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eXplainable AI (XAI) involves two intertwined but separate challenges: the development of techniques to
extract explanations from black-box AI models and the way such explanations are presented to users, i.e.,
the explanation user interface. Despite its importance, the second aspect has received limited attention so
far in the literature. Effective Al explanation interfaces are fundamental for allowing human decision-makers
to take advantage and oversee high-risk Al systems effectively. Following an iterative design approach, we
present the first cycle of prototyping-testing-redesigning of an explainable Al technique and its explanation
user interface for clinical Decision Support Systems (DSS). We first present an XAI technique that meets the
technical requirements of the healthcare domain: sequential, ontology-linked patient data, and multi-label
classification tasks. We demonstrate its applicability to explain a clinical DSS, and we design a first prototype
of an explanation user interface. Next, we test such a prototype with healthcare providers and collect their
feedback with a two-fold outcome: First, we obtain evidence that explanations increase users’ trust in the
XAI system, and second, we obtain useful insights on the perceived deficiencies of their interaction with the
system, so we can re-design a better, more human-centered explanation interface.
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1 INTRODUCTION

Many aspects of our lives, including our health, have become increasingly digitalized over the
past decade. Healthcare data can be collected from various sources, including Electronic Health
Records (EHRs) maintained by healthcare providers [68], health and wellness apps [61, 105], and
wearable sensors [27, 104]. The wealth of information contained in such data has the potential to
provide valuable insights into an individual’s health, potentially in real-time, and could be used to
improve healthcare delivery [5, 9, 67, 75, 115]. However, this data deluge can be overwhelming for
humans to analyze and interpret, leading to a need for new and improved data processing meth-
ods. Artificial Intelligence (AI) can be used to identify patterns and trends in such large datasets
and has the potential to help healthcare professionals make more informed and efficient decisions
about patients’ care [30, 128]. One approach for integrating Al into clinical practice is using it in
clinical Decision Support Systems (DSS), i.e., computerized systems that give evidence-based
suggestions, alerts, and reminders to healthcare practitioners to help with patient diagnosis, treat-
ment, and management [126]. However, the rate of adoption of Al in health clinics and hospitals
is low [4, 114, 140]. A recent report estimates that 84% of healthcare providers in Europe currently
do not use any Al system [62]. The reasons behind the low adoption of clinical DSS that do not
embed Al have been well studied, with shortcomings including perceived challenges to autonomy,
lack of time, and dissatisfaction with user interfaces [17, 72, 74, 78, 94, 110, 129, 130]. In addition to
these adoption barriers, Al-based clinical DSS also face trust issues from medical staff and a lack
of knowledge about the assumptions, limitations, and capabilities of such systems [62, 131]. Trust
plays a central role in the adoption of new technologies, and explanations of Al recommendations
are often touted as the solution to trust issues [49, 108, 134, 139]. The study of techniques whose
goal is to explain (i.e., capability to present in human-understandable terms [43]) the decision-
making process of an Al system is the main focus of the eXplainable AI (XAI) field of research.
This topic has recently witnessed an increased interest that generated vast literature on Al trans-
parency and explainability [19, 57]. Indeed, the popularity of such techniques matches the increas-
ing use of black-box Al systems, i.e., systems whose internal decision-making process is obscure.
Being able to explain clinical decisions to patients and be held accountable for adverse outcomes
of their diagnosis are key ethical responsibilities of every doctor [93, 101].

Furthermore, XAI techniques could help achieve the highest levels of Al transparency for
high-risk Al applications (such as healthcare) as mandated by the Al Act, a recent EU regulation
proposal on Al [2, 122]. Indeed, the AI Act prescribes that high-risk Al systems should be
designed with human-machine interfaces that enable users to interpret the system’s output and
use it appropriately. Academic literature has also debated the existence of a “right to have an
explanation” of Al decisions based on the EU GDPR (General Data Protection Regulation)
prescription to provide “meaningful information about the logic involved” to the data subject in
case of automated decision-making [1, 36, 58, 87]. While, at first glance, explanations of such DSS
seem the solution to these issues, some studies suggested that explanations can be inadequate to
deal with overreliance on flawed algorithms [66]. Furthermore, explanations might even increase
overreliance on Al-based clinical DSS [23, 47, 76], and it might be necessary to design the system
to force the user to engage in analytical thinking when explanations require substantial cognitive
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effort to be evaluated [22]. These findings highlight the importance of involving the end-user
of the explanation in the evaluation or, ideally, already in the design phase. A recent survey has
argued that explanations of black-box AI models are mainly used by machine learning engineers
to debug their model in the development phase [15]. Nevertheless, debugging the model is only
one of the needs expressed in another recent study that analyzes the demands of transparency
of several stakeholders [20]. The fact that the developers of XAI methods design explanations for
themselves creates a gap between state-of-the-art XAl explanations and end-users, undermining
the impact of XAl in high-stakes decision-making.

In this article, we present the collective effort of our interdisciplinary team of data scientists,
human-computer interaction experts, and designers to develop a human-centered, explainable Al
system for clinical decision support. Using an iterative design approach that involves healthcare
providers as end-users, we present the first cycle of the prototyping-testing-redesigning of the
explainable AI technique and its explanation user interface. We first present the XAI technique’s
conception that stems from patients data and healthcare application requirements. Then, we de-
velop the initial prototype of the explanation user interface and perform a user study to test its
perceived trustworthiness and collect healthcare providers’ feedback. We finally exploit the users’
feedback to co-design a more human-centered XAl user interface, taking into account design prin-
ciples such as progressive disclosure of information.

Co-design is a participatory design approach that involves the end-users as active participants
in the design process [106]. This approach to design is particularly useful when developing human-
centered XAl interfaces whose goal is to facilitate smooth and useful human-machine interactions.
When considering user involvement in the design process of an Al explanation, it is important to
disentangle two aspects of XAl development: the technical development of a technique able to ex-
tract an explanation from the black-box Al model (XAI), and the way such explanation is presented
to users, i.e., the explanation user interface (XUI) [34]. Since developing an XAI methodology
is an extremely technical endeavor, we did not involve users in this first stage of development.

We build upon our previous work, Doctor XAI [103]. We add new mechanisms to tailor Doctor
XAI towards a clinical prediction task and we carry out a thorough technical evaluation of the
methodology, demonstrating its applicability to the explanation of a clinical DSS. We then trans-
late the rule-based explanation of Doctor XAl in natural language and present the first prototype
of a user explanation interface. This prototype is then evaluated by healthcare providers via an on-
line user study, obtaining two important insights. First, we get evidence that explanations increase
users’ trust in the XAI system, and second, we obtain useful insights on the perceived deficiencies
of their interaction with the system, so we can re-design a better, more human-centered expla-
nation interface. Design and evaluation of an explainable user interface are iterative, intertwined
processes: The evaluation allows to discover new requirements for the explanation, which is then
redesigned to fulfill those requirements and re-evaluated. Our study shows that co-designing XAI-
based tools for high-stakes decision-making, such as in healthcare, opens up opportunities for
much more trustworthy and responsible use of Al in high-risk tasks. In principle, XAI may be the
key for a synergistic human-machine interaction and collaboration, where the uniquely human
capabilities are enhanced by the AI’s. At the same time, more empirical and theoretical research
is needed to better understand the risks associated with over-reliance and automation bias that
might stem from advanced XAI tools.

The article is structured as follows. In Section 2, we briefly discuss the main related works in
the field of XAI and HCI. In Section 3, we present the technical aspects of the XAI methodology
and how it meets functional and data requirements associated with healthcare settings. In
Section 4, we show a technical validation of the XAI technique and its applicability to the
explanation of a clinical DSS, demonstrating its ability to accurately represent the black-box
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model decision-making process. In Section 5, we introduce the first explanation user interface
prototype. In Section 6, we discuss the results of our first user study that explores the relationship
between trust in the clinical DSS and Al explanations. This user study also provides insights
related to explanations relevancy, i.e., the explanation ability to provide insights for a particular
audience into a chosen domain problem [96]. Finally, in Section 7, we present a refinement of the
design of the Al explanation interface in response to user feedback.

2 RELATED WORK

While several XAI methods have been developed in past years, only a few considered the specific
application domain. Consider, for example, two of the most popular XAI methods: LIME [108] and
SHAP [86]. Similar to the XAI method presented in this article, they provide local explanations
that summarize each feature’s influence on the model outcome [38]. These two methods are model-
agnostic and application-agnostic, meaning that they are able to extract an explanation from any
type of black-box Al model [91] regardless of the application domain. While the model-agnostic
approach to XAI offers great flexibility to the use of these methods, the application-agnostic ap-
proach implies that the specific user needs are not considered [8]. Our XAI methodology fits in
an emerging line of research focusing on XAI techniques that are not completely agnostic and
tailor their explanations to the medical field, either by incorporating medical knowledge in the
explanation process [11, 32, 141] or focusing on specific healthcare data characteristics and use
cases [89, 100, 102]. Even though this line of research is a first step in the direction of considering
healthcare professionals’ needs, these methods rarely design the explanation with the end-user in
mind (a notable exception is Reference [117] where clinicians are involved throughout the devel-
opment process of the Al application). Furthermore, only a few of them tested the efficacy of their
explanations on a group of health care professionals.

A few works have tried to close such a gap in the medical field by involving the doctors in
the design procedure [77, 113, 139] or by performing exploratory surveys [26, 83, 127]. Despite
these recent efforts, most of the research has been focused on laypeople [7, 29, 95]. However,
several works have shown that users’ domain expertise is relevant to the trust calibration pro-
cess [52, 99, 135, 145], e.g., novice users tend to over-rely on Al suggestions. For these reasons, in
our study, we focus on the impact of explanation on advice-taking involving a specific pool of end-
users, i.e., healthcare providers, and observing the use of explanation in the appropriate decisional
context [16, 21, 45, 88], i.e., while performing a task supported by a clinical DSS.

