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Abstract

Background: Artificial intelligence–based clinical decision support (AI-CDS) tools have great potential to benefit intensive
care unit (ICU) patients and physicians. There is a gap between the development and implementation of these tools.

Objective: We aimed to investigate physicians’ perspectives and their current decision-making behavior before implementing
a discharge AI-CDS tool for predicting readmission and mortality risk after ICU discharge.

Methods: We conducted a survey of physicians involved in decision-making on discharge of patients at two Dutch academic
ICUs between July and November 2021. Questions were divided into four domains: (1) physicians’ current decision-making
behavior with respect to discharging ICU patients, (2) perspectives on the use of AI-CDS tools in general, (3) willingness to
incorporate a discharge AI-CDS tool into daily clinical practice, and (4) preferences for using a discharge AI-CDS tool in daily
workflows.

Results: Most of the 64 respondents (of 93 contacted, 69%) were familiar with AI (62/64, 97%) and had positive expectations
of AI, with 55 of 64 (86%) believing that AI could support them in their work as a physician. The respondents disagreed on
whether the decision to discharge a patient was complex (23/64, 36% agreed and 22/64, 34% disagreed); nonetheless, most (59/64,
92%) agreed that a discharge AI-CDS tool could be of value. Significant differences were observed between physicians from the
2 academic sites, which may be related to different levels of involvement in the development of the discharge AI-CDS tool.

Conclusions: ICU physicians showed a favorable attitude toward the integration of AI-CDS tools into the ICU setting in general,
and in particular toward a tool to predict a patient’s risk of readmission and mortality within 7 days after discharge. The findings
of this questionnaire will be used to improve the implementation process and training of end users.

(JMIR Hum Factors 2023;10:e39114) doi: 10.2196/39114
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Introduction

Due to the increasing availability of high-quality clinical data,
the development of artificial intelligence–based clinical decision
support (AI-CDS) tools to enhance personalized medicine is on
the rise. AI-CDS tools make use of learning algorithms,
including machine learning, which may, in specific
circumstances, outperform classical statistical models when
applied to large data sets for health care–related prediction tasks
[1-3]. The complex nature of these artificial intelligence (AI)
algorithms and their use of numerous input variables may lead
to “black box” algorithms, which often leave it unclear why the
algorithm output specific predictions [4,5]. In the intensive care
unit (ICU), complex and high-stakes decisions are made that
might benefit from data-driven decision support [6]. The ICU
is the most data-rich environment in the hospital due to
high-frequency monitoring, and there has been an increase in
the literature on AI model development for ICU decision support
[7]. However, a recent review showed that implementation of
these AI-CDS tools in clinical ICU practice is lacking due to
difficulties at several levels [8]. These difficulties include patient
privacy, regulatory aspects, and a lack of demonstrations of
these tools’ clinical value in the complex ICU environment [8].
To enhance clinical uptake and integration in daily workflows
and to tailor AI-CDS tools to physicians’needs, we need a broad
understanding of physicians’current decision-making practices
and their views on the use of AI-CDS tools [9-11].

There is a need to study human factors for the safe and effective
implementation of AI-CDS tools, as high predictive performance
does not ensure acceptance of these technologies [12,13].
Physicians’ perspectives on clinical AI have been investigated
in survey studies in the fields of psychiatry [14],
gastroenterology [15], diagnostic pathology [16], and cardiology
[17], as well as across specialties [18-20]. In general, strong
interest and favorable attitudes toward the use of AI-CDS were
reported, but no study has focused solely on the application of
AI-CDS tools in the ICU in terms of willingness to use such a
tool in clinical practice and how it would fit into clinical
workflows. As the ICU is unique in terms of the complexity of
decisions, the pressure under which decisions have to be made,
and the potential in terms of data availability, knowledge
focused on this clinical domain is highly relevant. To understand
the potential of AI-CDS tools in the data-rich ICU environment,
and to attempt to solve the challenging “last mile” problem
facing real-world implementations, we need to gather more
insights on clinicians’ attitudes and perspectives regarding this
subject in the local context [21,22]. These insights may enhance
successful implementation in this high-stakes decision-making
environment, as clinician input is important throughout the
implementation process to enhance successful implementation
and ultimately improve patient outcomes [23].

This survey study is part of preimplementation research for
Pacmed Critical [24]. Pacmed Critical is a machine
learning–based AI-CDS tool that predicts a patient’s combined

readmission and mortality risk within 7 days of ICU discharge
to support physicians in their decisions to discharge patients to
lower care wards [25,26]. The Pacmed Critical software is
intended for use as a complementary tool by qualified ICU
medical professionals and will be accessed on hospital premises;
it will not be used on mobile devices. We aimed to investigate
(1) physicians’ current decision-making behavior with respect
to discharging ICU patients, (2) physicians’ perspectives on the
use of AI decision support tools in general, (3) physicians’
willingness to incorporate an AI-CDS tool in daily clinical
practice, and (4) physicians’ preferences for using an AI-CDS
tool in their daily workflows. As knowledge of physicians’
attitudes toward the implementation of AI-CDS tools is currently
lacking for the ICU domain, the overall aim of this survey was
to investigate ICU physicians’ perspectives on AI-CDS tools
to enhance the implementation process and to raise awareness
among ICU physicians of an upcoming implementation.

Methods

Study Sample
The survey was conducted between July and December 2021
at Leiden University Medical Center (LUMC), Leiden, and
Amsterdam University Medical Center (Amsterdam UMC, Vrije
Universiteit Medical Center location), Amsterdam, both in the
Netherlands. Both centers are academic tertiary referral
hospitals. At Amsterdam UMC, 2 intensivists codeveloped
Pacmed Critical, and other ICU clinicians took part in end user
testing as part of the Conformité Européene (CE) certification
process of the software. The LUMC physicians were not
involved in the development of the tool, and implementation
was planned to start after completion of the survey.

Results were collected anonymously on paper at LUMC and
by means of a web-based survey at Amsterdam UMC. All
physicians working at the ICU were eligible to participate in
this study, including residents, intensive care fellows, and
board-certified intensivists.

Ethics Approval
The results of this research do not include any sensitive or
identifiable data. We obtained ethical approval from the medical
ethical committee of LUMC (ID: N21.153).

