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Abstract

Introduction: The rapid evolution of artificial intelligence (Al) technology has
revolutionized healthcare, particularly through the integration of Al into health
information systems. This transformation has significantly impacted the roles of nurses
and nurse practitioners, prompting extensive research to assess the effectiveness of
Al-integrated systems. This scoping review focuses on machine learning (ML) used in
nursing, specifically investigating ML algorithms, model evaluation methods, areas of
focus related to nursing, and the most effective ML algorithms.

Design: The scoping review followed the Preferred Reporting Items for Systematic
Review and Meta-Analysis Extension for Scoping Reviews (PRISMA-ScR) guidelines.
Methods: A structured search was performed across seven databases according to
PRISMA-ScR: PubMed, EMBASE, CINAHL, Web of Science, OVID, PsycINFO, and
ProQuest. The quality of the final reviewed studies was assessed using the Medical
Education Research Study Quality Instrument (MERSQ)I).

Results: Twenty-six articles published between 2019 and 2023 met the inclusion and
exclusion criteria, and 46% of studies were conducted in the US. The average MERSQI
score was 12.2, indicative of moderate- to high-quality studies. The most used ML
algorithm was Random Forest. The four second-most used were logistic regression,
least absolute shrinkage and selection operator, decision tree, and support vector
machine. Most ML models were evaluated by calculating sensitivity (recall)/specificity,
accuracy, receiver operating characteristic (ROC), area under the ROC (AUROC), and
positive/negative prediction value (precision). Half of the studies focused on nursing
staff or students and hospital readmission or emergency department visits. Only 11
articles reported the most effective ML algorithm(s).

Conclusion: The scopingreview provides insights into the current status of ML research
in nursing and recognition of its significance in nursing research, confirming the
benefits of ML in healthcare. Recommendations include incorporating experimental
designs in research studies to optimize the use of ML models across various nursing
domains.

Clinical Relevance: The scoping review demonstrates substantial clinical relevance of

ML applications for nurses, nurse practitioners, administrators, and researchers. The
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INTRODUCTION

The rapid advancement of artificial intelligence (Al) technology has
led to the development of sophisticated information systems, partic-
ularly within the healthcare field. The recent influx of Al-integrated
health information systems is transforming the roles of nurses and
nurse practitioners (NPs) and the landscape of nursing research and
practice. Many advanced systems, having undergone development,
evaluation, and subsequent implementation, are currently utilized
across healthcare institutions. Furthermore, extensive research
has been conducted regarding the impacts and efficacy of these
Al-integrated systems both in the US and globally (Clancy, 2020;
Pailaha, 2023; Schneidereith & Thibault, 2023; Van Bulck et al., 2023).

Al is a branch of computer science that studies and develops sys-
tems that can perform or simulate tasks that typically require human
intelligence such as learning, problem-solving, and decision-making.
Al employs various algorithms, from basic rule-based to more com-
plex examples, that can “learn” from experience to improve their
performance over time (Shi et al., 2023). Specific Al fields include
robotics, machine learning (ML), deep learning, natural language
processing, computer vision, voice recognition, and knowledge rep-
resentation (Guo et al., 2020). In healthcare, ML and deep learning
have been used to predict disease, aid in drug discovery, respond to
disease outbreaks, and personalize healthcare. Natural language pro-
cessing has been used to automate content analysis, develop clinical
terminology, and confirm diagnosis (Schneidereith & Thibault, 2023).
Advances in robotics have had remarkable clinical impact such as as-
sisting coronary artery bypass grafting, aiding patients to walk up-
stairs, and trainable humanoids (Clancy, 2020; Van Bulck et al., 2023).

In the field of Al, ML in particular has shown great potential
to improve health outcomes, reduce healthcare costs, and ad-
vance clinical research. Researchers in healthcare have used ML
algorithms to identify important risk factors in patient falls and
to predict depression levels in the elderly population. The mas-
sive amount of available healthcare data makes it possible to inte-
grate ML algorithms into healthcare systems and medical devices
(Bharadwaj et al., 2021). Various ML-integrated systems have been
developed to aid clinicians in providing quality care and managing
acute conditions.