Ideally, explaining clinical DSS recommendations should help clinicians with trust calibra-
tion [73], i.e., properly adjusting their level of trust according to the actual reliability of the Al
system [111]. There are several levels of trust falling along a spectrum ranging from complete dis-
trust to overreliance on Al Both extremes have been observed towards Al-based clinical DSSs. On
the one hand, some works have shown that clinicians tend to over-rely on automated suggestions
by taking less initiative [81] or accepting incorrect diagnoses suggested by AI [59]. This phenom-
enon is known as automation bias [79, 118] and can be particularly dangerous in critical domains
such as medicine. On the other hand, physicians are reluctant to trust algorithms that they do not
understand [26, 116] and might be subject to algorithm aversion [40], which is the human tendency
to discount algorithmic advice [85]. Distrust in Al applications in medicine also comes from doc-
tors’ fear of legal repercussions if something goes wrong due to unclear liability regimes [97, 124].

This article presents a user study that investigates how AI explanations impact users’ trust
in algorithmic recommendations in the healthcare context. Our experimental design allows
understanding whether Al explanations increase trust in the AI suggestions in the event that
the suggestion is correct. Such an experimental setting offers some initial insights into how AI
explanation might influence the trust calibration process. We also use participants’ feedback on
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the explanation interface to improve its design and increase the Al system usability and trust
by adopting a co-design approach to improve the usability of such interface. The user interface
conveys the transparency of the Al system [73] and, with the advent of XAL the system explains
its recommendations through the interface [10]. The quality of such an explanation interface is
of pivotal importance, and its design needs to be studied using an HCI lens [46]. Indeed, while
the interface of an Al model does not influence its capabilities, early works have shown the
relationship between users’ trust and the interface design. Indeed, the design of the Al interface
can influence users’ beliefs about its capabilities and trust in its decisions [79]. It was also proved
that some interface features such as its ease of use and its usefulness can increase users’ trust in
automation [63] and that explanation interface design choices such as the progressive disclosure
of information can help users’ decision-making process [22].

3 THE EXPLAINER: DOCTOR XAl

In this section, we introduce the XAI technique employed in our use case: Doctor XAI [103]. Doctor
XAl is an explainability technique tailored to medical Al applications. It is model-agnostic, i.e., it
does not use any internal parameter of the model to generate its explanations, and its explanations
are local, i.e., they explain the rationale behind the classification of a single data point. Its expla-
nations are a good representative of a common type of Al explanation: the removal-based type of
explanation [37]. Like other popular removal-based approaches, Doctor XAI explanations summa-
rize each feature’s influence on the model outcome [86, 108]. However, unlike other removal-based
approaches, it also employs medical knowledge (in the form of medical ontologies) in the expla-
nation extraction process, meaning that the features highlighted to be important were selected
considering their medical meaning. Furthermore, Doctor XAI is also designed to deal with some
typical healthcare data characteristics: sequentiality and multi-label predictions. The following
paragraphs illustrate why these data characteristics are relevant to the healthcare context and
how we formalized them.

Ontology-linked data. Ontologies (also known as knowledge graphs) are structured, machine-
readable representations of the knowledge pertaining to a specific aspect of a domain [56, 125]. An
ontology defines a set of vocabulary terms of the domain of interest, also referred to as concepts,
and encodes all their relevant properties and relationships. Ontologies can be visualized using
graphs, where the nodes are the concepts, and the links are the relationships among the concepts.
When data are ontology-linked, their items can be linked to the concepts represented in an ontology.
The presence of ontology-liked data is widespread in the medical and biological fields. A medical
ontology might capture different aspects of the field of medicine. For example, it might represent
the knowledge of anatomy and physiology, or it could encode medical terminology. Some notables
examples are the Disease Ontology (DO) [112], the Open Biomedical Ontology (OBO) [119],
the Diabetes mellitus Diagnosis Ontology (DDO) [48], the Systematised Nomenclature of
Medicine Clinical Terms (SNOMED-CT) [42], and the Unified Medical Language System
(UMLS) [18]. In our use case, we focus on the International Classification of Diseases (ICD) on-
tology. The ICD is the standard for the reporting and coding of diseases and health conditions [137].
In its Ninth Revision, Clinical Modification (ICD-9-CM), the codes have an alphabetic or numeric
first digit, and the remaining digits are numeric. Their length can vary from a minimum of three
digits to a maximum of five digits. Their structure is the following [28]:

XXX XX
Category (digits 1-3) Etiology (digits 4-5)
Anatomic site
Manifestations
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240-279 o)

270-279

. Visit 1 Visit 2 Visit 3
|
Diseases of Acidosis
Hyposmolality esophagus Esophagitis
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276.1 Hyposmolality and/or hyponatremia
276.2 Acidosis
[ 2764 Mixed acid-base balance disorder

Fig. 1. (1st plot) A representation of a branch of the tree-shaped ICD-9 hierarchical ontology: The root is
a general condition Disease, while its children and grandchildren are increasingly more specific conditions.
(2nd plot). A simple example of the representation a patient clinical history as a sequence of ICD-9 codes.

So, the first three digits identify the category of the diagnosis (e.g., infectious and parasitic dis-
eases, endocrine, nutritional and metabolic diseases, and immunity disorders), while the last two dig-
its identify the etiology or the anatomic site of the diagnosis. The set of hierarchical relationships
between these codes constitutes an ontology containing concepts related by the simple relationship
type “is-a”, e.g., 276.1: Acidosis “is-a” 276: Diseases of fluid electrolyte and acid-based balance “is-a”
270-279: Other Metabolic Diseases And Immunity Disorders “is-a” 240-279: Endocrine, Nutritional And
Metabolic Diseases, And Immunity Disorders “is-a” ROOT: Disease. A branch of the ICD-9 ontology
is represented in Figure 1, first plot.

Sequentiality. Sequential data, i.e., any data that contains instances whose representation im-
plies some sort of order, are quite common in healthcare. For example, patients’ clinical histories
can be represented as sequences of clinical events over time, disease progression can be repre-
sented as sequences of symptoms and conditions, medications histories are inherently sequential,
and finally, physicians’ clinical notes are sequences of words describing the patient encounter. In
our use case, we considered an Al model that processes sequential data tracking patients’ hospital
encounters over many years, i.e., longitudinal data containing patients’ clinical history. In partic-
ular, each hospital encounter (or visit) is associated with a list of ICD-9 codes that encode the
relevant conditions treated during the hospital stay, making it sequential and ontology-linked data.
More formally, if we define the set of ICD-9 codes as C = {cj,cz,...,c|c}, then each patient’s
clinical history is represented by a sequence of visits Vy,. .., Vjs such that each V;, is a sequence
of ICD-9 codes € C. We remark that, while the order of visit is always preserved and factored in
our pipeline, the order of clinical codes within each visit is of no importance. A simple example of
a patient clinical history representation is shown in Figure 1, second plot. The patient visited the
hospital three times. During his first stay, he was diagnosed with hyposmolality (ICD-9 code 276.1)
and acidosis (ICD-9 code 276.2), during the second stay he was diagnosed with a diseases of esoph-
agus (ICD-9 code 530.1) and with a mixed acid-base balance disorder (ICD-9 code 276.4). Finally, in
his third and last visit to the hospital, he was diagnosed again with acidosis and mixed acid-base
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balance disorder and a more specific disease of esophagus, esophagitis (ICD-9 code 530.19). The
final representation of the clinical history as a sequence of ICD-9 codes is as follows:

[[276.1,276.2], [530.1, 276.4], [276.2, 276.4, 530.19]]

Multi-label predictions. Multi-label prediction tasks, i.e., learning to assign a set of non-
mutually exclusive labels to each instance, are often encountered in Al healthcare applications.
For example, when there is the need to simultaneously predict the risk of several chronic dis-
eases [50, 51, 82, 144], when trying to classify unknown genes functional expressions [12, 35],
when building a clinical algorithm to predict the diagnoses and medications order of patient’s fu-
ture visit [31, 109], when trying to learn multiple indicators of early-stage diseases [33] or when
performing clinical text categorization or annotation [13, 41, 142]. In our use case, we considered
an Al model that performs a multi-label next-step prediction, i.e., it predicts all the diagnoses that
will be associated with a patient’s next visit to the hospital.

Even if Doctor XAI deals by-design with sequential, multi-labeled, and ontology-based data,
none of these features is strictly necessary. Indeed, this explainer can be used with datasets dis-
playing any combination of the three aforementioned features by exploiting only the correspond-
ing specific modules. We will show in the technical validation section (Section 4) the performance
of Doctor XAI with and without ontology-linked data and on multilabel and binary classification
tasks. The next section illustrates the components of Doctor XAI and how they form the full ex-
planation pipeline.

3.1 Doctor XAl Explanation Pipeline

Doctor XAl is based on the idea presented in Reference [108] of learning an interpretable classifier
able to mimic the decision boundary of the black box that is relevant to the decision taken for a
particular instance. More formally:

Given an instance x and its black-box outcome b(x) = y, an explanation is extracted for this
individual decision from an inherently interpretable model c trained to mimic the local behavior of b.

