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Abstract Objectives The goal of this work was to provide a review of the implementation of
data science-driven applications focused on structural or outcome-related nurse-
sensitive indicators in the literature in 2021. By conducting this review, we aim to
inform readers of trends in the nursing indicators being addressed, the patient
populations and settings of focus, and lessons and challenges identified during the
implementation of these tools.
Methods We conducted a rigorous descriptive review of the literature to identify
relevant research published in 2021. We extracted data on model development,
implementation-related strategies and measures, lessons learned, and challenges
and stakeholder involvement. We also assessed whether reports of data science
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Background and Significance

Data sciencehas significant potential to influencehealth care
delivery and patient outcomes. Advances in data availability,
computing power, and data science methods continue to
occur. In addition to more traditionally used data, such as
electronic health record (EHR) and health registry data,
nontraditional data and sources are now being incorporated
into data science datasets,1 such as social determinants of
health,2 wearable technology, and the Internet of Things,3

creating even more potential for innovation. Every sector of
health care now has the potential to use data science for
scientific discovery and clinical practice improvement with
hopes that data science can help improve some of the biggest
health problems, such as health disparities,4 opioid use
disorder,5 and poor birth outcomes,6 to name just a few.

Despite theseadvances, thebenefitsofdata sciencehavenot
been as pronounced asmanywould think. Barriers to realizing
the benefits of data science in the health care sector can be
attributed to inadequate reporting, lack of stakeholder in-
volvement, and the need to identify best practices regarding
how new data science applications, such as clinical decision
support (CDS),7 are implemented.8 In a systematic review,
Yang et al9 found that of the hundreds of clinical prediction
models developed using EHR data in the past decade, very few
accompanying publications provided sufficient reporting de-
tail to be reproducible or externally validated. A review by
Schwartz et al10 revealed that less than one-third of CDS
systems reported involvement from clinical experts. Discus-
sion and recommendations for successful implementation of
data science applications are gaining traction11,12 but estab-
lished best practices are still evolving. Lee et al7 conducted a
systematic review of predictive models embedded in EHR
systems and described common implementation challenges
such as alert fatigue and institutional investment in adequate
training. To our knowledge, a review that more broadly

examines the implementation of data science applications in
more recent literature has not been conducted.

Just as data science applications can be found in almost all
areas of health care, data science is also frequently used and
reported in the nursing profession. Nurses are ubiquitous to
health care across all specialties and clinical areas, from
inpatient to community-based, bedside to provider, and
pediatrics to geriatrics. Given that nurses have such varied
roles, the influences of data science on nursing can be
widespread and could have implications regarding how
nurses make decisions, collaborate with other professions,
and provide care to their patients. Therefore, publications at
the intersection of data science and nursing could represent a
breadth and depth of knowledge related to implementing
new data science applications within health care delivery.13

The idea of conducting a “nursing data science year in
review”was conceived by the Center for Nursing Informatics’
Data Science Workgroup14 where we originally sought to
help readers remain abreast of the latest research in which
data science was used to address selected patient and health
care system outcomes. In our earlier reviews, we described
the data sciencemodels in projects that focused onparticular
clinical problems such as patient falls, nosocomial infections,
and pressure injuries.15,16 We noted that the variables
included in most statistical models were similar (i.e., demo-
graphics, diagnoses, laboratories), and themajor data science
models (i.e., supervised machine learning) were also a com-
monality across the spectrum of clinical problems we con-
sidered. What remained unclear to us at the conclusion of
these reviews was the extent to which the data science
models that were developed had been used in actual epi-
sodes of care or incorporated into health information sys-
tems and CDS. Therefore, to address the important issue of
using data science to impact practice, now, in our third year
of performing a literature review, we decided to narrow our
focus to conduct a descriptive review of data science