Despite the exponential development of ML-integrated sys-
tems, clinicians including nurses and NPs, often express discomfort
about their use due to lack of transparency of ML models (e.g., to
predict or identify risk factor models) and unfamiliarity with val-
idation processes (Khan et al., 2023). There is an urgent need for

integration of ML into healthcare systems and its impact on nursing practices have

important implications for patient care, resource management, and the evolution of

artificial intelligence, machine learning, machine learning algorithms, performance validation,

a comprehensive examination of ML and its application in nursing.
This scoping review was conducted to synthesize and describe ML
algorithms and methods of assessing performance and to present

the most effective algorithms for potential utilization in nursing.

OBJECTIVES

This scoping review aims to answer the following research ques-
tions: (1) What algorithms were used to develop ML models? (2)
What methods were used to evaluate model performance? (3) What
areas of nursing were focused on using ML models? and (4) What

algorithms were the most effective in nursing?

DESIGN

This scoping review was conducted by three investigators follow-
ing the guidance of the Preferred Reporting Items for Systematic
Review and Meta-Analysis Extension for Scoping Reviews (PRISMA-
ScR) (Tricco et al., 2018). The quality of studies was evaluated by
the Medical Education Research Study Quality Instrument (MERSQI)
(Reed et al., 2007).

MATERIALS AND METHODS
Inclusion and exclusion

Nursing studies use ML algorithms to develop prediction models
or models that can identify risk factors to improve nursing out-
comes. Inclusion criteria were studies that (1) used specific ML
algorithms; (2) evaluated ML model performance; (3) focused on
areas of nursing to which ML models applied; and (4) were con-
ducted by nursing scholars. Exclusion criteria were studies that
(1) did not use ML algorithms; (2) did not evaluate ML model per-
formance; (3) did not focus on areas of nursing; or (4) were not
conducted by nursing scholars.

Search strategy

Seven databases (PubMed, EMBASE, CINAHL, Web of Science,
QVID, PsycINFO, and ProQuest) were searched by title and abstract
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for articles published between January 2019 and December 2023.

»

Keywords were “machine learning,” “nurse,” and “nurse practitioner.”
Although there are terms commonly associated with the domain of
“machine learning,” such as “deep learning” or “artificial intelligence,”
we opted for “machine learning” because of its precise definition
and alignment with our research objectives. For instance, “deep
learning” is a subset of ML (Jakhar & Kaur, 2020), whereas “artificial
intelligence” encompasses the behavior of machines imitating
human behavior (Mesko & Gorog, 2020; Simmons & Chappell, 1988),
thereby providing a broader perspective within the scope of ML.
The following limits were applied: (1) full text available; (2) English
language; (3) human studies; and (4) no literature reviews, opinions,
editorials, or books. Table S1 shows search queries in each database.

SCHOLARSHIP

Selection process

A total of 191 articles were extracted from seven databases. Duplicate
articles (n=7) and those that did not use algorithms, develop ML mod-
els, or evaluate model performance (n=125) were excluded based on
review of the title and abstract, resulting in 59 potentially eligible ar-
ticles. Three reviewers performed a full text review of the 59 articles
and removed 33 after screening against inclusion and exclusion crite-
ria. The same reviewers appraised the final 26 full-text articles for their
quality and knowledge synthesis. The first author, a doctoral trained
nurse researcher, verified the eligibility of all full-text articles. Any disa-
greements were discussed between the reviewers and were resolved
through consensus meetings. The detailed process of identifying stud-
ies is depicted in the PRISMA-ScR flow diagram (Figure 1).

FIGURE 1 PRISMA flow diagram for study selection.
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Quality assessment

Three reviewers independently evaluated the final 26 studies using
the MERSQI criteria, which was developed to evaluate the quality
of medical education research and has also been used in other areas
of healthcare research due to its comprehensive evaluation of study
quality (Cook & Reed, 2015; Ryan et al., 2022). The instrument in-
cludes six domains: (1) study design; (2) sampling; (3) types of data; (4)
validity of evaluation instrument; (5) data analysis; and (6) outcomes.
Each domain carries a minimum score of 1 and maximum score of 3
except for the sampling domain, which carries a minimum score of
0.5. The range of the total score is from 5 to 18. Its intra-rater reliabil-
ity falls between 0.78 and 0.998. Inter-rater reliability of the MERSQI
for overall scores ranges from 0.68 to 0.95 (Cook & Reed, 2015; Smith
& Learman, 2017). To assess the inter-rater reliability of reviewers,
the Fleiss' kappa value was measured (Belur et al., 2021). Reviewer
disagreements were resolved until a consensus was reached.

