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Abstract
Machine-learning (ML) applications hold great promise in clinical practice, but user adoption remains challenging.
Insights from human-computer interaction (HCI) show that many applications face critical user interface issues,
notably the absence of contextual patient information alongside ML predictions. Our research attempts to bridge
this gap by focusing on the design of an explainable interface for a sepsis prediction model in the neonatal
intensive care unit of the Wilhelmina Children’s Hospital. The interface presents contextual patient information
in a centralized view, supporting healthcare providers in decision-making by facilitating the interpretation and
validation of model predictions. First, user needs were identified and translated into requirements. Next, a
solution was created through an iterative design processes. Finally, the effectiveness of the design was evaluated
through a task-based think-aloud study where healthcare providers interacted with and provided feedback on
the interface. The results demonstrate that for the sepsis algorithm to be an effective decision support, relevant
contextual information is required by clinicians to interpret and validate ML predictions. The study highlights
the importance of interaction design in creating valuable ML applications and contributes to designing trustful
and purposeful interfaces for ML-based systems in clinical practice.
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1. Introduction

Diagnosing and treating medical conditions within the intensive care unit (ICU) poses an intricate
challenge, complicating the delivery of appropriate care. Caregivers have to analyse and piece together
large amounts of information amidst cognitively demanding and time-sensitive situations. Despite
the substantial capacity and expertise of healthcare providers, critical information occasionally evades
notice due to the constraints of human memory, cognitive biases and inefficient communication [1].
These limitations can results in major consequences, potentially subjecting patients to enduring harm
or even fatality. Furthermore, the healthcare sector is grappling with a growing staff shortage, leading
to a diminished workforce available to oversee patients. Consequently, there’s a heightened likelihood
of failing to detect deterioration in a patients’ condition. The combination of machine learning (ML)
and the vast amounts of data stored in the electronic health record (EHR) presents a potential solution
for these challenges [2]. ML excels in discerning trends and patterns in large amounts of data such as
vital signs, laboratory findings, and various clinical parameters that could potentially signal early stages
of patient deterioration. By continuously monitoring these parameters, care providers can promptly
receive notifications about potential risks, allowing timely start of treatments.

Despite the enormous enthusiasm surrounding the integration of ML into the healthcare domain,
many applications are not adopted due to issues such as inadequate interpretability or usability of
ML models [3, 4]. In healthcare decisions have a major impact on patients’ well-being and when a
healthcare provider is unable to grasp the process that led to a prediction, then it becomes difficult
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to determine the predictions its reliability. This issue becomes even more prominent in instances of
errors in the prediction or unforeseen outcomes. The majority of research aimed at enhancing the
interpretability of ML models, known as explainable AI (XAI), focuses on technical challenges [5].
Nonetheless, the effectiveness of an explainable model is heavily determined by the end user, the
intended goal, and the context of use [6]. This underscores the necessity of user-centric XAI research,
especially as an increasing number of machine learning models are being implemented in clinical
practice. Human-computer interaction (HCI) researchers have developed frameworks and guidelines to
design explainable ML models. Nonetheless, two-thirds of XAI interfaces in healthcare have critical
problems [4]. One contributing factor is the absence of contextual patient information alongside
ML predictions [6, 7]. Healthcare providers underscore the importance of contextual information to
comprehend and trust predictions. For instance, one study found that historical events are needed as
evidence to determine whether a prediction is reliable [8]. In a similar vein, nurses who received sepsis
alerts felt uncomfortable making decisions because sufficient patient information was lacking [9], and
electrophysiologists in some cases relied on contacting patients for more information to interpret risk
predictions [10]. Despite a large body of research highlighting the importance of contextual information
in XAI interfaces, limited research has been done on what type of contextual information is required.

In this study we aim to scope the contextual information required in the use case of a neonatal
late-onset sepsis (LOS) prediction. LOS is defined as sepsis presenting ≥ 72h after birth and is a major
cause of morbidity and mortality. In the most vulnerable preterm patients, the prevalence can be as
high as 50% with mortality rates upto 35%. In addition, LOS survivors have an elevated risks of severe
neurodevelopmental impairment [11]. While timely treatment is of utmost importance, LOS presents
itself with nonspecific symptoms such as instabilities in heart- and respiratory rate, oxygen saturation
and temperature. To facilitate early diagnosis researchers at the neonatal intensive-care unit (NICU) of
the Wilhelmina Children’s Hospital (WKZ) developed an early-warning system that aims to predict
LOS before initial clinician suspicion, allowing healthcare providers to start treatment earlier [12].
Similar algorithms have been introduced by other groups [13, 14]. The algorithm by van den Berg et al.
[12] was run in shadow-mode, meaning that a realtime implementation of the model was technically
realized, but care providers were not exposed to the predictions by the algorithm. The predictions
of the model can have a major positive or negative impact, as they can affect a clinician’s decision
to start or delay treatment, i.e. administering antibiotics. Because of this, healthcare providers need
sufficient information about both the model and the patient to interpret and validate predictions. This is
especially important because the algorithm is imperfect, with a precision and recall of about 5% and 60%,
respectively. For example, if the model predicts an increased risk of LOS based on an elevated heart rate
and the infant has just been administered medication then that may be reason to reject the alarm. This is
consistent with studies that found that healthcare providers need contextual patient information, such
as vital parameters, laboratory results and patient history to interpret risk scores [6, 9, 15]. Moreover,
as the condition of LOS patients can deteriorate rapidly, it is crucial that predictions can be easily
interpreted and decisions can be made quickly by a variety of healthcare providers. However, patient
information is scattered across various sources, requiring healthcare providers to search for information
in many different places and to do a lot of clicking [16, 17]. On the contrary, research suggests that
information synthesis, for instance through synchronized interactive timelines, aids interpretation
[16, 18]. In the context of a prediction model for necrotizing entercolitis Gephart et al. [17] found that
healthcare providers require a centralized location for contextual information to interpret predictions.

This paper investigates how contextual patient information should be incorporated into an XAI
interface for the late-onset sepsis prediction model from Berg et al. [12] with the research questions:

RQ1 What specific contextual information do healthcare professionals require to interpret LOS predic-
tions?

RQ2 How can contextual information be best presented in an XAI interface to facilitate the interpreta-
tion of LOS predictions?

RQ3 What is the impact of a dashboard with contextual information on trust, reliance and decision-
making for healthcare professionals?



2. Materials and Methods

The nine-stage design methodology from Sedlmair et al. [19] was used to develop an XAI interface
for the LOS model of van den Berg et al. [12]. It consists of three top-level phases: precondition, core
and analysis, subdivided further into stages. Although the framework is presented as a sequence, it
does not mean each previous stage must be entirely finished before the next begins. Many phases
overlap, and the process involves significant iteration. As each step is carried out, new information
might emerge, refining previous stages. A brief overview of the stages is provided below, for further
details see Sedlmair et al. [19]. The core four stages are: discover, design, implement, and deploy.

2.1. Precondition

Before the core phase, the preconditions need to be concluded. The initial stages of learn, winnow,
and cast revolve around getting the visualization researcher (N. Helmantel) ready for the task and
identifying and selecting collaborative partnerships with domain experts. The learn stage provides
knowledge of the visualization literature, including visual coding and interaction techniques, design
guidelines and evaluation methods. This knowledge provides an important foundation for later stages.
For instance, it helps with data and task abstraction in the discovery phase and offers the researcher
the ability to distinguish between good and bad ideas in the design phase. Next, the winnow phase
focuses on selecting promising collaborations. This involves meeting with a large number of potential
partners and gradually selecting a few based on careful consideration. Selection criteria can be practical,
intellectual as well as interpersonal, e.g. the time available between two parties. Finally, during the cast
stage collaborator roles are identified. The two most important roles are the front-line analyst, i.e. the
domain expert end user of the product, and the gatekeeper who can approve or reject the project.

