament to the incipient nature of the field that standardized
evaluation techniques have yet to be developed.

Our analysis shows that even if most of the interfaces we surveyed
have user interactivity relevant to medical applications, overall use
of interaction styles is limited. None of the interfaces we surveyed
offer user contestability, and very few incorporate control or support-
ive interaction styles. For exploration, interfaces that offer multiple
exploration types tend to have much higher visual and interaction com-
plexities. This showcases the trade-off between simplicity and in-depth
user interaction in explainable interface design.

6. Answers to research questions

Building upon the proposed taxonomy and the analysis of infor-
mation output and interaction styles, we now summarize our key
findings and address the overarching research questions that guided our
analysis.
RQ1: What output modalities are found in existing XAI interfaces?
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Table 2
Table summarizing all papers by their interaction and output properties. Titles abbreviated to Exploration (EXP), Control (CTRL), Contestability
(CNTS), Support (SUP), Visual Complexity (VIS CPX), Interaction Complexity (INT CPX) and Multi-Modal Explanations (MM EXP). Model input
data abbreviated to Sequential (Seq), Structured (Struc), and Images (Img).
Cluster Paper Domain Input EXP CTRL CNTS SUP VIS CPX INT CPX MM EXP

[13] Healthcare Struc 0 Med Low

[40] Healthcare Struc 0 Low Low
[33] Healthcare Seq 1 Med Low

[65] Healthcare Seq 1 Low Low
[41] Healthcare Struc 2 Low Low

Visual analytics

[14] Healthcare Imgs 2 Med Low

[42] Healthcare Seq 2 High Med

[58] Healthcare Struc 3 Med High
[72] Healthcare Graph 4 Med Med

[37] Agnostic Img Seq 1 Med Low

[38] Agnostic Struc 2 Low Low
[61] Agnostic Struc 1 Low Low

[62] Agnostic Struc 2 Low Med
[39] Agnostic Struc 1 Med High

[34] Agnostic Img
Seq
Struc

3 Med High

[63] Agnostic Struc 4 Med High

[55] Agnostic Img
Struc
Seq

4 Med High

Interactive analytics

[77] Healthcare Seq 1 Low Low
[79] Healthcare Seq 1 Low Low

[78] Healthcare Struc 1 Low Low

[59] Healthcare Struc 1 Low Low
[67] Healthcare Struc

Seq
1 High Low

[71] Healthcare Struc 2 Med Low

Interactive analytics

[43] Healthcare Img
Struc
Seq

3 High Med

[66] Healthcare Struc 4 High High

[68] Healthcare Imgs 3 Med Med

[36] Healthcare Seq 3 High Low

[27] Agnostic Struc 0 Low Low
[31] Agnostic Img

Struc
Seq

3 Med Low

[32] Agnostic Struc 3 High Med

[35] Agnostic Imgs 3 High High

[48] Healthcare Graph 2 Low Med

Networks [45] Agnostic Imgs 2 Low Med

[46] Agnostic Imgs 2 Low Med

[47] Agnostic Struc 2 Low Med

[51] Healthcare Imgs 0 Low Low
[65] Healthcare Imgs 1 Low Low

Img visualization [52] Healthcare Imgs 1 Low Low
[53] Healthcare Imgs 1 Low Low
[54] Healthcare Imgs 1 Low Low
[50] Agnostic Imgs 1 Low Low

Natural language [44] Agnostic Struc 2 Low Low
9 
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Fig. 6. Examples of interfaces for each cluster in our taxonomy.
In the explainable interfaces we surveyed, diverse output modalities
have been identified. Primarily, Feature Contribution explanations are
prevalent, employing modalities such as bar plots, line plots, and
textual representations. Partial Dependence explanations commonly
utilize line plots to illustrate the impact of individual input features
on model predictions. Counterfactual explanations, contrasting pre-
dicted outcomes, are often presented through textual descriptions,
numerical values, or visual aids like charts with arrows denoting fea-
ture value changes. Rule-based methods predominantly communicate
through natural language. Neural Network Concepts are represented
via human-interpretable patterns, often visualized by images of high
activation regions or synthetic images. Feature Context is conveyed
through charts like histograms, scatter plots, and box plots, along
10 
with algorithmic tools like t-SNE for dimensionality reduction. Model
Performance metrics are commonly expressed using charts, particularly
bar plots derived from confusion matrices. Charts are the most common
output modality in the interfaces developed so far.