Data extraction and synthesis

Three reviewers extracted data independently using a standard form
containing: (1) author/year/country; (2) study design; (3) datasets
(characteristics and total number); (4) study purpose; (5) algorithms/
performance reported/software tool; (6) findings; and (7) MERSQI
scores. The extracted data were summarized and categorized based
on: (1) ML algorithm (e.g., random forest, neural network); (2) meth-
ods used to evaluate ML model performance (e.g., receiver operat-
ing characteristic [ROC], sensitivity, recall); (3) areas of nursing (e.g.,
patient falls or urinary tract infection); and (4) most effective ML
algorithms.

Datasets were extracted instead of sample sizes because ML
studies use datasets based on clinical record rather than traditional
study population. Meta-analysis was not possible due to different
measures such as ML model performance versus ML models as ap-
plied to various areas of nursing.

RESULTS

Twenty-six articles published between January 2019 and December
2023 were included in the final review. Table S2 shows a detailed
outline of each study with MERSQI scores. Twelve studies (46.1%)
were conducted in the US (Hannaford et al., 2021; Hobensack
etal,, 2022; Huang et al., 2021; Lindberg et al., 2020; Lo et al., 2019;
Parketal.,2020;Songetal.,2021;Songetal.,2022; Topazetal.,2020;
Womack et al., 2020; Yang et al., 2021; Zachariah et al., 2020). Four
(15.3%) were conducted in China (Hu et al., 2021; Jin et al., 2022; Su
etal.,2021;Yanetal.,2023), two (7.7%) in Canada (Havaeietal., 2021;
Havaei et al., 2022), one in Australia (Conway et al., 2021), one in
Japan (Nakagami et al., 2021), one in South Korea (Kim et al., 2023),
one in Taiwan (Hsu et al., 2021), and one in Switzerland (Pouzols
et al., 2023). Three studies were conducted by the US and Canada

(Kwon et al., 2019), US and Saudi Arabia (Yakusheva et al., 2022), and
Asia-Pacific countries (Dong et al., 2022). Study designs varied and
no experimental studies were found. Datasets ranged from 102 to
727,676 including patients' clinical records, surveys of people in the
community, home visit notes, nursing staff activities, and nursing
students' academic records.

Study quality

Among the 26 studies reviewed, five scored below 12 and 21
scored 12 and above. The average MERSQI score was 12.2, ranging
from 10.7 to 13.7, inferring a moderate- to high-quality study. Two
studies scored 13.7: “predicting pressure injury based on nursing
assessments” (Song et al., 2021); and “investigating psychological dif-
ferences of nurses in Asia-Pacific countries based on survey” (Dong
et al., 2022). The lowest scored study (10.7) was “predicting the level
of different depression with survey datasets” (Su etal., 2021). MERSQI
scores 212 indicate quality research (Smith & Learman, 2017). The
five studies that scored <12 used datasets from one institution or
didn't report instruments (e.g., software tools for data analysis), so
“validity of evaluation instrument” was not scored. Average domain
scores were highest (3.0) for the ‘type of data’ and ‘data analysis’ do-
mains and were lowest (0.7) for the ‘sampling’ domain of MERSQI.
There was good agreement between reviewers, with a Fleiss' kappa
value of 0.42 and a 95% confidence interval (Cl) between 0.30 and
0.54. Fleiss' kappa coefficient was statistically significant (p <0.001).

ML algorithms

ML algorithms examined were random forest (RF), logistic regres-
sion (LR), least absolute shrinkage and selection operator (LASSO),
extreme gradient boosting (XGBoost), decision tree (DT), support
vector machine (SVM), Naive Bayes, neural networks (NN), Bayesian
network, linear discriminant analysis (LDA), long short-term mem-
ory (LSTM)-neural network, and others. Twenty-four (92.3%) stud-
ies used RF, 13 (50%) used LR or LR with LASSO regularization, 11
(42.3%) used DT or its variation (e.g., extra DT, J48, random tree), and
11 (42.3%) used SVM. Further, we investigated software tools used in
the studies, which included R package, Python, and Weka. Ten stud-
ies (38.4%) used R package, seven (26.9%) used Python, and three
(11.5%) used Weka. Two studies (7.7%) used Konstanz Information
Miner (KNIME), an open-source analytics platform (https://www.
knime.com/) and four (15.3%) did not report their software tool.
Table 1 summarizes types of ML algorithms and Table S3 summarizes
software tools used.

