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Abstract

Background: Machine learning (ML)—based clinical decision support systems (CDSS) are popular in clinical practice settings
but are often criticized for being limited in usability, interpretability, and effectiveness. Evaluating the implementation of ML -based
CDSSiscritical to ensure CDSS s acceptable and useful to clinicians and helpsthem deliver high-quality health care. Malnutrition
isacommon and underdiagnosed condition among hospital patients, which can have serious adverse impacts. Early identification
and treatment of malnutrition are important.

Objective: Thisstudy aimsto evaluate the implementation of an ML tool, Malnutrition Universal Screening Tool (MUST)-Plus,
that predicts hospital patients at high risk for malnutrition and identify best implementation practices applicable to this and other
ML-based CDSS.

Methods: We conducted a qualitative postimplementation evaluation using in-depth interviews with registered dietitians (RDs)
who use MUST-Plus output in their everyday work. After coding the data, we mapped emergent themes onto select domains of
the nonadoption, abandonment, scale-up, spread, and sustainability (NASSS) framework.

Results: Weinterviewed 17 of the 24 RDs approached (71%), representing 37% of those who use MUST-Plus output. Several
themes emerged: (1) enhancements to the tool were made to improve accuracy and usability; (2) MUST-Plus helped identify
patients that would not otherwise be seen; perceived usefulness was highest in the original site; (3) perceived accuracy varied by
respondent and site; (4) RDs valued autonomy in prioritizing patients; (5) depth of tool understanding varied by hospital and
level; (6) MUST-Plus was integrated into workflows and electronic health records; and (7) RDs expressed a desire to eventually
have 1 automated screener.

Conclusions:  Our findings suggest that continuous involvement of stakeholders at new sites given staff turnover is vital to
ensure buy-in. Qualitative research can help identify the potential bias of ML tools and should be widely used to ensure health
equity. Ongoing collaboration among CDSS devel opers, data scientists, and clinical providers may help refine CDSS for optimal
use and improve the acceptability of CDSSin the clinical context.
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Introduction

Machinelearning (ML )—based clinical decision support systems
(CDSS) are becoming ever more popular in clinical practice
settings due to their ability to sift through massive amounts of
datarapidly to identify those at greatest risk for an outcome of
interest early when timely intervention may be possible. Despite
the potential to improve patient care, ML-based systems are
often criticized for being limited in usability, interpretability,
and effectiveness [1,2]. Successful integration into clinical
practice requires widespread, forma evaluations. Most
evaluation literature to date focuses on whether ML agorithms
can predict an outcome or predict it better than previous
algorithms. While developing and validating algorithms is a
necessary first step, eval uating the implementation of ML -based
CDSS s critical to ensure that CDSS is acceptable and useful
to clinicians and helps them deliver high-quality health care.
Buy-infor ML-based CDSSisnot universal, and often clinician
input in the development, implementation, and evaluation of
systemsislacking [3,4]. Clinician engagement ismost prevalent
in the early stages of ML-based CDSS design and late stages
of implementation [4]. Understanding implementation successes
and challenges can hel p fine-tuneimplementation methods prior
to scale-up as well as identify unsuccessful systems to
deimplement to preserve resources.

The Mount Sinai Health System, a large urban health system
in New York City (New York, United States), uses several
ML-based CDSS to streamline processes and increase the
efficiency of care delivery. These include systems related to
predicting clinical deterioration, in-hospital mortality, intensive
care unit transfer, risk of falls, and malnutrition [5-9]. Thisstudy
focuses on an evaluation of the malnutrition ML-based CDSS.
Malnutritionisacommon and underdiagnosed condition among
hospital patients that can have serious adverse impacts.
Untreated malnutrition can delay recovery, impair immune and
organ function, and increase hospital length of stay, reedmission,
morbidity and mortality burden, and health care costs [10-17].
For this reason, the Joint Commission requires that all
hospitalized patients be assessed for malnutrition risk [18]. The
Centers for Medicare and Medicaid reimburse chronic care
management for patients with 2 or more chronic conditions
“expected to last at least 12 months or until the patient dies, or
that place the patient at significant risk of death, acute
exacerbation/decompensation, or functional decline” [19].
Therefore, diagnosing malnutrition may also have an impact
on hospital reimbursement.