2.2. Discover

In the discovery phase, the problem will be characterized by talking to and observing different domain
experts so that the domain-specific insights can be abstracted. This process is iterative: the researcher
asks questions to the domain expert, the researcher abstracts and asks for feedback on the abstraction.
A good abstraction ensures that the results from this design study can be used in other domains, and
provides an understandable description of the domain for a visualization audience. This stage is used to
gather requirements on the design. These requirements were classified into four priority categories.
Must-haves are critical requirements. Should haves are important, but not necessary for the prototype to
be validated. Could haves are desirable, but not necessary. These can be included depending on available
time and resources. Won’t haves are least important and will not be included. An observational study
and user interviews were performed to identify and prioritise requirements.

Observational Study Half a day was dedicated to observing care providers on the NICU ward.
Insights were gathered pertaining to decision-making, collaboration, and information exchange. This
included, following a neonatologist during their morning routine, which comprised patient visits and
offering guidance to fellow care providers. Nurses were observed while delivering care, providing an
opportunity to pose questions for clarification of their actions. And the neonatologist demonstrated
the utilization of the EHR (MetaVision) for patient administration. Finally, the researcher participated
in the multi-disciplinary patient rounds where decisions were made regarding the treatment of chal-
lenging cases. Throughout the observation, detailed notes were taken and later expanded upon for
comprehensive documentation.

User Interviews Semi-structured interviews were conducted to identify user needs. Interviews were
conducted independently and lasted approximately 30 minutes. They began with a brief introduction
of the study purpose. It was made clear to the participant that the interview would be recorded, the
information would be kept confidential and the interview could be stopped at any time without having



to provide a valid reason. Participants were then asked to sign a consent form (Appendix A). The
interview delved into the intricacies of sepsis diagnosis, the methods employed for information analysis,
and the perspectives of healthcare providers concerning the introduction of a sepsis prediction algorithm
to their ward. The interview outline can be found in Appendix B. A second round of interviews was
conducted to identify the exchange of information between caregivers. The outline of the interview
can be found in the Appendix C.

2.3. Design

In the design phase, the data abstractions, visual encodings and interaction mechanism will be generated
and validated. Building on the requirements identified in the discover phase and the XAI and visualisation
literature, multiple solutions were generated. A common pitfall is to choose a solution too early. This
can be avoided by generating a wide selection of solutions. Solutions can be incrementally refined using
design principles and guidelines. The proposed solutions should be presented to domain experts for
discussion, such as in the form of paper mock-ups, data sketches or low-fidelity prototypes. The goal
of the design cycle is to satisfy rather than optimize: while there is usually no best solution, there are
many adequate solutions.

Low-Fidelity Prototypes Low-fidelity prototypes are simple, rough and often quick designs of a
product or interface. The focus is on the concept and not the detailed graphics. This ensures that
concepts can be tested quickly to validate hypotheses and gain valuable insights. A low-fidelity prototype
can be created in a variety of ways. This study used Figma1, a web application for designing clickable
interfaces. This allows users to use the interface in a real-world manner, resulting in practical insights.
The low-fidelity prototypes were designed based on Munzner [20] and XAI literature [6, 21].

Domain experts were asked to examine the low-fidelity prototypes, aiming to confirm the alignment
of the designs with their requirements. Participants participated in the interviews either in person in a
private room or, if in-person attendance was not feasible, the session was held online via Microsoft
Teams. For these sessions, the low-fidelity designs were made available on paper (in-person session)
or via Figma (online). The answers to the interview questions were recorded on a mobile device. The
interviews lasted a total of 30 minutes per participant. The interview started with a general introduction
to the topic, explaining the purpose of the study and the expectations of the interview. Participants were
informed on the formalities and were asked whether they agree to an audio recording before signing
the informed consent form. Next, participants evaluated the interfaces on whether the information
displayed was sufficient for interpreting predictions, and whether the presentation of the information
was both understandable and user-friendly. They were asked which visualizations they found most
understandable and useful (i.e., visual encoding and interaction mechanisms) for estimating the risk
of sepsis. Finally, participants were asked to compose a dashboard to their liking. They could use
printed versions of the components or draw a lay-out by using pen and paper. During the interview,
participants were encouraged to use pen and paper to draw, for example, alternative visualisations.
The session ended with the researcher summarising the main insights, which participants could then
confirm. The full interview outline can be found in Appendix D.

In addition to the domain experts, usability experts were asked to share one positive and one negative
comment for each of the component.

Finally, all information was analyzed. The audio recordings were analysed, findings noted and
afterwards the audio recording was deleted. Duplicate findings were extracted and the remaining
findings were sorted from most important to least important for the task at hand. Feedback not relevant
to the dashboard was removed from the list and saved for future work. Based on the feedback, a selection
was made of the visualizations that participants found most understandable and useful, which were
used for the high-fidelity prototype.

1https://www.figma.com/



2.4. Implement

Once a design solution had been identified in the preceding phase, a high-fidelity prototype was created.
A high-fidelity prototype is an advanced, detailed and interactive model of a product or system that
accurately mimics the look, feel and functionality of the final product. This type of prototype is often
developed using technologies and tools similar to those used to develop the final product, providing a
realistic user experience. Using data from the design stage, a high-fidelity web application prototype
was developed using JavaScript, HTML, and CSS. The interactive charts were developed using D3.js2.
Subsequently, this prototype was tested with the envisioned end users. The evaluation assessed three
primary variables: usability and comprehension, trust and reliability, and decision-making.

The System Usability Scale (SUS), a standardized questionnaire used to gauge the usability of an
interface, was used to measure user satisfaction, as detailed in Appendix E [22, 23]. A higher SUS score
correlates with enhanced usage and greater user satisfaction.

The high-fidelity prototype was further evaluated by conducting a task-based think-aloud study,
a widely recognized method in usability research [24]. The qualitative nature of this study aims to
measure the impact of the designed dashboard on trust and reliance, usability and decision-making.
Participants were asked to articulate their thoughts aloud while performing tasks, providing important
insights into their decision-making processes. Four distinct tasks emulated real-world scenarios. For
privacy reasons, no identifiable patient data was used in this study. Instead, anonymized data (e.g. vital
parameter timeseries, lab-tests, etc.) were used to create the four scenarios. Two situations included a
sepsis alarm, with one being a true- and the other a false positive. In the other two situations there
was no sepsis alarm, with one being a false negatives. Whether the (non) alarm was correct or not was
deliberately hidden from the participant. Moreover, to control for any learning effects the sequence of
tasks were shuffled between users according to the Latin-square method. The task specifications were:

Task 1: true positive An alarm was raised at 13:00 for a patient at high risk of sepsis. Are you
concerned and how high do you estimate the risk?
Rationale task: the goal of this task is to find out what information they use for decision making
and what strategies they use to come to a conclusion.

Task 2: false positive An alarm was raised at 17:00 for a patient at high risk of sepsis. Are you
concerned and how high do you estimate the risk?
Rationale task: incorrect predictions can result in unnecessary interventions and treatments. The
objective of this task is to determine if healthcare providers can identify false positives and to
understand how they come to this conclusion.

Task 3: true negative No alarm was generated for the following patient. Are you concerned and
how do you estimate the risk?
Rationale task: the goal of this task is to find out what information they use for decision making
and what strategies they use to come to a conclusion.

Task 4: false negative No alarm was generated for the following patient. Are you concerned
and how do you estimate the risk?
Rationale task: false negative predictions can lead to missed diagnosis or delayed treatments. This
situation is unlikely to occur because healthcare providers will consult the dashboard when an
alarm has been generated. However, it is still useful to know if care providers are able to detect
false negative predictions based on the information in the dashboard and, importanty, how they
arrive at this conclusion.