Evaluating performance

To evaluate developed ML models the following were calculated:
Sensitivity (recall)/specificity (true/false positive rate); accuracy;
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TABLE 1 Machine Learning algorithms used in studies (N=26).
Machine Articles n

Random forest

Logistic Regression (LR), LR with Least
Absolute Shrinkage and Selection Operator
(LASSO) regularization

Decision Tree, Extra Decision Tree, J48,
C5.0, Random Tree, Reduced Error Pruning
Tree, Gradient boosted Decision Tree,
Classification tree

Support Vector Machine (SVM), Linear
SVM

Shrinkage and Selection Operator (LASSO)

Extreme Gradient Boosting (XGBoost),
Gradient boost, Adaptive boosting,

Ridge regression XGBoost, Light gradient
boosting Machine (GBM)

Neural Network, K-nearest Neural
Network, Recurrent Neural Network, Deep
Neural Network

Naive Bayes, Baysesian Network

Linear Discriminant Analysis (LDA)

Long Short Term Memory (LSTM) Neural

Lo et al. (2019), Kwon et al. (2019), Womack et al. (2020), Topaz et al. (2020),
Lindberg et al. (2020), Hsu et al. (2021), Havaei et al. (2021 & 2022), Conway

et al. (2021), Hannaford et al. (2021), Hu et al. (2021), Yakusheva et al. (2022), Yang
et al. (2021), Song et al. (2021 & 2022), Nakagami et al. (2021), Su et al. (2021),
Huang et al. (2021), Hobensack et al. (2022), Dong et al. (2022), Jin et al. (2022), Kim
et al. (2023), Yan et al. (2023), Pouzols et al. (2023)

Kwon et al. (2019), Womack et al. (2020), Park et al. (2020), Conway et al. (2021),
Hu et al. (2021), Yang et al. (2021), Song et al. (2021, 2022), Nakagami et al. (2021),
Huang et al. (2021), Jin et al. (2022), Kim et al. (2023), Yan et al. (2023)

Topaz et al. (2020), Lindberg et al. (2020), Park et al. (2020), Zachariah et al. (2020),
Hsu et al. (2021), Hannaford et al. (2021), Su et al. (2021), Hobensack et al. (2022),
Jin et al. (2022), Kim et al. (2023), Yan et al. (2023)

Womack et al. (2020), Park et al. (2020), Hsu et al. (2021), Hannaford et al. (2021),
Song et al. (2021, 2022), Nakagami et al. (2021), Su et al. (2021), Hobensack
et al. (2022), Jin et al. (2022), Yan et al. (2023)

Kwon et al. (2019), Womack et al. (2020), Lindberg et al. (2020), Conway
et al. (2021), Song et al. (2021, 2022), Hobensack et al. (2022), Yan et al. (2023)

Kwon et al. (2019), Conway et al. (2021), Hannaford et al. (2021), Hu et al. (2021),
Nakagami et al. (2021), Huang et al. (2021), Hobensack et al. (2022), Dong
et al. (2022)

Zachariah et al. (2020), Hsu et al. (2021), Hannaford et al. (2021), Song et al. (2021),
Su et al. (2021), Hobensack et al. (2022), Yan et al. (2023)

Topaz et al. (2020), Hsu et al. (2021), Hannaford et al. (2021), Hu et al. (2021), Song
et al. (2022)

Jin et al. (2022)
Pouzols et al. (2023)

24 (92.3%)

13 (50.0%)

11 (42.3%)

11 (42.3%)

8(30.7%)

8(30.7%)

7(26.9%)

5(19.2%)

1(3.8%)
1(3.8%)

Network

receiver operating characteristic (ROC); F-score (F1); positive/nega-
tive prediction value (precision); area under the ROC (AUROC); and
others (e.g., Root mean square error [RMSE], Kappa, Brier Score).
Twenty studies (77%) reported AUROC, nineteen studies (73.1%) re-
ported sensitivity (recall)/specificity values (true/false-positive rate),
thirteen (50.0%) reported accuracy, ten reported positive/negative
prediction value (precision), seven (26.9%) reported F-scores, and six
(23.0%) reported ROC. One study used Kappa to evaluate the pre-
dictive accuracy of their ML models, and one study used confirma-
tory factor analysis to calculate the predictive power of identified
factors. Table 2 summarizes the evaluation methods used to meas-
ure ML model performance.