TheMalnutrition Universal Screening Tool (MUST) isawidely
used 5-step process examining BMI, unintentional weight loss,
and acute disease effect [20,21]. Patients at low risk for
malnutrition are given a score of 0 and receive routine clinical
care, those at medium risk receive ascore of 1 and are observed
but not treated, and those at high risk receive a score of 2 or
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more and are referred for malnutrition treatment. Although
MUST is a well-accepted screening tool, this and other tools
used to screen for malnutrition have been suboptimal, leading
to late or missed opportunities for intervention.

Toimprove early malnutrition diagnosis, Mount Sinai developed
MUST-Plus, an ML -based application that uses electronic health
record data including Epic (electronic medical record) [22],
Cerner (admit discharge transfer) [23], SCC (Lab) [24], and
Muse (electrocardiogram) [25] to predict patients at risk for
malnutrition. MUST-Plus was first tested and refined in our
largest hospital, The Mount Sinai Hospital (MSH), and proved
to be superior (higher sensitivity and specificity) to the
traditionally used MUST screening tool [9]. The tool’s higher
accuracy led to its implementation across the 5 other hospitals
in the Mount Sinai Headth System over a 2-year period
(2018-2020). The MUST-Plus application isintegrated into the
Epic [22] platform (electronic medical record used by Mount
Sinai) and was improved over time at all hospitals and some
hospitals have implemented 2 versions of the tool. The
MUST-Plus application is part of an ML-based CDSS.

MUST-Plusrisk scoresrange from O (lowest risk) to 1 (highest
risk), and each hospital has set its own threshold for prioritizing
patientsfor early assessment by aregistered dietitian (RD). The
threshold isbased on the best performance per hospital, defined
asan optimal combination of high sensitivity and an acceptable
false-positive rate given staffing. The score's interface has a
hover tool that displays the top factors contributing to the
predictive score, which often include BMI, albumin level, age,
height, length of stay, hemoglobin, platelet count, red blood
cell count, and potassium level.

Methods

Overview

To examine the implementation of MUST-Plus and identify
best practices before further dissemination, we used
semistructured qualitative interviews. The open-ended nature
of thisqualitative approach iswell-suited to identify challenges
and solutions and explore clinicians' perspectives and areas for
improvement. Specifically, we sought to identify user
experiences with the tool’s output including facilitators and
barriers to implementation from the perspective of RDs who
use the CDSS daily.

Data Collection

We conducted aqualitative postimplementati on eval uation study
with RDs who used the MUST-Plus CDSS in their everyday
work. The study team approached 24 RDs acrossthe 6 hospitals
using MUST-Plus. All RDs on staff were female. RDs were
purposefully selected to capture variation across staff in different
hospitals, staff who have used different versions of thetool, and
staff at different levels (nutritionist or clinical nutritionist or
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dietitian, senior dietitian, clinical nutrition coordinators, and
advanced coordinator). We did not collect demographic
information such as race and ethnicity or age. To gather
information from other stakeholders, RDswere asked to identify
other clinicians who could provide additional insight into the
implementation of MUST-Plus. Because no other clinicians
reportedly interacted with MUST-Plus, we focused this study
on RDs.

Interviews were scheduled via Zoom (Zoom Video
Communications) at times convenient for RDs and were
recorded with permission. Interviews were conducted over a
2-month period by 3 coauthors (MB, KG, and SP) using a
semistructured guide (see Multimedia Appendix 1) and lasted
approximately 40 minutes. The researchers conducted the first
interview jointly to ensure the questions were understood and
gathered the desired information. The study team met weekly
to discuss progress. We reached saturation [26] at interview 11,
meaning each new interview was yielding very few new
concepts at that point. We continued to interview 6 more RDs
to ensure different hospital swere represented in our sample and
to confirm saturation. Interview recordings were transcribed
using Temi web-based software, verified for accuracy, and
coded and analyzed using NVivo (QSR International).