Survey Instrument
The survey instrument was developed with the expertise of 2
ICU physicians, AI and organizational researchers, a data
scientist, a user experience researcher, and a Pacmed Critical
product owner. The 20-question survey consisted of 13
statements, 5 multiple-choice questions, and 2 open questions.
Statements were answered on a 5-point Likert scale ranging
from 1 (strongly disagree) to 5 (strongly agree) [27]. Multimedia
Appendices 1 and 2 show the full questionnaire (in English and
Dutch, respectively); Multimedia Appendix 1 also describes
the rationale for each survey question. Participants did not
receive additional background information on Pacmed Critical
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other than that it used an AI algorithm based on patient data
from electronic health records (EHRs). The survey was divided
into 4 domains. These 4 domains and individual questions in
the domains were chosen to obtain knowledge to optimize
further development and enhance the implementation process.

Physicians’ Current Decision-Making Behavior With
Respect to Discharging ICU Patients (Q1-3, Q11-13)
The aim of the questions in this domain was to investigate
current decision-making and whether the discharge AI-CDS
tool could be of benefit in terms of the complexity of the
discharge decision and the predicted outcome. The first 3
statement questions investigated the complexity of the decision
to discharge ICU patients and the influence of readmission risk
and bed availability on this decision. The average certainty that
a patient would not be readmitted after the decision to discharge
was made was ranked on a scale from 1 (completely uncertain)
to 10 (completely certain). We asked about patient groups for
whom the decision to discharge was perceived as most
challenging to determine where the AI-CDS tool could be of
most value (these questions were multiple choice). We also
asked about which factors were deemed most important in the
process of discharging patients (open answers were solicited).

Perspectives on the Use of AI-CDS Tools in General
(Q4-8)
Five statements covered perspectives and attitudes toward
AI-CDS tools at the ICU, as the participants had no or little
experience in working with these tools. These included
statements on familiarity with AI, whether AI was believed to
be able to replace physicians in the future, the anticipated added
value and support of AI-CDS at the ICU, and whether AI-CDS
tools represented the physicians’ work sufficiently to be of
support.

Willingness to Incorporate the Discharge AI-CDS Tool
Into Daily Clinical Practice (Q9,10, 17-20)
The willingness to incorporate the discharge AI-CDS in clinical
practice was assessed with 5 statements on belief in the positive
value of discharge decision support, the importance of having
insight into the contributing factors to the prediction, the
potential influence a prediction may have on discharge
decision-making, willingness to consult the prediction before
making the decision to discharge a patient, and the feasibility
of incorporating the prediction into the physicians’ workflows.
Furthermore, the physicians were asked to indicate the threshold
of predicted readmission and mortality risk (on a scale of 0 to
100) above which they would not discharge a patient to the
ward, and below which they would discharge a patient. The aim
of this question was to study the influence of a certain predicted
chance of readmission and mortality on the physician’s behavior.

Preferences for Using a Discharge AI-CDS tool in Daily
Workflows (Q14-16)
The last domain included questions on how the AI-CDS tool
for discharging ICU patients could be integrated into the current
clinical workflow at the ICU; the answers were intended to be
used as input in the design and implementation process of the
AI-CDS tool, in order to make it part of current decision-making
processes [11]. We used multiple-choice questions to determine
the preferred method to access the predictions (ie, on a
dashboard or integrated in EHRs), the preferred moment or
moments to access the predictions, when the predictions should
be updated, and the most relevant end users. Information
gathered from these questions was used to understand the
demands on the user interface and to optimize implementation
and daily use. One or more options could be chosen for the
multiple-choice questions. Lastly, respondents could leave open
comments and suggestions.

Data Analysis
Results are given as percentages of the total number of
respondents for categorical questions. Answers to numerical
questions are summarized as the median (IQR). Because the
participating physicians at the 2 centers differed in their
involvement in the development of the tool, we performed
separate analyses for LUMC and Amsterdam UMC for the
questions in domain 1 (current decision-making behavior with
respect to discharging ICU patients), domain 2 (attitudes and
perspectives on AI-CDS), and domain 3 (willingness to
incorporate a discharge AI-CDS tool into daily clinical practice).
As an additional subgroup analysis, we investigated differences
in the responses to the questions in domains 2 and 3 between
intensivists and other physicians working at the ICU (ie,
residents and fellows at the ICU). We determined significant
associations for the Likert-scale statement questions with the
Mann-Whitney U test. The level of significance was set at
P<.05.

Results

Sample Characteristics
The survey was distributed to 40 clinicians at LUMC and 53
clinicians at Amsterdam UMC. A total of 64 of 93 (69%) of
these clinicians completed the survey, including 33 of 64 (52%)
at LUMC and 31 of 64 (48%) at Amsterdam UMC (Table 1).
The total group had a median 2.75 (IQR 1-10) years of ICU
work experience; the LUMC group had 3 (IQR 1-10.5) years
and the Amsterdam UMC group 2 (IQR 1.5-10) years (P=.94).
In the Netherlands, medical residents from many specialties are
assigned a rotation in the ICU as part of their specialist training,
which is reflected by the variety of medical specialists
represented in the survey (Table 1).
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Table 1. Response rate, level of training, and medical specialties of respondents. Probabilities may not add up to 100% due to rounding.

Total (N=64), n (%)Amsterdam University Medical Center

(n=31), n (%)b
Leiden University Medical Center

(n=33), n (%)a

Level of training

27 (42)11 (36)16 (48)Intensivist

11 (17)6 (19)5 (15)Intensive care unit fellow

26 (41)14 (45)12 (36)Residentc

Medical specialty

18 (28)7 (23)11 (33)Internal medicine

27 (42)16 (52)11 (33)Anesthesiology

3 (5)0 (0)3 (9)Pediatric medicine

1 (2)0 (0)1 (3)Emergency medicine

3 (5)2 (7)1 (3)Pulmonology

1 (2)0 (0)1 (3)Surgery

1 (2)0 (0)1 (3)Neurosurgery

1 (2)0 (0)1 (3)Neurology

9 (14)6 (16)3 (9)Resident not in trainingc

aThe response rate for this group was 33 of 40 (83%).
bThe response rate for this group was 31 of 53 (58%).
cIncludes physician assistants.

Current Decision-Making Behavior With Respect to
Discharging ICU Patients
Responses on current discharge practices are visualized in Figure
1. Physicians disagreed on the complexity of the decision to
discharge a patient from the ICU, with 23 of 64 (36%) agreeing
or strongly agreeing with the Q1 statement and 22 of 64 (34%)
disagreeing or strongly disagreeing (Table 2). A nonsignificant
difference was observed between experienced intensivists and
other physicians (Multimedia Appendix 3). For question 2, 61
of 64 (95%) of physicians agreed or strongly agreed that
readmission was an important factor in the decision to discharge
a patient. Besides a patient’s readmission risk, physicians
indicated that bed availability was an important factor in their
decision to discharge (47/64, 73%, Q3). Furthermore, we asked
physicians to report their average certainty regarding their
estimation of the readmission risk of a patient after discharge.