application implementations currently follow the guidelines of the Developmental and
Exploratory Clinical Investigations of DEcision support systems driven by AI (DECIDE-AI)
framework.
Results Of 4,943 articles found in PubMed (NLM) and CINAHL (EBSCOhost), 11 were
included in the final review and data extraction. Systems leveraging data science were
developed for adult patient populations and were primarily deployed in hospital
settings. The clinical domains targeted included mortality/deterioration, utilization/
resource allocation, and hospital-acquired infections/COVID-19. The composition of
development teams and types of stakeholders involved varied. Research teams more
frequently reported on implementation methods than implementation results. Most
studies provided lessons learned that could help inform future implementations of data
science systems in health care.
Conclusion In 2021, very few studies report on the implementation of data science-
driven applications focused on structural- or outcome-related nurse-sensitive indica-
tors. This gap in the sharing of implementation strategies needs to be addressed in
order for these systems to be successfully adopted in health care settings.
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literature to explore howdata sciencewas being employed to
guide actual practice approaches and to enhance clinical
applications and CDS in health care systems. Rather than
simply identifying nurse-relevant projects and models, we
sought to explore applications that had been implemented in
the year 2021. By focusing on success stories and challenges
of data science utilization in clinical implementations, we
anticipated that readers could benefit from learning which
strategies had been effectively used and that this would
ultimately increase the use of data science, foster better
acceptance of these tools among clinicians, and improve
targeted patient outcomes.

Objectives

The goal of this work was to provide a review of the
implementation of data science applications focused on
structural or outcome-related nurse-sensitive indicators in
the literature in 2021. While data science techniques can
encompass tasks spanning prediction, inference, clustering,
and text generation, among others, we focus our review on
prediction tasks because our clinical experience suggests
that prediction tasks are most likely to be desired during
nursing care. By conducting this review, we aim to inform
readers of trends in the nursing indicators being addressed,
the patient populations and settings of focus, and lessons and
challenges identified during the implementation of these
tools.

Methods

We conducted a rigorous descriptive literature review to find
prediction-focused data science papers that included topics
relevant to care delivery by nurses and that were deployed or
implemented and evaluated in a real-world setting, were
prospectively developed, and are of interest to nurses and
other interdisciplinary health care leaders. Descriptive
reviews have been characterized by utilizing a systematic
approach to identify included literature, focusing on specific
areas of interest (in our case, the literature published in 2021
reporting use of models created using data science in imple-
mented projects); extraction of variables of interest to allow
identification of patterns; a focus on seeking representative
works; and often, some degree of quantification of relevant
study characteristics.17 In our review of implemented proj-
ects, we have elected to emphasize a representative, rather
than exhaustive, approach for inclusion of relevant literature.

Search terms were devised by the study team, which
included a medical research librarian, and focused on four
groups of terms: prediction, data science, implementation,
and nursing-sensitive indicators (see full list in
►Supplementary Appendix 1, available in the online ver-
sion). The search was conducted in PubMed (NLM) and
CINAHL (EBSCOhost) in February 2022 and then again in
April 2022 to capture any missed publications due to delays
in indexing. The search used Boolean logic and was adapted
to the formatting and subject headings of each database.
Filters included English language, humans, and a publication

date of 2021. The publication date limit included all studies
with an online first date of 2021 even if the print publication
date was 2022. The full database search strategies are in
►Supplementary Appendix 1 (available in the online
version).

We developed inclusion and exclusion criteria via group
consensus with the intention of providing a representative
sample of data science publications rather than an exhaus-
tive review of all publications. We included publications that
were either primary studies or systematic reviews/meta-
analyses. Studies were required to use prediction-focused
data science methods, which we defined as supervised
machine learning techniques (e.g., neural networks, tree-
based methods, ensemble methods). The list of Supervised
Learningmethods on Scikit-learn.org was used as a reference
of techniques.18 The data science tool also had to be incor-
porated into a real-world clinical deployment, such as a pilot
or a full-scale implementation to be included. Nursing-rele-
vant outcome terms were based on the nursing-sensitive
indicators mapped out in Heslop et al’s19 concept analysis
with an emphasis on select structural (i.e., work schedule,
nurse staffing ratios) and outcome-related (i.e., pressure
injuries, falls, health care acquired infections, length of
stay, mortality) nurse-sensitive indicators that have the
potential to be used as either predictors or targets of data
science applications.19 Exclusions included retrospective
studies or studies that only used linear models (i.e., regres-
sion) because therewas a desire to focus onmore “black box”
modeling methods that are expected to demonstrate unique
implementation challenges related to interpretability by end
users. Studies that only used basic statistical tests (e.g., t-
tests), evaluated psychometric properties, examined associ-
ation between a variable and the outcome or werewritten as
opinion pieces were also not included.

