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Abstract

Background: Care for patients with heart failure (HF) causes a substantial load on health care systems where a prominent
challenge is the elevated rate of readmissions within 30 days following initial discharge. Clinical professionals face high levels
of uncertainty and subjectivity in the decision-making process on the optimal timing of discharge. Unwanted hospital stays
generate costs and cause stress to patients and potentially have an impact on care outcomes. Recent studies have aimed to mitigate
the uncertainty by developing and testing risk assessment tools and predictive models to identify patients at risk of readmission,
often using novel methods such as machine learning (ML).

Objective: This study aims to investigate how a developed clinical decision support (CDS) tool alters the decision-making
processes of health care professionals in the specific context of discharging patients with HF, and if so, in which ways. Additionally,
the aim is to capture the experiences of health care practitioners as they engage with the system’s outputs to analyze usability
aspects and obtain insights related to future implementation.

Methods: A quasi-experimental design with randomized crossover assessment will be conducted with health care professionals
on HF patients’ scenarios in a region located in the South of Sweden. In total, 12 physicians and nurses will be randomized into
control and test groups. The groups shall be provided with 20 scenarios of purposefully sampled patients. The clinicians will be
asked to take decisions on the next action regarding a patient. The test group will be provided with the 10 scenarios containing
patient data from electronic health records and an outcome from an ML-based CDS model on the risk level for readmission of
the same patients. The control group will have 10 other scenarios without the CDS model output and containing only the patients’
data from electronic medical records. The groups will switch roles for the next 10 scenarios. This study will collect data through
interviews and observations. The key outcome measures are decision consistency, decision quality, work efficiency, perceived
benefits of using the CDS model, reliability, validity, and confidence in the CDS model outcome, integrability in the routine
workflow, ease of use, and intention to use. This study will be carried out in collaboration with Cambio Healthcare Systems.

Results: The project is part of the Center for Applied Intelligent Systems Research Health research profile, funded by the
Knowledge Foundation (2021-2028). Ethical approval for this study was granted by the Swedish ethical review authority
(2022-07287-02). The recruitment process of the clinicians and the patient scenario selection will start in September 2023 and
last till March 2024.
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Conclusions: This study protocol will contribute to the development of future formative evaluation studies to test ML models
with clinical professionals.

International Registered Report Identifier (IRRID): PRR1-10.2196/52744

(JMIR Res Protoc 2024;13:e52744) doi: 10.2196/52744
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Introduction

Care for patients with heart failure (HF) causes a substantial
load on the health care system. One of the prominent challenges
associated with HF care is the elevated risk of readmissions
within 30 days following initial discharge [1]. While this
readmission risk underscores that patients receive life-saving
care, it also encompasses implications of health care costs,
patient’s stress, and the impact of socioeconomic determinants
on care outcomes [2]. The risk of readmission due to the
worsening of HF symptoms is heightened by inappropriate
treatment strategies, infectious complications, or prematurely
executed discharges. Therefore, readmissions can be reduced
by taking steps both during admission and hospitalization and
post discharge to ensure compliance with care plans and
improved treatment outcomes.

In current practice, clinicians make expert decisions, weighing
in the probability of readmission of a patient by evaluating
clinical data such as a patient’s medical history, medication list,
laboratory tests as well as social factors [3]. However, the
process of assessing a patient’s readiness for discharge
introduces an element of subjectivity and uncertainty. Questions
surrounding the probability of readmission emerge, prompting
deliberation on optimal timing for discharge—whether
immediately or with a slight delay. Additionally, the patient’s
social context plays a critical role; decisions must be made
regarding the suitability of home care versus outpatient clinic
assignment.

In pursuit of curbing health care costs and mitigating uncertainty
novel risk assessment tools, often in the form of predictive
models have been developed. Drawing upon statistical,
conventional machine learning (ML), and deep learning
methodologies, these tools are designed to identify patients at
risk of hospital readmission [4-6]. Leveraging risk indicators
such as age, illness severity, prior hospitalizations, and other
factors, these models predict the likelihood of readmission
within a specific time frame. Preventive approaches can then
be developed and applied to target the identified high-risk
patients. The profound potential for cost savings within the
health care domain has fueled substantial interest in rigorous
testing and validation of similar models, underscoring the
imperative of optimizing patient care while securing resource
efficiency.