2https://d3js.org



Semi-structured interview sessions were held in-person in a private room, so that the evaluation could
talke place without interruption. Interviews were recorded using a cell phone and screen recordings
were captured using pre-installed software. The session started with an introduction of the researcher,
an explanation of the research goal and what is expected from the participant during the session. Then
participants were asked to introduce themselves, and asked for their age, sex, domain-expertise, and
years of experience. Users were then asked whether they agreed to an audio and screen recording
during the session while performing the tasks. It was also made clear that they could stop at any time
and need not give a valid reason for doing so. Participants signed an informed consent form. After
the introduction, the researcher provided background information about the sepsis prediction model,
including why the model was developed in the first place and what variables were used to make a
prediction. Furthermore, the researcher explained all components of the high-fidelity prototype and
participants could ask any questions during the explanation. Then, participants were asked to take place
behind a computer with the high-fidelity XAI interface already open. Before they started with the first
task, participants were asked to think-aloud while doing the tasks and mention: what information they
were looking at, what they were doing, what they liked and did not like. Furthermore, it was explained
that there were no right or wrong answers and that no score was kept in the background. It was made
clear to participants that they could always ask questions while performing the tasks, for example if
they did not understand something on the dashboard. Then, participants were asked to start with the
first task. After they were satisfied with their answer, the researcher asked how they estimated the risk
and what actions they would perform based on that conclusion. To find out to what degree participants
trusted model predictions, they were asked whether they agreed with the prediction and how confident
they were in their decision. Participants were then asked what components on the dashboard were most
valuable for estimating the sepsis risk to assess the effect of contextual information on trust and reliance.
Here, contextual information is broken down into components such as patient information, vital signs,
and feature contributions. After completion of all four tasks, participants were asked to complete
the SUS questionnaire to evaluate the user-friendliness of the dashboard, whether there is sufficient
information on the dashboard, and if they would have visualised it in a different way. Participants were
thanked for their time and the recordings were stopped. The full interview outline is in Appendix F.

Audio-recordings were transcribed using Amberscript and analysed with NVivo (Lumivero) to code
text and extract themes. The impact of contextual information on trust and reliability, and decision-
making was examined after analysis of the transcriptions and screen recordings.

2.5. Deployment and Analysis Phase

In the final core phase, we put the tool to real-world use and gather feedback. As the sepsis tool is not
yet applied in clinical practice this step was not performed. After the core phase, the analysis phase
concludes the project. The analysis phase consists out of a reflection stage that can be used to confirm,
refine, extend, or even propose new design guidelines and communicate them to the community.

3. Results

3.1. Winnow & Cast

The following roles were involved in this study. Note that a single person can have multiple roles.
Researchers The researchers involved in this project are the authors of this paper. They consist of

experts in human-computer interaction (NH and HH), a neonatologist (DV) from the NICU of the WKZ,
and a data scientist (RB). DV and RB were involved in the development of the algorithm (Berg et al.
2023) [12]. NH is responsible for designing and conducting the interviews.

Domain Experts The domain experts involved in this project are the following healthcare providers:
neonatologists, NICU nurses, NICU physician assistants and Neonatal Fellows.

Usability Experts Master students from the Human-Computer Interaction program at Utrecht
University were tasked with providing interface feedback in the design phase of the study.



3.2. Discover

Seven participants, two neonatologists (P1, P2), a Neonatal Fellow (P3), infectiologist (P4), and three
nurses (P5, P6, P7) participated in the initial interviews. One participant was interviewed twice. In
addition, requirements were gathered from XAI literature (L) [6, 7, 15, 25]. The interviews with care
providers and related work yielded four themes: explanation, patient information, model feedback and
collaboration, and alarm notification. The resulting requirements are detailed in Appendix G.

Care providers indicated reluctance to make decisions based on a prediction alone. They would like
to know what the prediction is based on (req. 1.1) so that they can cross-validate it with available
data about the patient. Additionally, they wanted to know the trend of the prediction (req. 1.2, 1.3).
A high-risk patient coming from a very low risk prediction may be more alarming than a patient
maintaining a moderately high risk score. There was disagreement about showing reliability metrics.
Some care providers expressed a desire to know the likelihood behind a score and wanted information
on sensitivity and specificity, whereas others found these metrics too challenging to understand. Since
the majority of care providers did not want to see this on the dashboard, it was not included.

Contextual information was deemed key to facilitate informed decision making by care providers.
It is needed to interpret and compare model risk scores with their own insights. In addition, they
emphasized that it can enhance their confidence in model predictions. While the EHR contains a lot
of contextual information, not all of it is relevant for interpreting sepsis risk scores. Care providers
expressed a desire to have all relevant information consolidated in one central location, enabling them
to act quickly and efficiently. Providers mentioned that it takes a significant amount of time to find to
all relevant contextual information as it is scattered across multiple sources and hidden in long reports,
resulting in instances where crucial details are overlooked and it takes longer to attend the patient.
Centralizing all information relevant to interpreting sepsis risk scores would enable providers to act
efficiently without spending time searching for scattered information across multiple sources.

During the interviews, care providers explained the diagnostic process of sepsis and all the relevant
parameters. Together with a neonatologist, this extensive list of parameters was condensed to the most
relevant ones. Interventions like antibiotic administration and respiratory support was assumed to be
of importance for interpreting the risk scores. For example, respiratory support might affect oxygen
saturation, a predictor used by the model, and thus could influence the risk score (req. 2.1). Additionally,
it provides insights into the child’s stability; if oxygen saturation is highly unstable without respiratory
support, it could be a cause for significant concern. Furthermore, clinical symptoms play a role in
evaluating the patient’s condition and assessing the severity of the situation. The child’s color and
mobility are particularly important: if the child appears still, fatigued, and/or has a pale complexion, it
is highly concerning (req. 2.2). Furthermore, laboratory results like white blood cell count and CRP
values serve as indicators for infections in the body (req. 2.3). Vital functions provide indicators of the
vital organs performance, with heart rate and oxygen saturation being the most critical ones (req. 2.4).
These are also the input features for the prediction model. Healthcare providers expressed a desire to
know the patient’s weight and age (req. 2.6). Knowing that the child is extremely premature, treatment
may be initiated earlier and a moderate risk scores could be more alarming.

The literature shows that providing feedback on a prediction has a positive effect on usability (req.
3.1). In addition, model developers can use this information to further refine the model. Healthcare
providers wanted to know what actions were performed when an alarm was validated (req. 3.2).

Finally, care providers wanted alarms to be forced on them so non would be missed (req. 4.1).

3.3. Design Phase

A range of low-fidelity prototypes were created based on the identified requirements. The following
presentation components were identified to meet the requirements: vital sign charts, feature importance
chart, risk analysis, risk score, table with patient information, NICU unit overview section, and a
feedback form. First, for each of the requirements, the data types were determined, including the
attribute type (e.g., categorical, quantitative), ordering direction (e.g., sequential, diverging) and range.



Subsequently, based on XAI and visualisation literature [20], a set of relevant design solutions was
created. Examples are provided in Appendix H.

The low-fidelity prototypes were evaluated by a total of nine subjects: six domain experts, one
data scientist, and two usability experts. The domain experts consisted out of one Neonatal Fellow,
one neonatologist, two nurses and two physician assistants. All care providers possessed expertise
in diagnosing and treating neonatal sepsis. They exhibited diversity in terms of age and practical
experience. The usability experts were second-year HCI M.Sc. students, providing both practical and
academic insights. The main findings from the interview are discussed below.