Abstract and full-text screening was done using Covi-
dence systematic review software.20 A team of 20 research-
ers reviewed abstracts and full texts independently so that
each abstract and full text was reviewed by two researchers
to limit bias. Disagreements between teammember findings
were reviewed and resolved by group consensus during
study team meetings or by the first or senior author until
consensus was met on all exclusions and inclusions. Two
independent reviewers did data extraction for each included
study and if extracted data did not match between two
reviewers, those reviewers discussed their findings until
consensus was reached and then submitted the final data
to be used in the synthesis. We extracted information related
to each study’s model development strategies, implementa-
tion practices, stakeholder involvement and associated pro-
cess, and outcomemeasures. Key lessons learned as reported
by the authors (e.g., human factors, error handling, modifi-
cations of the artificial intelligence (AI) system during im-
plementation) were also summarized. See ►Supplementary

Appendix 2 (available in the online version) for a full sum-
mary of data abstracted.

We also used the themes of the Developmental and
Exploratory Clinical Investigations of DEcision support sys-
tems driven by AI (DECIDE-AI) framework to guide data
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extraction ►Supplementary Appendix 3 (available in the
online version). This framework aims to provide an action-
able checklist of minimal reporting items for early-stage
clinical evaluations of AI systems.21 Since this framework
was just published in April of 2022, research teams who
published in 2021 would not have been aware of this
framework. However, we were curious which, if any, ele-
ments of the checklist were already being reported in the
literature andwhere gaps in reportingmight exist relative to
the framework recommendations. We focused our assess-
ment and extraction on the following implementation check-
list items of the DECIDE-AI framework: Implementation
Methods (e.g., how the AI system provided information to
users, patient involvement), and Implementation Results
(e.g., usability, patient outcomes). We extracted information
for each checklist item. A complete summary of data
extracted was compiled into a supplementary data file in
►Supplementary Appendix 2 (available in the online
version)

Results

Search Results and Screening
Based on our search strategy, we identified 4,943 articles
with 294 duplicates that were removed. Title and abstract
screening based on established eligibility criteria was per-
formed on 4,649 abstracts, resulting in 321 articles that went
through full-text review. A total of 11 articles were included
for data extraction and review. A flowchart of the search and
selection process, alongwith reasons for removal during full-
text review, is presented in ►Fig. 1. A summary of the 11
studies included in data extraction and analysis is provided
in ►Table 1.

Model Development
The machine learning models described incorporated a
variety of data inputs from patients in multiple different
settings, leveraged several distinct algorithm types, and
varied in the composition of stakeholder involvement. AI

Fig. 1 PRISMA flow diagram depicting the flow of information through the different phases of review. PRISMA, Preferred Reporting Items for
Systematic Reviews and Meta-analyses.
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System Development of the predictive models included data
from EHRs and/or administrative databases22–31 as well as
prospectively collected data such as physiological data from
wearables32 and imaging data.24 Vital signs, laboratory val-
ues, diagnoses, and clinical notes were common sources of
input data from the EHR. Other types of input data included
activities of daily living collected from nursing flowsheets30

and nursing assessments.25 Most models leveraged data
from hospitalized adult patients; however, several models
included data from outpatient settings23,24 and even from
the community.31 Algorithms comprised a variety of con-
temporary machine learning algorithms including, but not
limited to, decision tree-based methods, neural networks,
and ensemble methods. While five studies did not report the
expertise of personnel involved inmodel development, other
papers reported clinicians (e.g., nurses, physicians, occupa-
tional therapists, case managers),23,24,27,32 data scientists,26

statisticians,24 informaticians,25 policymakers,26 and un-
specified hospital staff26,32 as being involved in model
development in some capacity. The nursing-relevant out-
comes targeted by the data science systems fell within three
clinical domains: mortality/deterioration,22,24,25,32 health
care utilization/resource allocation,23,26,27,29,30 and hospi-
tal-acquired infections/COVID-19.28,31

Implementation Strategies and Measures
Most studies used a cohort design (n¼10) for the imple-
mentation study while one study used a randomized control
trial design.27 All studies implemented systems designed for
adult patient populations and most studies were conducted
in inpatient hospital settings with the exception of a com-
munity setting,31 clinic,24 and surgical areas.27