In this project, our objective is to evaluate the applicability and
potential benefits of a previously established ML model for

predicting unscheduled readmission of patients with HF within
30 days after discharge from medical care [5]. This model has
been further fine-tuned and tailored for practical integration and
usage within clinical settings [3,7], encompassing the
identification of potential barriers and enablers for implementing
a clinical decision support (CDS) tool presenting the model
output for clinical use. Refinement also encompassed the
augmentation of the model with interpretability features and a
comprehensive exploration of the optimal timing and manner
in which the model’s findings should be presented to users
within the clinical domain [7]. The primary aim of the study
outlined in this protocol is to investigate how the developed
CDS tool alters the decision-making processes of health care
professionals in the specific context of discharging patients with
HF, and if so, in which ways. Additionally, the aim is to capture
the experiences of health care practitioners as they engage with
the system’s outputs to analyze usability aspects and obtain
insights related to future implementation.

Methods

Study Design
The design of this study used the principles of Template for
Intervention Description and Replication [8] to support clarity
of the description of the intervention and the replicability of its
implementation. This study has a quasi-experimental design
with a randomized controlled crossover assessment of 2 groups
of physicians and nurses working in pairs. This study will be
conducted within the health care settings of 1 region in Southern
Sweden. The 2 groups will be presented with patient scenarios
using purposeful sampling [9] on which they are to make
decisions on subsequent care plans and treatment strategies.

HF Care Setting
An HF patient’s referral to the hospital can occur through the
emergency department, primary care, or home care services.
Upon arrival, the patient is allocated to one of the medical
departments within either of 2 hospitals in the included region
possessing specialized cardiology units. Once admitted, a
comprehensive care plan is made, considering the patient’s
symptoms, prior diagnoses, and relevant test results. This care
plan also includes decisions regarding the appropriate timing
for discharge. Within the framework of this study, this in-patient
scenario, as detailed in a prior work [3], serves as the setting
for HF care in which our investigation into the application of
the CDS model takes place.
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Preparation for This Study

CDS Model
The model is based on comprehensive retrospective electronic
health data in a Swedish region [10]. The cohort used for the
development consisted of patients diagnosed with HF according
to the ICD-10 (International Statistical Classification of
Diseases, Tenth Revision; I10.0, I42, I43, and I50), were
residents, and receiving care in the region. The patients included
were aged ≥40 years and had at least one admission after being
diagnosed with HF between January 1, 2017, and December
31, 2019. All-cause hospitalization was considered. For each
admission in the cohort, all patient’s previous admissions within
5 years were considered from the time of admission as the
medical history of the patient (look back period); these
admissions are not considered as events in this study but were
used only as historical data.

Besides demographic information, variables were collected out
of electronic health data related to different categories. These
categories can be detailed as follows: comorbidities in which
patient conditions related to HF are traced back, for example,
hypertension, diabetes, chronic kidney disease, and atrial
fibrillation. Diagnoses (including procedures) and medications
in the electronic health data system were represented according
to standard schemas: ICD-10-SE (Swedish version of the 10th
revision of the International Classification of Diseases) and
Anatomical Therapeutic Chemical codes, respectively.
Laboratory results were also used, including specific features
for some laboratory tests, such as N-terminal prohormone of
brain natriuretic peptide, sodium, potassium, ferritin, and
estimated glomerular filtration rate. Variables were defined to
indicate the level of abnormality in the obtained results of these
laboratory tests. Following clinical feedback on model
development, features associated with a patient’s vital signs
collected during the admission such as weight, heart rate, and
blood pressure were also considered.

A conventional ML model was developed with CatBoost, which
resembles gradient-boosting decision trees. The CatBoost model
makes predictions using a series of decision trees, representing
an explainable model [11]. In this study, the CatBoost python
package (version 1.0.4) was used. The model was trained using
a stratified 10-fold cross-validation, such that the training data
were further divided into 10 parts where 90% (14,069) of data
were used for training and 10% (1842) used for validation.
Evaluation of the performance is based on commonly used
performance measures such as sensitivity, specificity, F1-score,
receiver operating characteristic curves, the area under the
receiver operating characteristic curve, and the area under the
precision-recall curve. The performance of the model is
presented in a retrospective ML study [7].

The Shapley Additive Explanations (SHAP) technique was
adopted to provide more details behind the model decision
regarding important features for readmission prediction [12].
SHAP works as a model-agnostic explanation tool and provides
local (ie, patient-specific) as well as global explanations (ie,
across patient cohorts). SHAP was used to compute
explainability outputs for the selected patient scenarios, which

were later used as input to the CDS tool. For each prediction,
the most important features were listed that were positively or
negatively driving toward the readmission risk. The explanations
provided were assessed by physicians for clinical relevance.