An overview of the methodology is presented in Figure 2. The starting point is the data point
whose black-box prediction we are interested in explaining. As the first step, Doctor XAI selects
the data points that are closest to the instance to be explained in the available dataset: These points
are called the real neighbors of the instance. These neighbors can be either selected according to
a standard distance metric, such as the Jaccard one or exploit ontology-based similarities if the
data is ontology-linked. The latter case is described in Section 3.2. In both cases, a set of k real
neighbors is obtained, each of which is represented as a sequence.

Doctor XAI then generates the synthetic neighborhood perturbing the real neighbors to ensure
the locality of the resulting augmented neighborhood. The synthetic neighbors sampling is crucial
to the purpose of auditing black-box models. Ideally, the synthetic instances should be drawn from
the true underlying local distribution. Unfortunately, this distribution is generally unknown, and
how to generate meaningful synthetic patients is still an open question. In the case of ontology-
linked data, Doctor XAI uses the domain knowledge encoded in the ontology to generate meaning-
ful synthetic instances, as explained in Section 3.3. It could be argued that the interpretable model
could be trained directly on the closest real neighbors. However, the rationale behind the gener-
ation of synthetic neighbors is that a dense training set for the interpretable classifier ¢ increases
its performance in mimicking the black box [39]. Unlike other explanation techniques, Doctor
XAI does not perturb directly the features of the instance whose black-box decision we want to
explain. By doing so, it prevents the case of generating a synthetic neighborhood containing only
instances with the same black-box classification—a situation that would make the training of
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Fig. 2. The explanation pipeline in the case of ontology-linked data (blue) and not ontology-linked data (red).

any interpretable model impossible. In other words, Doctor XAI ensures the expressiveness of the
synthetic neighborhood, i.e., the black-box classifications are heterogeneous among the synthetic
neighbors.

For the perturbation steps in the Doctor XAI pipeline, it is possible to follow two alternative
paths, represented by the red and blue arrows in Figure 2 (the two paths share the black arrows).
The red path is for data that are not ontology-linked and it involves a normal perturbation of the
real neighbors, described in Section 3.4. The blue path is for ontology-liked data and it involves the
ontological perturbation of real neighbors, as described in Section 3.3. Both paths involve steps of
temporal encoding/decoding (with the relative algorithms described in Section 3.5), since the black-
box model requires a sequential input, whereas the interpretable one requires a tabular (flat) one.

The red path involves the normal perturbation of the real neighbors: First, they are encoded (flat-
tened) into sparse vectors. Then the normal perturbation is applied to obtain a synthetic neighbor-
hood. To obtain the labels for the synthetic data points, however, Doctor XAI has to decode them
back into sequences so they can be fed into the black-box model for labeling.

Once Doctor XAI generated both the synthetic neighborhood and the corresponding labels, it
can train the interpretable model, and finally, extract symbolic rules. Similarly to Reference [100],
Doctor XAI uses a a multi-label decision tree as the inherently interpretable classifier ¢, however,
in the case of binary predictions the decision tree is a binary one. From such decision tree, Doctor
XAI extracts rule-based explanations in the form p — y where y = c¢(x). Such explanations are
extracted by including in the rule premise p all the split conditions on the path from the root to
the leaf node that is satisfied by the instance x.

The blue path involves the ontological perturbation. In this case, Doctor XAl applies the per-
turbation directly on sequential data, obtains a synthetic neighborhood as a set of sequences, and
feeds them to the black-box model for labeling. However, as it was for the red path, the inter-
pretable model requires a tabular input, so Doctor XAI proceeds to flatten (time-encode) the syn-
thetic neighbors in a set of vectors. At this point, the blue path follows the same final steps as
described above: training of the interpretable model and extraction of symbolic rules.

We remark that, while Doctor XAI follows a general framework for its model-agnostic explana-
tion pipeline, it extends the framework with novel contributions to deal with structured data and
sequential data, respectively. These components can be independently plugged in an explanation
pipeline according to the nature of the data point to be explained.
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3.2 Ontological Distances

In this section, we define a new distance measure that allows Doctor XAI to select the closest real
neighbors of the instance whose decision we want to explain. As already mentioned in Section 3,
each patient’s clinical history is represented as a list of visits, which in turn are represented as lists
of ICD-9 codes. Every instance is therefore a list of lists of ICD-9 codes. We observe that to perform
a multi-hot encoding of all occurring ICD-9 codes is a fairly inefficient representation for visits;
the obvious drawback being the size of the encoding vector corresponding to the size of the ICD-9
dictionary. Furthermore, this positional representation does not encode the semantic distance from
ICD-9 codes: A patient with food poisoning, one with a broken hand, and one with a broken wrist
are equally distant from a purely Hamming-based perspective. To mine the semantically similar
data points, we introduce an ontology-based distance metric.

Code-to-code similarity. Each ICD-9 code represents a medical concept in a hierarchical ontol-
ogy; these concepts are the nodes of the graph-representation of such ontology, and it is therefore
possible to compute distance and similarity scores among any pair of them. Several similarity met-
rics could be selected; in this article, we adopt the Wu-Palmer similarity score (WuP) [138],
because it is one of the most commonly used for ICD-9 ontologies [6, 54, 69].

Given two ICD-9 nodes ¢; and ¢, let L be their lowest common ancestor (LCA) and R be
the root of the ICD-9 ontology; also, let d(x,y) be the number of hops (steps) required to reach
node y from node x following the ontology links. The WuP similarity measure between c¢; and c;
is defined as:

WuP 3 2xd(L,R)

wbene) = e D v den D) + 25 AR
WuP(cy,c2) € [0,1] for any couple of ICD-9 nodes. The lower bound 0 is obtained when d(L, R) = 0,
that is, when the LCA of ¢; and c; is the root node. Conversely, a node has WuP-similarity 1 with
itself. By relying on the underlying ICD-9 ontology, we can therefore use the WuP similarity to
compute pairwise distances between ICD-9 codes. This yields a much more fine-grained analysis
compared to a coarse Hamming similarity.

Visit-to-visit distance. Having defined a code-to-code distance, the following step is to
compute distances at the visit level. Indeed, visits are defined as lists of occurring ICD-9 codes.
We adopted the weighted Levenshtein [80] distance, a string metric for measuring the difference
between two sequences as the minimum number of single-character edits (insertions, deletions, or
substitutions) required to change one sequence into the other. The weighted version of the Leven-
shtein distance allows defining custom insertion/deletion/edit costs. We have set 1 — WuP(cy, cz)
as edit cost for modifying c; into c;, and 1 as insertion/deletion (indel) cost (since WuP(cy, cz) > 0,
1 — WUP(c1,c2) < 1) to favor edits over indels. This gives us a distance metric between pairs
of visits, which is based on the similarity between the ICD-9 codes occurring in each of the two
visits.

Patient-to-patient distance. The third step is to compute a patient-to-patient distance metric
based on how similar the visits of the two patients are. To do so, we adopted the Dynamic Time
Warping (DTW) algorithm [14], again using the pairwise visit distances provided by the weighted
Levenshtein algorithm as edit distance. The sequences of visits are warped non-linearly in the time
dimension to determine a measure of their similarity independent of certain non-linear variations
in the time dimension. This final step provides us with the pairwise distances for all patients (data
points) in the dataset, thus enabling us to select real neighbors with ontologically similar condi-
tions w.r.t. the data point to explain.
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3.3 Ontological Perturbation

As previously mentioned, after selecting the first real neighbors of the instance whose decision we
want to explain, we perturb them to generate synthetic neighbors. There are mainly two ways to
perform an ontology-based perturbation on an instance: by masking or replacing some conditions
(ICD-9 codes) in the patient’s clinical history according to their relationships in the ontology. We
decided to adopt the first type of perturbation to limit the amount of noise injected in the training
set of the interpretable classifier. The idea behind perturbing the patient’s history in this way is
that we want to explore how the black-box label changes if we mask all the semantically similar
items from the sequence. Furthermore, the ontological perturbation of instances takes into account
by-design the relationships among the single features (in this case, the ICD-9 codes) thus creating
more realistic synthetic instances. We decided to randomly mask all the occurrences of the items
with the same least common superconcept. By doing so, we are exploring how a general condition
(a higher concept in the ontology) is affecting the black-box diagnosis. In our case, we are dealing
with patients’ clinical history. Each patient’s clinical history is a sequence of visits, and each visit
is represented by lists of ICD-9 codes. In the ICD-9 ontology, all codes are composed of a prefix
and a suffix, separated by a dot: The prefix defines the general condition, and the suffix provides
increasingly specific information. We show an example of the hierarchical structure of the ICD-9
ontology in Figure 1, first plot. Our implementation of the ontological perturbation is the following:
We first randomly select one ICD-9 code in the clinical history of the patient we want to perturb (a
leaf of the ontology), then we mask all the ICD-9 codes in the patient’s history that share the same
prefix (the least common superconcept). By doing so, we generate synthetic patients that lack a
specific group of semantically similar conditions.
Consider, for example, the following patient:

P = [[276.1,276.2], [276.4, 530.1], [507, 530], [276.2, 530.19]].

One example of ontological perturbation is the following: We randomly select ICD-9 code 276.4,
which is mixed acid-base balance disorder. Starting from this code, we create the synthetic patient

P* = [[], [530.1], [507, 530], [530.19]]

by masking all the ICD-9 codes related to ICD-9 276, i.e., disorders of fluid electrolyte and acid-base
balance (the least-common superconcept). A graphical representation is shown in Figure 3. Note
that, without ontological information, we have 7 different codes and therefore 27 potential pertur-
bations, most of which do not really isolate different conditions. Conversely, using the ontology,
we group the occurring ICD-9 codes in three categories {276%, 507%, 530"}: As a consequence, we
have 8 potential maskings, each of which isolates a subset of different conditions.