Implementation process and outcome measures were
reported in about half of the studies (n¼6). Two studies
reported on the influence of the implementation on patient

care.7,11Wu et al30 reported a 1.6% reduction in readmission
rates and translated that into inpatient bed days of 3,200
annually. Strömblad et al27 reported a mean reduction in
wait time for surgical patients of 33minutes. Two other
studies reported on the incorporation of risk scores into
clinical decision-making. Murphree et al29 reported that 43%
of patients identified as high risk were accepted to the
palliative care service using the model. Han et al24 reported
that physicians changed their prediction in 4 of 37 cases after
being presented with the model prediction and compared
the clinical decision support system (CDSS) versus physician
accuracy, specificity, positive predictive value, and negative
predictive value, and sensitivity (CDSS outperformed physi-
cians on all but the latter measure). Altieri Dunn et al22

reported on monthly compliance rates of their system,
amount of missing data, and the time it takes for nurse users
to enter data features into the system to generate a predic-
tion. Jauk et al25 examined the user acceptance of their
system via both qualitative and quantitative methods. De-
spite an overall positive rating for usefulness and ease of use,
system use during the pilot conducted by Jauk at al25 was
reported as low in that only 28% of users reported using the
application.

Stakeholder Involvement in Implementation
Project team composition varied among studies. Of those
that reported team membership, roles reported included
physicians,23,24,27 nurses,26,27 informatics/information tech-
nology (IT),25,26,29 data scientists, and policymakers.26 Some
studies also used more general terms to describe team
membership such as hospital stakeholders, hospital staff,
or subject matter experts so the roles of some teammembers
could not be specifically identified.23,26,30 In some studies,
there was no explicit report of project team member-
ship.22,28,31,32 Due to the use of general term or omission

Table 1 Overview of included studies of data science applications incorporating nurse-sensitive indicators implemented or
deployed in clinical settings in 2021

Author Location Clinical outcomes Setting

Altieri Dunn et al22 The United States Mortality Single health care system

Bertsimas et al31 The United States 1. Mortality
2. Infection risk
Both for COVID-19

Multiple settings

Fenn et al23 The United States Admission from ED Single health care system

Han et al24 The United States Significant weight loss Radiotherapy clinic

Jauk et al25 Austria Inpatient delirium occurrences Single hospital

Møller et al28 Denmark HA-UTI Single inpatient department

Murphree et al29 The United States Need for palliative care consult Single hospital

Ng and Tan26 Singapore Readmissions All national public hospitals

Strömblad et al27 The United States Surgical case duration Two surgical services

Wu et al32 Taiwan Acute exacerbations of chronic obstructive
pulmonary disease (COPD)

Single hospital

Wu et al30 Singapore Readmission Single hospital

Abbreviations: ED, emergency department; HA-UTI, healthcare-associated urinary tract infection.

Applied Clinical Informatics Vol. 14 No. 3/2023 © 2023. Thieme. All rights reserved.

Data Science Implementation Trends in Nursing Practice Wieben et al. 589

T
hi

s 
do

cu
m

en
t w

as
 d

ow
nl

oa
de

d 
fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 U
na

ut
ho

riz
ed

 d
is

tr
ib

ut
io

n 
is

 s
tr

ic
tly

 p
ro

hi
bi

te
d.



of team membership, it is difficult to ascertain whether the
target users of the systems were included in the implemen-
tation teams. For example, two studies26,27 provided
evidence that nurses were incorporated into the implemen-
tation team either by explicitly reporting on team member-
ship or inferred from manuscript authorship. However,
nurses were reported as being among target users of the
associated decision support systems in four studies.22,23,26,30

Reports of Implementation-Related Lessons Learned
and Challenges
Our team also extracted data concerning lessons learned
specific to model implementation and found the main
themes involved tool accessibility, stakeholder engagement,
and transparent design elements. Altieri Dunn et al22

reported that a benefit of a manual data entry format to
generate their tool’s risk score is that it is accessible to all
external referring health institutions as long as they have an
internet connection. Fenn et al23 reported that operational
users were consulted early in the dashboard design process
and that the teamutilized amodel fact sheet to support users
in their interpretation of the system output; however, they
did not provide data regarding how these strategies influ-
enced the success of the implementation. Murphree et al29

cited the tight integration of clinical, research, informatics,
and IT teams as well as overall project buy-in to ensure
success in translating the model into practice. Ng and Tan26

identified change management, engagement by a multidis-
ciplinary team, process re-engineering, and investment in
workforce skills development to achieve project goals as all
key to implementation success. Jauk et al25 attributed the
display of relevant features as enhancing the interpretability
and understandability of the model output. Similarly, Wu
et al30 identified the visibility of each component of a

readmission risk score and user ability to tailor interventions
based on risk factors as a strength to support the system’s
use.