Stakeholder Study
To prepare for the experiment, an interview study was performed
to determine the potential barriers and facilitating factors for
the implementation of the CDS tool. In total, 12 interviews with
stakeholders were performed in a Swedish health care
organization consisting of 2 hospitals, primary care, and partial
home care. The views on the CDS tool were collected from
different roles such as medical process leaders, medical
specialists in cardiology, specialist nurses, physiotherapists,
home care physicians, home care nurses, and administrative
roles [3]. Interviews were transcribed and thematically analyzed
to condense and categorize content.

Explainable Artificial Intelligence Design Process
A design process was carried out to create the user interface of
the CDS tool. The initial phases included expert interviews,
care process observations, and literature searches about the
design of explainable artificial intelligence (AI) systems. There
are several design problems to address in creating an interface
for such a decision support system, for example, to understand
who the intended users are and their needs, what information
flows the system shall interact with, and in what part of the care
process such information is relevant [13]. Therefore, an iterative
design process was adopted, to move forward step by step, while
generating and testing different design ideas.

Initial usability tests were conducted after generating a set of
low-fidelity prototypes. In total, 5 clinicians (3 physicians and
2 nurses) were individually testing the different prototypes over
recorded video calls. The tests evaluated if the prediction score
and the explanation presented in the prototypes were
understandable, and how clinicians perceived this information
given the situation of an AI-model as the source. The tests gave
important information on which language to use and what to
display in the interface, which was the focus of the next iteration.
The initial usability tests further raised questions about where
this tool might be needed and who the users could be.
Consequently, additional care process observations were made,
which led to some changes to the definition of the target users
and the place of potential implementation.

All usability test data were analyzed, categorized, and used as
input for the further development of the prototype. Thereafter,
additional usability testing was performed, following the same
procedure as previous tests, however, focusing on exploring
how to present more detailed information. Another 5 clinicians
(three of them participated in the first usability tests) tested
these prototypes over video calls. The outcome of this second
round of usability tests was used as input to another design
update before a high-fidelity prototype was created. This
prototype was tested with 4 clinicians (2 physicians and 2 nurses
who also participated in the previous tests).

As the last step of the prototype development, a series of design
workshops were conducted with user experience resources, to
finalize the prototype and set the details, before a smaller
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usability test was performed with 2 clinicians (1 physician and
1 nurse). Their input led to some minor interface changes, and
now the development of the CDS tool could begin.

Scenario Creation
From the same data set used to develop the CDS model, 20
patients were selected to constitute the target population in this
study by using stratified random sampling. The stratification
was made to ensure that there are equal amounts of readmitted
patients and control patients. For each of these 20 patients,
scenarios comprising narrative reports and clinical data
describing demographics, and clinical events and outcomes,
including potential readmittance, were recreated retrospectively
based on real patient historical data from the regional database
of electronic health data.

Recruitment
The participants involved in the experimentation will include
both physicians (n=6) and nurses (n=6) and will be recruited
from the clinical staff at the 2 hospitals based on the following
inclusion criteria: a minimum of 3 years of experience in the
treatment of patients with HF, and currently active engagement
in clinical practice within either of the 2 specialized cardiology
departments in the region. This study will use purposeful
sampling [9] for recruiting physicians and nurses according to

the inclusion criteria, a process led by the hospital. Although
there might be a limited availability of staff, physicians and
nurses who were involved in the design of this study and the
CDS model will be excluded from participation in this study,
to prevent bias.

Experimentation and Data Collection
The experiment simulates the decision-making process of a
patient’s discharge, further treatments, and care plan, based on
real historical data. Patient data for model output are preloaded
into the CDS model. The participants will be randomly paired
with 1 physician and 1 nurse in each pair, reflecting the
real-world setup in the decision-making regarding the patient’s
potential readmission (Figure 1). Pairs will then be randomly
assigned into test (n=3) and control (n=3) groups using simple
randomization with stratification. The pairs in the test group
will be given 10 scenario descriptions, patient electronic health
record (EHR) data, and the CDS model output based on each
of the 10 patients. The pairs in the control group will be given
the same 10 scenario descriptions and EHR data but not the
CDS model output. After making decisions based on the 10
scenario descriptions the test group and the control group will
switch roles and 10 new scenario descriptions will be given to
the groups, again with and without the CDS model output.