The median certainty score was 7 (IQR 7-8) for the whole group,
with no significant difference observed between the two
locations (P=.79). Patient groups for which the decision to
discharge was perceived to be most challenging included
patients with a long length of ICU stay (44/64, 69%) and
readmitted patients (44/64, 69%; Table 3). Multimedia Appendix
4 shows the open-answer questions regarding patient groups
and clinically relevant patient factors in the decision to
discharge. The most reported reason for a complex decision to
discharge was case complexity (9/64, 14%). The most frequently
mentioned factor influencing the decision to discharge a patient
(in relation to the patient’s clinical state, process-related factors,
and factors related to the receiving ward) was the level of care
and facilities at the ward (23/64, 36%), followed by the general
clinical state of the patient (17/64, 27%) and the patient’s alarm
ability (10/64, 16%).
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Figure 1. Responses to statements regarding current intensive care unit discharge practices. The bar width of the answers indicates the number of
respondents that chose that option. Q1: “The decision to discharge a patient to a lower care ward is complex”; Q2: “A patient's ICU readmission risk
is an important factor in my decision to discharge”; Q3: “I take bed availability into account for my decision to discharge a patient.” LUMC: Leiden
University Medical Center; UMC: University Medical Center. *P<.05.

Table 2. Responses to statements. P values in italics represent a significant difference (P<.05) between the Leiden University Medical Center and
Amsterdam University Medical Center respondents. Results are reported on a 5-point Likert scale, ranging from 1 (strongly disagree) to 5 (strongly
agree). Scores >3 indicate median agreement with the statement and results <3 median disagreement.

P valuesaAmsterdam Universi-
ty Medical Center,
median (IQR)

Leiden University
Medical Center,
median (IQR)

Total, median
(IQR)

Question

Domain 1: Physicians’ current decision-making behavior with respect to discharging ICUb patients

.044 (2-4)3 (2-3)3 (2-4)Q1: “The decision to discharge a patient to a lower care ward is complex”

.094 (4-5)4 (4-4)4 (4-4)Q2: “A patient’s ICU readmission risk is an important factor in my deci-
sion to discharge”

.434 (3.5-4)4 (3-4)4 (3-4)Q3: “I take bed availability into account for my decision to discharge a
patient”

Domain 2: Physicians’ perspectives on the use of artificial intelligence (AIc)–based clinical decision support tools in general

.0044 (4-5)4 (4-4)4 (4-4.25)Q4: “I am familiar with the concept of AI”

.0064 (4-4.5)4 (4-4)4 (4-4)Q5: “I believe AI could support me in my work as physician”

.222 (2-2.5)2 (2-3)2 (2-3)Q6: “I believe that AI will take over my job in the future”

.393 (3-4)3 (3-4)3 (3-4)Q7: “I believe AI understands my work sufficiently in order to support
me”

.414 (4-4)4 (4-4)4 (4-4)Q8: “I believe in the added value of AI based decision support at the
ICU”

Domain 3: Physicians’ willingness to incorporate the discharge decision support tool in daily clinical practice

.024 (4-4)4 (4-4)4 (4-4)Q9: “An AI based decision support for ICU readmission could be of
positive value in the decision to discharge a patient”

.034 (4-4)4 (4-5)4 (4-4.25)Q10: “It is important for me to have insight in the contributing factors
to the predicted chance of readmission”

.112 (2-2)2 (2-2)2 (2-2)Q18: “I assume that no readmission risk prediction score could influence
my behavior”

.474 (4-4)4 (4-4)4 (4-4)Q19: “I’m willing to consult the prediction of the decision support tool
before making my decision to discharge a patient”

.114 (4-4)4 (3-4)4 (4-4)Q20: “Taking into account the current workload at my department, I
have time to take in the prediction score provided by the decision support
tool and to take this into account for my decision to discharge a patient”

aP values were calculated with the Mann-Whitney U test.
bICU: intensive care unit.
cAI: artificial intelligence.
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Table 3. Patient groups for which the decision to discharge was perceived as most challenging (one or more options could be chosen).

Respondents, n (%)Patient groups

44 (69)Long admission

44 (69)Currently readmitted

7 (11)Elderly

4 (6)COVID-19

12 (19)Other

Attitudes and Perspectives Toward AI-CDS Tools in
the ICU
The respondents were familiar with the concept of AI (62/64,
97% agreed or strongly agreed with Q4) and the majority agreed
that AI could support them in their work as a physician (55/64,
86% agreed with Q5; Figure 2). Respondents from the
development site (Amsterdam UMC) were more familiar with
the concept of AI (P=.004, Q4) and agreed more with the
statement that AI could support them in their work as a physician
(P=.006, Q5) than the LUMC respondents. The majority did
not believe that AI would take over their job in the future (46/64,

72% disagreed or strongly disagreed with Q6), and the
respondents were indecisive on whether AI understood their
work sufficiently to support them (26/64, 41% agreed or strongly
agreed and 12/64, 19% disagreed or strongly disagreed with
Q7). Nevertheless, 55 of 64 (86%) respondents believed in the
added value of AI-CDS in the ICU (Q8). The more experienced
intensivists agreed significantly less with the statement “I
believe AI could support me in my work as a physician”
(Multimedia Appendix 4). This finding was compatible with
the responses to Q7 and Q8, indicating that the more experienced
respondents were less convinced that AI understood their work
sufficiently and that AI could be of added value at the ICU.

Figure 2. Statements regarding the attitude toward the use of artificial intelligence–based decision support tools in the intensive care unit. Q4: “I am
familiar with the concept of AI”; Q5: “I believe AI could support me in my work as physician”; Q6: “I believe that AI will take over my job in the
future”; Q7: “I believe AI understands my work sufficiently in order to support me”; Q8: “I believe in the added value of AI based decision support at
the ICU.” LUMC: Leiden University Medical Center; UMC: University Medical Center. *P<.05.

