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Abstract

Artificial intelligence (AI) has a considerable present and future influence on healthcare. Nurses,
representing the largest proportion of healthcare workers, are set to immensely benefit from this
technology. However, the overall adoption of new technologies by nurses is quite slow, and the use of Al in
nursing is considered to be in its infancy. The current literature on Al in nursing lacks conceptual clarity and
consensus, which is affecting clinical practice, research activities, and theory development. Therefore, to set
the foundations for nursing AI knowledge development, the purpose of this concept analysis is to clarify the
conceptual components of Al in nursing and to determine its conceptual maturity. A concept analysis
following Morse’s approach was conducted, which examined definitions, characteristics, preconditions,
outcomes, and boundaries on the state of Al in nursing. A total of 18 quantitative, qualitative, mixed-
methods, and reviews related to Al in nursing were retrieved from the CINAHL and EMBASE databases using
a Boolean search. Presently, the concept of Al in nursing is immature. The characteristics and preconditions
of the use of Al in nursing are mixed between and within each other. The preconditions and outcomes on
the use of Al in nursing are diverse and indiscriminately reported. As for boundaries, they can be more
distinguished between robots, sensors, and clinical decision support systems, but these lines can become
more blurred in the future. As of 2021, the use of Al in nursing holds much promise for the profession, but
conceptual and theoretical issues remain.
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Introduction And Background

The world has been continuously experiencing social, economic, political, cultural, and technological
change, and one that is anticipated to transform all aspects of society, including science in itself, is artificial
intelligence (AI). Al is currently making worldwide headlines, being a significant influence in almost every
field, and healthcare is no exception. Therefore, it is without surprise that this Al revolution is being
reflected upon in the literature, with a 45% increase in the number of peer-reviewed healthcare Al
publications within the last five years [1]. Current definitions of Al in healthcare vary, and Al has multiple
applications including optimizing electronic medical records (EMR), virtual patient education, geocoding
health data, social media analysis, epidemic and syndromic surveillance, predictive modeling, integration
with mobile health (i.e., heart rate monitoring and analysis), and analyzing medical imaging [2].
Furthermore, the use of Al in healthcare, like how it is being rolled out in society, is likely going to affect all
aspects of it, with a significant amount of development anticipated to occur in cutting-edge healthcare
innovations. For example, the extraordinary analytic ability of AI allows for the capability to take into
consideration individual traits, such as the genetic data of the patient, to deliver targeted treatments, paving
the way towards personalized medicine [3]. Thus, Al in healthcare enhances existing systems, delivers its
own form of healthcare, and accelerates and transforms healthcare innovations and discoveries.

The use of Al has moved beyond the abstract and has materialized in a select few nursing contexts.
Currently, there are no formal evidence syntheses (i.e. scoping reviews or systematic reviews) or
authoritative publications in the literature regarding the use of Al in nursing, with the present literature
landscape being limited to empirical articles, opinion pieces, and literature reviews of limited scope.
Nonetheless, even among the few existing nurse-centric Al articles, there is tremendous diversity, with
examples being using Al to predicting readmissions in diabetic patients [4], evaluating nurse job
performance [5], simulating nurses as a chatbot [6], and improving nursing documentation through
autocomplete functionality [7]. Thus, the use of AI has an unprecedented potential of influencing almost
every aspect of nursing care, and we are likely to see even more applications soon.

Nursing gap

Nurses, being the largest proportion of healthcare workers, would theoretically use and benefit the most
from Al technologies. However, the overall adoption of new technologies by nurses is quite slow, and the use
of Al in nursing is considered to be in its infancy [8]. Presently, there is a gap in the development and
deployment of Al between nursing and medicine. This is evidenced by the fact that there are much fewer
articles on the topic of nursing Al and no evidence syntheses. This is sharply contrasted with the multitude
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of available literature [9] and dedicated academic journals, such as Artificial Intelligence in Medicine.
Although it is understandable that AI has several physician-oriented applications, such as the diagnosis and
interpretation of medical imaging, there are still several key healthcare Al technologies that can be
leveraged by nurses. Thus, even though nurses are an integral part of the healthcare team’s decision-making
processes, they are often excluded from technological development, which can lead to suboptimal
deployment and scaling of healthcare Als.

One reason for this discrepancy is due to the technologically averse nature of many nurses [10], which is
further exacerbated by negative popular portrayals of Al and technology within the media, with AI often
being dubbed as “monsters” or “terminators” [11]. As a result of this adversity and overall negative attitude
towards technology and especially Al there is a general lack of understanding of the benefits, challenges,
and long-term implications from nurse clinicians, researchers, and theorists. On the clinician-researcher
angle, this translates to less research interest in nursing Al, leading to a limited understanding of nursing Al
knowledge, cognitions, attitudes, routines, social influences, organization, and resources, contributing to
the overall suboptimal implementation in practice [12]. Relatedly, the lack of empirical evidence and
authoritative voices created a space where definitions of Al are used interchangeably, namely Al, robots,
machine learning, and neural networks [13]. In the few existing publications on the use of nurse-centric Al,
some of them use extremely technical language [14-16], likely due to the dominance of the computer
scientists within the research team. Thus, for Al to realize its full potential in nursing, a first step is to
standardize and clarify the various terms and definitions.