Dashboard Composition Domain and usability experts agreed on the layout of the dashboard
(Figure 1). They wanted all patients from a unit on the left side of the screen and more information about
that specific patient on the right side of the screen. Domain experts thought the feature importance
chart should not have a permanent location on the dashboard as the information can be easily deferred
from the vital signs charts. Care providers thought the vital signs chart was more important than the
risk analysis chart and should therefore be placed higher.

Figure 1: Dashboard layout composed by the participants. Participants preferred a patient overview on the left.
Predictions and vital signs are shown at the bottom (middle) and model explanations at the top. General patient
characteristics and history are placed in bottom right.

Vital Signs Care providers showed a preference for a line chart featuring multiple attributes in a
single plot. They wanted to compare attributes within one consolidated view. They suggested removing
specific attributes to prevent unnecessary clutter. This included the various variances and the saturation
minimum as these attributes are implicit in the vital signs data. Care providers also expressed a desire
for enhanced visual cues, proposing that bradycardias, tachycardias, and saturation drops be highlighted
in red for quick anomaly identification.

Patient Information The contextual overview of a patient includes measurements relevant to
the assessment of a sepsis case (Figure H2). It was requested to incorporate the time elapsed since a
measurements was taken. Participants highlighted the importance of temporal context, noting that
outdated measures might no longer be relevant.

Abnormal values were highlighted in red, this caused a misconception among care providers who
mistakenly believed that values highlighted in red contributed directly to the prediction: “This is very
convenient. I can easily see that the score is 75 because of the skin color of the child and the heart frequency
variance.”. However, skin color was not one features used by the prediction model. This highlights the



significance of clear visual cues in aiding their interpretation of predictive elements.
Feature Importance Chart Care providers expressed varied opinions regarding the comprehensibil-

ity and utility of the feature importance chart. Doctors found these charts helpful, as they aided in un-
derstanding the features utilized by the prediction model and provided insights into the decision-making
process. Despite acknowledging its usefulness, doctors suggested that the feature value contribution
chart should not have a permanent location on the interface. They also felt that presenting raw feature
and effect values, or a reference point, added unnecessary complexity, particularly as the raw values for
calculated features like variance were not essential to the diagnosis of sepsis by the doctor. Simplifying
the chart to display only the magnitude and direction of the feature was deemed more straightforward.

Both domain experts and usability specialists recommended that the feature value contribution chart
be displayed when the user interacts with a specific prediction, either by clicking or hovering over it
in the prediction trend chart. Care providers, including doctors, favored this approach as it allowed
them to observe how feature value contributions evolved over time. In terms of preferred presentation,
nurses leaned towards textual explanations, while doctors (including Neonatal Fellows and physician
assistants) showed a preference for visual representations, particularly the tornado plot format (see
e.g. Figure H3b). However, nurses, in general, expressed a preference for not having the feature value
contribution chart at all, as their focus was on patient care rather than delving into the inner workings
of the model. They believed model explanations functioning was more important for doctors.

Risk Scores Both domain and usability experts expressed a preference for displaying risk as categories
(e.g. low, medium, high) rather than through numerical values. Healthcare providers incorrectly
interpreted the model score as the likelihood of sepsis. However, the model scores are not calibrated
and therefore cannot be interpreted as such. Calibration is challenging as the model was trained on
a cross-sectional dataset but it is applied as a continuous monitoring system with hourly predictions.
Moreover, displaying the exact probability of sepsis to healthcare providers may not be desirable, as the
precision is low resulting in low true probabilities even for high-risk alarms. Such low probabilities
might not be taken seriously. To make the results more accessible, an approach categorizing outcomes
into understandable levels, such as low, medium, and high-risk areas, can be an effective solution [10].
This approach facilitates interpretation, especially for non-technical users, and provides better context
for decision-making.

Healthcare providers wanted to know the necessary actions based on the risk level: ”Should I alert a
doctor for a medium-risk or high-risk alarm?”. Nurses specifically expressed the need for clear instructions
regarding actions to be taken for each risk score category, asking questions like, ”Do I need to contact
a doctor when the risk score is high?” They emphasized the importance of a conclusive section on the
dashboard to facilitate quick decision-making.

NICU Patient Overview Some domain experts showed a positive response to the unit patient
overview component. They thought the information was clear and well structured. Usability experts
recommended expanding the patient information when a user clicks on a specific patient in the overview.
Additionally, domain experts recommended filtering patients based on the unit to which they belonged,
as they were primarily concerned with alarms for patients within their designated units.

Because every alarm signal, regardless of whether it is medium or high, requires patient assessment,
the unit patient overview intentionally does not differentiate between low, medium, or high-risk alarms.
The system simply uses two colors: red when an alarm is present and and a neutral color if there is no
new alarm. Nevertheless, it is possible to see in the trend prediction chart whether the alarm signal is
triggered in a low, medium, or high-risk area (Figure H3a). This feature is crucial as it provides insight
into the context of the patient, is their status deteriorating rapidly or have they been at high risk for
prolonged periods of time? A transition from low to high risk may potentially be more alarming than a
shift from medium to high. The boundaries for the risk threshold were carefully determined by the
model developers to prevent alarm fatigue [12]. Low-risk alarms are frequent and have high recall at a
cost of low precision, whereas high-risk alarms are more rare but have higher precision.



3.4. Implement Phase

Figure 2 shows the high-fidelity prototype that was developed based on the input from the low-fidelity
prototype. Pop-up windows are shown in Figure 3: hovering over a risk score provides insights into the
feature contributions (Figure 3a) and a form appears when validating an alarm (Figure 3b). A detailed
description of the various elements can be found in Appendix I.

Figure 2: Dashboard design of the high-fidelity web application prototype. The dashboard contains an overview
of the patients (C1), alarm notification (C2), vital signs (C3), prediction trend (C4) and a summary of the patient
information (C5). Note: patient names & dates are not real. Note that text is in Dutch as it was designed for
Dutch care providers.

(a) Feature value contribution chart.
Translation of green (red) text: “Reason for de-
creased (increased) risk”

(b) Alarm validation window.
Translation: “Do you agree with the prediction?
Agree, Disagree, I don’t know.”

“Which action(s) did you perform? Administer
antibiotics, Perform physical examination, Draw
bloodculture, No action performed”

Figure 3: Pop-up windows in the high-fidelity prototype (original text in Dutch).



Seven caregivers (one male, six female) working at the NICU participated in the evaluation of the
high-fidelity prototype. The sample contained a diversity in terms of practical experience and roles, with
three physician assistants (P1, P5 and P6), two nurses (P2 and P7), a neonatologist (P3) and a Neonatal
Fellow (P4). Due to limitied availability, three participants had also participated in the low-fidelity
evaluation. However, there had been a two-month washout period between interviews.

3.4.1. Task-based Think-Aloud Study

The task-based think aloud study consisted of four distinct scenarios, involving a true positive, false
positive, true negative and false negative alarm. Results of the study were analysed qualitatively along
three themes: trust and reliability, decision making, and comprehensibility and usability.

Trust and Reliability Sub-themes of trust and reliability include the assessment of clinical relevance,
alignment with domain knowledge, and perceptions of predictive performance.