Willingness to Incorporate a Discharge AI-CDS Tool
in Daily Clinical Practice
The respondents agreed or strongly agreed that a discharge
AI-CDS tool could be of positive value (59/64, 92%; Q9), and
were willing to take the time to consult the AI-CDS and to take
the prediction of the tool into consideration before discharging
a patient (44/64, 69%; Q20 and 58/64, 91%; Q19; Figure 3).
Furthermore, respondents disagreed or strongly disagreed with

the statement “I assume that no readmission risk prediction
score could influence my behavior” (53/64, 83%, Q18).
Amsterdam UMC respondents agreed more with the statement
“an AI based decision support for ICU readmission could be of
positive value in the decision to discharge a patient” than the
LUMC respondents (P=.02; Q9), but the difference was small.
Q10 emphasizes the need of physicians for prediction tools to
be explainable (57/64, 89% agreed or strongly agreed). This
need was more important for the LUMC physicians (P=.03).
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Figure 3. Statements regarding willingness to incorporate a discharge decision support tool in daily clinical practice. Q9: “An AI based decision support
for ICU readmission could be of positive value in the decision to discharge a patient”; Q10: “It is important for me to have insight in the contributing
factors to the predicted chance of readmission”; Q18: “I assume that no readmission risk prediction score could influence my behavior”; Q19: “I’m
willing to consult the prediction of the decision support tool before making my decision to discharge a patient”; Q20: “Taking into account the current
workload at my department, I have time to take in the prediction score provided by the decision support tool and to take this into account for my decision
to discharge a patient.” LUMC: Leiden University Medical Center; UMC: University Medical Center. *P<.05.

Physicians were asked to indicate the threshold of predicted
readmission and mortality risk (on a scale from 0 to 100) above
which they would not discharge a patient to the ward, and the
threshold below which they would discharge a patient (Figure
4). Results varied widely. The LUMC respondents reported that
a median 40% (IQR 20%-50%) readmission and mortality risk

or higher would cause them to postpone discharge, compared
to a 20% (IQR 10%-30%) risk for the Amsterdam UMC group.
The LUMC group indicated that a median readmission and
mortality risk of 20% (IQR 10%-33%) or lower would be
acceptable to discharge a patient, compared to a 10% (IQR
7.5%-20%) risk for the Amsterdam UMC group.

Figure 4. Predicted readmission and mortality risk that would influence physicians’ behavior in discharging or not discharging an intensive care unit
patient. LUMC: Leiden University Medical Center; UMC: University Medical Center.

Desired Workflow for the Tool and End Users
A total of 40 of 64 (63%) of the ICU physicians preferred that
risk prediction be integrated in EHRs, while 21 of 64 (33%)
preferred a stand-alone dashboard. The moments that the
respondents most often chose for the AI-CDS to be displayed
were during morning handover (24/64, 38%), morning rounds

(21/64, 33%), and grand rounds or bedside multidisciplinary
consultations (28/65, 44%; Table 4). The respondents indicated
that AI-CDS predictions, if they were not continuous, should
be updated before these moments to be of value to the end users.
The tool was indicated to be most relevant for supervisors (ie,
responsible board-certified intensivists; 62/64, 97%), intensive
care fellows (57/64, 89%) and residents (42/64, 66%; Table 5).
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Table 4. Desired moment to display the prediction tool, with approximate times. More than one option could be chosen.

Respondents (N=64), n (%)TimeMoments

24 (38)7:45 AMMorning handover

6 (9)8:30 AMBefore morning rounds

21 (33)8:45 AMMorning rounds

28 (44)11:30 AMGrand rounds or bedside multidisciplinary consul-
tation

17 (27)2 PMMultidisciplinary consultation

6 (9)4:15 PMEvening rounds

8 (13)All dayDaily care

Table 5. End users for whom the tool was deemed to be most relevant. More than one option could be chosen.

Respondents (N=64), n (%)End users

33 (52)Bed coordinators

62 (97)Supervisors, intensive care physicians

57 (89)Intensive care fellows

44 (66)Residents

34 (53)Nurses

Open Comments
At the end of the survey, physicians could leave open comments
and suggestions. Two physicians indicated a need for insights
into what patient factors the predictions were based on to
consider the tool safe and trustworthy. Besides the need for
model explainability, a need for further validation of the tool
before being able to trust it was mentioned. Furthermore, the
combined outcome prediction (ie, readmission or mortality)
was found to be problematic, with one physician expressing
willingness to accept a high risk of readmission, but not
mortality. Another comment was related to the finding that bed
availability was important in the decision to discharge, as
multiple physicians mentioned that they would accept a high
risk of readmission if the decision freed a bed for a
liver-transplant patient, for example.

Discussion

This study assessed the preimplementation of AI-CDS tools
across 4 domains: physicians’current decision-making behavior
regarding ICU discharge, their perspectives on AI, and their
preferences for an AI-CDS tool’s implementation and use in
clinical practice. We found that nearly all ICU physicians were
familiar with AI and had positive expectations, with 55 of 64
(86%) believing that AI could support them in their work as
physicians. Not all physicians found the decision to discharge
a patient complex, yet 59 of 64 (92%) agreed that a discharge
decision support tool could be of value. Physicians at the site
where the AI-CDS tool was developed showed greater
familiarity with AI and had a stronger belief in the supportive
role of AI in general, but also had a stronger belief that an
AI-CDS tool specifically for discharge decision support would
be useful compared to physicians at the nondevelopment site.
Physicians from the nondevelopment site attached more

importance to understanding which factors contributed to the
predictions.

A positive attitude among physicians toward the use of the
AI-CDS tool has also been found in other studies [15,16,18,20].
Interestingly, most respondents in our study believed in the
added value of AI-CDS tools, while only 26 of 64 (41%) agreed
or strongly agreed that AI understood their work sufficiently to
support them. As in previous surveys [18,20], this incongruous
finding could be explained by the fact that these physicians had
not worked with AI-CDS tools when the study was conducted,
and they therefore did not know if these tools were capable of
capturing the complex ICU environment [28]. Lastly, the
literature confirms the effect of bed capacity on physicians’
decision to discharge, which could limit the applicability of the
AI-CDS tool in settings where bed capacity is low [21].