Concept analysis

Language is an essential component of the human experience and serves as the sole medium to
communicate our thoughts and ideas. Concepts can be formally defined as “a complex mental formulation
of empirical experience” [17]. The examination and analysis of concepts have the potential to determine the
state of the science, clarifying what is known of the concept and used as a first step in enhancing the
knowledge base of the discipline [18]. Thus, concepts form the theoretical realm of a discipline, and the
advancement of the discipline relies on the continuous development of these concepts [19]. As the use of Al
in nursing is in its infancy, conducting a concept analysis would be a useful first step and set the foundation
for future knowledge development in this new area.

Although a concept analysis has not been conducted on the use of Al in nursing, a few relatable and relevant
concept analyses have been conducted. Tacy et al. [20] conducted an analysis on the concept of technostress
using the method outlined by Walker and Avant [21]. This concept analysis portrayed an excellent picture of
technostress and its potential ubiquity within the modern nursing context, including addressing computer-
related stress and the fear of using technology. Nonetheless, in the article, there is no mention of AI, and
the author overall fails to capture the evolving role of technology. In another concept analysis, Paige et al.
[22] conducted a concept analysis on eHealth literacy, also using the method outlined by Walker and Avant
[21]. Although the revealed challenges and incongruities of eHealth literacy largely mirror that of Al, again
there is no mention of it and the impact of Al on eHealth. The reason why the use of Al in nursing has not
been addressed in these concept analyses is its relatively recent emergence in the literature and healthcare
settings. Therefore, to set the foundations for nursing Al knowledge development, the purpose of this
concept analysis is to clarify the conceptual components of Al in nursing and to determine its conceptual
maturity.

Review
Methods

The procedure used for this concept analysis followed the criteria set by Morse et al. [19] for concept
evaluation, allowing for the examination of the definitions, characteristics, preconditions, outcomes,
boundaries, with all leading to the discovery of the maturity of the concept. Although there are other
methods of conducting concept analyses, the approach outlined by Morse et al. [19] is appropriate for this
context, as it allows concepts to be evaluated with regards to clear boundaries. These boundaries are
necessary, as currently there are no clear definitions as to what nursing Al is, with numerous terms being
used interchangeably. Therefore, there needs to be a clear clarification first, before any further knowledge
development or theorization can be done. Furthermore, the use of Al in nursing is at the intersections
between nursing, medicine, and computer science, making it a highly multidisciplinary concept. This is
congruent with the recommendations laid out by Morse et al. [19], who suggest theorists to not limit their
literature review to a single discipline. However, one guideline by Morse [23] will not be followed word to
word, as the literature of Al in nursing is currently nebulous, present with multiple and interchangeable
definitions, and is not well understood, thereby necessitating a mix between the so-called concept
development, delineation, and comparison. The lack of a comprehensive definition for Al in nursing is
troubling, and future researchers and theorists run the risk of adopting a standard dictionary AI definition as
the basis of their analysis [19]. This risk leads to even greater implications for the concept of Al in nursing, as
there are multiple competing definitions. As there are a variety of terms and definitions within the Al
nursing literature, it is important to clarify and delineate these definitions, of which Morse’s approach is
best suited. Therefore, to address these overarching issues, a concept analysis was conducted following
Morse’s methods.
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Sampling

A search was conducted in December 2020 on the CINAHL and EMBASE databases. Only one database was
chosen because of time and resource limitations. CINAHL was chosen because of its emphasis on journal
articles related to nursing, allied health, and healthcare, rather than experimental, technical, and
engineering articles. EMBASE was chosen because of its complementary emphasis on medicine and
biomedical research. Inclusion criteria include studies published within the last five years (2015-2020),
written in English, peer-reviewed, and containing the use of Al for nursing as a primary topic. The use of Al
in nursing is deemed to be a primary topic if there is at least one nurse as a co-author, the end-users involve
solely or a significant (>50%) number of nurses, and the purpose of the Al is designed to assist in a task that
is relevant to nurses. Exclusion criteria include opinion articles, letters, editorials, and conference
proceedings. The choice of having a five-year time limit was due to the short timeframe of this assignment,
in addition to the fact that AI technology is evolving at an exponential rate, and any Al nursing innovations
from more than five years ago are likely to be not in use or outdated. The major headings used to search
CINAHL are outlined in Table 1. The subject headings used to search EMBASE can be found in Table 2. The
initial search of both databases resulted in a total of 102 articles, of which the titles and abstracts were
screened. A resultant 18 full texts (11 quantitative, three qualitative, two mixed-methods, and two literature
reviews) were selected, read, and imported into NVivo 12 for data analysis. The articles and summary of
their major characteristics are outlined in Table 3.

