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Abstract

Background: Machine learning models have the potential to improve diagnostic accuracy and management of acute conditions.
Despite growing efforts to evaluate and validate such models, little is known about how to best translate and implement these
products as part of routine clinical care.

Objective: This study aims to explore the factors influencing the integration of a machine learning sepsis early warning system
(Sepsis Watch) into clinical workflows.

Methods: We conducted semistructured interviews with 15 frontline emergency department physicians and rapid response team
nurses who participated in the Sepsis Watch quality improvement initiative. Interviews were audio recorded and transcribed. We
used a modified grounded theory approach to identify key themes and analyze qualitative data.

Results: A total of 3 dominant themes emerged: perceived utility and trust, implementation of Sepsis Watch processes, and
workforce considerations. Participants described their unfamiliarity with machine learning models. As a result, clinician trust
was influenced by the perceived accuracy and utility of the model from personal program experience. Implementation of Sepsis
Watch was facilitated by the easy-to-use tablet application and communication strategies that were developed by nurses to share
model outputs with physicians. Barriers included the flow of information among clinicians and gaps in knowledge about the
model itself and broader workflow processes.

Conclusions: This study generated insights into how frontline clinicians perceived machine learning models and the barriers
to integrating them into clinical workflows. These findings can inform future efforts to implement machine learning interventions
in real-world settings and maximize the adoption of these interventions.

(J Med Internet Res 2020;22(11):e22421) doi: 10.2196/22421
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Introduction

Advances in predictive analytics and machine learning offer an
opportunity to improve the diagnosis and management of acute
conditions. A prominent use case for machine learning in health
care is sepsis, a leading cause of death in US hospitals [1], which
accounts for 1.7 million hospitalizations [2] and costs the US
health system US $23 billion annually [3]. Machine learning
algorithms have been shown to outperform traditional screening
scores in early sepsis detection [4]. Despite the rise in competing
models and products for early sepsis detection [5], few machine
learning models have been implemented as part of clinical care
[6-8]. As a result, little evidence exists on the optimal integration
of these sepsis models and other machine learning models into
clinical workflows [9].

Early detection and treatment of sepsis is essential to decrease
patient mortality [10]. Implementing standardized bundles can
help ensure timely and proper sepsis care and has been
associated with reductions in mortality [11-13]. Despite
consensus that sepsis treatment bundles improve patient
outcomes, only 49% of patients in US hospitals receive
appropriate care [14]. The reasons for low compliance include
the lack of a gold standard for sepsis diagnosis and the difficulty
of rapidly mobilizing resources needed to treat individuals
suspected of having sepsis [15,16].

Clinical decision support (CDS) systems may play a role in
improving bundle compliance and delivery of timely treatment.
CDS sepsis early warning systems leverage electronic health
information to continuously stratify patients for the risk of sepsis
and alert clinicians [17-22]. Unfortunately, many sepsis CDS
systems fail to improve outcomes because of poor diagnostic
accuracy and program implementation [23-25]. Eliciting
perspectives directly from clinicians using such models can
identify real-world barriers and facilitators impacting
implementation efforts. Despite a growing body of literature
on both physician perspectives of sepsis CDS implementation
[26-28] and sepsis machine learning algorithms, more research
is needed to understand clinician views on black box machine
learning models that do not explain their predictions in a way
that humans can understand [29,30]. To address this gap in the
literature, this study identifies factors that affect the integration
of a black box sepsis machine learning system into the
workflows of frontline clinicians.

Methods

Setting
This study analyzes the implementation of the Sepsis Watch
program at the Duke University Hospital (DUH). DUH is the
flagship hospital of a multi-hospital academic health system
with approximately 80,000 emergency department (ED) visits
annually. According to our institutional definition for sepsis,
over 20% of adults admitted through the DUH ED develop
sepsis [31], and nearly 68% of sepsis occurs within the first 24
hours of hospital encounter [32].