3.4 Normal Perturbation

As an alternative to the ontological perturbation of the first real neighbors of the instance under
study, we performed a normal perturbation on such features. This perturbation applies to a broader
number of cases, since it does not require an ontology to be performed. Given the flattened version
of the real neighbors, the normal perturbation creates the new synthetic instances feature-by-
feature drawing from a normal distribution with mean and standard deviation of the empirical
distribution of that feature in the real neighbors. This perturbation implies the strong assumption
that every feature is independent of the others. While such an assumption is not realistic, many
popular XAI methodologies (such as LIME [108] on tabular data) use this assumption in their
perturbation phase.
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Fig. 3. (1st plot) The node corresponding to the randomly selected ICD-9 code (276.4) of the patient is high-
lighted in red in the ICD-9 ontology graph representation. (2nd plot). The ontological superconcept of the
selected ICD-9 is selected and highlighted (276). (3rd plot) All ICD-9 codes all having as parent the identified
superconcept are selected and removed from the patient (codes 276.1, 276.2, and 276.4).
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3.5 Temporal Encoding and Decoding

As introduced above, the standard data type for longitudinal healthcare data is to represent a pa-
tient as a list of visits, and in turn each visit as a list of occurring conditions (in our case, ICD-9
codes). There is no inherently interpretable model able to deal with the multi-label classification of
such type of input; therefore, we need to perform an input transformation that both retains its se-
quential information and allows to feed it into an interpretable model—a decision tree in our case.
We introduce a pair of encoding-decoding algorithms so we can flatten the temporal dimension
when feeding our synthetic neighborhood to the interpretable model. The binary encoder imple-
ments a time-based exponential decay rooted at the last item of the sequence. Intuitively, each
code ¢; in visit V; will be given a score of +.5 if V; is the last visit, +.25 if V; is the second-to-last
visit, and so on. More formally, when encoding a patlent P=[V.,Vn] each code ¢ € P will be
encoded as follows:

n
EN(c,P) = 2(1/2"_”r1 if c € V; else 0).

i=1
The encoding is 0 for all items that never occur in that sequence, and it tends to 1 for a growing
number of elements in the sequence in which that item occurs. The encoded (flattened) represen-
tation of a patient is therefore a sparse vector of real numbers, and as such it can be fed to multiple
interpretable models.

Conversely, we define the decoding from a sparse vector of real numbers to a sequence of visits

as:

[ ifX=0o0rl=0
DE(X,t,1) = { append(DE(X — t,t/2,1 - 1),[1]) ifX >t
append(DE(X,t/2,1 - 1),[0]) otherwise,

where X is the value to be decoded, ¢ is initially set at .5, and [ controls the maximum length of the
generated sequence (we use the average length of the real neighbors). The result of the decoding is
alist of 0s and 1s that indicates the presence/absence of a certain code. We show a simple example
of temporal encoding in Figure 4. In this example, the patient visited the hospital three times. Each
visit contains a set of ICD-9 codes (for the sake of simplicity here represented as letters). As a first
step, a weight is associated to each visit. Then the weight of each ICD-9 code is computed by adding
the weights of the visits where it occurred. We also show a simple example of temporal decoding of
a flat synthetic patient in Figure 5. In this example, we transform the value of the first ICD-9 code
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n=1 n=2 n=23 3—n+1
Patient = [[A,B,C],[A,D],[A,B,E]] — nth visit weight = <§>
Visits_weights = [ %, X, X ]

Flat_patient = [ [swies], awil, [a] , [, [4] )
A c E

B

Fig. 4. Example of temporal encoding for a patient.

Flat_syn_patient = [ (888, 0.36, 0.29, 0.10, 0.019 ]

A B € D E
0.295, 0.5, 3 0 (n=1)
0.295, 0.25, 2 1] (n=2)
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DE(0.045, 0.0625, (

Fig. 5. Example of temporal decoding for a patient.

(represented by letter A) into its occurrence in the sequence. In this example, we set the maximum
length of the generated sequence to [ = 3. It is important to remark that the decoding algorithm,
when presented with perturbed data, might potentially produce arbitrarily long sequences, where
progressively small residuals are mapped to the occurrence of the decoded ICD-9 code in progres-
sively further away visits. The /-guard was introduced to prevent this from happening so flattened
synthetic patients match the number of visits of the flattened real neighbors.

4 TECHNICAL VALIDATION OF THE EXPLAINER

We now illustrate the technical validation of the proposed explainer, Doctor XAl. Similarly to
many other explainers, Doctor XAl is based on the assumption that an interpretable classifier can
mimic the local decision boundary of the black-box model, therefore the metrics used to evaluate
its performance must investigate whether this is true. In particular, we chose three metrics to
perform such technical evaluation': fidelity, hit, and explanation complexity:

e Fidelity to the black box € [0, 1]. This metric compares the predictions made by the inter-
pretable model with the predictions made by the black box on a synthetic neighborhood of
the instance. It measures the ability of the interpretable classifier to locally mimic the black
box, and therefore it is tested on a held-out subset of the synthetic neighborhood. In the
case of multi-label classification, the fidelity is calculated using the F; measure with micro-
averaging [143], while in the binary case the fidelity is calculated using the accuracy score.
Hit € [0, 1]. This metric compares the interpretable classifier prediction y. and the black-box
prediction y; on the instance to be explained. It tells us if the interpretable classifier predicts
the same label as the black box on the instance we want to explain. In the case of multi-label
classification, the hit is calculated in the following way: 1 — Hamming-distance(yp, y.),
whereas in the binary case it is calculated as 1 — (yp — y.).

IThe system’s response time while making an explanation, among other metrics, might play an important role in its
usability and therefore is relevant to this article. However, it was not considered in our current investigation, as explanations
for the user study were not computed in real-time. Future research will consider this and other metrics.
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Table 1. MMIC-1V: Data from Patients with at
Least Two Hospital Admissions

number of patients 43,697
number of admissions 164,411
avg. no. of admissions per patient 3.76
max no. of admissions per patient 146
number of unique ICD-9 codes 8,259
avg. no. of codes per admission 11.22

e Explanation complexity. This metric measures the complexity of the explanation as the
number of premises in the rule-based explanation. This measure is important, since we do
not want to approximate the black box with a model that loses its interpretability because
of the high-dimensionality of the explanations it produces [43, 84].

We chose to compare the performance of Doctor XAI according to these metrics for different
purposes:

o First, we wanted to validate that increasing the local density through the generation of syn-
thetic neighbors increases the fidelity and hit of the local interpretable model.

o Second, we wanted to validate that, in the case of ontology-linked data, exploiting the ontol-
ogy in the explanation process (in the selection of first neighbors and the synthetic neigh-
borhood generation) increases the fidelity and hit of the local interpretable model.

e Finally, we wanted to optimize the tradeoff between explanation complexity and fidelity.
Indeed, a more complex rule allows a more precise characterization of the decision boundary
of the black box. At the same time, a complex rule is less interpretable than a shorter one. We
then investigated the ideal number k of real neighbors to consider to optimize both fidelity
and explanation complexity.

We performed these experiments both in the case of a multi-label and binary prediction task.

4.1 Experimental Setup

This section illustrates the experimental setup used to perform the technical validation of the
explainer.

Dataset: MIMIC-IV.. The MIMIC (Medical Information Mart for Intensive Care) [55, 71]
database is a single-center, publicly accessible database that contains de-identified clinical data
from patients admitted to the Beth Israel Deaconess Medical Center’s ICU (intensive care unit).
MIMIC-IV [70], the most recent version, comprises data on 383,220 patients who were admitted
to hospitals between 2008 and 2019, totaling 524,520 admissions. Each admission’s demographics,
clinical measures, diagnoses, and procedures codes are stored in the database. The MIMIC database
is often used by the Machine Learning research community to train benchmark Al models on freely
accessible data to ensure the reproducibility of results [107]. We selected a subset of patients having
at least two ICD-9-coded hospital admissions, limiting the number of patients to 43,697 and the
number of hospital admissions to 164,411 (see Table 1).

Black box: Doctor AL. Doctor Al [31] is a Recurrent Neural Network (RNN) with Gated
Recurrent Units (GRU) that predicts the patient’s next visit time, diagnoses, and medications
order. We focus here only on the diagnosis prediction task of the model, leaving aside the prediction
of medication order and time duration until the next visit. In this simplified setting, the black
box does not use any information on the time difference between two visits. The multi-hot input
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vector representing the diagnoses at each timestep of patient clinical history is first projected in a
lower-dimensional space and then received as input by a stack of RNN layers implemented using
GRUs. Finally, a Softmax layer is used to predict the diagnosis codes of the next timestamp. The
predictive performance of Doctor Al is evaluated using recall@n with n = 10, 20, 30 achieving 0.79
recall@30 on the private dataset used in the original paper. We pre-processed the MIMIC-IV dataset
for Doctor Al following the pre-processing script available in Doctor AI GitHub repository.? We
then split the dataset in training (29,714 patients, 65%), validation (5,244 patients, 12%), and test
set (8,739 patients, 20%), and we trained Doctor Al for 40 epochs using default hyperparameters.
Doctor Al can either be trained to forecast a patient’s future clinical event in terms ICD codes or
CCS (Clinical Classifications Software) categories.> CCS categories are used to group ICD-9
codes into a smaller number of clinically relevant groups (e.g., CCS 100 acute myocardial infarction
groups all the ICD-9 codes related to that condition). We trained Doctor Al to predict which set of
CCS categories will be associated with future visit at time ¢ + 1 given the patient’s ICD-9 clinical
history up to visit t. By doing so, we reduced the dimensionality of the label space from 8,259
ICD-9 codes to 273 CCS codes. The resulting performace of Doctor Al on the test set are in line
with those of the original paper: recall@10 = 0.48, recall@20 = 0.62, and recall@30 = 0.70.