Areas of nursing

Focal areas of nursing were patient falls, hospital admissions, infec-
tions, nursing staff and students, mental health, pressure injuries,
pain, apnea, and others (e.g., capturing concerns, deep vein throm-
bosis). Six studies (23.0%) focused on nursing staff workload, men-
tal health, or student graduating rates, and five (19.2%) focused on
hospital readmission, emergency department visits, or length of stay
(Table 3).

Effective algorithms

Eleven (42.3%) studies reported the most effective ML algorithms
identified in their studies. They were RF, DT, SVM, LSTM, and
XGBoost (Table 4).

DISCUSSION

This scoping review extracted and summarized 26 studies that used
algorithms to build ML models for various nursing domains. The US ap-
pears to be dominant in ML research in nursing. Readily available large
datasets in home health care, such as the Outcome and Assessment
Information Set (OASIS) (https://www.cms.gov/) and electronic health
records (EHR) systems, which are operational in 96% of acute hospi-
tals (Health IT, 2023) in the US may be a plausible reason. For example,
four studies (Hobensack et al., 2022; Lo et al., 2019; Song et al., 2022;
Topaz et al., 2020) used home health care datasets and five (Huang
et al., 2021; Lindberg et al., 2020; Park et al., 2020; Song et al., 2021;
Zachariah et al., 2020) used electronic health records datasets.
MERSQI showed an average score of 12.2 (range: 10.7-13.7),
implying moderate- to high-quality studies in the final review. Two
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TABLE 2 Performance evaluation methods used in studies (N=26).
Machine Articles n
Area Under the Curve (AUC) Lo et al. (2019), Womack et al. (2020), Topaz et al. (2020), Zachariah et al. (2020), Hsu 20 (77%)

Area Under the Receiver Operating
Characteristic (AUROC) or
ROC-AUC

Sensitivity (Recall) & Specificity,
True/False Positive Rate

Accuracy
Balanced accuracy
Precision accuracy

Positive/Negative Prediction Value
(Rate), Precision, Average precision

F-score (F1)

Receiver Operating Characteristic
(ROC)

Root Mean Square Error (RMSE)
Brier Score

Precision-Recall Area under the
Curve/Precision-Recall Curve

Kappa
False negatives
Prospective Prediction Results

Confirmatory factor analysis

et al. (2021), Hannaford et al. (2021), Su et al. (2021), Hobensack et al. (2022), Jin

et al. (2022), Kim et al. (2023), Pouzols et al. (2023), Lindberg et al. (2020), Park et al. (2020),
Conway et al. (2021), Yakusheva et al. (2022), Yang et al. (2021), Song et al. (2021),
Nakagami et al. (2021), Huang et al. (2021), Dong et al. (2022)

Pouzols et al. (2023), Lindberg et al. (2020), Park et al. (2020), Conway et al. (2021),
Hannaford et al. (2021), Hu et al. (2021), Yakusheva et al. (2022), Yang et al. (2021),
Song et al. (2021 & 2022), Nakagami et al. (2021), Su et al. (2021), Jin et al. (2022), Yan
et al. (2023), Topaz et al. (2020), Hsu et al. (2021), Kim et al. (2023), Lo et al. (2019),
Zachariah et al. (2020)

19 (73.1%)

TABLE 3 Areas of nursing in studied (N=26).

Nursing care

Nursing Staff/Students: RN Strain, Workplace Safety, Students
Graduating rate (BS program), Mental Health, Turnover Rate

Hospital Admission: Re-admission, Emergency Dept. Visit, ICU

Length of Stay
Patient Falls

Mental Health: Traumatic Brain Injury (TBI), Cognitive Impairment,

Depression

Pressure Injury

Infections: Hospital Acquired Catheter-Associated Urinary Tract

Infections (HA-UTIs), UTls
Pain
Apnea

Capturing Concerns

Cancer-associated Deep vein thrombosis (DVT)

factors contribute to high-quality studies. First, most studies used
various ML algorithms to build models and compare their perfor-
mance, which demands complicated data analysis. Second, most
datasets from well-structured large healthcare institutions indicate