Nursing Al

Nurses Artificial Intelligence
Nursing Knowledge Machine Learning

Nursing Practice Neural Networks (Computer)

Education, Nursing
Nursing Role
Nursing Care

Nursing Leaders

TABLE 1: CINAHL Search Strategy

Nursing Al

Nurse Artificial intelligence
Nursing Machine learning
Nursing as a profession Artificial neural network

Nursing staff
Nursing knowledge
Nursing research
Nursing care
Nursing role
Nursing process
Nursing education
Nursing practice

Nursing management

TABLE 2: EMBASE Search Strategy
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Author
Kwon et al. [4]

Khanjankhani et al.

(51

Shorey et al. [6]

Greenbaum et al. [7]

Bose et al. [14]

Lietal. [15]

Ladstatter et al. [16]

Cooper et al. [24]
Hernandez [25]
Cato et al. [26]

Fritz and Dermody
[27]

Barrera et al. [28]

Brom et al. [29]

Griner et al. [30]

Gongalves et al.
[31]

Beauchet et al. [32]
Clavelle et al. [33]

Zachariah et al. [34]

Year

2019

2017

2019

2019

2019

2019

2016

2021

2019

2020

2019

2020

2020

2020

2020

2018

2019

2020

Study Design

Quantitative

Quantitative

Quantitative

Mixed
Methods

Quantitative

Quantitative

Quantitative

Quantitative
Review
Review

Mixed
Methods

Qualitative

Quantitative

Quantitative

Qualitative

Quantitative
Qualitative

Quantitative

Country

Canada

Iran

Singapore

USA

USA

Republic of China
(Taiwan)

People's Republic of
China

USA
Saudi Arabia

USA

USA

UK

USA

USA

Brazil

France
USA

USA

TABLE 3: Characteristics of Included Studies

Summary

Use of machine learning to predict readmission in diabetic patients

Use of artificial neural network to predict nurses' job performance

Use of virtual patients (Al) to develop communication skills in nursing
students

Use of machine learning to reduce redundancy in nursing
documentation

Use of machine learning to identify critical elements in nursing
documentation

Use of Al to predict pressure injuries in end-of-life patients

Use of artificial neural network to model burnout in nurses

Use of Al to identify patients at risk of sepsis
Theoritization on the use of "nursing chatbots"

Implications of Al for nurse leaders

Use of Al sensor technology for remote patient monitoring in-home care

Experiences of using an Al for remote psychiatric patient monitoring

Use of machine learning to identify patients at risk of readmission within
30 days

Use of Al to forecast census and capacity flow of patient admissions

Experiences of nurses using an Al to identify patients at risk of sepsis

Use of artificial neural network to predict falls in inpatient older adults
Use of Al to qualitatively analyze definitions of nursing care

Use of Al to predict urinary tract infections during hospitalization

Data Analysis

The data were analyzed through an inductive content analysis method guided by the approach of Elo and
Kyngas [35]. The aim of content analysis is to achieve a condensed and broad description of the concept and
involves open coding, creating categories, and abstraction [35]. The inductive approach is recommended
when there is little or fragmented knowledge about the concept [35] and is also strongly advocated by Morse
et al. [36], who cautions readers to avoid the “deductive trap”. This is necessary for the literature in Al
nursing, as the research is currently fragmented across definitions (i.e., robot versus neural network),
purposes (i.e., used to predict patient outcomes versus assisting in qualitative data analysis), and authorship
(majority nurses versus mixed computer scientists and nurses). However, the inductive approach to data
analysis appears counterintuitive to the concept analysis method detailed by Morse et al. [36], which
evaluates a concept across very delineated components, namely its definitions, characteristics,
preconditions, outcomes, boundaries, and maturity. In order to ensure analytical clarity, [ have decided to
undergo the inductive approach while respecting the delineations between the components detailed by
Morse, allowing for induction to occur within and across each category.

Results

Definitions

There are numerous existing definitions of Al, and there is no standardization (every article uses its own
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definition of Al). In addition, the term “nursing AI” is not explicitly defined in any of the articles. The term
Al itself can be defined in two manners; simplistic and complex. A simplistic definition of AI can be
“computers mimicking human behavior” [24]. A more complex definition of Al is “multiple technologies
that can augment human activities in the form of machine learning, to process and learn with raw data and
deep learning, [sic] to stimulate decision-making using complex artificial neural networks” [25]. Definitions
are currently scattered with only three articles formally defining AI [24,26,27], six not offering any formal
definition [6,7,25,28-30], three defining only machine learning [4,14,31], three defining only neural networks
[5,16,32], and one defining only decision trees [15]. Therefore, the definitions of Al used in the literature
include machine learning, neural networks, and decision trees.