A recent scoping review of guidelines for the development of
AI-CDS tools concluded that more focus on implementation
strategy is needed for effective integration in the clinical setting
[29]. Human-factors research, in the form of qualitative
interviews and questionnaires, may enhance the uptake of
AI-CDS tools, as this approach may improve the system’s
design, training process, and implementation strategies [12,17].
We recommend focusing on the important local and
sociotechnical context of each preimplementation site to meet
the challenge of the “last mile” of implementation
[11,21,22,30,31]. The positive attitudes and willingness to use
AI-CDS tools we observed are positive indicators of the
acceptance of this new technology [32,33], but they also
underpin the idea that expectations should be aligned with the
intended use of the AI-CDS tool to be adopted [17]. Moreover,
it will be of value to repeat our questionnaire after the
implementation of the AI-CDS tool for discharging ICU patients,
as it has previously been observed that physicians showed
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reduced excitement (P<.01) about AI-CDS after implementation
[34].

As illustrated by the differences in familiarity and enthusiasm
toward AI-CDS at the development and nondevelopment sites,
sufficient attention should be paid to training and informing
physicians on the use of the AI-CDS tool in their daily practice
[10]. This training should also encompass the ethics and
responsibilities of using AI-CDS in health care, as the physicians
retain final responsibility for treatment decisions [33]. Lastly,
training will be needed to educate physicians on the
interpretation of the mortality or readmission risk predictions,
as we observed a range of answers regarding the threshold at
which patients would or would not be discharged to lower care
wards (Figure 3). Due to a significant imbalance in the number
of patients that were or were not readmitted or died after
discharge, risk predictions are skewed along the 0% to 100%
scale, being concentrated around an event rate of 5.3% [25];
the respondents were not informed of this. Therefore, attention
should be paid to the interpretation of these calibrated risk
predictions during training, as perceptions clearly differed on
what constituted high and low risks for this outcome.

The implications of this study for the design process of AI-CDS
tools include the need for explainable AI, as most respondents
indicated a need to have insight into the factors contributing to
“black box” predictions. We want to stress that addressing
explainability is not the only factor required for a successful
AI-CDS implementation; rather, the incorporation of domain
expertise, the sociotechnical context, and physicians’
perspectives should be taken into account during the whole
development, design, and implementation process [31,35,36].
We recommend that AI-CDS developers perform user and
human-factor research in an early phase of design and
development to maximize impact and smooth integration into
the current decision-making process [11].

A limitation of the current study was that we only conducted
the survey at 2 academic tertiary referral hospitals in the
Netherlands. This could reduce the generalizability of our
findings; for example, ICU physicians from nonacademic

hospitals may be less familiar with AI. Secondly, the
respondents may have had differences in their understanding
of AI, as we did not provide a clear definition of AI to the end
users in order to keep the questionnaire concise. Another
limitation was that we did not formally assess the validity and
reliability of this questionnaire. However, we did construct the
questionnaire with a broad team of experts and performed a
feasibility study at LUMC before generalizing the questions to
be applicable to Amsterdam UMC. Future research could
develop validated questionnaires for the preimplementation of
AI-CDS tools, and the 4 domains presented here relating to
current decision-making, workflow, and perspectives toward
AI-CDS may serve as a blueprint. The increased workload
caused by the pandemic may have impacted our response rate
(64/93; 69%). However, the different levels of training and
variety of medical specialties of physicians working at ICUs
were represented in our sample of ICU clinicians, and few
differences were observed between experienced ICU physicians
and other respondents (Multimedia Appendix 3). Nevertheless,
a nonresponse bias may have affected our results, as the
clinicians that did fill in the questionnaire could have had a
higher interest in AI-CDS compared to nonrespondents.

To conclude, this survey provides valuable insights into current
decision-making behavior and perspectives on the use of
AI-CDS tools that can be used in the implementation process
and the training of end users. Positive attitudes were reported
toward AI-CDS in general and for an AI-CDS tool for
discharging ICU patients in particular, even though not all the
respondents perceived the decision to discharge a patient to be
complex. Observed differences between the 2 study sites, which
had different levels of involvement in the development of the
AI-CDS tool, show the need for education and training in
departments with little experience with AI-CDS. We recommend
that developers of AI-CDS tools involve their end users early
in the design process and perform preimplementation by means
of surveys to investigate potential acceptance in the local
context, improve the system’s design and clinical workflow
design, and ultimately facilitate clinical uptake.

Acknowledgments
The authors would like to thank Bas Becker, Maurits Dekker, and Aletta de Beer for their contribution to the development of the
questionnaire. For this project, the Leiden University Medical Center and Pacmed authors received funding for their public-private
partnership from Top Sector LSH.

Authors' Contributions
SVDM, AAHDH, GC, PJT, and MSA contributed to concept and design. SVDM, PJT, and MSA contributed to acquisition of
data. SVDM, AAHDH, MSA, GC, IMJK, and EWS contributed to analysis and interpretation of data. SVDM and MSA drafted
the manuscript. SVDM, EWS, AAHDH, IMJK, GC, PJT, and MSA contributed to critical revision of the paper for important
intellectual content and approved the final manuscript. SVDM and MSA contributed to the statistical analysis. MSA, EWS, GC,
and IMJK supervised the project.

Conflicts of Interest
GC was an employee of Pacmed during this study. PJT received royalties from Pacmed for the Amsterdam University Medical
Center during this study. SVDM is an employee of Healthplus.ai and discloses having received funding from The European
Regional Development Fund. The publication of the results was not conditional on approval from Pacmed, Leiden University
Medical Center, or Amsterdam University Medical Center. No other disclosures are reported.

JMIR Hum Factors 2023 | vol. 10 | e39114 | p. 9https://humanfactors.jmir.org/2023/1/e39114
(page number not for citation purposes)

van der Meijden et alJMIR HUMAN FACTORS

XSL•FO
RenderX

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


Multimedia Appendix 1
Rationale per question in the questionnaire.
[DOCX File , 13 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Original questionnaire.
[DOCX File , 448 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Statement questions: intensivists versus other participants.
[DOCX File , 11 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Open answer questions.
[DOCX File , 835 KB-Multimedia Appendix 4]

References

1. Nistal-Nuño B. Developing machine learning models for prediction of mortality in the medical intensive care unit. Comput
Methods Programs Biomed 2022 Apr;216:106663. [doi: 10.1016/j.cmpb.2022.106663] [Medline: 35123348]

2. Wu M, Du X, Gu R, Wei J. Artificial intelligence for clinical decision support in sepsis. Front Med (Lausanne) 2021;8:665464
[FREE Full text] [doi: 10.3389/fmed.2021.665464] [Medline: 34055839]

3. Christodoulou E, Ma J, Collins GS, Steyerberg EW, Verbakel JY, Van Calster B. A systematic review shows no performance
benefit of machine learning over logistic regression for clinical prediction models. J Clin Epidemiol 2019 Jun;110:12-22.
[doi: 10.1016/j.jclinepi.2019.02.004] [Medline: 30763612]