Pouzols et al. (2023), Lo et al. (2019), Womack et al. (2020), Park et al. (2020), Hsu 13 (50.0%)

et al. (2021), Hannaford et al. (2021), Hu et al. (2021), Yang et al. (2021), Song et al. (2021),

Su et al. (2021), Jin et al. (2022), Kim et al. (2023), Yan et al. (2023)

Conway et al. (2021), Yakusheva et al. (2022), Yang et al. (2021), Su et al. (2021), Lo 10 (38.4%)

et al. (2019), Topaz et al. (2020), Park et al. (2020), Hsu et al. (2021), Kim et al. (2023), Yan

et al. (2023)

Womack et al. (2020), Topaz et al. (2020), Hsu et al. (2021), Yang et al. (2021), Song 7 (26.9%)

et al. (2021, 2022), Yan et al. (2023)

Pouzols et al. (2023), Kwon et al. (2019), Lindberg et al. (2020), Hannaford et al. (2021), Hu 6(23.0%)

et al. (2021), Su et al. (2021)

Havaei et al. (2021, 2022) 2(7.7%)

Jin et al. (2022), Yan et al. (2023) 2(7.7%)

Huang et al. (2021), Song et al. (2022) 2(7.7%)

Yakusheva et al. (2022) 1(3.8%)

Park et al. (2020) 1(3.8%)

Suetal. (2021) 1(3.8%)

Havaei et al. (2021) 1(3.8%)
Articles n
Womack et al. (2020), Havaei et al. (2021, 2022), Hannaford 6(23.0%)
et al. (2021), Dong et al. (2022), Kim et al. (2023)
Kwon et al. (2019), Topaz et al. (2020), Yakusheva 5(19.2%)
et al. (2022), Huang et al. (2021), Song et al. (2022)
Lo et al. (2019), Lindberg et al. (2020), Yang et al. (2021) 3(11.5%)
Hsu et al. (2021), Hsu et al. (2021), Su et al. (2021) 3(11.5%)
Song et al. (2021), Nakagami et al. (2021), Pouzols et al. (2023) 3 (11.5%)
Park et al. (2020), Zachariah et al. (2020) 2 (7.6%)
Yan et al. (2023) 1(3.8%)
Conway et al. (2021) 1(3.8%)
Hobensack et al. (2022) 1(3.8%)
Jin et al. (2022) 1(3.8%)

“objective measurement.” However, none of the studies used an ex-
perimental design and did not measure patient or health outcomes.
These weaknesses should be further discussed and improved in ML
research in nursing.
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TABLE 4 Most effective ML algorithms.

Articles

Womack et al. (2020)

Topaz et al. (2020)

Lindberg et al. (2020)

Conway et al. (2021)

Hannaford et al. (2021)

Song et al. (2021)

Nakagami et al. (2021)

Hobensack et al. (2022)

Song et al. (2022)
US (12.0)

Kim et al. (2023)

Pouzols et al. (2023)

Algorithms used

Extra Decision Tree, Gradient Boost, Random
Forest, Logistic Regression, Space Vector Machine
(SVM)

Naive Bayes, Decision tree (J48), Random Forest

Decision Tree (A single classification tree), Random
Forest, Adaptive Boosting

Random Forest, Logistic Regression, Shrinkage
and Selection Operator (LASSO), Ridge regression
Extreme Gradient Boosting (XGBoost)

C5.0, Random Forest, Extreme Gradient Boosting
(XGBoost), Neural Network, Space Vector Machine
(SVM), Naive Bayes, K-Neural Network, Logistic
Regression

Space Vector Machine (SVM), Logistic Regression,
Random Forest, Neural Network

Logistic Regression, Random Forest, Linear Space
Vector Machine (SVM), Extreme Gradient Boosting
(XGBoost)

Neural Network, Decision Tree, Random Forest,
Space Vector Machine (SVM), Gradient Boosted
Tree, Logistic Regression

Logistic Regression, Random Forest, Bayesian
network, Space Vector Machine (SVM), Naive Bayes

Decision Tree, Logistic Regression, Random Forest

Random Forest, Long short-term memory (LSTM)
Neural Network

Effective algorithm

Gradient Boost

Random Forest

Decision Tree

Random Forest

Random Forest

Random Forest

XGBoost

Gradient Boosted
Tree

Random Forest
SVM

Random Forest

The LSTM Neural
Network
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Shift hour 12:
Accuracy=0.640
F1=0.639
AUC=0.638