Participants relied heavily on contextual patient information to assess predictions. They leaned
on this contextual data to assess the clinical relevance of a prediction and the patient’s overall risk.
This involved discerning deviations, establishing baselines, and excluding alternative explanations.
Participants were observed to first analyse the chart with vital signs to identify whether deviations from
the normal pattern took place and how severe these were. Then, they used general patient information
to determine patient baselines. For instance, one participant (P4) noted: ”In itself, for a baby who is born
at 25 weeks and now four weeks old, I don’t think a little rumbling saturation is a big deal”. Providers
also relied heavily on actual interventions, such as respiratory support or antibiotics, to determine
patient baselines. For instance, it was noted (P2): ”If saturation drops occur while the child is on a
ventilator, it is even more worrisome”. However, providers were cautious in answering how worried
they were and whether they agreed with predictions for alarming patients as they indicated a need
for more contextual information to assess the clinical relevance. Finally, they stated that before they
could trust the prediction, they wanted to be sure that the observed incidents were not due to some
other explanation. For instance, P1 remarked: ”I do need to know if it is real [meaning: not due to
interventions such as bathing, nursing, feeding]. If I am told: these are real drops then I do have confidence
in the prediction.”. They mentioned that measurements could also be unreliable due to subjective
measurements, indicating the importance of visiting the patient themselves and acquiring information
from other nurses. For example, some participants indicated that the skin colour could also be entered
by an inexperienced nurse or could have changed in the meantime. Evaluating the clinical relevance of
a prediction appeared a crucial factor influencing care providers’ trust in the model. Nevertheless, the
available data on the dashboard proved insufficient for a comprehensive assessment.

Care providers mainly relied on the vital signs chart together with the explanations (risk analysis and
feature importance chart) to verify if the predictions aligned with their expectations. When predictions
aligned, such as in the true positive case, trust in the model increased. P6 noted: ”Because there was
really a huge increase in the number of bradycardias that weren’t there before, I do understand the higher
risk”. However, the opposite was also true, trust in the model decreased when predictions did not align
with clinical knowlege. For instance, P3 noted that the prediction trend increased, while the vital signs
stabilized: ”Why is there an alarm? Because here you actually have very stable heart action again”.

The perceptions of predictive performance also influenced trust. For instance, P2 was reluctant in
relying on the model because the model had not yet proven itself: ”If you’re going to find in practice
that alerting is really an indicator of an infection, then I’ll definitely take that on board.”. These findings
were confirmed by other participants (P3, P4). Moreover, trust in the predictions was also impacted by
limitations of the model. For instance P4 doubted whether they could rely on a model that only used
heart frequency and oxygen saturation: ”I do think that heart rate and saturation alone do not cover it,
so to speak, for me to decide whether or not to use antibiotics”. Finally, care providers thought that one
prediction per hour was not enough, as mentioned by P4: ”But you can still miss a lot in an hour. It
would be best if it were continuous”. Therefore, providers did not rely on the prediction model to make a
decision but used it more as reassurance, to increase confidence or as a second opinion.



Decision Making Similar to findings from the low-fidelity prototype, care providers expressed a need
for clarity and meaning regarding the interpretation of predictions. For instance, P3 faced challenges in
the interpretation ”how are you going to interpret it? Are you going to say high-risk then by definition you
have to start antibiotics.” P3 also struggled to gauge the degree of risk within a given range, stating ”still
with high-risk you have a kind of gray area, is this 85% or 99% chance that it could be an infection?”. This
underscores the need for guidance on utilizing the model and interpreting risk predictions.

Predictions can have a noticeable impact on care providers, prompting them to conduct more thorough
examinations of the patient or reevaluate their initial assessments. P4 noted that when the prediction
diverged from their own assessment, as observed in task 2 (the false positive case) it prompted them to
look at the patient more closely. P4 expressed, ”I do find it funny, because I find that this does trigger
me to look at the child again. Maybe it really is declining after all.” The contradiction compelled the
care provider to reevaluate their initial assessment, even though they were not initially concerned:
”This [referring to the monitor with vital parameters] doesn’t necessarily worry me, but then again, this
[referring to the latest prediction score] does a little bit. With the thought that it probably predicts before
you would see it, I would like to see the child”. Also P3 examined the false positive case with extra
attention. The participant utilized the model explanations to understand why the algorithm deemed the
patient at risk of sepsis, comparing it with vital signs and engaging in reasoning, questioning whether
there really was a saturation drop or not.

3.4.2. Usability

Participants found it convenient that relevant patient information was presented in a central overview,
rather than having to search for scattered information in the EHR. The centralized overview aided care
providers in verifying risk predictions and quickly assessing patients. It was particularly beneficial for
those commencing their shifts. Moreover, the centralized overview proved advantageous for presenting
cases to a doctor, as noted by P2: ”That certainly means that I get my overall picture clear and can then
alert the doctor”. However, there were concerns as to whether the presented information was actually
sufficient and whether adding additional information (e.g., patient history, additional timelines) is
feasible, as stated by P3 ”Well, I think you just need more patient information, so to speak, but the question
is whether you should put it all in that dashboard.”.

The risk trend and feature importance plot were received positively. Throughout the tasks, partic-
ipants consistently referred to these, finding it straightforward to comprehend the evolution of risk
trends and to discern features influencing the prediction. Although one participant (P1) found the fea-
ture importance plot somewhat challenging to interpret. In their effort to understand the explanations,
participants not only utilized the feature importance plot but also relied on the vital sign charts.

Some suggestions for improvement were proposed. A majority of participants (P1, P3, P4, and P6),
proposed that the vital sign chart would be more valuable for validating predictions if it exclusively
displayed validated data, where artefacts due to e.g. feeding and nursing have been removed. Such
refinement would streamline the validation process, allowing for more accurate risk assessment without
the need for additional checks. Additionally, participants expressed the need to zoom in or out on the
vital sign charts to gather patient baselines. This can aid in understanding whether certain patterns,
such as saturation drops, are normal for a particular patient. The integration of counts (e.g. bradycardias,
tachycardias, saturation drops) next to the vital sign charts was deemed helpful, eliminating the need
for manual counting. However, participants stressed the importance of establishing clear thresholds
that should align with the criteria utilized in the EHR. Participants also identified areas for improvement
in the dashboard design. Some overlooked the demographic patient information, emphasizing the need
for greater visual prominence. Moreover, participants advocated the removal of outdated or irrelevant
parameters from the dashboard to maintain its relevance and utility.

The average SUS score was 86.25, with excellent scores for four participants (P1, P2, P5 and P6) and
marginal ones for two (P3 and P4). Notably, the physician assistants and nurses gave higher scores than
the neonatoligst and Neonatal Fellow. Full details are in Appendix E.



4. Discussion and Conclusion

This study designed an XAI interface using the framework from Sedlmair et al. [19] which integrates
contextual patient information with the sepsis risk model from van den Berg et al. [12].

RQ1: It was shown that a diverse range of contextual information was needed to interpret the sepsis
predictions (RQ1). In agreement with Barda et al. [6] vital sign information proved of pivotal importance,
but also other information on patient demographics and interventions such as respiratory support and
medication were deemed important. This information was needed to compare predictions against user
expectations and to build trust in model predictions. Of lesser importance, but still received positively,
were risk trends and feature contributions.

RQ2: Healthcare providers responded positively to the interface with consolidated view (RQ2). Com-
bining risk scores with information on vital parameters and treatment allowed for efficient validation
of model predictions. However, information needs remained unfulfilled and it is challenging to present
all relevant information in a central overview.

RQ3: Similar to the findings of Matthiesen et al. [10], healthcare providers primarily relied on their
established methods to assess patient risk using the model as a confirmation or second opinion (RQ3).
In certain cases, when the model prediction did not align with expectation of the practitioner, it caused
them to re-evaluate a patient. However, there was skepticism regarding the model performance and the
limited number of predictors based solely on heart rate and oxygen saturation also adversely affected
model trust. Simultaneously, some participants expressed an interest in similar systems called HeRO
which is based solely on heart-rate characteristics [26]. This suggests a potential gap in understanding
of such algorithms. Finally, there was a disparity between the intended use of the algorithm and how
care providers perceived its application. Caregivers sought definitive actions with risk predictions, such
as initiating antibiotic treatment for high-risk patients, contrary to the model’s intended purpose of
alerting caregivers to patients at elevated risk of sepsis. Such unintended AI influences touch upon an
important ethical consideration and a clear gap in research about the intended and applied division
of responsibility in clinical decision support systems [27, 28]. It illustrates that users should be made
thoroughly familiar with the intended use, through e.g. training, and that the division of responsibility
between decision support system and healthcare professional should be explicit.