RQ2: What user interaction styles and methods are used in explain-
able interfaces?

Explainable interfaces can employ four primary user interaction
styles: exploration, control, contestability, and support. Exploration,
the most prevalent style, facilitates users in navigating interface infor-
mation, often incorporating direct manipulation through actions like
clicking, hovering, and drag-and-drop. Control enables users to directly
influence predictive models, typically achieved through indirect manip-
ulation involving sliders, drop-down menus, and buttons. Contestability
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involves allowing users to dispute outputs and demanding active mech-
anisms for interpreting and resolving user disagreement. However,
while recognized as crucial, contestability has not been implemented
in any of the interfaces we surveyed. Finally, the supportive interaction
style integrates explainability into experts’ workflows, permitting them
to analyse data using their domain knowledge. These interaction styles
contribute to shifting agency to users and accommodating diverse
preferences and needs.

RQ3: What properties of explainable interfaces promote interactiv-
ity and accessibility in medical domain tasks?

The effectiveness of explainable interfaces in medical domain tasks
hinges on several properties that enhance interactivity and accessi-
bility. Interfaces incorporating exploration styles empower users to
navigate information from diverse perspectives. Control-oriented inter-
faces allow direct user adjustments to predictive models, accommo-
dating domain-specific knowledge integration and retraining options.
Contestability, though underrepresented, is crucial for resolving user
disagreements, requiring active interaction mechanisms. Supportive
interaction styles integrate explanations seamlessly into experts’ work-
flows, reducing biases and facilitating as-needed predictions. Dynamic
explanation detail, what-if analysis, prototypes, sub-population cre-
ation, and model architecture understanding are exploration themes
that empower users in medical tasks, promoting detailed investigation,
scenario testing, instance similarity exploration, and data contextual-
ization. Furthermore, explanation customization allows tailoring expla-
nations to user preferences or requirements, enhancing accessibility and
user-centred adaptability.

The interplay between visual and interactive complexity in explain-
able interfaces within the medical domain is evident. While interfaces
offering multiple exploration types tend to exhibit heightened visual
and interaction complexities, they provide users with diverse avenues
for in-depth understanding. Incorporating multi-modal explanations,
encompassing textual, graphical, and interactive elements, contributes
to a richer user experience. However, the inherent challenge lies in
balancing complexity and interactivity. As interfaces become more
intricate to accommodate various exploration styles and modalities, the
potential trade-off emerges, necessitating careful design considerations.

7. Future research directions

Completing this literature review has given us a comprehensive
understanding of the present hurdles and prospects associated with de-
veloping XAI interfaces in health care. As a result, we have pinpointed
several research prospects that can be explored in future studies within
this field.

Exploring decision support tools for medical interfaces
A promising avenue for future research lies in exploring decision-

support tools tailored specifically for medical interfaces. These tools
should extend beyond mere explanation provision and actively assist
healthcare professionals in making well-informed decisions. Interfaces
should aim to integrate explainable algorithms into medical experts’
existing workflows and investigate how different design considerations
affect biases in human decision-making.