Anaysts (MB, KG, and SP) independently coded the first
interview and met to discuss the codes and agree on a
preliminary codebook (codes and definitions). Then 1 coder
(SP) coded the second transcript, adding and revising codes as
needed, and discussing any changes in a weekly meeting. The
revised codebook was then applied to the next interview, and
the codebook was updated until it stabilized, which occurred
after 5 transcripts. Then, SP recoded the first transcripts using

Textbox 1. Sample characteristics.

Besculides et al

the fina codebook and the 12 remaining transcripts. Three
analysts coded the same transcript independently using thefinal
codebook to confirm thereliability of the coding. Select domains
from the nonadoption, abandonment, scale-up, spread, and
sustainability (NASSS) framework [27] were used to guide
organization of the themes identified. NASSS is an
evidence-based, theory-informed, pragmatic framework that
was developed to help predict and evaluate the success of
technology-supported health programs [27]. The framework
assumes that it is not individual factors that make or break a
technology but a dynamic interaction between them. The
framework includes 7 domains, each characterized as simple,
complicated, or complex: the condition, the technology, the
value proposition, the adopter system, the organization, the
wider societal and policy context, and interactions and
adaptations over time. Programs characterized as complicated
aredifficult but not impossibleto implement; complex programs
are almost always abandoned. The themes that emerged from
our data covered many but not all of those defined by NASSS.

Ethics Approval

The Program for Protection of Human Subjects of the Icahn
School of Medicine deemed this study exempt from institutional
review board approval (HS# Study-20-02180).

Results

Overview
Textbox 1 illustrates the characteristics of the sample studied.

We describe the themes that emerged from interviews presented
according to applicable NASSS framework domains (Table 1).

Registered dietitians approached (n=24) and registered dietitiansinterviewed (n=17):

o Responserate: 17/24x100=71%

Registered dietitians who use Malnutrition Universal Screening Tool (MUST)—Plus across 6 hospitals (n=46) and registered dietitians who

wereinterviewed (n=17):

e Userinterviewed rate: 17/46x100=37%

Number of hospitals represented by registered dietitiansinterviewed:

. 50f 6

Yearsworked at the hospital by registered dietitians who use MUST-Plus across 6 hospitals:

« Mean4, SD 4; Median 2, range 1-15

Model versions used by registered dietitians:
« Versions1and 2 (n=9)

« Version 2 only (n=8)
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Table 1. Nonadoption, abandonment, scale-up, spread, and sustainability domains and study themes.2
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Domain and questions Simple, complicated, or complex Related themes Key findings and suggested im-
provements
Condition
« Whatisthenatureof the  «  Simple—malnutrition and its effects /AP N/A
condition? arewell characterized in the literature
Organization
. Howreadyistheorganiza .  Simple—hightensionfor change,good .  Workflow «  Changesto workflow were
tion for this technology- innovation-system fit, widespread «  Screening and diagno- minimal and well received
supported change? support sis «  One screening tool preferred
o  What changeswill beneed- «  Complicated—new teamsroutinesor «  Provider communica over multiple
ed in team interactions and care pathways that align readily with tion and trust «  Pathwaysfor provider com-

routines?

What work isinvolvedin =~ «
implementation and who

will do it?

Technology

What are the key features  «
of the technology?

Value proposition

What isthe desirability, ef- «
ficacy, safety, and cost-¢f-
fectiveness (demand-side)?

Adopter system

What changesin staff roles, «
practices, and identities are
implied?

Wider context

What isthe political, eco-  «
nomic, regulatory, profes-
sional, and sociocultural
context for program rollout?

Embedding and adapting over time

How much scopeisthere  «
for adapting and coevolving
the technology and service
over time?

established ones
Complicated—some work needed to
build shared vision, engage staff, enact
new practices, and monitor impact

Simple—MUST-Plusis embedded in
Epic and enhancements have been
made to improve algorithm and inter-
face

Simple and complicated—technology
isdesirable, safe, and more effective
than previously used screeners, but
cost-effectiveness has not yet been
fully studied

Complicated—existing staff must learn
new skills and new staff be appointed

Complicated—professiona stakehold-
ers not yet committed affecting the
ability to modify regulatory require-
ments. If successful, ingtitutions might
patent technology for revenue genera-
tion

The profit, if invested in further im-
provement, might make the tool avail-
ableto all beneficiaries