Authors also reported on implementation-related chal-
lenges related to ease of use of the tool, user knowledge
deficits, and data collection challenges. Altieri Dunn et al22

reported thatmanual data entry to generate a risk score costs
clinician time and relies on user compliance. Han et al24

discussed how lack of physician knowledge of these systems
can impact uptake into decision making but acknowledged
that the study’s small sample size (n¼37) limited their
ability to determine if the system helped improve provider
predictions. Jauk et al25 described a need formore promotion
and training to improve uptake. Wu et al32 described the
implementation challenges of environmental data collected
in the home. Strömblad et al27 described the variability in
implementation success as being dependent upon the aver-
age duration of surgeries in a particular service (a timeframe
metric for their model).

Reporting Alignment with the DECIDE-AI Framework
Themes from the DECIDE-AI checklist were also used to
report the results of the review. As summarized
in ►Table 2, although DECIDE-AI was not yet published,
items on the DECIDE-AI implementation methods checklist
were reported in most studies, including descriptions of the
setting in which AI was evaluated, the clinical workflows/
care pathways, and the timing of use. However, how the final
supported decision was reached, and by whom, was only
completely described in five studies. As summarized
in ►Table 3, reporting of items on the implementation
results checklist was generally less frequent. While nine
studies included descriptions of user exposures to an AI
system, only five studies included descriptions of the

Table 2 Elements of the DECIDE-AI Framework Checklist Items related to implementation methods reported in included studies (a
checkmark indicates that the checklist item was reported and a dash indicates it was not reported)

DECIDE-AI implementation methods checklist items

Setting in which
AI was evaluated

Clinical workflows/
care pathways

Timing
of use

How the final
supported decision
was reached and by whom

Altieri Dunn et al22 By whom but not how

Bertsimas et al31 _ _

Fenn et al23 _

Han et al24

Jauk et al25 _

Møller et al28 _ _

Murphree et al29

Ng and Tan26 _

Strömblad et al27

Wu CT et al32 .

Wu CX et al30

No. of studies reporting item 11 10 10 5

Abbreviation: AI, artificial intelligence.
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significant changes to the clinical workflow or care pathway
caused by the AI system; only four contained data about the
number of instances of AI use; and only two reported users’
adherence to the intended implementation.

Discussion

Summary of Key Findings
In this descriptive literature review, we identified several
trends in the 2021 literature published about the clinical
implementation of data science applications relevant to
nursing. Of the 321 publications screened via full-text re-
view, 11 studies (3.4%) met our search criteria for inclusion.
No report of real-world implementation of the data science
application was by far the most common reason (n¼200)
studies were excluded in this phase. This could be explained
by our strict inclusion criteria, i.e., data science applications
implemented in real-world practice related to nursing-sen-
sitive indicators. However, by focusing this year in review on
systems that were implemented into practice, we identified
that scientific literature concerned with implementation of
data science in real-world health care settings that relate to
nursing-sensitive indicators is lacking. We acknowledge that
the pandemic may have influenced the implementation of
data science applications and/or the ability of teams to invest
time in publication given the need of health systems and
settings to focus resources on COVID care.

Based on the 11 studies reviewed, we identified gaps in
model targets, patient populations of interest, and in the
diversity of setting types where models are implemented.
For example, we did not find any studies about the imple-
mentation of applications to assess risk for pressure ulcers,

falls, or nurse turnover rates, despite these topics being
identified as important safety and nursing quality indicators
nationally.33–35 All studies focused on adult patient popula-
tions, identifying a gap in the reporting of the implementa-
tion of systems into pediatric care settings. Most systems
were deployed in single hospital settings, identifying an
opportunity to report on systems implemented in outpatient
and community settings, an ongoing gap in the use of data
science in clinical practice and population health.36

Nurses were involved as target users in about a quarter of
the studies and as part of the implementation team in just
two studies. This result provides evidence of an active
participation of nurses in the field of prediction data science
projects that were implemented and evaluated in clinical
practice. Perhaps the more frequent inclusion of nursing at
the onset of study planning and data science system devel-
opment could lead to more studies that look at nurse-
sensitive outcomes and may also possibly drive further
adoption of AI by nursing which traditionally tends to lag.37