Program Description
In a previous study, we designed a digital phenotype for sepsis
using clinical data available in real time during the patient’s
hospital encounter. We then developed a deep learning model
to predict a patient’s likelihood of meeting the sepsis phenotype
within the subsequent 4 hours [33,34]. The model analyzed
42,000 inpatient encounters and 32 million data points. Model
inputs included static features (eg, patient demographics,
encounter information, and prehospital comorbidities) and
dynamic features (eg, laboratory values, vital signs, and
medication administrations). The model pulls data from the
electronic health record (EHR) and is updated every hour to
ensure real-time analysis of sepsis risk.

Concurrent with model development, an interdisciplinary team
of clinicians, administrators, and data scientists designed a
workflow to translate outputs from the model into clinical action
(Figure 1). The team created a web application to display all
patients presenting to the ED and their risk of sepsis. In the
application, every patient was classified and presented by the
model as meeting sepsis criteria (black card), high risk of sepsis
(red card), medium risk (orange card), or low risk (yellow card).
Rapid response team (RRT) nurses are the primary users of the
Sepsis Watch application and remotely monitor all patients in
the ED. For patients meeting sepsis criteria or at high risk of
sepsis, an RRT nurse conducts a chart review and calls the ED
attending physician to discuss the patients’ care pathway. If the
attending physician agrees that the patient is likely to have
sepsis, the RRT nurse supports the patient care team to ensure
that sepsis care bundle items are ordered and completed. After
the call, the RRT nurse continues to monitor the completion of
the bundle items and follows up as needed with the ED attending
physician or ED nurse.

Figure 1. Sepsis Watch workflow. ED: emergency department; RRT: rapid response team.
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Before implementation, RRT nurses were extensively trained
in person in the program workflow and application. ED
physicians were informed about the program in faculty meetings
and via email. Both nurses and physicians were educated on
the model’s aggregate performance measures relative to other
methods, and visualizations of individual patient cases were
presented to demonstrate how the model could detect sepsis
hours before the clinical diagnosis [30]. A full description of
the planning and implementation process can be found elsewhere
[32].

Study Design
A team of clinicians and social science researchers cocreated 2
interview guides: one for ED attending physicians and one for
RRT nurses. The guide was designed to walk participants
through each step of the workflow and probe for the associated
barriers and facilitators. Subsequent questions in the interview
guides covered training and dissemination of the new program,
areas for improvement, and perceived utility. The guides were
informed by the situational awareness model, which
differentiates among 3 levels of situational awareness: (1)

perception of relevant information, (2) comprehension of that
information, and (3) anticipation of future events based on that
information [35]. Although we drew from the situational
awareness model to help support a high-level structure, we did
not aim to examine the effect of Sepsis Watch on these levels
or underlying mechanisms given our inductive and exploratory
study approach. The interview guides were piloted among 3
clinicians to inform improvements to specific questions and
overall structure.

ED leaders and RRT leaders invited physicians and RRT nurses
to participate in semistructured interviews. As an operational
project, participation was fully voluntary. From January 2019
to April 2019, we recruited 7 ED physicians (n=7; Table 1) and
8 RRT nurses (n=8; Table 2) to participate in the semistructured
interviews. Although we used a convenience sampling approach
to recruit participants, Tables 1 and 2 demonstrate how
individual participants represent a diverse sample with regard
to demographics, experience, and involvement in the design of
the program. Of the 15 participants, 4 were involved in the
design and development of Sepsis Watch.

Table 1. Characteristics of rapid response team nurse participants.

Was the participant involved in program development?Experience as a nurseExperience as an RRTa nurseParticipant

No4 years7 monthsRRT nurse 1

Yes13 years4 yearsRRT nurse 2

No10 years5 yearsRRT nurse 3

No10 years4 yearsRRT nurse 4

No5 years3 yearsRRT nurse 5

Yes30 years5 yearsRRT nurse 6

Yes4 years3 yearsRRT nurse 7

No10 years4 yearsRRT nurse 8

aRRT: rapid response team.

Table 2. Characteristics of emergency department attending participants.

Was the participant involved in program
development?

Experience as attending physicianExperience as attending physician
at pilot site

Participant

No5 years5 yearsEDa attending 1

No2 years2 yearsED attending 2

No13 years13 yearsED attending 3

Yes5 years5 yearsED attending 4

No16 years8 yearsED attending 5

No9 months9 monthsED attending 6

No3 years6 yearsED attending 7

aED: emergency department.