4. Solomonides AE, Koski E, Atabaki SM, Weinberg S, McGreevey JD, Kannry JL, et al. Defining AMIA's artificial intelligence
principles. J Am Med Inform Assoc 2022 Mar 15;29(4):585-591 [FREE Full text] [doi: 10.1093/jamia/ocac006] [Medline:
35190824]

5. Amann J, Blasimme A, Vayena E, Frey D, Madai VI, Precise4Q consortium. Explainability for artificial intelligence in
healthcare: a multidisciplinary perspective. BMC Med Inform Decis Mak 2020 Nov 30;20(1):310 [FREE Full text] [doi:
10.1186/s12911-020-01332-6] [Medline: 33256715]

6. Pirracchio R, Cohen MJ, Malenica I, Cohen J, Chambaz A, Cannesson M, ACTERREA Research Group. Big data and
targeted machine learning in action to assist medical decision in the ICU. Anaesth Crit Care Pain Med 2019
Aug;38(4):377-384. [doi: 10.1016/j.accpm.2018.09.008] [Medline: 30339893]

7. Shillan D, Sterne JAC, Champneys A, Gibbison B. Use of machine learning to analyse routinely collected intensive care
unit data: a systematic review. Crit Care 2019 Aug 22;23(1):284 [FREE Full text] [doi: 10.1186/s13054-019-2564-9]
[Medline: 31439010]

8. van de Sande D, Van Genderen ME, Smit JM, Huiskens J, Visser JJ, Veen RER, et al. Developing, implementing and
governing artificial intelligence in medicine: a step-by-step approach to prevent an artificial intelligence winter. BMJ Health
Care Inform 2022 Feb;29(1):e100495 [FREE Full text] [doi: 10.1136/bmjhci-2021-100495] [Medline: 35185012]

9. Kelly CJ, Karthikesalingam A, Suleyman M, Corrado G, King D. Key challenges for delivering clinical impact with artificial
intelligence. BMC Med 2019 Oct 29;17(1):195 [FREE Full text] [doi: 10.1186/s12916-019-1426-2] [Medline: 31665002]

10. Vasey B, Nagendran M, Campbell B, Clifton DA, Collins GS, Denaxas S, DECIDE-AI expert group. Reporting guideline
for the early-stage clinical evaluation of decision support systems driven by artificial intelligence: DECIDE-AI. Nat Med
2022 May;28(5):924-933. [doi: 10.1038/s41591-022-01772-9] [Medline: 35585198]

11. Yang Q, Steinfield A, Zimmerman J. Unremarkable AI: fitting intelligent decision support into critical, clinical
decision-making processes. In: Proceedings of the 2019 CHI Conference on Human Factors in Computing Systems. 2019
Presented at: CHI Conference on Human Factors in Computing Systems; May 4-9, 2019; Glasgow, UK. [doi:
10.1145/3290605.3300468]

12. Choudhury A, Asan O, Medow JE. Clinicians' perceptions of an artificial intelligence-based blood utilization calculator:
qualitative exploratory study. JMIR Hum Factors 2022 Oct 31;9(4):e38411 [FREE Full text] [doi: 10.2196/38411] [Medline:
36315238]

13. Beede E, Baylor E, Hersch F, Iurchenko A, Wilcox L, Ruamviboonsuk P, et al. A human-centered evaluation of a deep
learning system deployed in clinics for the detection of diabetic retinopathy. In: CHI '20: Proceedings of the 2020 CHI
Conference on Human Factors in Computing Systems. 2020 Presented at: 2020 CHI conference on human factors in
computing systems; Apr 25-30, 2020; Honolulu, HI p. 1-12. [doi: 10.1145/3313831.3376718]

JMIR Hum Factors 2023 | vol. 10 | e39114 | p. 10https://humanfactors.jmir.org/2023/1/e39114
(page number not for citation purposes)

van der Meijden et alJMIR HUMAN FACTORS

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=humanfactors_v10i1e39114_app1.docx&filename=251d4651bf0ca2bb50d84ea9003eb3c1.docx
https://jmir.org/api/download?alt_name=humanfactors_v10i1e39114_app1.docx&filename=251d4651bf0ca2bb50d84ea9003eb3c1.docx
https://jmir.org/api/download?alt_name=humanfactors_v10i1e39114_app2.docx&filename=7b2469f53927236e35ba400fd2b02052.docx
https://jmir.org/api/download?alt_name=humanfactors_v10i1e39114_app2.docx&filename=7b2469f53927236e35ba400fd2b02052.docx
https://jmir.org/api/download?alt_name=humanfactors_v10i1e39114_app3.docx&filename=34db4ced20fde5a3572a0f13ac9c4c98.docx
https://jmir.org/api/download?alt_name=humanfactors_v10i1e39114_app3.docx&filename=34db4ced20fde5a3572a0f13ac9c4c98.docx
https://jmir.org/api/download?alt_name=humanfactors_v10i1e39114_app4.docx&filename=b549417fc5a8d8cf91777d5c0ba96cdd.docx
https://jmir.org/api/download?alt_name=humanfactors_v10i1e39114_app4.docx&filename=b549417fc5a8d8cf91777d5c0ba96cdd.docx
http://dx.doi.org/10.1016/j.cmpb.2022.106663
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35123348&dopt=Abstract
https://europepmc.org/abstract/MED/34055839
http://dx.doi.org/10.3389/fmed.2021.665464
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34055839&dopt=Abstract
http://dx.doi.org/10.1016/j.jclinepi.2019.02.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30763612&dopt=Abstract
https://europepmc.org/abstract/MED/35190824
http://dx.doi.org/10.1093/jamia/ocac006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35190824&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-020-01332-6
http://dx.doi.org/10.1186/s12911-020-01332-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33256715&dopt=Abstract
http://dx.doi.org/10.1016/j.accpm.2018.09.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30339893&dopt=Abstract
https://ccforum.biomedcentral.com/articles/10.1186/s13054-019-2564-9
http://dx.doi.org/10.1186/s13054-019-2564-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31439010&dopt=Abstract
https://informatics.bmj.com/lookup/pmidlookup?view=long&pmid=35185012
http://dx.doi.org/10.1136/bmjhci-2021-100495
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35185012&dopt=Abstract
https://bmcmedicine.biomedcentral.com/articles/10.1186/s12916-019-1426-2
http://dx.doi.org/10.1186/s12916-019-1426-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31665002&dopt=Abstract
http://dx.doi.org/10.1038/s41591-022-01772-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35585198&dopt=Abstract
http://dx.doi.org/10.1145/3290605.3300468
https://humanfactors.jmir.org/2022/4/e38411/
http://dx.doi.org/10.2196/38411
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36315238&dopt=Abstract
http://dx.doi.org/10.1145/3313831.3376718
http://www.w3.org/Style/XSL
http://www.renderx.com/