Explanation evaluation. We evaluated the explanations for a random subset of 1,000 patients
of the test test suffering from common heart conditions (CCS categories ranging from 96 to 118%).
This random sampling was necessary for computational reasons. For each of these patients, we
evaluated the fidelity and hit of the local model to the black box under several conditions.

e Exploiting the ontology or not We compared the explanation pipeline that exploits the
knowledge encoded into the ICD-9 ontology to create the synthetic neighborhood (blue path
in Figure 2) to the pipeline that does not use this semantic information (red path in Figure 2).
While the ontological explanation pipeline selects the first k real neighbors using the on-
tological distance described in Section 3.2 and then generates the synthetic neighborhood
by perturbing them using the ontological perturbations described in Section 3.3, the other
pipeline selects the k real neighbors using the Jaccard similarity then perturbs them by us-
ing normal perturbations 3.4.

e Real or synthetic neighborhood For each patient, we trained two decision trees. One was
trained directly on the k real neighbors of that patient from the dataset, while the other one
was trained on a fraction of the augmented synthetic neighborhood. We then compare the
performance of these decision trees on an out-of-sample set of synthetic neighbors.

e Binary or multi-label We carried out experiments in the case of a multi-label and binary
explanation task. For the binary explanation task, we selected all the patients predicted by
the black box as having an acute mycordial infarction (CCS 100, 33 patients) and pulmonary
heart disease (CCS 103, 122 patients).

The code to run our experiments as well as our results are available on GitHub.®

4.2 Results

Multi-label classification task. We first evaluated the explainer fidelity to the black box for
the multi-label classification task. The results are shown in Figure 6, where we show the fidelity
sample distributions at different values of k for the decision trees trained directly on the first k

Zhttps://github.com/mp2893/doctorai.
Shttps://www.hcup-us.ahrq.gov/toolssoftware/ccs/ccs.jsp.
4https://www.hcup-us.ahrq.gov/toolssoftware/ccs/CCSUsersGuide.pdf.
Shttps://github.com/CeciPani/DrXAL
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Fig. 6. Fidelity distribution at k = 10, 20, 30 for the explanation of the multi-label classification task. Each
color represents a different condition.

neighbors selected with the Jaccard (blue boxplot) and ontological (greed boxplot) distance, and
the decision trees trained on synthetic neighbors generated with the normal (yellow boxplot) and
ontological perturbation (red boxplot). The first observation is that the decision trees trained di-
rectly on the k real neighbors (blue and green boxplots) generally have a lower fidelity to the
black box compared to the ones trained on the augmented synthetic neighborhood (orange and
red boxplots). This trend is true for all values of k and for both the explanation pipeline that use the
ontology and that which does not. The fidelity values of each decision tree have been evaluated on
an held-out test set of synthetic neighbors. This trend confirms that increasing the local density
of points in the feature space around the instance to be explained helps the interpretable model to
understand the black-box behavior.

The second observation is that the fidelity of the decision tree trained using the ontological
information (red boxplot) is generally higher compared to all the other explanation pipelines.
This observed tendency confirms that exploiting the ontological information during the synthetic
neighborhood creation allows the decision tree to better approximate the local black-box decision
boundary. Finally, we can see that the fidelity to the black box decreases in all conditions when the
number of first k neighbors is increased. This trend can be observed in the mean fidelity values
reported in Table 2 (left side), and it is also confirmed by the results of the Tukey’s HSD test for
multiple comparisons, shown in the right side of Table 2. These tests found that the mean value of
fidelity was significantly different between k = 10 and k = 30 and between k = 10 and k = 20 for
all types of neighborhoods, while there was no statistically significant difference between k = 20
and k = 30 for the real and synthetic neighborhood created without the ontological information.
These results, together with the fact that fidelity is higher for lower values of k, indicate that the
local multi-label decision tree struggles to approximate the decision boundary of the black box
when we include in its training set patients that are distant from the patient under analysis, i.e.,
when trying to approximate a decision boundary that is not local anymore. The mean values of the
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Table 2. Multi-label Classification Task

fidelity | 95% C.L
Neighborhood k  avgtstd | k groups mean diff. p-adj lower upper
Real w/out Onto 10 0.73 £ 0.05 | 10 and 20 —-0.016 0.001(***) —=0.022 —0.010
20 0.71 +£0.04 | 10 and 30 —-0.020 0.001(***) —0.026 —0.014
30 0.71 £0.04 | 20 and 30 —0.004 0.352 —0.001 0.003
Synth. w/out Onto 10  0.80 £ 0.03 | 10 and 20 —0.008 0.001(***) —0.012 —0.004
20 0.79 +£0.03 | 10 and 30 —-0.011 0.001(***) —0.015 —0.007
30 0.77 £ 0.02 | 20 and 30 —0.003 0.322 —0.007  0.002
Real w. Onto 10 0.83+£0.03 | 10 and 20 —-0.010 0.001(***) —0.013 —0.006
20 0.82+0.02 | 10 and 30 -0.019 0.001(***) —0.022 —0.015
30 0.81+0.02 | 20 and 30 —0.009 0.001(***) —0.013 —0.006
Synth. w. Onto 10 0.90 £ 0.03 | 10 and 20 —-0.023 0.001(***) —0.027 —0.020
20 0.88 +0.02 | 10 and 30 —0.041 0.001(***) —0.044 —0.037
30 0.86 +0.03 | 20 and 30 —-0.017 0.001(***) -0.021 —0.013

(Left side of the table) Mean and standard deviation of the fidelity for each neighborhood at different values of k. In
bold the highest performance for every value of k. (Right side of the table) Results from the Tukey’s HSD test for
multiple comparisons between the means at different values of k for each neighborhood.

hit metric at k = 10, 20, 30 for the multi-label classification task with and without the ontological
information are all hit = 1, indicating that each condition allows the explainer to correctly classify
the patient under analysis. Finally, given the high values of fidelity of the explanation pipeline that
exploits the ontological information (red boxplot of Figure 6), a one-way ANOVA was performed
to compare the effect of k on rule complexity for this explanation pipeline. This test revealed that
there was not a statistically significant difference in rule complexity between at least two groups
(F = 2.028, p = 0.131).

Binary classification task. For the binary explanation task, we selected all the patients pre-
dicted by the black box as having an acute mycordial infarction (CCS 100, 33 patients) and pul-
monary heart disease (CCS 103, 121 patients). Given the higher values of fidelity for k = 10 of
the multi-label classification task, we set k = 10 for all the experiments of the binary classification
task, increasing it only in the case in which all the first k real neighbors had the same classification.
Similarly to the multi-label classification task, we show in Figure 7 the fidelity distribution under
different conditions: for the decision trees trained directly on the first k neighbors selected with the
Jaccard (blue boxplot) and ontological (greed boxplot) distance and the decision trees trained on
synthetic neighbors generated with the normal (yellow boxplot) and ontological perturbation (red
boxplot). We can observe the same trends observed for the multi-label classification task, confirm-
ing that in both cases, increasing the neighborhood density through perturbation and exploiting
the ontology in the explanation process increase the explainer fidelity to the black box.

5 DOCTOR XAI EXPLANATIONS

In this section, we present the explanation provided by Doctor XAl. As described in Section 3,
Doctor XAl extracts a rule-based explanation from the (binary or multi-label) decision tree trained
on the synthetic neighborhood. This rule is the decision path taken for the patient of interest on
the decision tree. More formally, the explanation of the black box prediction b(x) = y for the
patient x is a decision-rule p — y whose premise p is the conjunction of all the split conditions
on the path from the root to the leaf node that is satisfied by the instance x on the decision tree.
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Fig. 7. Fidelity distribution for the explanation of the binary classification task. Each color represents a
different condition. (1st plot) results for the CCS code 100, acute myocardial infarction. (2nd plot) results for
the CCS code 103, pulmonary heart disease.

These split conditions are inequalities that follow the pattern:
ICD-9 code = observed _value = threshold _value.

Consider the following as an example of an explanation for the binary outcome CCS-100: acute
myocardial infarction of one particular patient of interest:

p ={ICD-9_V45.82 = 0.75 > 0.3125,
ICD-9_414.01 = 0.75 > 0.375,
ICD-9_357.2 = 0 < 0.34375} — y = {CCS-100}. (1)

As you can see, both the observed_values (0.75, 0.75, and 0) and the threshold_values (0.3125,
0.375, and 0.34375) range between 0 and 1 and follow the temporal encoding representation as de-
scribed in Section 3.5. Such representation assigns each code an exponentially decaying relevance
(or signal) according to the visits they appear in: A signal of 0.5 is assigned to the codes appearing
in the last visit, 0.25 to the second-to-last, and so on. With this logic, an inequality stating that
ICD-9_code = observed_value < 0.25 can be easily interpreted as that ICD-9 code was not diag-
nosed in the last two visits. However, such a raw rule-based explanation is hardly interpretable, we
therefore need to process it to make it more human-understandable. The next sections present the
translation in natural language (Section 5.1) and the final user interface (Section 5.2).

5.1 Natural Language Explanations

The first step towards a comprehensible output is performed by the rewriting of Doctor XAI's
inequality-based explanations into natural language sentences. The algorithm for natural language
rewriting encompasses the steps of threshold adjustment, redundancy resolution, and string map-
ping. The first step, threshold adjustment, is necessary, as the threshold_values are produced by the
split conditions of the decision tree, and they might not be easily interpretable. If the produced
inequality is of the less-than kind, e.g.,

ICD-9_code = observed_value < threshold_value,
then we rewrite it as

ICD-9 _code = observed_value < threshold_value,
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where
threshold_value = min({x | x € {0, .25,.5,.75,1.} A x > threshold_value}).