Figure 1. Flowchart for the randomized controlled cross-over design. CDS: clinical decision support; EHR: electronic health record.
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Before the experiment, each group will be briefly trained in
how the CDS model works and how to interpret its output
[14,15]. The clinicians will be asked to think aloud so that both
the conversation and reasoning during the decision process are
recorded. The scenarios will be presented to the clinicians via
a text document in a separate computer room at the hospital,
and the CDS output in a web-based interface as depicted in
Figure 2. The clinicians will be able to either make a decision
or request for more information about the patient, which will
be provided by an additional clinician who is part of the research
group that will be in another room using a chat function on the
local information system. This clinician is connected to the EHR
system and has access to all patient data. The additional
information can include admission notes, laboratory test results,

and medication lists, and this procedure will be carefully
explained to the clinicians before the experiment. This
information will not be available from the beginning, to mimic
the real-world information search between different systems or
system modules and to research what level of information would
be sufficient to decide in both groups; a clinician shall provide
extra information about the patient only if requested. Every
such request will be documented by the researchers present in
the rooms together with the clinicians, observing the
decision-making and the experiment. All clinical notes available
in the experiment will undergo a deidentification process before
this study. The decisions made by the participants will be noted
by the observing researcher.

Figure 2. CDS model output showing readmission risk and explanations of model decision for a hypothetical patient. AI: artificial intelligence; CDS:
clinical decision support; CDSS: clinical decision support system; HF: heart failure.

At the end of the experiment, each clinician will be interviewed
individually by the researcher using the interview questions
defined in Multimedia Appendix 1. The dialogue will be
audio-recorded and transcribed verbatim.

Outcome Measures
A research-based evaluation framework specifically designed
for AI-based decision-support systems [16] has guided and

inspired the selection of the outcome measures for this study.
The added value of the AI system will be assessed through a
mixed methods evaluation design: process efficiency and
patient-related outcomes shall be assessed using a quantitative
approach, while quality, reliability, trust, and similar parameters
shall be addressed through qualitative semistructured interviews.
Table 1 provides details on the outcome measures selected for
this study.

JMIR Res Protoc 2024 | vol. 13 | e52744 | p. 5https://www.researchprotocols.org/2024/1/e52744
(page number not for citation purposes)

Nair et alJMIR RESEARCH PROTOCOLS

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 1. Outcome measures.

Analytic approachGoalOutcome indicator

Impact on decision-making

To explore decision consistency between the

users and the CDSa model to research whether

Decision consistency • Comparing the taken decisions:

• Between the CDS model output and the test group to assess
the extent of how much the users agreed with the model out-having the CDS model increases uniformity

among the decisions taken compared to deci-
sions without the model.

put.
• Between test and control groups to assess similarity in deci-

sions taken with and without the model output.

• Potential decisions:

• To discharge, with x, y, and z treatment.
• Move to another department (which?).
• Take additional tests for an extended investigation.
• To send a referral or follow-up at outpatient clinical, primary

care, or home care.
• To stay for some more days.

To explore whether the CDS model could im-
prove decisions.

Decision quality • Comparing decisions taken by the test group with:

• Historical data—what decision was actually taken for the
patient and what event followed afterwards.

• Control group’s decisions on the same patients to control the
influence of the experiment and set up over the decisions
taken: do decisions differ from the test group and the historical
data?

To explore performance changes due to using
the CDS model output.

Work efficiency • Measuring speed of decision-making for both test and control
groups. Comparing the average speed between groups with
and without CDS.

Impact on experience with decision-making

Clinicians’ attitude toward perceived benefit

for patients and clinicians of AIb.

Perceived benefits • Interview with nurses and physicians who were exposed to
the CDS model output (Multimedia Appendix 1, Q1).

Knowledge sufficiency and possible gaps.Knowledge • Interview with nurses and physicians who were exposed to
the CDS model output (Multimedia Appendix 1, Q5).

Confidence in making decisions using the algo-
rithm (trust in the algorithm and data, and self-
confidence).

Confidence • Asking the participants in the test and control groups to take
decisions for some patients with and without the CDS model
output. Clinicians will be asked to rate their decision confi-
dence and indicate to what extent the CDS output helped them
using a 5-point Likert scale (1=not at all, 5=a great deal) [16].

• Interview with nurses and physicians who were exposed to
the CDS model output (Multimedia Appendix 1, Q3 and Q7).

How reliable and valid are the suggestions by
the algorithm—perception?

Reliability and validity • Interview with nurses and physicians who were exposed to
the CDS model output (Multimedia Appendix 1, Q3).

How is the perception of the overall clinician-
provided service perceived?

Perceived service quality • Interview with nurses and physicians who were exposed to
the CDS model output (Multimedia Appendix 1, Q2 and Q6).

Unintended consequences are foreseen.Unintended consequences • Interview with nurses and physicians who were exposed to
the CDS model output (Multimedia Appendix 1, Q4).

Obtaining an indication of worthiness to con-
tinue developing the AI-based system.

Intention of use • Interview with nurses and physicians who were exposed to
the CDS model output (Multimedia Appendix 1, Q1, Q2, and
Q6).