All interviews were conducted in person and face to face by the
first author. Data collection started 4 months into the
implementation of Sepsis Watch to give participants enough
time to reflect on the initial rollout and describe any changes
in workflow and perceptions. Following a semistructured

interview format, participants were asked the same questions
delineated in the interview guide, with flexibility for follow-up
questions and probes. The interviews averaged 35 min in
duration. Interviews were recorded with the written consent of
the participants and transcribed verbatim. In the qualitative
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analytic process, data collection was terminated when no new
themes or insights emerged (ie, thematic saturation) across both
participant groups [36].

To analyze the transcripts, we followed a modified grounded
theory approach, a widely used and established analytic method
in social science research [37]. Grounded theory provides a
systematic approach to derive and classify themes from
qualitative data, such as interview transcripts. This approach
employs a coding process to organize qualitative data, in which
text is labeled with codes or short phrases that reflect the
meaning of sentences or paragraphs [38]. These codes are then
used to generate higher-level themes that emerge as the major
study findings.

In our study, coding was conducted in 3 phases. In the first
phase, we used line-by-line coding to create tentative open codes
closely grounded in the raw data. In the second phase, focused
coding was employed to create higher-level categories and

subcategories from the open codes. In the third phase, we
selectively defined relationships among various categories. The
final codebook was discussed and reviewed with members of
the research team. Data were analyzed using NVivo Qualitative
Data Analysis Software (version 12, QSR International). We
queried codes to identify the most prevalent themes among the
2 participant groups. This study was approved by the Duke
University Health System Institutional Review Board (Protocol
ID: Pro00093721).

Results

A variety of themes emerged as important factors that shaped
the integration of Sepsis Watch into routine clinical care (Table
3). Factors were grouped into 3 thematic areas: (1) perception
of utility and trust, (2) implementation of Sepsis Watch
processes, and (3) workforce considerations. For each area, we
describe the corresponding subthemes with representative
quotations.

Table 3. Thematic area and corresponding subthemes.

SubthemeThematic area

Perception of utility and trust • Trust and accuracy
• Perception of machine learning
• Context-specific utility

Implementation of the Sepsis Watch program • Tool layout and design
• Value of human communication
• Nurse strategies
• Information flow challenges
• Gaps in knowledge and understanding

Workforce considerations • A new role—Sepsis Watch nurse
• Skills and capabilities required for success

Perception of Utility and Trust
This area focuses on themes related to clinicians’ attitudes
toward the Sepsis Watch program, including trust and accuracy,

broader perceptions about the role of machine learning in clinical
practice, and the settings in which the program was perceived
to be the most useful. Representative quotations are presented
in Table 4.
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Table 4. Representative quotations on perceived utility and trust.

QuoteSubtheme

Trust and accuracy • “Sepsis Watch is very good at predicting patients and identifying patients who are septic and...we’ve had

a lot of patients here that have actually come to our [CICU] unit from the EDa who have popped up on

Sepsis Watch.” [RRTb nurse]
• “Blood cultures seem to weigh very heavily in the algorithm...I can pretty much bet you money that every

single time I order blood cultures on somebody, sixty minutes later I’ll get a phone call from Sepsis Watch
that says they tripped positive...it means I was thinking about infection but I wasn’t worried enough to
pursue the true sepsis bundle.” [ED physician]

• “I had at least two patients who went to the ICU that I never got a Sepsis Watch call for, at all. So, I don’t
know how those got missed...The rest of them, so a lot of the false positives were like...COPD exacerbation
or something like that.” [ED physician]

• “The initiative...just creates a lot more vigilance...I almost feel like I’m very cognizant of sepsis and almost
like, imagining the Sepsis Watch people upstairs like, looking down on me...I’m honestly like, just waiting
for their call. Like, can you imagine like, I was like, oh this must be them. So, in some ways I think that’s
good, that it has fostered vigilance.” [ED physician]

Perception of machine learning • “I think a big part of people not understanding [Sepsis Watch], including actually the ED doc, is if vitals
are stable. We’re not gonna treat because they look stable. I know but we’re trying to catch it before it’s
unstable. And that’s the biggest piece people don’t get...fact that it’s predictive like, hammering that in
will help people see…we’re trying to prevent the decline.” [RRT nurse]