Essentially, we weaken the inequality with the closest threshold that can be easily interpretable.
Similarly, if the produced inequality is of the greater-than kind, e.g.,

ICD-9 code = observed_value > threshold_value,
then we rewrite it as
ICD-9_code = observed_value > threshold value,
where
threshold_value = max({x | x €{0,.25,.5,.75,1.} A x < threshold_value}).

This step allows us to reduce the thresholds to a fixed sets, so we can then encode them in natural
language. Since some decision trees can produce paths with multiple split conditions over the same
attribute, we can have multiple inequalities over the same code, e.g.,

(ICD-9_code = observed_value < t;) A (ICD-9_code = observed_value < t;),

and therefore a redundancy resolution step is required. In this case, we simply keep the strongest
inequality, as the closest to the observed_value and therefore the most descriptive. So, for the less-
than kind of inequality, we keep the minimum t; threshold, and for the greater-than, we keep the
maximum. Finally, we map our inequalities to natural language in the following way:

observed_value < .25 : was not diagnosed in the last two visits
observed_value < .5 : was not diagnosed in the last visit

observed_value < .75 : was not consistently diagnosed in the last visits
observed_value < 1. : was not consistently diagnosed for enough visits
observed_value >= 0 : was diagnosed at least once

observed_value >= .25 : was diagnosed at least once in the last two visits
observed_value >= .5 : was diagnosed in the last visit

observed_value >= .75 : was consistently diagnosed in the last visits.

As an example, the whole process allows to transform the inequality-based premise of explana-
tion (1) into the following natural language explanation:

Percutaneous transluminal coronary angioplasty status (V45.82) was diagnosed at least
once in the last two visits, AND Coronary atherosclerosis of native coronary artery
(414.01) was diagnosed at least once in the last two visits, AND Polyneuropathy in
diabetes (357.2) was not diagnosed in the last visit THEREFORE Acute Myocardial
Infarction (100).

5.2 Explanation User Interface

This section describes the first prototype of the user interface created for Doctor XAl explanations.
This interface lets the user explore the Al model behavior through a dynamic visualization of
the explanation. As described in Section 4.1, the Al model is a clinical DSS that predicts all the
conditions (ICD-9) that will be diagnosed in the following visit of the patient. The explainer is able
to provide for both multi-label prediction tasks and for binary tasks. In this context, the multi-label
prediction task involves predicting all the future diagnoses of a patient. The explanation interface
allows the user to choose between the explanation of the multi-label or binary outcome. The ability
to single out one condition and obtain an explanation for it is especially important when such a
condition is particularly concerning, for example, if the model predicts that the patient will have an
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Fig. 8. Doctor XAl interface for binary prediction tasks.

acute myocardial infarction. We show a static visualization of the explanation for a binary outcome
(acute myocardial infarction) in Figure 8.

The explanation is represented as a chart where each condition (ICD-9) diagnosed in a visit
is represented with a visual mark: a circle. All diagnoses are mapped on the vertical axis. The
sequence of visits is mapped on the horizontal axis. Each circle allows the user to easily identify
when each diagnosis was diagnosed (i.e., to which columns it belongs) and if it was encountered
multiple times (i.e., multiple circles on the same row). To improve the identification of recurrent
diagnoses, the conditions are sorted by their frequency, i.e., how many visits they appeared in. In
this example, the patient was diagnosed with 9 conditions in his first visit and 10 conditions in the
second.

Doctor XAI assigns a color to the grey dots representing the conditions according to their rel-
evance for the black box prediction: Dots corresponding to conditions deemed irrelevant are left
grey, while dots deemed relevant are colored blue. Finally, Doctor XAI shows as yellow dots con-
ditions that are missing from the patient’s clinical history that would have changed algorithmic
suggestion. The color scheme of the dots is colorblind-safe. The explanation expressed in natural
language (see Section 5.1) is shown after the algorithmic suggestion (predictions of next diagnoses),
which is shown on the right side of the clinical history. The interactive interface allows the user
to explore the textual explanation linked with the visualization, highlighting the occurrences of
diagnosed in each visit when hovering with the mouse over the textual description of the expla-
nation. An example of this is shown in Figure 8, where the mouse cursor is on one sentence of
the explanation (in bold), and the associated dots are highlighted by black circles. Without loss in
generality, the visualization can accommodate the case of multi-prediction task, reporting the list
of all predicted symptoms for the next event.

6 HUMAN VALIDATION OF THE EXPLAINER

This section presents the first human validation step of the iterative design process. In particular, in
this first step of human validation, we limit our study to the binary classification task. We carried
out an online user study to understand the impact of the explanations provided by the prototype
explainer presented in Section 3 on healthcare providers. The aim of this first user study is to
explore the relationship between trust and Al explanations and provide insights to inform next
steps of the iterative design process. In particular, we focused on the following research questions:

e RQ1: How do Al explanations impact users’ trust in algorithmic recommendations in
healthcare?
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e RQ2: How do Al explanations impact users’ behavioral intention of using the system in the
healthcare context?

Testing the following hypotheses:

e Hp1: Participants implicitly trust more the algorithmic suggestion when presented with the
explanation.

e Hp2: Participants feel more confident when they use the system that provides an
explanation.

e Hp3: Participants have a higher behavioral intention to use the system that provides an
explanation.

e Hp4: Participants explicitly express a higher trust in the system that provides an
explanation.

6.1 Methods

6.1.1  Participants. We ran an online experiment on the Prolific platform (www.prolific.co). We
prescreened participants to be healthcare providers (doctors, nurses, paramedics, and emergency
services providers), fluent in English, and high acceptance rate. All participants provided written
informed consent, and studies were approved by local Research Ethics Committees. Each partici-
pant was asked to perform a task (detailed below) and answer a set of questionnaires and received
a compensation of 6.20f£ for it.

6.1.2  Estimation Task. To evaluate whether the explanation of the algorithmic recommendation
influenced participants’ behavioral intention and trust in the clinical DSS, we used an estimation
task. During the estimation task, the participant is asked to make an estimate before and after
being presented with the algorithmic recommendation. In this case, the task was to estimate the
chances of a patient suffering from an acute myocardial infarction (acute MI) in the near future.
Participants were first presented with the patient’s clinical history and asked to make an initial
estimate based on their knowledge and experience. Then they were shown the algorithmic sug-
gestion, and they were asked to make a second and final estimate. This task allowed participants
to decide how much they want to rely on the algorithmic suggestion, weighing it compared to
their first estimate. Our paradigm adapts to the Judge-Advisor System (JAS) [120, 121]. In a JAS
there are two distinct roles in the decision-making process: the judge and the advisor. While the
advisor provides to the judge suggestions and advice, the judge is the only one responsible for the
final decision. In our use case the clinical DSS is the advisor and the clinician is the judge, solely
responsible to provide appropriate care for the patient.

6.1.3  Experimental Design. The experimental design followed a two-cell (only Al suggestion
vs. Al suggestion and explanation) within-subjects design. Each participant was asked to perform
the estimation task twice: once using the interface providing only the AI suggestion (blue path
of Figure 9) and once using the interface providing the suggestion and the explanation (yellow
path of Figure 9). To prevent the learning effect, each participant used the two interfaces on two
different yet analogous patients. To prevent order effect, participants were randomly assigned to
different experimental groups to control the order of presentation of the different types of algo-
rithmic suggestions (with or without explanation).

6.1.4 Collected Data.

Implicit trust and confidence. In the context of decision-making, trust is positively associated
with advice-taking [53, 121]. Our main dependent variable is therefore the Weight of Advice
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Fig. 9. Flowchart of the estimation task for the two interfaces: only suggestion (blue path) and suggestion
and explanation (yellow path).

(WOA) [60], defined as follows:

WOA = \F=1

A=

where F and I are, respectively, the final and initial participant’s estimates, while A is the algorith-
mic suggestion. Participants were asked to estimate the patient’s chances of developing an acute
MI in the near future on a scale from 0 to 100% and their confidence in the estimate on a sliding
scale. To avoid adding further degrees of freedom to the experiment, we selected only patients
correctly predicted by the algorithm as having an acute MI in the near future, therefore, A = 100
in all cases. Participants were also asked to indicate their confidence level after each estimate.

Explicit trust. In addition to the WOA, we measured the explicit trust in the system by directly
asking participants’ perception on the system reliability, predictability, and efficiency (5-point Lik-
ert scale, from 1 = “strongly disagree” to 5 = “strongly agree”) [3, 25, 64].

Behavioral intention and correlated constructs. To measure and compare the Behavioral
Intention (BI) of using the two interfaces, we adapted the UTAUT and the TAM questionnaires
from References [132, 133]. In particular, we collected the following constructs (5-point Likert scale,
from 1 = “strongly disagree” to 5 = “strongly agree”):

e Performance Expectancy: the degree to which an individual believes that using the system
will help him or her to attain gains in job performance [133].

o Effort Expectancy: the degree of ease associated with the use of the system [133].

o Attitude towards Using Technology: an individual’s overall affective reaction to using a
system [133].

e Social Influence: the degree to which an individual perceives it is important others believe
he or she should use the new system [133].

e Facilitating Conditions: the degree to which an individual believes that an organizational
and technical infrastructure exists to support the use of the system [133].

e Image: the degree to which use of an innovation is perceived to enhance one’s image or
status in one’s social system [132].

e Job relevance: The degree to which an individual believes that the target system is applica-
ble to his or her job [132].

e Output Quality: The degree to which an individual believes that the system performs his
or her job tasks well [132].
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e Result Demonstrability: The degree to which an individual believes that the results of
using a system are tangible, observable, and communicable [132].