Recall=0.81
Precision=0.83
F-score=0.82
AUC =0.76

Sensitivity=0.78

Specificity=0.78

AUROC=0.85

Graph: ROC, True/False Positive Rate

AUROC =0.66

Graph: Sensitivity, Specificity, Positive
predictive values, Negative predictive
values

Year 5:

Prediction accuracy =100%
AUC=1

Sensitivity=1

AUC =0.92
Accuracy=0.85
Sensitivity=0.84
Specificity=0.85

F1=0.81

Sensitivity=0.78
Specificity=0.74

AUC =0.80

Positive Predictive Value=0.016
Negative Predictive Value=0.998

Precision=0.99

Recall=0.59
F-score=0.74
AUC =0.96

Random Forest:
Sensitivity=0.927
Recall=0.721

F-score=0.811
Precision-recall curve=0.864

SVM:
Sensitivity=0.922
Recall=0.731

F-score=0.815
Precision-recall curve=0.821

Precision=0.92

Recall=0.91

Accuracy=92%

F-1Score=0.92

AUROC (AUC-ROC) =0.97
Sensitivity=0.74

Specificity=0.82

Accuracy=0.82

AUROC=0.87

Graph: ROC, True/False positive rate

Abbreviations: AUC, area under the curve; AUROC (AUC-ROC), area under the receiver operating characteristic; ROC, receiver operating

characteristic.
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Most of the studies (92.3%) might have used RF because of its
well-known benefits; namely, high predictive accuracy and vari-
able (factor) interpretability. RF is also known to identify which
variables are most influential in prediction models, allowing for a
better clinical understanding of the models (IBM, 2024; Moutaib
et al.,, 2024). The next most popular algorithms used were LR,
DT, and SVM. The characteristics of health datasets in our stud-
ies might drive principal investigators (Pls) to choose them given
the strength of each algorithm and its suitability for those specific
characteristics. For example, LR is well-suited for binary classi-
fication with high interpretability, DT is optimal for data-driven
predictive models without data preprocessing requirements, and
SVM consistently delivers strong performance in data-driven clas-
sification across diverse datasets (Miller et al., 2020; Nusinovici
et al., 2020; Sarker et al., 2019).

However, four studies (Havaei et al., 2021; Havaei et al., 2022;
Lo et al,, 2019; Yakusheva et al., 2022) used only one ML algo-
rithm to build models, which might introduce bias that could be
built uponin a single ML model. Health datasets are often complex
and a mix of labeled, unlabeled, and missing data. Building multiple
ML models is recommended to prevent introducing confirmation
bias and to facilitate identifying the most accurate and high-
performing models (Engelhard et al., 2021; Rubinger et al., 2023;
Vollmer et al., 2020).

Evaluation method of performance

Most articles used some combination of the following methods to
evaluate ML model performance: AUROC; sensitivity (recall)/speci-
ficity (true/false-positive rate); accuracy; positive/negative pre-
diction value (precision); and ROC. This aligns with recommended
evaluation methods in the ML field (Colliot, 2023; Erickson &
Kitamura, 2021; Srivastava, 2024). However, only two studies used
RMSE to evaluate performance of ML models, despite it is one of
the recommended evaluation methods. It implies a necessity of a
formalized guideline that shows recommended ML algorithms and

associated evaluation method of performances.

Areas of nursing

Eleven studies (42.3%) focused on hospital admissions or ER vis-
its and issues affecting nurses and nursing students, such as RN
workload, their mental health, or student graduation rate in BS pro-
grams. The focus on these areas of nursing may be because data-
sets related to these areas are often extremely large and readily
available, making them suitable for ML research. Prediction mod-
els using ML algorithms of patient falls, infections (e.g., UTIs), and
pressure injuries are known to be beneficial to patients, nurses, and
NPs; however, only eight studies (30.8%) focused on these areas.