• “Most people don’t know much about [machine learning] and there’s always this idea of like, you can’t
replace me and my training and that I’m standing in front of the patient telling you if they’re septic or not.”
[ED physician]

Context-specific utility • “It’s probably a way more useful tool, not in the ED. In the ED, all we think about all the time is sepsis
cause it’s such a big part of our practice. So, that’s why I think it doesn’t apply well to us, but it would
apply well in other settings where they don’t think about or see or miss the bundle more often.” [ED
physician]

aED: emergency department.
bRRT: rapid response team.

Trust and Accuracy
RRT nurses, the primary users of the Sepsis Watch tool, spoke
positively about the accuracy of the Sepsis Watch model to
detect sepsis. When asked how the Sepsis Watch tool faired
against other CDS tools such as the National Early Warning
Score that they had previously used [23], the RRT nurses
overwhelmingly described the relative advantage of Sepsis
Watch, both in diagnostic accuracy and data visualization.
However, ED physicians described relatively less trust in the
model. They thought certain components of the Sepsis Watch
algorithm were too heavily weighted (eg, blood cultures).
Physicians also noted that Sepsis Watch both missed some
important sepsis cases and had false positives. To build more
trust in the model, several physicians requested feedback on the
success of Sepsis Watch and the specific cases that they missed
but were detected by Sepsis Watch.

RRT nurses generally believed that the Sepsis Watch program
improved sepsis detection and bundle compliance, especially
because the implementation team provided them with data on
the success of the program. ED physicians reported that Sepsis
Watch had increased the vigilance and proactive culture about
sepsis in the ED but were overall less positive than the RRT
nurses. ED physicians described the difficulty in achieving the
perfectly timed intervention in which the ED attending physician
has had time to evaluate the patient but has still not diagnosed
sepsis or completed the bundle items.

Perception of Machine Learning
Both RRT nurses and ED physicians said that they lacked the
knowledge and understanding required to assess the validity of
the machine learning model. Nurses reported feeling
uncomfortable reviewing and assessing high-risk patients with
minimal information and would often wait for more information
to populate the medical record before having the confidence to
call the ED physicians. Physicians also lacked knowledge about
the model and the predictive nature of the model.

When asked about the role of machine learning in health care
more broadly, physicians had varied responses. Some physicians
noted a lack of knowledge, fear of overstepping, and resistance
to change in medicine as potential barriers. Other physicians
saw an opportunity to introduce machine learning to operations
and logistics problems before CDS.

Context-Specific Utility
ED physicians felt that they were not necessarily the appropriate
target adopters for Sepsis Watch. Respondents felt that ED
attending physicians at large academic health centers were
particularly adept at identifying and treating sepsis. Instead,
they perceived Sepsis Watch to be most useful for residents
who were still developing clinical skills, low-resource
community settings, or hospitals with a poor track record for
treating sepsis.
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Implementation of Sepsis Watch Processes
This thematic area focuses on the implementation of the Sepsis
Watch program, including the use of the tool and the interactions
between RRT nurses and ED physicians. Although the nurses

created their own communication strategies to facilitate
interaction, barriers to positive interactions included challenges
in information flow and gaps in understanding and knowledge.
Representative quotations are presented in Table 5.

Table 5. Representative quotations on the implementation of Sepsis Watch processes.

QuoteSubtheme

Layout and design • “It’s just easy to navigate. You start at triage and go through the different tabs. The colors are easy...You quickly glance
at it and you already have an idea of what you’re getting yourself into...If you’re used to navigating an iPhone, it’s

pretty easy to just figure it out.” [RRTa nurse]
• “I start to really go through the patient’s chart and see what they presented to the emergency room for you know, what

was their complaint, what’s their past history, and then I’ll look at their lab values and things like that and vitals and

medications and stuff...The biggest thing I look for is the notes you know that the EDb staff are writing. You know, that
kind of guides a lot.” [RRT nurse]