Simple—strong scope for adapting and
embedding the technology as local
need or context changes

«  Enhancementsin pre-
dictive tool

o Usefulness
» Accuracy and trust

« Understanding
o  Patient communication,
workload, staffing

N/A

o  Dissemination
»  Suggested opportuni-
ties for improvement

munication established and
trust high

«  Improved model accuracy

« Improved interface to make
user friendly and fit work-
flow

«  Improved model accuracy
which improved usefulness

«  Further improvements possi-
ble—wait for missing data,
examineagorithmic biasand
adjust as necessary

«  Continued education needed
as sites are added and staff
turnover

o  Communication un-
changed—nhelps prioritize
who to see

o  Consider staff workload, es-
pecialy asagorithmis
learning

N/A

«  Methods for teaching about
thetool may need to be adjust-
ed

3NASSSisan evidence-based, theory-informed, pragmatic framework that was devel oped to help predict and eval uate the success of technol ogy-supported
health programs [24]. The framework assumes it is not individual factors that make or break a technology, but a dynamic interaction between them.
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The framework includes 7 domains, each characterized as simple, complicated, or complex: the condition, the technology, the value proposition, the
adopter system, the organization, the wider societal and policy context, and interactions and adaptations over time. Programs characterized as complicated
are difficult but not impossible to implement; complex programs are almost always abandoned.

BN/A: not applicable.

NASSS Framewor k Domain: Organization

Theme: Workflow

RDs described their flow of work and where the MUST-Plus
predictive scorefitsinto thisflow (Figure 1). The day typically
begins by checking the predictive scorein Epic [22] along with
the results from other tools (discussed in the screening and
diagnosis section below). Then RDs prioritize how they will
see patients (usually a combination of risk and location) and

review the patient chart for additional information (as
necessary). Next RDs meet with the patient to collect pertinent
nutritional information such as appetite and weight loss and
conduct a physical examination. RDs then document their
findingsin variousflow sheets and provide patient interventions
as needed. Most RDs meet with several patients before
documenting their findings in Epic. Finaly, if the patient
remains in the hospital, the predictive score is run again the
next day, and follow-up visits may ensue.

Figure 1. Malnutrition Universal Screening Tool (MUST)—Plus score within the workflow of registered dietitians in this study.
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score in Epic

Automated profiling by
MUST-Plus app

A

Supress for 3 days

Documentation
in Epic flow

Permanently supress
sheet

-——No.

Pm::rntnze — = Review charts
patients
Conduct nutritional
Malnutrition - assessment, including
physical examination
Yes

Documentation
in malnutrition
assessment tool

Documentation
in registered
dietitian flown ——

Theme: Screening and Diagnosis

RDs mentioned 2 other tools being used in tandem with the
MUST-Plus predictive tool to screen for malnutrition. One
hospital used MUST [20,21] and others used The Malnutrition
Screening Tool [28], both consisting of several questions
completed by aclinician that determine therisk of malnutrition
based on a sum score. Malnutrition was primarily diagnosed
using the nationally recognized ASPEN (American Society for
Parenteral and Enteral Nutrition) criteria[29-31]. GLIM (Global
Leadership Initiative on Malnutrition) criteria [32] were used
during the peak of the COVD-19 pandemic to diagnose patients
because they relied less heavily on direct patient encounter.

Theme: Provider Communication and Trust
The majority of RDsreported that when they found a patient is
mal nourished, they communicated their findings via Epic [22]

https://formative.jmir.org/2023/1/e42262
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Secure Chat with the providers who are responsible for the
official malnutrition diagnosis. A few RDs noted that phone or
in-person communication occurred sometimes, especially for
a patient they were very concerned about. There was a general
sense that clinicians trusted and valued RD assessments and
that relationships between RDs and clinicians were positive. In
afew instances, physicians, particularly older physicians, did
not place high value on nutrition and questioned RD
assessments, but thiswas not common at any hospital. In afew
other cases, younger physicians asked for more information
about RD assessments. RDs saw theseinquiries as opportunities
for education and were not viewed as physicians lacking trust.
Oneareathat required education among physicianswasthe“old
school” belief that someone with low albumin is always
mal nourished when this is not supported in the literature.
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NASSS Framework Domain: Technology (Theme:
Enhancementsin the Predictive Tool)