Investigating contestability in medical decision support
Future research in the field of XAI interfaces should delve into the

concept of contestability in medical decision support. Contestability
allows users to challenge and question the decisions made by the AI
system. In the medical domain, where decisions can have profound
consequences, developing interfaces that provide explanations and fa-
cilitate user contestability is crucial. Research endeavours should focus
on designing interaction mechanisms that enable users to express dis-
agreement, receive alternative predictions, and actively participate in
refining the decision-making process. Understanding the user’s perspec-
tive and incorporating contestability features can enhance AI systems’

overall trustworthiness and acceptance in medical decision support.
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Counterfactuals for image classification
A critical research direction involves the development of medical

interfaces with a focus on image classification tasks and integrating
counterfactual explanations. Addressing the complexities associated
with image-based diagnostics, these interfaces should provide action-
able insights to medical experts, particularly radiologists. The incorpo-
ration of counterfactuals can aid in enhancing the interpretability of
image classification models. Recent literature started exploring image
counterfactuals through natural language concepts [83] and image
generation methods [84], but these have not yet been studied regarding
interaction design in user interfaces.

Leveraging large language models in XAI interfaces
In recent years, the integration of large language models (LLMs) has

emerged as a promising avenue in the development of XAI interfaces
in radiology. LLMs can potentially revolutionize how medical experts
interact with AI-driven systems. Natural language dialogue shows po-
tential in addressing the trade-off between interface complexity and
user exploration, which we found in our survey.

However, it is imperative to acknowledge the limitations and chal-
lenges associated with current LLMs. One major concern is their limited
precision in technical fields. As reported by Kasneci et al. [85], LLMs
may struggle to use precise technical language, essential for maintain-
ing the accuracy and reliability of AI-assisted diagnoses and treatment
plans. Furthermore, LLMs can inadvertently introduce biases and pro-
vide incorrect information, raising concerns about their reliability in
the healthcare domain [86].

Research is already being done on tailoring the language of LLMs to
more specific medical domains [87,88]. Medical education is a research
direction being discussed as a potential application of LLMs [89,90],
and we believe that the design considerations we discuss in this review
are also important in this domain. Although not directly related to the
XAI field, there is also research on how users can contest outputs given
by these models [91,92].

Future research should focus on the synergistic combination of LLMs
with other XAI techniques to harness their potential benefits while
mitigating concerns related to bias and inaccuracy. Collaboration be-
tween LLMs and XAI methods holds great potential in creating balanced
systems where the strengths of LLMs in natural language understanding
and generation can be harnessed while maintaining the integrity of
medical information.

8. Conclusion

Our comprehensive analysis of 42 interfaces in explainable arti-
ficial intelligence (XAI) has illuminated the multifaceted landscape
of information presentation, user interaction styles, and exploration
methods. The findings underscore the diverse goals of user interfaces,
ranging from feature contribution and partial dependence explana-
tions to counterfactuals, rule-based methods, neural network concepts,
feature context, and model performance. We identified five clusters
of interfaces: Visual Analytics, Interactive Analytics, Networks, Image
Visualization, and Natural Language Dialogue.

The exploration interaction style proved to be the dominant mode
of user engagement, with users predominantly relying on dynamic ex-
planation details, what-if analysis, prototypes, sub-population creation,
understanding model architecture, and explanation customization. We
found an underlying trade-off between interface complexity and the
ability to offer users these different exploration themes. Our investiga-
tion also revealed certain limitations and gaps in the current landscape
of XAI interfaces, particularly in the medical domain. The lack of robust
contestability features, limited incorporation of control or supportive
interaction styles, and a scarcity of explainable interfaces with natural
language dialogue pose challenges in achieving comprehensive user

engagement.
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Looking forward, we propose several research prospects to address
these challenges and enhance the effectiveness of XAI interfaces. Future
studies should explore decision support tools tailored for medical inter-
faces, investigate contestability in medical decision support, focus on
counterfactual explanations for image classification tasks, and leverage
LLMs in conjunction with other XAI techniques to overcome limitations
and biases associated with current LLMs.

By delving into these research directions, we anticipate a significant
advancement in developing XAI interfaces, making them more appli-
cable, trustworthy, and accessible, especially in critical domains like
healthcare. As technology evolves, the synergy between human exper-
tise and AI capabilities will play a pivotal role in shaping the future of
explainable artificial intelligence, fostering a deeper understanding and
collaboration between users and intelligent systems.
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