Value of human com-
munication

• “No matter how good the technology is, if the interface is bad no one’s going to use it and then they’re going to interpret
that as the technology is bad...we use the RRT...like an air traffic controller in an airport that gets all this stuff, consolidates
it and calls it out to the right people, until we figure out a way to do it through the computer interface.” [ED physician]

Nurse strategies • “This is how it goes. ‘Hey, this is [person’s name] from Sepsis Watch. How are you? Good. Okay, I’m calling about Mr
Wallace in A-15. He’s popped up at high risk for sepsis. I see that you know, he came in complaining of a cough. I see
that you’ve already done like, a lactate, antibiotics. Are you thinking sepsis?’ I try to put a piece of information to show
I’ve done a chart review to show that this is not like, a cold call, that I’ve actually looked.” [RRT nurse]

Informational flow
challenges

• “If [the ED physicians] are busy with other patients, sometimes you cannot get communication with them on the first
point of contact, so on your first phone call, they may be running a code in the resuscitation bay...then you have to wait
about like, an hour or two to kind of get in touch with them.” [RRT nurse]

• “It’s an interruption. I mean it’s a random call at a random time that’s completely disruptive to workflow. Every single
call we get is completely disruptive to workflow. And when it’s not giving me any new information, it’s even less
helpful.” [ED physician]

• “It would be hard to escalate to the ED physicians because we don’t work with them, we’re not there, we don’t have
that relationship with them. They don’t know who we are, they don’t really know what we do, so I think for me, then to
be saying I feel like you need to start this patient on antibiotics...that wouldn’t go down too well...If you were like, down,
physically down in the ED with them, I think that would be a different case scenario.” [RRT nurse]

• “Part of the problem is, ED is such a team-based approach that it’s often that you’re so busy that I’m sort of doing my
round around the ED caring for people and the resident’s doing theirs, and the nurses doing theirs that you might not
overlap frequently enough or adequately enough to convey that information to the people that need to know. For me to
have to track them both down to give them that information would be burdensome and that’s what would get in the way
of flow in the ED.” [ED physician]

Gaps in knowledge
and understanding

• “In the beginning it was very difficult making those phone calls because I don’t think that they understood exactly what
Sepsis Watch was. There was a lot of like, ‘who are you, what are you doing, is this is lawsuit type of thing?’ They were
worried...that if they decided not to treat...and then it turned into sepsis, that they were worried about potentially getting
sued for malpractice.” [RRT nurse]

• “At first there was a little bit of unwieldiness with the actual bucket that we could sort the patients into, so in other words,
what does it mean to place them into the [sepsis bundle] protocol, continue to watch them, or to say no, the source is not
septic, they don’t need to be watched any longer. But I think as time’s gone on now, we’re more comfortable with the
different answers that they’re looking for and that Sepsis Watch nurses are more comfortable guiding us to an answer.”
[ED physician]

• “I think there’s some areas for [ED physicians] to learn because a few questions I will get are like ‘why does [Sepsis
Watch] say they’re high-risk because they don’t look septic here.’ Obviously, I don’t know exactly why the app is pop-
ulating them that way, so I think if they understood that we don’t have all the bits of information that are making them
a red card or a black card or yellow or orange...I just have how the computer model populates them into which color and
I’m kind of going from there.” [RRT nurse]

aRRT: rapid response team.
bED: emergency department.

Layout and Design
RRT nurses frequently complimented the Sepsis Watch
application for being easy to use and well designed. They
described the benefits of visually delineating sepsis risk into
colors (eg, red cards as high risk, orange cards as medium risk)

and tracking patients across distinct tabs (eg, patients to be
triaged, screened out for sepsis, and those in the sepsis bundle).
Although RRT nurses use the Sepsis Watch dashboard to
monitor important sepsis signs and symptoms (eg, lactate and
white blood count), the EHR remains a valuable source for
additional information. Some RRT nurses felt more comfortable
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with the patient’s chart and reported aggregating information
presented in both systems.

Value of Human Communication
Both ED physicians and RRT nurses described the benefits of
having RRT nurses as the effector arm of Sepsis Watch,
especially in comparison with the more traditional best practice
alerts (BPAs) through the EHR. Physicians described how BPAs
frequently slow them down and that they are more likely to
ignore the BPAs. In contrast, physicians reported that workflow
interruptions from human interaction cause less alarm fatigue
and get their attention immediately.