Limitations: First, the study was conducted away from the bedside where the model ought to
operate. Here contextual information, such as patient skin color or the presence of respiratory support,
is available by looking at the patient. Requirements regarding contextual information will likely vary
in different study settings emphasizing the importance of emulating the context of use as closely as
possible. In addition, actual bedside testing could present new challenges related to for instance alarm
fatigue from false positives, or arising from working in a context with multiple separate interfaces
(bedside monitor, EHR, sepsis tool, etc.). Secondly, the number of participants was limited. Participants
partially overlapped between the design and evaluation phases, where some had seen parts of the
dashboard earlier, possessing additional knowledge about the model and its limitations. Due to staffing
constraints, we had to approach participants, who had previously participated. However, a significant
time gap (over two months) between the design and evaluation phases likely resulted in participants
forgetting major interface details. Finally, the model under consideration is an imperfect predictor
yielding many false positives (low precision). The generalizability of the findings likely do not extent
to models that are near-perfect predictors as healthcare professionals might have more trust in these
models a-priori and the suggested interventions are more explicit. For instance, a near-perfect sepsis
predictor would just prescribe the administration of antibiotics (prescriptive model). However, it is
highly unlikely that such model performance is attainable for applications such as a sepsis early warning
system in the near future.

To conclude this discussion, we highlight important opportunities and challenges that can guide
development activities of clinical decision support tools and future research directions in the context of
HCI in the healthcare domain.

Upfront requirement specification through HCI methodology: The study demonstrates the
importance of careful gathering of stakeholder requirements and the crucial role of developing interfaces



that present model predictions such that they become actionable for practitioners in clinical practice.
This is in line with work on participatory design and human-centered design [29]. For the sepsis use
case, a lot of contextual information is required for users to trust and use the model. Leaving out this
contextual information likely renders the model ineffective. In order to efficiently develop decision
support that aligns with stakeholder expectations, careful design and requirement engineering should be
done upfront. However, the design and HCI perspective appears below par in healthcare, where dataset
availability often drives initial development decisions rather than careful human-centric requirement
engineering, and this likely contributes to the limited adoption of decision support in practice [30].

Relevance of contextual information for monitoring applications: The methodology and
findings of this study are relevant for most clinical decision support tools that are not prescriptive.
Predictive decision support- or continuous monitoring tools such as the present LOS algorithm require
a decision from the end user based on alarms with limited predictive power (e.g. high false alarm rate).
In the absence of explicit (prescriptive) protocols, healthcare professionals likely require additional
contextual information to assess the likelihood of an event. This is in line with earlier work emphasizing
contextualization for explainable AI especially for non-expert users [31].

Integration of multiple decision support aids: A challenge that remains is integrating the
information of multiple decision support models such that they can be used effectively by healthcare
providers. So far, only limited number of decision support tools are available. The NICU sepsis
warning system is just one system, which requires a lot of contextual information to be used effectively.
However, in the future many more models will be introduced, possibly with similar demands for
additional contextual information. Bespoke interfaces for each model will likely not be feasible, nor
desirable so it should be investigated how predictions from all these models together with relevant
contextual information can be unified, in the EHR or elsewhere. This should be done in such a way that
it aids the clinical workflow and does not result in for instance alarm fatigue or mental overload.

Aligning mental models of users with the intended use: The study underscored instances where
contextual information on the dashboard was misinterpreted as a predictor, leading to a misunder-
standing of the model’s predictions. Subsequent research should focus on refining the presentation of
contextual information, employing visual cues to enhance understanding. It became evident that mental
models of care providers often did not align with the intended use of the predictive model. Future
research in HCI should delve into strategies and design principles that can bridge these misalignments
as well as appropriate ways to instruct users on how to use decision support tools. Aligning AI with
user’s mental models is still an open challenge in many XAI use cases [32].

Communicating uncertainty: Care providers expressed a desire for evidence of the model’s
performance, yet found technical validation metrics too complex. A critical future research direction
involves exploring user-friendly ways to communicate the confidence and reliability of predictive
models. This could include the development of intuitive visual indicators, color-coded confidence levels,
or the use of plain language to convey the reliability of predictions. Designing for uncertainty is an
difficult and unsolved challenge in XAI [33].

In conclusion, this study illustrates the importance of contextual information in interpreting the pre-
dictions from a clinical decision support system. It re-establishes the importance of careful requirement
engineering and design decisions when developing actionable systems, highlighting the importance of
design and HCI specialists and re-emphasizing that a prediction model is only a piece of the puzzle.
Awareness of the critical role of design and HCI to unravel how users interact with these systems is
paramount to developing safe tools and overcoming adoption challenges. this cannot be overcome.
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A. Informed Consent

A.1. Purpose of this Study

As part of a master’s program in human-computer interaction at Utrecht University, this study is being
conducted during an internship at UMCU. The primary objective of this study is to determine the
requirements of critical care professionals in the NICU for the design of a new interface for a sepsis risk
prediction model.

Human-computer interaction is a multidisciplinary field that combines information, computer science,
and psychology to implement technology in realworld situations. One of the major research areas in
this field is human-centered machine learning, which aims to ensure that AI decisions are made with a
human-centric approach. As AI continues to become more prevalent, algorithms are increasingly being
used for medical diagnoses, making it crucial to involve healthcare professionals in the design of such
systems.

The NICU at WKZ has developed an AI model that can predict the risk of sepsis in babies before
symptoms appear. This model has the potential to aid critical care professionals in intervening earlier,
thereby reducing suffering. However, the algorithm currently lacks an interface, which could be critical
to the success of the model. A poorly designed interface could hinder the effectiveness of the model
and prevent its adoption by healthcare professionals. Moreover, it is essential for care professionals to
understand how the model works so that they can decide when to rely on the model and when to rely
on their expertise.

• The researcher has explained the purpose of the research to me.
• I have had an opportunity to ask questions about the study.

A.2. Freedom to Withdraw

Your participation in this study is voluntary.

• You can refuse to take part at any time.
• You can take a break at any time.
• You can ask questions at any time.
• I understand that I can leave at any time without giving a reason.

A.3. Privacy and Confidentiality

The interview will be recorded. After the recording is transcribed, it will be deleted. No one else will get
to hear the recordings. This means you will not be identifiable, and your comments will be confidential.
We may publish research reports that include your comments. The data used in these reports will be
anonymous.

• I understand that my voice will be recorded.
• I understand that my comments are confidential.

A.4. Your Agreement

To take part in the research, please sign this form showing that you consent to us collecting these data.



B. Discover: Interview Outline

B.1. General

• Can you tell me about the last time a child was suspected of sepsis? Follow-up questions:

– How did you assess the seriousness of the situation? Do you always take the same approach
to assessing such situations?

– Which moment is decisive for you to administer antibiotics?
– What challenges do you face in diagnosing sepsis in the ICU?

B.2. Analysing Information

• What strategies or techniques do you use to research and analyze the available information?
(e.g. clinical assessment (vital signs), history, lab, consultation, guidelines)

B.3. Decision-Making

• How does the available time affect your decision-making process?

– Is your information need and how you analyze information different in an acute situation?

B.4. Prediction Algorithm

• How do you feel about using AI-based systems in the NICU?
• How do you see an ideal interface for an algorithm that predicts the risk of sepsis every hour?