Explanation satisfaction. We measured the perceived explanation quality using the explana-
tion satisfaction scale (5-point Likert scale, from 1 = “strongly disagree” to 5 = “strongly agree”)
proposed in Reference [64] and collected qualitative feedback using open-ended question on par-
ticipants’ experience using the two Al interfaces.

Confounding factors. We controlled for confounding factors such as participants’ familiarity
and involvement in the task [44], demographic information such as gender, age, and the type of
medical profession. We also controlled for participants’ Need For Cognition (NFC)—an aspect
related to the individual tendency to enjoy effortful cognitive tasks (5-point Likert scale, from
1 = “strongly disagree” to 5 = “strongly agree”) [24, 90].

6.2 Results

6.2.1 Quantitative Analysis. A total of 45 healthcare providers participated in the online exper-
iment. The analysis discarded three participants: One did not pass the attention check question,
while three gave 100 as their initial estimate, which yielded undefined values for the WOA (A = I).
Eventually, 41 participants were retained for the study: 11 doctors, 26 nurses, 1 health care assis-
tant, 1 dietetic assistant practitioner, 1 ambulance call dispatcher, and 1 paramedic. The mean age
was 39 years old (SD = 12), ranging from 24 to 65 years old; 31 were women and 10 men. The male
sample had a mean age of 32 years old (SD = 8), and the female sample had mean 42 years old
(SD = 12). We performed all the analyses in Python.

Weight of Advice and Confidence. In Figure 10(a), we show the result of the comparison
between the WOA for the two Al interfaces: Dr.AI (only suggestion) and Dr.XAI (suggestion
and explanation). The WOA was higher for the Dr.XAI interface (Mdn = 0.33) than the Dr.AI
interface (Mdn = 0.12). A paired-samples two-sided Wilcoxon signed-rank test indicated that this
difference was statistically significant (T = 103.5, p = 0.003). This confirmed our first hypothesis
showing that participants were more influenced by the Al interface showing an explanation for
its recommendation. Since advice-taking is positively correlated with trust, we can interpret this
result saying that, on average, participants implicitly trusted more the Al interface that provides
explanations. In Figure 10(b), we compared participants’ confidence shift for the two interfaces.
The confidence shift was measured as the difference of the reported participant’s confidence
in the estimate before and after receiving the Al advice. A paired-samples two-sided Wilcoxon
signed-rank test did not find any statically significant difference between the two interfaces
T = 313.5, p = 0.566. This means that the explanation did not significantly increase or decrease
participants’ confidence in their second estimate compared with a system that provides only the
suggestion.

Behavioral Intention and Explicit Trust. In Figure 10(c), we compared the behavioral
intention of use for the two Al interfaces. A paired-samples two-sided Wilcoxon signed-rank test
did not find any statically significant difference between the two interfaces T = 99, p = 0.231.
This did not allow us to confirm our second hypothesis that the behavioral intention of use of the
Al interface Dr.XAI (suggestion and explanation) was higher than the Dr.AI (only suggestion) one.
However, our results also indicated a significant positive Spearman correlation between the behav-
ioral intention of use of the Dr.XAlI interface and the perceived explanation quality rs(27) = 0.60,
p < .001. Similarly, we did not find a significant difference in explicit trust between the two inter-
faces (Figure 10(d), paired-samples two-sided Wilcoxon signed-rank test, T = 303.0, p = 0.461), but
we found a strong positive Spearman correlation between explicit trust and perceived explanation
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Fig. 10. Boxplot comparing the WOA (a), the confidence shift after the advice (b), the behavioral intention
of use (c), and the explicit trust in the two systems (d).

quality (rs(27) = 0.72, p < .001). This could indicate that this particular type of explanation does
not suit healthcare providers well. Indeed, like those of most state-of-the-art XAI methods, such
an explanation was developed and designed with debugging purposes in mind rather than to fit
the specific needs of the final user. Therefore, healthcare providers perceive this explanation as
unsatisfactory and do not increase their behavioral intention of use or trust in the system when
presented with it. As regards further results regarding the questionnaires, see the Appendix.

6.3 Insights from Open-Ended Survey Responses

Understanding users’ preferences for one interface over the other is of pivotal importance to an-
alyze their impressions. We asked the participants to give us answers about: (1) their general im-
pression of each interface, (2) what they liked the most about the interface they had just used,
(3) what they dislike the most about the interface they just used, and (4) How would they change
the explanation user interface. Almost all users preferred the Al interface that provided the expla-
nation for its outcome. When asked what they liked about it, many mentioned they liked the fact
that more information was provided compared to the interface without an explanation:

“[L like that it provides] some detail of what it considers important in the calculation of
risk.”

“[1 like] that it gave an explanation of sorts
“A lot more information is available.”

However, when asked what they disliked more about the explanation interface, many partic-
ipants mentioned it contained too much information and not necessarily the information they
wanted:

“Slight information overload and made the decision making much slower than usual.”

“Using the Al interface with the explanation built in was something I anticipated making
the decision easier, but in fact this was not the case. All the information presented too
much on the screen and took a lot of time to interpret and synthesise. Decision-making
became more of a lengthy and arduous process.

“In theory I like having more info but I appear not to have grasped it.”

When asked how would they improve the explanation, many mentioned that they found the
ICD-9 codes confusing and that they would have preferred a more textual explanation:

“The ICD codes are confusing.”

[T would like] “less use of icd codes”
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“Give an explanation in human language why the program thinks an MI is likely and
HOW likely in %.”

“Make it more textual. It is not an explanation, it just highlights the higher risk codes in
the patients’ record.”

“Would like to see an explanation like, ‘This patient is X% likely to undergo an acute MI
within Y time. Suggest steps A, B, and C.”

Many also suggested simplifying the interface:
“List only those codes that are pertinent to a cardiovascular diagnosis”
“Make it simple.”
“Simplify.”
“[T would like] a clearer and more precise explanation.”
While others felt they did not have all the relevant clinical information they needed:

“I'would include the length of time between visits to allow a clinician to more accurately
interpret the results.”

“[I would improve it by] Using investigation outcomes, symptoms, patient data such as
age/weight/family history to give a more holistic outcome.”

Finally, many wanted information on the reliability of the suggestion:
“[I don’t like] the uncertainty around accuracy.”
“We don’t know how reliable it is yet as we haven’t got any success rate information.”
“It could be wrong, and could lead to mistakes or things being missed.”

Overall, participants did not encounter many difficulties (Dr.Al = 85 %; Dr.XAI = 68%). One of
the common issues was understanding how to interact with the explanation. Indeed, most par-
ticipants did not appreciate the simple suggestion provided by the Dr.Al interface without any
other information (54% of the participants asked for an explanation, while 46% did not express any
opinion).

6.3.1 Algorithm Aversion and Fear of Being Replaced. Eventually, one of the most surprising
findings we came across is related to the participants’ perceived threat of being replaced by the Al
system. In both conditions, comments like the ones reported below were common:

“Can be useful but does not replace human judgement” F, 59, Nurse. (Dr.XAI condition).

“Tt could be taken as fact that the Al is correct, which disregards the human factor and
individuality” F, 3, Nurse. (Dr.Al condition)

“It was really good but human health isn’t always black and white. You can’t put Al in
human nature. Yes it may use stats probabilities etc. but there’s always that one patient
that goes against the rules. I'd use it to as a tool to bear in mind but I wouldn’t rely on it.
[...] It takes away the thinking this the prestige of all the effort and study you’ve put in!”
F, 39, Nurse (Dr.XAI condition).

“Probability outcomes are useful in diagnosis but so is our human ability to reason and
to understand that humanity, free will and determination to overcome surprises us con-
stantly which is something no Al can understand nor predict.” (Dr.XAI condition)
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Fig. 11. New explanation user interface.

While this might be associated with the phenomenon of algorithm aversion [40] or the human
discount of algorithmic advice [85], the prevailing sentiment emerging from such open-ended ques-
tions was the fear of being replaced by Al This fear of being replaced is often an underestimated
aspect in computer science research, however, the understanding of the sociocultural environment
in which the user operates has a paramount relevance in the acceptance of such Al systems [46].

7 REDESIGN OF THE EXPLANATION USER INTERFACE

This section presents the redesign of the explanation user interface based on users’ feedback re-
ceived from the open questions of the human validation step. The new interface is designed as
follows: The doctor is initially shown a home screen where (s)he can visualize all the patients un-
der his/her care (Figure 11(a)). Each patient is represented by a card containing their name and
their risk of having an acute myocardial infarction (MI). Patients classified by the Al system as
having a high risk are highlighted to catch the doctor’s attention (in yellow in the interface).

If the doctor wants to have more information on one particular patient, then (s)he can click
on the “Discover more” button and visualize the basic demographics of the patient (Figure 11(b)).
At this step (s)he can also ask to have an explanation for the Al system prediction by clicking
on the “Get the explanation” button. The explanation is first presented in natural language, i.e.,
using a sentence that uses the names of the relevant diseases and that mentions when they were
diagnosed, without displaying the ICD codes, e.g., 413.9, (Figure 11(c)). However, if the doctor
wants, then (s)he can visualize the diagnoses considered relevant for the Al system prediction as
a temporal sequence of events (the colored dots of the initial interface, Figure 11(d)) by clicking
on the “Show symptoms” button. Finally, the doctor can decide to visualize the full clinical history
of the patient and explore each clinical event with the mouse-over (the complete initial interface
having both colored and gay dots, Figure 11(e)). Only at this point, the ICD-9 codes are shown to the
doctor when s(he) drags the mouse over the dots representing the diagnosis. This new interactive
explanation user interface can be explored on the website https://kdd.isti.cnr.it/DrXAl-viz/.