Nurse Strategies
To facilitate conversations with physicians, RRT nurses
developed their own communication and workflow strategies.
For example, rather than calling the ED physician for each
patient with sepsis or for a high-risk case, nurses often grouped
multiple patients together by area of the ED to minimize the
number of calls. Similarly, RRT nurses avoided calling ED
physicians before shift changes.

During the phone call itself, some RRT nurses ask “how are
you” or “is this a good time to call” to gauge the physician’s
busyness before they continue the conversation. Other nurses
presented information from their chart review to demonstrate
that they had a working knowledge of the patient’s case. Many
RRT nurses cited the importance of being succinct, direct, and
polite to maximize the chances of a positive interaction.

Informational Flow Challenges
Although most RRT nurses did not face many barriers in
reaching the ED physicians on the phone, some described
challenges. Nurses often described how the busy workflows of
the ED physicians, coupled with the remote monitoring nature
of the RRT, could impede information flow. For example, 1
nurse described challenges in calling physicians amid

resuscitation efforts. Nurses hypothesized that communicating
with ED physicians might be easier in person than via phone.
Furthermore, nurses reported that a lack of working relationships
between the ED physicians and RRT nurses before Sepsis Watch
made it challenging to build rapport and communicate freely.

Physician respondents noted that calls, although brief, were still
interruptions in their busy workflows, which decreased their
receptivity for calls from the RRT nurse. In addition, physicians
felt that targeting calls about sepsis detection and treatment to
the ED attending physicians only required them to disseminate
the information to the entire ED care team, such as residents
and nurses.

Gaps in Knowledge and Understanding
RRT physicians reported that at the start of the program, the
ED physicians were unfamiliar with the purpose of the program,
the role of the RRT nurse, and the flow of the call. This initial
unfamiliarity might have resulted in confusion and
misunderstanding. For example, RRT nurses heard from some
physicians that they feared being increasingly liable and
accountable for proper sepsis treatment with Sepsis Watch
rollout. Over time, collaboration between RRT nurses and ED
physicians improved.

Even though the Sepsis Watch tool does not inherently provide
explanations for risk scores, RRT nurses were sometimes asked
to explain the risk score. This created a mismatch between what
ED physicians and RRT nurses understood about the technology.

Workforce Considerations
This thematic area describes the workforce implications of the
Sepsis Watch program. The program required the creation of a
new professional Sepsis Watch Nurse role to translate the
machine learning algorithm to the patient’s bedside. It is also
important to identify the skills and capabilities needed for nurses
to successfully perform the duties of the new role.
Representative quotations are presented in Table 6.

Table 6. Representative quotations on workforce implications.

QuoteSubtheme

A new role — Sep-
sis Watch nurse

• “It’s been enlightening. You are Sepsis Watch nurse. You are watching sepsis you know, in the EDa and it’s cool you know,

it’s a totally new job title under the RRTb role and a new responsibility and one I welcome. I think it’s really good and I
think having a nurse with good clinical judgement, hopefully, as being that second check.” [RRT nurse]

• “I would rather be looking at this than be walking around the unit doing turns, pulling up, boosting, cleaning, and putting
out fires on the unit. So, this workflow has been nice like, it allows me to step back and use my mind in a different way.”
[RRT nurse]

• “We’re not here to contradict what they’re already doing. If they tell me that they’re not worried about sepsis, I don’t disagree
with them...I don’t try to argue with them. They are the physician. They’re the ones that know the patient. I’m looking at
a computer screen. I don’t actually see the patients themselves.” [RRT nurse]

Skills and capabili-
ties required for
success

• “I think if you have a good clinical background and are familiar with sepsis and you’re kind of familiar with how to treat
sepsis and stuff that you can probably perform sepsis watch. I don’t know that you necessarily have to be an RRT
nurse...Sepsis Watch is so specific, if you’ve got a good gen[eral] med[icine] background, I think you could probably serve
as a good sepsis watch nurse.” [RRT nurse]

• “I think getting people who only want to do it would be helpful. I think you’ll find enough people who would want to do
it I think making it not mandatory for people who don’t want to do it. Recruit some people who do. Management support
and buy in and hey, this is your job, it’s important. And positive feedback as far as results, statistics.” [RRT nurse]

aED: emergency department.
bRRT: rapid response team.
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A New Role: Sepsis Watch Nurse
RRT nurses took pride in their new role of a Sepsis Watch Nurse,
especially given their participation in the program design and
pilot implementation. More specifically, RRT nurses enjoyed
the investigative and diagnostic role of the Sepsis Watch role.
Although RRT nurses are empowered with information through
Sepsis Watch, they recognized the boundaries of their own scope
of practice and the need to continue to respect the professional
autonomy of physicians.