14. Doraiswamy PM, Blease C, Bodner K. Artificial intelligence and the future of psychiatry: Insights from a global physician
survey. Artif Intell Med 2020 Jan;102:101753. [doi: 10.1016/j.artmed.2019.101753] [Medline: 31980092]

15. Wadhwa V, Alagappan M, Gonzalez A, Gupta K, Brown JRG, Cohen J, et al. Physician sentiment toward artificial
intelligence (AI) in colonoscopic practice: a survey of US gastroenterologists. Endosc Int Open 2020 Oct;8(10):E1379-E1384
[FREE Full text] [doi: 10.1055/a-1223-1926] [Medline: 33015341]

16. Sarwar S, Dent A, Faust K, Richer M, Djuric U, Van Ommeren R, et al. Physician perspectives on integration of artificial
intelligence into diagnostic pathology. NPJ Digit Med 2019;2:28 [FREE Full text] [doi: 10.1038/s41746-019-0106-0]
[Medline: 31304375]

17. Matthiesen S, Diederichsen SZ, Hansen MKH, Villumsen C, Lassen MCH, Jacobsen PK, et al. Clinician preimplementation
perspectives of a decision-support tool for the prediction of cardiac arrhythmia based on machine. JMIR Hum Factors 2021
Nov 26;8(4):e26964 [FREE Full text] [doi: 10.2196/26964] [Medline: 34842528]

18. Oh S, Kim JH, Choi S, Lee HJ, Hong J, Kwon SH. Physician confidence in artificial intelligence: an online mobile survey.
J Med Internet Res 2019 Mar 25;21(3):e12422 [FREE Full text] [doi: 10.2196/12422] [Medline: 30907742]

19. Maassen O, Fritsch S, Palm J, Deffge S, Kunze J, Marx G, et al. Future medical artificial intelligence application requirements
and expectations of physicians in German university hospitals: web-based survey. J Med Internet Res 2021 Mar
05;23(3):e26646 [FREE Full text] [doi: 10.2196/26646] [Medline: 33666563]

20. Scheetz J, Rothschild P, McGuinness M, Hadoux X, Soyer HP, Janda M, et al. A survey of clinicians on the use of artificial
intelligence in ophthalmology, dermatology, radiology and radiation oncology. Sci Rep 2021 Mar 04;11(1):5193 [FREE
Full text] [doi: 10.1038/s41598-021-84698-5] [Medline: 33664367]

21. Kramer AA, Higgins TL, Zimmerman JE. Can this patient be safely discharged from the ICU? Intensive Care Med 2016
Apr;42(4):580-582. [doi: 10.1007/s00134-015-4148-8] [Medline: 26602785]

22. Coiera E. The last mile: where artificial intelligence meets reality. J Med Internet Res 2019 Nov 08;21(11):e16323 [FREE
Full text] [doi: 10.2196/16323] [Medline: 31702559]

23. McCoy A, Das R. Reducing patient mortality, length of stay and readmissions through machine learning-based sepsis
prediction in the emergency department, intensive care unit and hospital floor units. BMJ Open Qual 2017;6(2):e000158
[FREE Full text] [doi: 10.1136/bmjoq-2017-000158] [Medline: 29450295]

24. Pacmed Critical. Pacmed. URL: https://pacmed.ai/product/ [accessed 2022-12-20]
25. Thoral PJ, Fornasa M, de Bruin DP, Tonutti M, Hovenkamp H, Driessen RH, et al. Explainable machine learning on

AmsterdamUMCdb for ICU discharge decision support: uniting intensivists and data scientists. Crit Care Explor 2021
Sep;3(9):e0529 [FREE Full text] [doi: 10.1097/CCE.0000000000000529] [Medline: 34589713]

26. de Vos J, Visser LA, de Beer AA, Fornasa M, Thoral PJ, Elbers PWG, et al. The potential cost-effectiveness of a machine
learning tool that can prevent untimely intensive care unit discharge. Value Health 2022 Mar;25(3):359-367. [doi:
10.1016/j.jval.2021.06.018] [Medline: 35227446]

27. Sullivan GM, Artino AR. Analyzing and interpreting data from Likert-type scales. J Grad Med Educ 2013 Dec;5(4):541-542
[FREE Full text] [doi: 10.4300/JGME-5-4-18] [Medline: 24454995]

28. Lynn LA. Artificial intelligence systems for complex decision-making in acute care medicine: a review. Patient Saf Surg
2019;13:6 [FREE Full text] [doi: 10.1186/s13037-019-0188-2] [Medline: 30733829]

29. de Hond AAH, Leeuwenberg AM, Hooft L, Kant IMJ, Nijman SWJ, van Os HJA, et al. Guidelines and quality criteria for
artificial intelligence-based prediction models in healthcare: a scoping review. NPJ Digit Med 2022 Jan 10;5(1):2 [FREE
Full text] [doi: 10.1038/s41746-021-00549-7] [Medline: 35013569]

30. Benda NC, Das LT, Abramson EL, Blackburn K, Thoman A, Kaushal R, et al. "How did you get to this number?" Stakeholder
needs for implementing predictive analytics: a pre-implementation qualitative study. J Am Med Inform Assoc 2020 May
01;27(5):709-716 [FREE Full text] [doi: 10.1093/jamia/ocaa021] [Medline: 32159774]

31. Sendak MP, Ratliff W, Sarro D, Alderton E, Futoma J, Gao M, et al. Real-world integration of a sepsis deep learning
technology into routine clinical care: implementation study. JMIR Med Inform 2020 Jul 15;8(7):e15182 [FREE Full text]
[doi: 10.2196/15182] [Medline: 32673244]

32. Chew HSJ, Achananuparp P. Perceptions and needs of artificial intelligence in health care to increase adoption: scoping
review. J Med Internet Res 2022 Jan 14;24(1):e32939 [FREE Full text] [doi: 10.2196/32939] [Medline: 35029538]