In fall studies, fall datasets were small in numbers (n=530)
(Lindberg et al., 2020), or fall instances within a dataset were small
(Lo et al., 2019), which can hinder the robustness of ML models due to
limited data for training and validation. Other datasets were collected
by a telephone survey, implying recall bias could potentially affect
the performance of ML algorithms (Yang et al., 2021). This implies
that fall datasets include complex variables, making it hard to apply
ML. In the case of infection studies, types of UTls vary, such as HA-
CAUTI, CAUTI, or UTI. These were nursing-sensitive datasets and re-
quired more information in nursing documentation (Park et al., 2020;
Zachariah et al., 2020). It implies that more information should be
processed and added to the datasets before applying ML. In stud-
ies of pressure injuries, datasets were extracted from EHRs, and
many datasets were not collected if they were in narratives (Pouzols
et al., 2023; Song et al., 2021). In addition, it was not clear whether
pressure injuries developed before hospitalization (Nakagami
etal., 2021). It implies that pressure injury studies require multiple di-
mensions of variables to build high-performing predictive ML models.

These challenges highlight the complexity of leveraging ML for
healthcare studies related to falls, infections, and pressure injuries.
In summary, ensuring the reliability and effectiveness of ML ap-
proaches in improving patient outcomes requires careful data col-
lection, preprocessing, and model development.

Effective algorithms

A little less than half of the studies identified the most effective ML
algorithms and measured the performance of ML models. Among
11 studies, six (Conway et al., 2021; Hannaford et al., 2021; Kim
et al., 2023; Song et al., 2021; Song et al., 2022; Topaz et al., 2020)
reported that RF was the most effective algorithm compared with
other algorithms applied, implying that RF can predict clinical and
nursing datasets (Faiz et al., 2021; Li et al., 2020; Rahman et al., 2020;
Zhu, 2024) with high accuracy. It is inferred from the main strengths
of the RF algorithm, which include adaptability, scalability, and ro-
bustness (Faiz et al., 2021; Li et al., 2018; Rahman et al., 2020). RF
estimates the important variables and assigns different weights for
each decision tree efficiently (adaptability), works well on large data-
sets because it can handle a huge number of variables (scalability),
and mitigates errors when the dataset has imbalances (robustness).
Importantly, RF possesses all three strengths, whereas other ML al-
gorithms do not. For example, SVM has adaptability and robustness
but lacks scalability, and DT has only adaptability. It also suggests
that RF is a powerful ML algorithm for healthcare professionals
seeking reliable and precise insights from complex datasets.

The strengths of RF also indicate that it is a powerful and ver-
satile algorithm that can be effectively applied to a wide range of
complex and multifaceted nursing problems. These problems often
involve multiple variables due to numerous factors such as patient
demographics, medical history, and social and psychological condi-
tions. These variables are interrelated and exhibit nonlinear relation-
ships, making it challenging to isolate specific causes and effects.
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RF's ability to handle complex data, capture nonlinear relationships,
and provide valuable insights makes it a useful tool for nursing re-

search and practice.

LIMITATIONS

This review has several limitations when interpreting the results.
None of the studies adopted an experimental design or performed
power analyses. In addition, only studies written in English were
included in this review, which may introduce bias in the results.
PRISMA-ScR was the only guideline used as the checklist items and
no other review guidelines used, which may affect the study's inter-
nal validity. MERSQI is a comprehensive evaluation tool to assess
study quality, but other tools could have yielded different results.
The review period (January 2019 to December 2023) may have
missed valuable studies published before 2019. These limitations re-
strict the comprehensive perspective of ML research in nursing and

limit the generalizability of results.

CONCLUSION

This scoping review explored the status of ML research in nursing.
The results show that nursing scholars recognize the importance
of ML models, confirming the beneficial use of ML in healthcare
(Jayatilake & Ganegoda, 2021; Mustafa & Rahimi Azghadi, 2021;
Siddique & Chow, 2021). Nursing scholars have used ML models in
various areas of nursing to prevent or reduce adverse outcomes of
disease or treatment and to improve patient care. For optimal use of
ML, experimental design of future research studies is strongly rec-

ommended to prove models' effectiveness in nursing.

CLINICAL RESOURCES

Key Staff: Disrupting nursing education using extended reality (XR),
artificial intelligence, and machine learning: https://www.nursi
ngworld.org/foundation/rninitiative/practice-ready-nurse-gradu
ates/disrupting-nursing-education-with-xr-ai-and-ml/key-staff
-disrupting-nursing-education-using-extended-reality-xr-artificial
-intelligence-and-machine-learning/.

Artificial Intelligence at the NIH: https://datascience.nih.gov/
artificial-intelligence.

MAYO Clinic Proceedings: Digital Health: https://www.mcpdi
gitalhealth.org/.

MIT Clinical Machine Learning Group: https://clinicalml.org/.
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