Skills and Capabilities Required for Success
When asked about the skills and knowledge needed to be a good
Sepsis Watch nurse, the RRT nurses mentioned good clinical
judgment, knowledge of sepsis, and critical care experience. If
nurses are unfamiliar with sepsis, they might rely too heavily
on the model without using their own critical thinking skills.
RRT nurses also explained the importance of strong
communication skills to confidently speak with attending
physicians whom they may not personally know. Although the
Sepsis Watch nurse has to interact with a web-based dashboard,
RRT nurses thought that strong computer skills were not
necessary for the role, given the simplicity of the app. RRT
nurses also recommended recruiting nurses interested in the
role and the need to create buy-in through continuous feedback.

Discussion

In our study, we conducted interviews with ED physicians and
RRT nurses to understand the factors affecting the integration
of a machine learning tool into clinical workflows. We found
3 main thematic areas: (1) perception of utility and trust, (2)
implementation of Sepsis Watch processes, and (3) workforce
considerations, with 10 corresponding subthemes. Taken
together, our findings show how RRT nurses can effectively
monitor the outputs of a machine learning model and
communicate their assessment to ED physicians. To our
knowledge, this is the first qualitative research study to
investigate the real-world implementation of a machine learning
sepsis early warning system in practice.

RRT nurses had positive impressions of the layout and design
of the Sepsis Watch tool. This may be partially explained by
the participatory approach with which the Sepsis Watch solution
was built. Clinicians provided frequent input from the design
of the tool to its broader use in clinical workflows. Clinician
preferences were incorporated to optimize the ease of use and
utility for end users [39]. For example, the visual display of the
risk of sepsis was simplified from a continuous risk scalar value
into 3 brightly colored categories of risk (low, medium, and
high) to reduce cognitive burden [26]. Furthermore, the
simplicity of the tool allowed RRT nurses to integrate Sepsis
Watch into their current clinical workflow instead of replacing
workflows. The RRT nurses described how they still used the
EHR and their own clinical judgment skills to contextualize the
model outputs.

We also found that both RRT nurses and ED physicians had
very limited prior exposure to machine learning–based CDS
systems. The lack of machine learning foundational knowledge
and firsthand experience made it more difficult for clinicians

to trust the Sepsis Watch algorithm. For example, clinicians
often felt uncomfortable trusting the Sepsis Watch prediction
when they could not see clear signs and symptoms in their
patients. Some physicians reported the need to know why and
how the model predicted the outcome. Similarly, 2 previous
studies examining predictive alerts for sepsis suggested that the
perceived utility decreased when the model frequently identified
clinically stable patients [27,28]. They also found that false
positives from other nonsepsis etiologies could increase alarm
fatigue. Thus, product developers must consider how limited
model explainability and false positives threaten clinicians’
trust in model outputs, particularly for patients without visible
clinical symptoms. At the same time, the goal should be to
optimize rather than maximize trust, in which clinicians maintain
some skepticism of a tool’s capabilities to prevent overreliance
[40]. For example, we learned that even when physicians did
not trust a model output, they still reported paying closer
attention to a patient’s clinical progression over time or ordering
tests more quickly.

Despite these challenges, we also found that positive experiences
with the tool and human connections improved clinician
acceptance. RRT nurses described that their trust in the model
increased from their personal experiences as the algorithm
successfully predicted patients with sepsis. Physicians suggested
that receiving feedback on patients with sepsis who they had
personally missed diagnosing but who were correctly identified
by Sepsis Watch would build trust in the model. Future
implementation efforts may incorporate feedback loops to
improve clinician adoption of machine learning models. As
machine learning products become more widespread, health
professional schools should incorporate foundational machine
learning courses into their curriculum to build baseline literacy
[41]. Health care organizations should provide training and
educational resources and conferences for their existing clinical
staff [42]. Model developers should develop clear product labels
to help clinicians understand when and how to appropriately
incorporate machine learning model outputs into clinical
decisions [43].