Staff at all hospitals remembered the tool being tested and
improving in accuracy over time, particularly between the pilot
and go-live date, and between the first and second versions.
MUST-Plus was improved over time based on RDs' feedback.
For example, color coding was added to the Epic interface to
readily identify patients at higher risk. “Yesor No” boxeswere
also added for when RDs close out a patient encounter with
their follow-up comments. Yes or No selections are fed back
into the tool to improve it. To improve workflow, “N/A” was
added for cases RDs do not anticipate being able to gather the
information needed to determine whether the patient met criteria
or cases where malnutrition assessment is not appropriate (ie,
hospice patients). Finally, “requires reassessment” was added
to flag a patient for quick reassessment if the RD was unable
to gather the information needed to determine whether the
patient met the criteria for malnutrition diagnosis.

NASSS Framework Domain: Value Proposition

Theme: Usefulness

All RDs reported that the predictive score was useful in their
work by identifying patients that needed to be seen and
prioritizing their work, but the degree of usefulness varied by
the respondent. RDs at the original site tended to think it was
more useful. Many RDs noted that the score aided in identifying
patients that would not otherwise be seen or would have been
seen with a delay of a few days. One RD noted “...we're
catching these patients that we wouldn’'t necessarily see
until...[day] six.” Another RD stated, “I think it has helped us
catch ahandful of patients who wouldn't normally maybe been
seen high risk.”

The score was seen among many as an objective assessment.
As1RD stated, “ The reason the malnutrition predictive model
is helpful is because it's pulling objective data basing whether
or not they're high risk based on objective criteria that's in the
chart.” Despite an overal belief that the score is valuable, it
was noted repeatedly that the score was not used in isolation to
diagnose malnutrition. It is one of many inputs RDs used
including other screening tools, the patient chart, and their own
assessments.

Theme: Accuracy

Accuracy refers to how often the patients who are flagged by
MUST-Plus as at risk for malnutrition end up being
mal nourished upon RD assessment. RDswere not asked to track
accuracy prior to the interview; thus, information reported is
RD’s perception of accuracy based on their experience. RD
perception is valuable because if perceived accuracy is low,
trust in the score may also be low and scores may be ignored.

https://formative.jmir.org/2023/1/e42262
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Perceived accuracy varied from 50% to 70%. Among RDswho
had experience working with 2 versions of the tool, al noted
that accuracy improved over time and they were grateful for
fewer false alarms as it impacted workload. As 1 RD noted,
“when it first got rolled out, it was not as specific... we were
getting a high score on alot of our patients, but now it's more
specific.” Another RD stated, “1n general, the model is stronger
than when it first started... initially a good portion of the high
[predictive] scores end up being malnourished, as opposed to
when it started.”

RDs noted that human error in data entry was 1 factor that led
to an inaccurate score. They also noted that the score runs at set
timepoints during the day, and for some patients, key data may
not yet be available, which can result in inaccurate scores. Even
when data were present and correct, other factors reportedly
caused the predictive score to be wrong. Inaccuracy was noted
among patients at weight extremes—either very low (often
young adults, elderly, or Asian patients) or very high, as well
as among amputees (because BMI calculations are not
meaningful in this population). Albumin levels, fluid overload,
anemiafrom ableed, and low platelets due to atransplant were
other factors reported by RDs across hospitals to be associated
with false positives. Some RDs spoke of the need for more
autonomy to exercise their professional judgment and override
situations where the tool may be inaccurate instead of seeing
all patients identified as high risk by MUST-Plus. Many RDs
stated that they use the hover tool to check the factors
contributing to the score when they question it, and often this
double-checking enhanced understanding of an unexpected
extreme score.