Implementation aspects

How integrable is the solution into the current
workflows?

Workflow integration • Interview with nurses and physicians who were exposed to
the CDS model output (Multimedia Appendix 1, Q4 and Q8).
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Analytic approachGoalOutcome indicator

Usability

• Interview with nurses and physicians who were exposed to
the CDS model output (Multimedia Appendix 1, Q5).

Perception of the features, human-computer
interface.

Perceived ease of use

aCDS: clinical decision support.
bAI: artificial intelligence.

Data Analysis
The quantitative analysis will primarily employ descriptive
statistics. The interview data to address the rest of the outcome
measures shall be transcribed and thematically analyzed using
the thematic coding scheme corresponding but not limited to
the outcome measures of this study (Table 1) [16-18].

Ethical Considerations
This study conforms to the principles outlined in the Declaration
of Helsinki and will fulfill the following requirements for
research: information, consent, confidentiality, and safety of
the participants, guided by the ethical principles of autonomy,
beneficence, nonmaleficence, and justice. The anonymized
patient data used in this study are available (2022-07287-02).

Patients whose data will be used for creating the scenarios will
be informed through an advertisement on the university web
pages and provided with the possibility to express a will to opt
out of this study. The absence of an objection to the use of
personal medical data in the research process will be considered
as consent to participate.

All participants will receive written and oral information about
the studies in which they are directly or indirectly involved.
Participants will also be given information about the voluntary
nature of the studies, confidentiality, and the ability to withdraw
their consent at any time without having to justify why. All
personal data will be registered according to the General Data
Protection Regulation (GDPR2016/679) and the data will be
stored per the Archive Act in Sweden (SFS1990:782).

Results

The project is funded by the Knowledge Foundation and is part
of the Center for Applied Intelligent Systems Research Health
research profile (280042), which started in July 2021 and ends
in 2028. The profile conducts research projects in coproduction
with industry about the development, design, and
implementation of AI systems in health care. The project HF
readmission prediction started in July 2021 and will end in June
2024.

The recruitment process will start in September 2023 and last
until March 2024. First, the testing and fine-tuning of this study
process using the prototype shall be conducted (planned for
September 2023). Then, data will be collected and analyzed
during the experiment from October 2023. This study’s results
are expected to be published. This research will involve several
partners: Halmstad University (Sweden), Cambio AB (Sweden),
and 1 Swedish region. This research aims to reduce avoidable
readmissions of patients with HF.

Discussion

Principal Findings
This study focuses on the ML model for predicting unscheduled
readmission of patients with HF within 30 days of discharge
[5]. The purpose of the study described in this protocol is to
assess the impact of this ML model on decision-making by
health care professionals and to capture their experiences in
using the model.

A quasi-experimental study shall be conducted with clinicians
using the model and results shall be compared against a control
group. Throughout the experiment, the researchers shall observe
the decision-making process, take measurements, and collect
feedback. Such knowledge shall increase an understanding of
the potential impact on the decision-making, usability, perceived
value if such a model is deployed, and willingness to use such
tools in the future. Furthermore, this study will give practical
insights into the factors that will potentially influence
implementation that could be further used in the implementation
process. In addition, concrete outcomes’measures are suggested
which can assist in future developments of similar models.

This study has several limitations. First, although the CDS model
output shall be provided as a digital interface, the system is not
in this version integrated with EHR and it will not be possible
to check the actual impact of the CDS model on the workflow.
Second, the samples of admissions will be selected using
stratified sampling where subgroups will be created for
readmission labels assigned to patient encounters. The
readmission rate in our data set is 21% (3334 out of 15,911
admissions), thus the chance to obtain enough examples where
the readmission label is true will be very low. Accordingly,
stratification will be used to divide the population data into 2
subgroups before sampling, then select 10 cases having true as
a value for readmission label. Third, this study shall not assess
the impact of the use of the model on the cost-efficiency or
resource planning. Fourth, the presence of a researcher (an
observer) in the computer room while clinicians assess the
patient scenarios might influence the results.

To sum up, the findings from this study protocol shall contribute
to the development and implementation of a CDS system based
on ML models for readmission reduction. The results of this
study will be presented at scientific conferences, seminars with
professional organizations, articles for media outlets, and
submitted to a scientific peer-reviewed journal specialized in
health technology.
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CDS: clinical decision support
EHR: electronic health record
HF: heart failure
ICD-10: International Statistical Classification of Diseases, Tenth Revision
ICD-10-SE: Swedish version of the 10th revision of the International Classification of Diseases
ML: machine learning
SHAP: Shapley Additive Explanations
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