Studies included in this review described lessons learned
and challenges of implementing data science applications in
clinical practice; however, the content, structure, and level of
detail varied greatly. Therefore, a reporting framework such
as the DECIDE-AI framework would support more consistent
reporting of data science application implementation so that
information can be more easily aggregated and support
establishment of best practices. While a relatively high
proportion of the DECIDE-AI implementationmethod check-
list items were reported in the studies reviewed, authors
were less likely to report the recommended implementation
results. In particular, user adherence to use of the system and
how the system impacts clinical workflows were not

Table 3 Elements of the DECIDE-AI Framework Checklist Items related to implementation results reported in included studies (a
checkmark indicates a checklist item was reported and a dash indicates a checklist item was not reported)

DECIDE-AI implementation results checklist items

User exposure to
AI system

Number of instances
of AI use

Users’ adherence
to intended
implementation

Significant changes
to the clinical workflow
or care pathway caused
by the AI system

Altieri Dunn et al22

Bertsimas et al31 _ _ _ _

Fenn et al23 _ _ _

Han et al24 –

Jauk et al25 _ _

Møller et al28 _ _ _

Murphree et al29 _ _ _

Ng and Tan26 _ _

Strömblad et al27 _

Wu CT et al32 _ _ _

Wu CX et al30 _ _

No. studies reporting item 9 4 2 5

Abbreviation: AI, artificial intelligence.
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reported. This demonstrates an opportunity for future stud-
ies to examine and report on adherence and workflow
impact. Minimizing disruption in workflow has been previ-
ously cited as a key strategy to support clinician uptake of
data science-driven technologies into practice, so measuring
both adherence to use of these tools and workflow impact
should be a focus of future research.11,38

Limitations
Limitations of this review include that our search of the
literature was not exhaustive so reports of implementation
of data science reviews via other reportingmechanisms, such
as conference proceeding, were not captured via our review
strategy. This was an exploratory and descriptive review, not
meant to be systematic, or preliminary to a meta-analysis.
We incorporated rigor in our methods by utilizing two
reviewers and group consensus for each step of the review
process. A quality assessment of included articles was not
performed. When initially planning our inclusion and exclu-
sion criteria, we made a decision to focus on more novel
machine learning methods and excluded more traditional
linear models, such as logistic regression. In retrospect, if we
conduct this type of review again, we would include linear
models in the search for implementation reports because
some of these types ofmodels often have the added benefit of
beingmore interpretable. This is an important consideration
in the implementation of these types of tools into clinical
practice.39

Conclusion

Within the year 2021, few research teams reported on the
implementation of data science applications relevant to
nursing. Although study teams shared lessons learned
such as the importance of the involvement of interdisci-
plinary stakeholders and training for end users, authors
did not provide in-depth descriptions of the training and
implementation strategies used in practice. Therefore,
organizations aiming to implement these tools must do
so without specific guidance. The DECIDE-AI framework
provides teams with a framework of minimal reporting
items that could facilitate both the appraisal and replica-
tion of implementation studies at the intersection of data
science and health care. We challenge nursing governing
bodies, nursing schools, and health care systems to
support nursing informaticists in publication of data
science application implementations to expedite the
integration of these potentially beneficial systems into
clinical care.

Clinical Relevance Statement

Significant advances have been made in the application of
data science methods to clinical phenomena with many
high-performing models. However, for these models to
improve patient outcomes, careful consideration of how
these models are implemented in clinical environments is
warranted. In this year-in-review, we found very few studies

that examined bothmodel performance and implementation
efforts.

Multiple Choice Questions

1. What methods were used to identify the literature in this
review?
a. Natural language processing
b. Deep learning model
c. Descriptive literature review
d. Systematic literature review

Correct Answer: The correct answer is option c. This
review followed a descriptive literature review protocol.
We examined data science methods such as natural
language processing and deep learning, but these meth-
ods were not used to conduct this review. A systematic
review follows a more robust protocol.

2. Which of the following are elements of the DECIDE-AI
Implementation Methods checklist?
a. Number of instances of AI use
b. How the final supported decision was reached and by

whom
c. User exposure to AI system
d. Users’ adherence to intended implementation

Correct Answer: The correct answer is option b.While all
elements above are items on the DECIDE-AI framework
checklist, only option b relates to Implementation Meth-
ods. a, c, and d relate to Implementation Results.
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