NASSS Framework Domain: Adopter System

Theme: Understanding

All RDs could articulate a basic understanding of the factors
that may contributeto the predictive score, but some, particularly
those at MSH and clinical nutrition coordinators, seemed to
have a deeper understanding of how the tool worked. All RDs
had knowledge of the interface’s hover tool (although not all
used it) and understood that the factors listed in it were those
that contributed the most to the score. Some thought the factors
were always the same in different orders, but others knew they
changed based on the patient. Whether RDs understood that the
factors listed may just be associated with the score rather than
causally linked is unknown; however, many raised questions
suggesting that knowledge of how the tool works may enhance
understanding of the score. As 1 noted: “I wish | knew exactly
how it worked or how the algorithm captures these patients.”
Textbox 2 illustrates questions RDs had about MUST-Plus,
illustrating the depth of understanding.

JMIR Form Res 2023 | vol. 7 | 42262 | p. 6
(page number not for citation purposes)


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

JMIR FORMATIVE RESEARCH

Besculides et al

Textbox 2. Types of questions registered dietitians asked about the predictive tool.

o  What exactly determines a high score?

«  What exactly changed between versions 1 and 2 of the models other than raising the threshold?
« Dofactorslike albumin, platelets, and hemoglobin al carry the same weight in the model?
«  Could the threshold for platelets and hemoglobin be raised? (patients may be at risk for bleeding but may not be malnourished)

« [after rollout] How does diagnosing the patients with yes or no malnutrition impact the model? Does the model learn from the diagnosis? (ie,
score was high but the diagnosis was not malnutrition, does the model improve?). When does it get incorporated (how quickly)?

« Canweight or weight loss from a previous admission be found or input from Epic to aid in calculating percentage weight 10ss?

Theme: Patient Communication, Workload, and Staffing

RDs reported that communication with patients did not change
with the implementation of the predictive tool and they do not
mention the score when they meet with patients. Most al so noted
that the amount of time they spend with patients was about the
samesinceimplementation. As1 RD noted, “[ The score] isless
defining how long we're spending with the patients and more
defining who we are seeing.”

Most RDs mentioned that the number of patients they saw had
increased since the predictive tool was implemented and that
adequate staffing wasimportant. A few RDs discussed ongoing
staffing shortages amid the pandemic and noted the score added
to the workload on an aready busy day. Some RDs described
cases where workload increased because MUST-Plus
misidentified patients as high-risk, even though upon chart
review, RDs could tell these patients were likely low-risk. As
1 RD noted:

sometimes we're reading through the chart, we're
looking at a patient’s BMI and we don’t think they're
going to be mal nourished. So sometimesthose patients
do have the high score, but their BMI is very high
and we'rereading through the chart and we' re where
we have a low suspicion of malnutrition. So
sometimes, it can add to the workload in a way that
patient is not, probably not very high risk and they
could have waited.

Even though these casesled to additional work, RDsrepeatedly
noted that they accepted these shortcomings and valued the
score overall.

NASSSFramewor k Domain: Embedding and Adapting
Over Time

Theme: Dissemination

As noted previously, the predictive score was tested first at
MSH. At thissite, aworking group composed of data scientists,
RDs, and hospital administrators was formed to guide
implementation. Outside of MSH, most RDs noted that they
learned about the predictive score from supervisors or managers,
showing the score in Epic and teaching its interpretation and
the timing with which follow-up is needed. There was a
difference in depth of tool understanding between the
supervisors or managers who were trained by the data science
team and those who supervisors or managers trained.

https://formative.jmir.org/2023/1/e42262

Theme: Suggested Opportunitiesfor | mprovement

RDs discussed several ways the predictive tool could be
improved. Suggestions involved improving accuracy by
changing the factors such aslow albumin that feed the algorithm
or modifying theweight certain factors play. Many RDswanted
more education about how the tool works. Running the score
only when all laboratory data were present was also suggested
as an improvement. Many RDs noted that a single screening
tool would be preferred to the use of multipletools: “ Right now
it feelslike we have so many screening tools, if there was [the]
ability to kind of streamline it to using just one [it would be
gresat].”