33. Marangunić N, Granić A. Technology acceptance model: a literature review from 1986 to 2013. Univ Access Inf Soc 2014
Feb 16;14(1):81-95. [doi: 10.1007/s10209-014-0348-1]

34. Romero-Brufau S, Wyatt KD, Boyum P, Mickelson M, Moore M, Cognetta-Rieke C. A lesson in implementation: A pre-post
study of providers' experience with artificial intelligence-based clinical decision support. Int J Med Inform 2020
May;137:104072. [doi: 10.1016/j.ijmedinf.2019.104072] [Medline: 32200295]

35. Kocaballi AB, Ijaz K, Laranjo L, Quiroz JC, Rezazadegan D, Tong HL, et al. Envisioning an artificial intelligence
documentation assistant for future primary care consultations: A co-design study with general practitioners. J Am Med
Inform Assoc 2020 Nov 01;27(11):1695-1704 [FREE Full text] [doi: 10.1093/jamia/ocaa131] [Medline: 32845984]

36. Jacobs M, He J, Pradier M, Lam B, Ahn A, McCoy T, et al. Designing AI for trust and collaboration in time-constrained
medical decisions: a sociotechnical lens. In: Proceedings of the 2021 CHI Conference on Human Factors in Computing

JMIR Hum Factors 2023 | vol. 10 | e39114 | p. 11https://humanfactors.jmir.org/2023/1/e39114
(page number not for citation purposes)

van der Meijden et alJMIR HUMAN FACTORS

XSL•FO
RenderX

http://dx.doi.org/10.1016/j.artmed.2019.101753
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31980092&dopt=Abstract
http://www.thieme-connect.com/DOI/DOI?10.1055/a-1223-1926
http://dx.doi.org/10.1055/a-1223-1926
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33015341&dopt=Abstract
https://doi.org/10.1038/s41746-019-0106-0
http://dx.doi.org/10.1038/s41746-019-0106-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304375&dopt=Abstract
https://humanfactors.jmir.org/2021/4/e26964/
http://dx.doi.org/10.2196/26964
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34842528&dopt=Abstract
https://www.jmir.org/2019/3/e12422/
http://dx.doi.org/10.2196/12422
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30907742&dopt=Abstract
https://www.jmir.org/2021/3/e26646/
http://dx.doi.org/10.2196/26646
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33666563&dopt=Abstract
https://doi.org/10.1038/s41598-021-84698-5
https://doi.org/10.1038/s41598-021-84698-5
http://dx.doi.org/10.1038/s41598-021-84698-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33664367&dopt=Abstract
http://dx.doi.org/10.1007/s00134-015-4148-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26602785&dopt=Abstract
https://www.jmir.org/2019/11/e16323/
https://www.jmir.org/2019/11/e16323/
http://dx.doi.org/10.2196/16323
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31702559&dopt=Abstract
https://bmjopenquality.bmj.com/lookup/pmidlookup?view=long&pmid=29450295
http://dx.doi.org/10.1136/bmjoq-2017-000158
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29450295&dopt=Abstract
https://pacmed.ai/product/
https://europepmc.org/abstract/MED/34589713
http://dx.doi.org/10.1097/CCE.0000000000000529
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34589713&dopt=Abstract
http://dx.doi.org/10.1016/j.jval.2021.06.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35227446&dopt=Abstract
https://europepmc.org/abstract/MED/24454995
http://dx.doi.org/10.4300/JGME-5-4-18
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24454995&dopt=Abstract
https://pssjournal.biomedcentral.com/articles/10.1186/s13037-019-0188-2
http://dx.doi.org/10.1186/s13037-019-0188-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30733829&dopt=Abstract
https://doi.org/10.1038/s41746-021-00549-7
https://doi.org/10.1038/s41746-021-00549-7
http://dx.doi.org/10.1038/s41746-021-00549-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35013569&dopt=Abstract
https://europepmc.org/abstract/MED/32159774
http://dx.doi.org/10.1093/jamia/ocaa021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32159774&dopt=Abstract
https://medinform.jmir.org/2020/7/e15182/
http://dx.doi.org/10.2196/15182
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32673244&dopt=Abstract
https://www.jmir.org/2022/1/e32939/
http://dx.doi.org/10.2196/32939
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35029538&dopt=Abstract
http://dx.doi.org/10.1007/s10209-014-0348-1
http://dx.doi.org/10.1016/j.ijmedinf.2019.104072
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32200295&dopt=Abstract
https://europepmc.org/abstract/MED/32845984
http://dx.doi.org/10.1093/jamia/ocaa131
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32845984&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Systems. 2021 Presented at: CHI '21: CHI Conference on Human Factors in Computing Systems; May 8-13, 2021; Yokohama,
Japan. [doi: 10.1145/3411764.3445385]

Abbreviations
AI: artificial intelligence
AI-CDS: artificial intelligence–based clinical decision support
EHR: electronic health record
ICU: intensive care unit
LUMC: Leiden University Medical Center
UMC: University Medical Center

Edited by A Kushniruk; submitted 29.04.22; peer-reviewed by J Walsh, B Chaudhry, T Andersen, X Wang; comments to author
07.11.22; revised version received 21.11.22; accepted 27.11.22; published 05.01.23

Please cite as:
van der Meijden SL, de Hond AAH, Thoral PJ, Steyerberg EW, Kant IMJ, Cinà G, Arbous MS
Intensive Care Unit Physicians’ Perspectives on Artificial Intelligence–Based Clinical Decision Support Tools: Preimplementation
Survey Study
JMIR Hum Factors 2023;10:e39114
URL: https://humanfactors.jmir.org/2023/1/e39114
doi: 10.2196/39114
PMID: 36602843

©Siri L van der Meijden, Anne A H de Hond, Patrick J Thoral, Ewout W Steyerberg, Ilse M J Kant, Giovanni Cinà, M Sesmu
Arbous. Originally published in JMIR Human Factors (https://humanfactors.jmir.org), 05.01.2023. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR Human
Factors, is properly cited. The complete bibliographic information, a link to the original publication on https://humanfactors.jmir.org,
as well as this copyright and license information must be included.

JMIR Hum Factors 2023 | vol. 10 | e39114 | p. 12https://humanfactors.jmir.org/2023/1/e39114
(page number not for citation purposes)

van der Meijden et alJMIR HUMAN FACTORS

XSL•FO
RenderX

http://dx.doi.org/10.1145/3411764.3445385
https://humanfactors.jmir.org/2023/1/e39114
http://dx.doi.org/10.2196/39114
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36602843&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