Which features would be most useful to you?
• What additional data or contextual information would be valuable to have in addition to the risk

score to support your decision making process?
• If the AI-system makes a false positive or false negative prediction, how do you want the interface

to let you know about this?
• How could the predictive algorithm support you in diagnosing sepsis?



C. Discover: Interview Outline - Information Sharing

C.1. General

• Can you tell me about the last time a child was suspected of sepsis?

C.2. Sharing Information

• Can you tell me how you currently share information with other healthcare providers?
• Is there information that you think is crucial for other healthcare providers, but that might be

missed in the current process?
• Are there any problems or challenges you encounter when sharing information with other

healthcare providers?

C.3. Using Information

• Can you tell me how you currently receive information from other healthcare providers?
• Which information from other healthcare providers is crucial to you?
• Is there information from other healthcare providers that you think is crucial, but don’t have

access to?
• Are there any challenges you face in getting information from other healthcare providers?

C.4. Collaboration

• What challenges do you encounter when collaborating with other healthcare providers?



D. Design: Interview Outline Domain-Experts

• Can you explain why the model made this prediction?
• What information has led you to trust or not trust the prediction?
• Is there any information missing that could make understanding this predictions easier?
• Is there any information that you don’t find useful or doesn’t help in understanding this prediction?
• What information do you find most important to see at a glance?
• Do you think the current level of detail is enough, or would you like even more detailed informa-

tion?
• What visualisations do you find the easiest to understand?
• What do you think about how the information is organized on the screen? For instance, all

information in one screen or do you prefer it to be in different sections?
• Can you do everything with the information that you want to do or are there other actions you

would like to perform? For example, see more details, zoom in, compare?
• Is there anything else you would like to change about these visualisations?



E. System Usability Scale (SUS)

E.1. Questionnaire

Comprising 10 questions, participants express their agreement with each question on a Likert scale
ranging from (1) strongly disagree to (5) strongly agree. The scoring methodology involves subtracting
1 from odd statements and 5 from even ones. The cumulative result is then multiplied by 2.5, resulting
in a total of 100 points possible.

1. I think that I would like to use this system frequently.
2. I found the system unnecessarily complex.
3. I thought the system was easy to use.
4. I think that I would need the support of a technical person to be able to use this system.
5. I found the various functions in this system were well integrated.
6. I thought there was too much inconsistency in this system.
7. I would imagine that most people would learn to use this system very quickly.
8. I found the system very cumbersome to use.
9. I felt very confident using the system.

10. I needed to learn a lot of things before I could get going with this system.

E.2. Results

Table E1: SUS scores
Question P1 P2 P3 P4 P5 P6

1 Strongly
Agree

Strongly
Agree

Neutral Strongly
Agree

Strongly
Agree

Strongly
Agree

2 Strongly
Disagree

Strongly
Disagree

Disagree Strongly
Disagree

Strongly
Disagree

Strongly
Disagree

3 Strongly
Agree

Strongly
Agree

Agree Neutral Strongly
Agree

Strongly
Agree

4 Strongly
Disagree

Strongly
Disagree

Disagree Disagree Agree Strongly
Disagree

5 Strongly
Agree

Agree Disagree Agree Strongly
Agree

Strongly
Agree

6 Strongly
Disagree

Strongly
Disagree

Neutral Disagree Strongly
Disagree

Strongly
Disagree

7 Strongly
Agree

Strongly
Agree

Agree Strongly
Agree

Strongly
Agree

Strongly
Agree

8 Strongly
Disagree

Strongly
Disagree

Neutral Neutral Strongly
Disagree

Strongly
Disagree

9 Strongly
Agree

Strongly
Agree

Neutral Neutral Agree Strongly
Agree

10 Strongly
Disagree

Strongly
Disagree

Disagree Agree Strongly
Disagree

Strongly
Disagree

Score 100 97.5 60 70 90 100



F. Evaluation: Task-Based Think-Aloud Protocol

F.1. Demographic Questions

• Age
• Domain-expertise
• Years of experience

F.2. TASKS [repeat for 4 tasks]

Task 1: An alarm was raised at 13:00 for a patient at high risk of sepsis. Are you concerned and how
high do you estimate the risk?

If not already mentioned by the participant: Can you describe to me in your own words how you
have used the information on the dashboard to come to a decision?

• What actions did you perform? Why those?
• Did you agree with the prediction? Why/why not?
• How sure are you of your decision?
• Could you rank the following components by how much you rely on them for estimating risk?
• Do you think the dashboard contains enough information?
• How difficult did you find the task? (cognitive load)

F.3. Questions After Tasks are Completed

• Would you have visualized it the same way or differently?
• Do you think the dashboard would improve your decision-making? Or do you think existing

dashboards such as Metavision provide enough support?



G. Requirements

The identified requirements are specified in Tables G1, G2, G3, G4.

Table G1: Requirements “explanation”
ID Requirement Participant Priority

1.1 The user should be able to see what features contributed
to the prediction

P1,P2,P3 Must have

1.2 The user should be able to see the latest model
prediction trend

P2, L Must have

1.3 The user should be able to adjust the timeline of the
model predictions trend

P2, L Should have

Table G2: Requirements ”patient information”
ID Requirement Participant Priority

2.1 The user should be able to see actual interventions (lines,
ventilation, antibiotics)

P6, L Must have

2.2 The user should be able to see the latest results from
physical examination (skin colour and activity)

P1, P2, P3, P5,
P6, P7

Must have

2.3 The user should be able to see the latest infection
parameters. (CRP, Leukocytes, Thrombocytes)

P1, P2 Must have

2.4 The user should be able to see the vital signs over the
last 6 hours (heart frequency, mean heart frequency and
saturation)

P1, P2, P3, P6,
P7, L

Must have

2.5 The user should be able to see the latest result of the
blood culture (datetime and type of bacteria)

P2, P3, P6 Must have

2.6 The user should be able to see general patient
information (sex, latest weight, gestational age, postnatal
age)

L Must have

2.7 The user should be able to hover over the
aforementioned datapoints to see the three latest values

L Should have

Table G3: Requirements “model, feedback and collaboration”
ID Requirement Participant Priority

3.1 The user should be able to indicate whether they agreed
with the prediction

L Should have

3.2 The user should be able to indicate what actions they
performed

L Should have

Table G4: Requirements “alarm notification”
ID Requirement Participant Priority

4.1 The user should be warned when the predicted risk
exceeds the threshold

P1, P3 Must have



ID Requirement Participant Priority

4.2 The user should be able to see when an alarm was
generated

Feedback
from design
phase

Must have

4.3 The user should be able to validate an alarm Feedback
from design
phase

Should have

4.4 The user should be able to mute an alarm Feedback
from design
phase

Should have



H. Low-Fidelity Prototypes

H.1. Vital signs

Two variants for representing the vital signs were designed: a line chart featuring multiple attributes
(Figure H1a) and a variant with a separate line chart per attributes (Figure H1b). The attributes included
all features that were used by the model with the exception of countable predictors (e.g. bradycardia):
heart frequency, saturation, mean heart frequency, heart frequency variance, saturation variance, and
minimum saturation. Munzner [20] advocates for the use of a line chart to illustrate trends when the
data involves at least one quantitative attribute (e.g., heart rate frequency) and one ordered attribute
(e.g. time). However, when confronted with numerous attributes, the chart can become challenging to
interpret, necessitating separate line charts. Separate line charts have the disadvantage that it is more
challenging to compare different attributes.