Discussion

Principal Results

This qualitative postimplementation eval uation identified many
themes that may be useful to the expansion of MUST-Plusin
other settings and to the implementation of other ML tools.
Using the NASSS framework to organize our themes helped
reveal that for most domains examined, MUST-Plus was either
simple or complicated, but never complex and this may be
responsible for its implementation success. The MUST-Plus
predictive tool was well received among the RDs who rely on
it in their everyday work. Reported effects on workflow were
positive; the tool provided away to prioritize patients and this
helped shape work for the day. Positive reception of the tool
among staff islikely due to the involvement of RDs in the tool
design, enhancements, and implementation. Although workflow
remained largely uninterrupted, the reported workload did
increase, particularly when the score was less accurate with
version 1 of the tool. Alert fatigue and the importance of
considering the clinical burden of CDSS are well established
intheliterature[33-38]. Our study highlightsthe value of testing
and improving tools over time to reduce false positives and
minimize staff burden and the importance of ensuring adequate
staffing while tools are being implemented.

Importantly, RDs outside of the original hospital and
nonsupervisory staff had more questions about how the tool
worked and were curious to learn more. The importance of
explainability of artificial intelligence (Al) output among
stakeholders is highlighted in the recently published Al
principles set forth by the American Medical Informatics
Association [39]. Although RDs continued to be engaged asthe
MUST-Pluswasrolled out at different hospitalsand excitement
for the tool was high, the depth of tool understanding did not
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always transfer to those trained by supervisors or managers.
Our study findings suggest that ongoing involvement and
training with a broader set of stakeholders at each new siteis
critical in addition to early involvement, especially as staff
turnover. Furthermore, modifying the timing and composition
of stakeholders involved in implementation is also important.
This would require close coordination between RD staff and
the data science team, which could be challenging.

RDs hoped a single streamlined screening tool could be used
in the future instead of relying on many tools. Staff burden is
an important consideration when implementing CDSS and the
ultimate goal should beto replace | ess efficient tool s with more
efficient ones. Decisions about removing overlapping CDSS or
tools can be brought to a team discussion to weigh risks and
benefits.

RDs discussed potential biasin MUST-Plus scores, noting that
scores were less accurate for certain populations such as Asian
people and amputees. Fairness and the absence of bias are
among the principles for the use of Al in health care outlined
by the American Medical Informatics Association [39] as
algorithmic bias is well established in the literature [40-44].
Such bias should be considered when developing ML models
that feed CDSS so existing inequity is not exacerbated. This
highlights the value of qualitative research because RDs
perceived bias may result in not trusting the model’s output,
whether or not true bias exists. Qualitative inquiry during
implementation isthereforeimportant to assess the perceptions
of users. We urge others implementing ML-based CDSS to
consider bias, gather ongoing, qualitative feedback from the
staff who rely on ML tool output, and tweak algorithms as
needed.

Limitations

Our study has somelimitations. I nterviewswere conducted after
CDSS go-live dates; thus, some of the planning and preparation
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processes were not captured or may have been captured in less
detail. The study took place in a single health system, which
may affect the applicability of our findings to other settings.
We did not interview providers about the downstream effects
of the CDSS on their interactions with RDs or malnutrition
diagnosis in their patients. Data scientists who developed the
tool, whileinvolvedin the study as experts, were excluded from
interviews. This decision was driven by the fact that data
scientists' familiarity with CDSS implementation in clinical
practice was limited. We also lacked demographic information
on the RDswe interviewed other than the number of yearsthey
worked at Mount Sinai and factors such as age could affect
perceived tool usefulness. We did, however, select RDs with a
wide range of years of experience at Mount Sinai, which may
be a proxy for age. Finaly, the use of the NASSS framework
helped us organize the themes that emerged from our data and
we found value in this, but our interview guide was not
developed using the framework, and thus not all domains were
covered by our data. Future studies could focus on questions
by domain so data are collected for all areas.

Conclusions

Many important lessons were learned in this evaluation of the
MUST-Plus ML—-based CDSS. Our findings highlight that ML
toolswill not replace clinicians but augment their capabilities,
and therefore active involvement of clinicians in all stages of
ML tool development and implementation is critical. The use
of qualitative methods was integral to identifying the need for
involving a broader set of stakeholders as sites were added,
continuous training as staff turnover, and the potential for
algorithmic bias. Possible solutions need to be developed in
collaboration with clinicians and patients who are affected by
these decisions (eg, provide nutritional intervention). The
success of thiswork provides motivation to others for the need
of evaluation to increase the value of CDSS.
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