As health systems start to implement black box models as part
of routine care, this study shows the feasibility of leveraging a
small team of nurses to communicate machine learning outputs
to a larger cohort of ED physicians. Previous attempts at sending
automated CDS alerts directly to the treating provider have been
associated with high levels of alert fatigue [23]. In our program,
RRT nurses mitigate alarm fatigue by screening the patients
first, holding the providers more accountable for meeting bundle
requirements, and by adding a human connection to the model
output. Adding a human intermediary has its own challenges,
such as interrupting busy ED workflows and additional delays
with remote monitoring. For example, despite the model’s high
predictive value within the first hour of ED presentation [44],
nurses sometimes waited for more clinical information to
populate in the medical record before calling physicians about
patients flagged as being at high-risk for sepsis. In future
iterations of the program, these human-made delays need to be
anticipated and addressed through training or workflow design
to ensure patient safety.
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Future programs that deploy clinicians as an effector arm for
model outputs must also consider how to best recruit, train, and
deploy their machine learning–ready workforce. We found that
creating a new, specialized role for the program allows nurses
enough time and patient volume to build unique expertise and
effective strategies to communicate with physicians. Recruiting
clinicians with strong interest in the program, familiarity with
sepsis, and strong communication skills is critical.

We were able to use the findings from these interviews to drive
program improvements and to inform the scale. For example,
to improve the user interface of the tool, we allowed for more
space for free text comments from nurses, and we
de-emphasized visual displays of model trend lines for sepsis
risk. To streamline the workflow and reduce the burden on ED
physicians, we no longer required nurses to call ED physicians
if they had already clearly ruled out sepsis or started treatment.
We also identified broader strategies to build trust and
accountability in machine learning tools, such as educating
clinicians on model performance and utility within the local
context, respecting professional discretion, and engaging end
users early and often throughout program design and
implementation [30].

Limitations
This study has several limitations. First, its findings need to be
generalized with caution to other settings or applications that
differ in organizational structure, capacity, and professional
norms and practices. Other settings that also use a participatory
approach to intervention development may result in unique tool
layouts or workflows. Second, the study largely focuses on
workflow integration and does not explore the multi-year
planning and stakeholder engagement process crucial for the
successful launch of Sepsis Watch. Similarly, only frontline
clinicians were interviewed despite the large number of

stakeholders involved in project development and maintenance
(eg, organizational leadership, hospital administrators, data
scientists) or impacted directly by the program (ie, patients;
[45,46]). However, for frontline clinicians, having 2 distinct
respondent groups in the study allowed for triangulation and
strengthening of the analysis. Finally, although we included
clinicians involved in the development of the Sepsis Watch
program in our sample, given their unique expertise and insight,
their participation could have biased the findings to frame Sepsis
Watch more positively. Thus, further studies with a larger
sample size may use survey approaches to quantify factors
influencing the adoption of machine learning CDS tools and
examine variations by clinician characteristics, including
involvement in program development. Such approaches should
consider using well-studied theoretical models for instrument
development, such as the Unified Theory of Acceptance and
Use of Technology [47].

Conclusions
Although previous studies have studied factors affecting the
implementation of CDS tools [48], the use of black box models
in health care settings presents unique challenges and
opportunities related to trust and transparency. Previous studies
exploring the implementation of these models have focused on
surveying clinician perspectives on future rollout [42,49-51].
Unfortunately, these studies do not uncover providers’ real-life
experiences using artificial intelligence tools in current practice.
More research is needed to understand the real-world barriers
and facilitators to the design and implementation of machine
learning products. Understanding how these factors interact in
diverse contexts can inform implementation strategies to ensure
adoption. Although we used our findings to inform program
improvements locally, our learning can help other health
organizations that are planning to integrate machine learning
tools into routine practice.
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