The key feature of this new interface is the progressive disclosure of information [34, 92, 123].
The initial interface provided all the relevant information to the user at once. This resulted in an
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overwhelming amount of information and a cluttered interface. Thanks to the progressive disclo-
sure of information, the interface guides doctors to explore the relevant factors in the Al decision
to a degree they feel comfortable with. The explanation is provided only when asked, and the
first type of explanation provided is the one in natural language. However, some participants high-
lighted the need to have more information on the patient. Therefore, we left the option of visualiz-
ing the full clinical history of the patient as the last step of the explanation. The initial interface was
prototyped using a technocentric approach to Al explanations. Since the Al algorithm processed
ICD codes to predict future conditions, the explanation was provided in terms of ICD codes. Using
a human-centered approach to XAI we decided to leave the ICD codes to the last step of the expla-
nation, visualizing them only if the user explicitly hovers the mouse over the corresponding dots.

7.1 Heuristic Evaluation

We conducted an assessment of the two explanation interfaces through a heuristic evaluation [98],
a usability testing method where a group of evaluators judges an interface using a set of usabil-
ity guidelines. The primary goal was to compare the designs of the old and new interfaces. Ten
members of our team participated in the heuristic evaluation. Participants were asked to assess the
two interfaces according to Nielsen’s 10 usability heuristics: visibility of the system status; match
between system and the real world; user control and freedom; consistency and standards; error pre-
vention; recognition rather than recall; flexibility; aesthetic and minimalist design; help for users to
recognize and recover from errors; and help and documentation. Both interfaces are at an early stage
of prototyping, hence not all the 10 Nielsen’s heuristics were evaluated. In particular, the follow-
ing heuristics were not considered: (1) error prevention, (2) help users recognize and recover from
errors, and (3) help and documentation. The reason behind this choice is due to the limited func-
tionality of the interface that does not permit errors and lacks a documentation. We asked the
evaluators to check the different patients in both interfaces to get insights into their comprehen-
sion of them. During the evaluation of the new interface, we received both positive and negative
comments that we discuss below.

The new explanation interface implemented following users’ feedback from the open-ended
questions has been evaluated more positively compared to the old one for the following heuristics:

e Visibility of the system status. All pages have been labeled clearly with the headers. One
evaluator required a more visible button to go back to the upper part of the page.

e Match between the system and the real world. All the icons were clear. One evaluator found
the terminology too technical but this can be expected, since the evaluators did not have a
medical background.

e User control and freedom. Since the functionality of the system is limited, the freedom and
the control of the users are limited, too.

e Consistency and standards. This heuristic has not been violated. The second interface has
been evaluated as clearer and more organized in the information disclosure.

e Recognition rather than recall. The second interface has been evaluated as easier to use
because of the progressive disclosure of the patients’ information. This is expected, since
progressive disclosure can reduce mental workload.

e Aesthetics and minimalist design. This heuristic was evaluated positively for both the inter-
faces, because the aesthetics has not changed.

During the assessment, the negative aspects were related to:

e Flexibility. As reported before in the visibility heuristic, one evaluator found it difficult to
see the button to go back to the upper part of the screen. The button can be difficult to use
for inexperienced users.
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The heuristics listed below, although not considered in the analysis because of the limited func-
tionality of the current interface, were still mentioned by the evaluators as important points to
focus on for future improvements of the interface.

e Help and documentation. The documentation is still lacking, since the Al application is in
its prototype stage, furthermore, we relied on conventions to design the visual interface.

e Error prevention. We did not consider this heuristics, because the interface offers a limited
set of actions and does not allow the users to make errors.

o Help the users recognize and recover from errors. As described above, the interface we tested
does not allow for mistakes hence this heuristic has not been considered.

In conclusion, the heuristic evaluation showed that the second interface is considered more
usable compared to the first one, even if a few pointers were raised to improve the flexibility of
the system and the visibility of some elements of the interface.

8 CONCLUSIONS

Co-designing human-centered Al explanations involves working with end-users to create explana-
tions that enable them “to achieve goals effectively, efficiently, and with satisfaction, taking account
of the context of use” [65]. This article showcases this process presenting a cycle of prototyping,
testing, and redesigning of an XAI method and its user interface for clinical Decision Support
Systems (DSSs). The technical development of the XAI method, which is designed to handle tech-
nical features commonly found in healthcare settings, such as sequential and ontology-linked data
and multi-label tasks, is described in Section 3. The technical requirements of the system are then
evaluated in Section 4, and the creation of a first user interface for its explanations is illustrated in
Section 5. Trust is a crucial factor in the acceptance and use of clinical DSS, and Al explanations can
play a central role in building trust by allowing healthcare providers to inspect the factors that led
the Al system to make a particular recommendation. However, Al explanations can also increase
over-reliance on the system [47, 136]. To investigate the relationship between Al explanations and
trust in the system, as well as participants’ perceptions of the interface, we conducted a user study
in which we gathered feedback and observations from healthcare providers in Section 6. This feed-
back was then used to co-design a more human-centered explanation interface in Section 7. Finally,
we performed a heuristic evaluation to compare the usability of the two interfaces in Section 7.1.
The user study found that participants were more likely to follow the Al system’s advice when it
explained its suggestion, as reflected in the greater shift in participants’ estimates measured by the
Weight Of Advice (WOA) (Figure 10(a)). This suggests that explanations may help to increase
trust in the Al system. However, the study only considered correct suggestions from the Al sys-
tem. Hence, it is unclear whether explanations would have the same effect on trust when the Al
system gives incorrect suggestions. In other words, more research is needed to understand if Al
explanations can effectively help in the trust calibration process. It is worth noting that partici-
pants showed an increase in implicit trust in the system when presented with an Al explanation
despite experiencing information overload and frustration with the initial explanation interface
(Section 6.3), raising concerns about the potential for automation bias. The user study also in-
vestigated confidence after receiving advice and explicit trust in the system but did not find any
significant difference between the two Al interfaces (with and without explanations) (Figure 10(b)).
The study also found no significant difference in behavioral intention (BI) (Figure 10(c)). One
possible explanation for this might lie in the high correlation we measured between Bl and explana-
tion quality (Section 6.2.1), indicating that the proposed explanations were probably ill-suited for
a healthcare audience. It is also important to note that the WOA was the only implicit measure in
the study and was the only measure that showed a statistically significant difference between the
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two interfaces (Figure 10). All other measures, including confidence and BI, were explicit measures
that captured intentional behaviors, which may suggest that participants were unaware of the in-
fluence of the explanations on their estimates. The results of the heuristic evaluation showed that
the new explanation interface, which was redesigned based on feedback received in open-ended
questions, was more usable compared to the first interface (Section 7.1). However, a more detailed
assessment involving healthcare professionals may be needed to determine the impact of the new
interface on trust and decision performance. These findings have implications for the design of ex-
planation interfaces, highlighting the importance of considering user feedback and the potential
benefits of testing interfaces with target users. Participants also expressed a need to understand
the uncertainty associated with the Al system’s advice (Section 6.3). However, this feedback was
not implemented in the new Al explanation interface because it was a limitation of the underlying
Al system and XAl technique, rather than the interface itself. In an ideal scenario, all clinical DSS
should clearly communicate the uncertainty around their recommendations. Unfortunately, the Al
system used in our proof of concept did not provide this information. Furthermore, it is important
to distinguish between explaining Al outcomes and explaining the uncertainty associated with
them. This insight highlights the importance of an iterative design process, as it can uncover new
technical requirements that can be addressed in future iterations.

APPENDIX

Further findings. In Table 3, we show a comparison between the UTAUT variables in the
two interfaces together with their medians and the related paired sample Wilcoxon signed-rank
test statistics and its p-value. Following Bonferroni’s correction method, a more stringent alpha
(a =.005) was set for these particular tests. Given the small sample size, we leave to future works
the creation of two models investigating which factors impact the most the behavioral intention.
Furthermore, no statistically significant correlation between the confounding variables, the WOA,
and the behavioral intention was found with Spearman correlation tests. The only relevant neg-
ative correlation was found between the WOA of the Dr.Al interface (only suggestion) and the
single-item measure of familiarity with the task (rs(40) = —0.51, p-value < 0.001). This means that
the algorithmic suggestion had a stronger influence on participants less familiar with estimating
the chances of an acute MI. Finally, a k-sample Anderson-Darling test showed a slight difference
in the WOA for the Dr.Al interface between the different types of healthcare providers (A = 1.986
with significance level = 0.047). However, given the small sample for each category, we leave such
an analysis for further works.

Table 3. Comparison of UTAUT Variables for the Two Interfaces

UTAUT variable median Dr.AI median Dr.XAI Wilcoxon statistic p-value
Performance Expectancy 3.2 3.2 184.5 0.913
Effort Expectancy 3.8 3.5 219.0 0.070
Social Influence 3.2 3.5 131.0 0.097
Facilitating Conditions 3.5 3.5 143.0 0.595
Attitude toward technology use 3.0 3.0 204.5 0.170
Image 2.0 2.0 78.5 0.504
Relevance 3.3 3.0 112.5 0.648
Output quality 3.0 3.0 137.5 0.134
Result Demonstrability 3.8 3.8 306.5 0.675
Behavioral intention 3.3 3.0 99.0 0.230

Median, paired sample Wilcoxon signed-rank test statistics, and p-value.
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