H.2. Patient Information

Designing contextual patient information was deemed straightforward as only the latest values needed
to be presented. Guided by the proximity design principle from Gestalt psychology, groups of similar
elements were created to enhance interpretability [34]. Furthermore, a color-coded system was imple-
mented to signify the status of values: red indicated alarming values, green represented normal values,
and neutral colors were assigned when no specific meaning was attributed.

H.3. Feature Importance Charts

In designing the feature importance charts, three relevant design solutions were found: tornado plots
(Figure H3b), textual representation (Figure H3c) and a hybrid textual/visual approach in an ordered
table (Figure H3d).

In tornado plots factors contributing to an increased risk score are positioned on the right side while
those diminishing the score are located on the left side. Tornado plots were selected over alternative
visualizations such as force plots, which were find hard to interpret for individuals lacking AI expertise
[6]. This design aligns with the XAI and visualisation literature, highlighting the ease of interpretation
and suitability for comparing diverse attributes [20]. Similarly, scatter plots were dismissed due to
incongruities with the underlying data structure; they necessitate two quantitative attributes, while
feature importances inherently involve a single categorical and quantitative attribute.

The preference for modality to presenting explanations can diverge between various users [35]. For
instance, one group might favor textual over visual presenation. For this reason, textual explanations
(Figure H3c) were also included as a design option. Finally, a hybrid solution was also developed,
presenting a combination of textual and visual explanations in a tabular format (Figure H3d). Although
this approach is visually less telling, it facilitates rapid understanding, especially when dealing with a
limited number of features. Tables offer the added benefit of allowing items to be sorted, enhancing the
user’s ability to focus on specific aspects of interest.

H.4. Risk Scores

Two low-fidelity prototypes were created to present patient risk. One with categorical labels (Figure H4a)
and another with numerical values (Figure H4b). Despite the prevalent use of numerical values in
existing XAI interfaces categorical representations were found easier to interpret [15, 6, 9, 10].

H.5. NICU Unit Patient Overview

The risk scores were used to create an overview of all patients, with the title specifying the relevant
NICU unit (Figure H5a). During the interviews with care providers, as detailed in the subsequent section,
care providers indicated a need to validate and mute alarms (Figure H5b). Nurses, for instance, should



(a) Multi-attribute line chart

(b) Individual line charts

Figure H1: Vital signs. Top: multi-attribute line chart aggregating all heart rate/oxygen saturation information
in a single graph. Bottom: individual graphs for each component.

have the capability to validate alarms, signifying that they have attended the patient. Moreover, doctors
are granted the authority to mute alarms, facilitating an additional layer of scrutiny.

H.6. Feedback

Feedback options should be shown as binary choices wherever possible. Monarch [36] state that people
are more reliable when asked to rank two items rather than judging a problem on a continuous scale.
It also is much quicker to hit a button than to drag a slider. Easy-to-use interfaces are particularly
important in the ICU to reduce interaction time and cognitive load, especially as these tasks are not
directly linked to providing care.



Figure H2: Contextual patient information. The overview contains relevant information not considered by the
model, such as skin color and activity level (top left), whether the patient is on antibiotics or being ventilated
(bottom left), and laboratory parameters (right).



(a) Risk prediction trend

(b) Tornado plot with feature contributions

(c) Textual description of feature contributions

(d) Table with hybrid (textual and visual) presentation of
feature contributions

Figure H3: Sketches providing information about model predictions.

(a) Textual description of feature contributions (b) Feature contribution table

Figure H4: Risk score representation. On the left, a three-tier risk score is used (low, medium, high), on the
right, the model prediction is directly used. Users preferred the representation on the left.



(a) Overview of all patients with their risk status. (b) Patient overview with the option to validate, mute or
reset alarms for each patient.

Figure H5: Overview of patients at the ward

Figure H6: User feedback interface. It asks whether the healthcare professional agrees with the prediction (top)
and what action was performed (bottom).



I. High-Fidelity Prototype

Figure 2 in the main text shows the high-fidelity prototype. The dashboard contains an overview of
the patients (C1), alarm notification (C2), vital signs (C3), prediction trend (C4) and a summary of the
patient information (C5). Here we provide additional details on the elements C1-C5.

I.1. C1: NICU Unit Overview

The user is provided with an overview of all patients associated with the specific unit presented in
the dashboard. This ensures that care providers are exclusively notified about patients within their
designated unit. However, physicians have access to an overview encompassing patients from all units.
When an alarm is triggered for a patient, the vertical bar on the patient tile turns red, accompanied by
the display of a red alarm symbol. If the alarm is not validated, a message indicates that the patient is
not validated. Conversely, when the alarm is validated, a message confirms the validation status. For
patients without alarms, the vertical bar on the left side of the patient tile remains gray, and no alarm
icon is visible. The color is either red or gray. No distinction in color is made based on the level of risk
because healthcare providers need to assess the patient for every alarm.

I.2. C2: Alarm Notification

When an alarm is triggered, the system records the time of the alarm. Users have the option to validate
the alarm by selecting the validation button, which opens a validation form prompting the user to
confirm their agreement with the prediction and report the actions taken (maint text Figure 3a). Once
validated, the system displays the time at which the alarm was validated. The actions performed can
be viewed by other care providers by hovering over the document symbol in the trend prediction
chart. Only a physician has the authority to deactivate an alarm. This precautionary measure ensures a
clear division of responsibilities regarding the decision-making process. Deactivating an alarm carries
potential consequences, and it is crucial to do so under the supervision of a doctor who can assess the
situation comprehensively.

I.3. C3: Vital Signs

Users have the ability to review the heart frequency and oxygen saturation indicators spanning the past
six hours. By hovering over the graph, users can access precise timestamps and corresponding values
corresponding to the mouse pointer location. To streamline the charts and enhance clarity, metrics
such as heart frequency variance, oxygen saturation variance and oxygen saturation minimum are not
included, as care providers deemed them redundant and a source of unnecessary visual clutter. The
charts proved highly beneficial for care providers, enabling them to evaluate the frequency, duration,
and intensity of occurrences related to bradycardias, tachycardias, and saturation drops. As a valuable
addition, care providers proposed the inclusion of a counter on the dashboard to display the number of
tachycardias, bradycardias, and saturation drops, which is presented in the patient information table.

I.4. C4: Prediction Trend Chart

The prediction trend chart empowers care providers to observe the evolution of prediction values. They
can customize the time window to assess the development over an extended period of time. Moreover,
alarms at the bottom of the chart enable care providers to pinpoint predictions that triggered an alarm,
with an active alarm highlighted in red. The universally recognized bell icon ensures instant recognition
for care providers. Additionally, care providers can track when an alarm was validated and review
associated actions by hovering over the document symbol. For a detailed understanding of how a
prediction was generated, a pop-up screen displays the feature value contributions when a user hovers
over them (main text Figure 3a).



I.5. C5: Patient Information

Care providers expressed a preference to have all patient information in one central location to facilitate
swift decision-making. During the interviews, the response to this was largely positive, with care
providers commending the clarity and organization of the information. However, there were some
minor points identified for improvement. One crucial addition was the inclusion of timestamps to
indicate the recency of the latest metrics. Care providers emphasized the importance of knowing
whether the infection parameters were measured recently or a month ago, as it significantly influences
decision making. To address this, timestamps were incorporated into a table format, ensuring the
information remains easily readable.

Additionally, there were suggestions for additions and removals. Care providers noted the absence of
temperature as a parameter and recommended its inclusion in the dashboard. On the other hand, neutro-
cytes were deemed expendable and were subsequently removed. There was a common misconception
regarding the red and green parameter values, with care providers associating them with contributing
to predictions. To rectify this, the color coding was removed, and alarming values were highlighted with
bold font for a distinctive visual cue. This adjustment aimed to eliminate any ambiguity and enhance
the overall interpretability of the information.
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