Machine learning is the most common definition of Al and is mentioned in 13 of the 18 articles. One
definition of machine learning that is not too simple or complex is by Gongalves et al. [31], who describes
machine learning as “the science of getting computers to learn and act like humans do, and improve their
learning over time in an autonomous way, by feeding them data and information in the form of observations
and real-world interactions”. The second most common definition of Al is neural networks, which are
mentioned in eight articles. Neural networks are defined by Khanjankhani et al. [5] as an application of Al
derived from mathematical models of the brain, used for forecasting, and meant to detect complex nonlinear
relationships between dependent and independent variables. Lastly, there are decision trees, which are
mentioned in six articles. Decision trees are the most poorly defined, and any attempts to define decision
trees are filled with computer science jargon. The most comprehensible definition is one by Li et al. [15], who
define decision trees as a mathematical model, which “implements a top down divide-and-conquer method
that recursively partitions a dataset into smaller subdivisions. These procedures are the basis of a set of tests
defined at each branch in the tree”.

Overall, machine learning, neural networks, and decision trees are seen as applications of AI, which is the
global term covering machines mimicking human intelligence. The explanations and elaborations provided
for each of these definitions become progressively more complex and mathematical (from machine learning
to neural networks to decision trees).

Characteristics

The characteristics of the use of Al nursing are algorithms, continuous development, improving human
processes, and nursing voice. Although all these characteristics are necessary for the use of Al in nursing,
there are varying degrees of emphasis within the 18 articles, including some articles that do not explicitly
describe every characteristic. One major exclusion is robotics, as it is related largely to hardware, but it can
have some overlap with AL This is further discussed in the "Boundaries" section.

The first characteristic, algorithms, is ubiquitous and mentioned within every single article. Algorithms are
typically sophisticated statistics programs capable of instantly solving computations so large that it would
take a human years to complete [27], with the overarching goal of making accurate predictions [31].
However, no algorithm is the same, and each nursing issue would require a new or even multiple new
algorithms. Nonetheless, all algorithms involve the use of complex data and analysis of trends [30], which
allow for the application of an enormous number of observations and predictors [4,16]. Despite its
impressive abilities, algorithms are still limited by the data and method of input, and all algorithms require a
form of input [4]. Data entry can come either automatically through EMRs [26] or manual human entry.

Even if an algorithm appears to appropriately analyze and predict the nursing issue at hand, it would still
require continuous development. Continuous development is necessary, as the real world can never be truly
quantified as a finite number of variables interacting with each other. Thus, development never ends, as
long as the Al is in use within a nursing context and all require careful evaluation and implementation [28].
In addition, there is a need to continuously quantitatively test the algorithm, to ensure that there are no
errors, and to compare between competing Als [16]. After an Al has been developed and tested, with
appropriate ongoing evaluation plans in place, it still needs to demonstrate its ability to improve human
processes. This would involve enhancing decision-making, such as identifying important aspects [14,31] and
prioritization. Overall, by improving human processes, Als are expected to reduce the time wasted and
mental computations that are required of nurses [24].

All the aforementioned characteristics are relevant for any Al implemented within a healthcare setting.
However, for it to be nursing-specific, there needs to be a nursing voice throughout all phases of
development and evaluation. No algorithm can capture an infinite number of variables; therefore, it is up to
the nurses to decide which ones are important, ensuring that the Al is shaped by nurses’ unique knowledge
[4]. Besides being part of the AI development, nurses are also the end-users, and the AI should allow nurses
to form a complementary partnership with it. Specifically, Als are trained in data recognition but cannot
intuitively understand or incorporate the context [27]. Therefore, it is important to promote the integration
of the AI’s quantitative thinking with the nurse’s critical thinking [30].

Preconditions

Preconditions of the use of Al in nursing include conditions that must be present for the use of Al in nursing
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to develop and the circumstances that influence the manifestation of it. Conditions that must be present for
the use of Al in nursing include data availability, interdisciplinary collaboration, and underlying issues.
Circumstances that significantly influence the development of nursing Als, but are not necessarily essential,
include technological innovation and nurse engagement.

One of the most important preconditions for any Al is the availability of data. All Als require pre-existing
data to build and train the Al, and the data should ideally be continuously given to update the Al The data
used for nursing Als are incredibly varied, from qualitative data of nursing performance [33], to nursing
notes, medication administration records, and nursing flow sheets [26]. Typically, data comes from EMRs,
which allow for instant capture of data [31]. Also, if the Al uses data from a standardized EMR, it can allow
for the Al to be used across multiple healthcare systems [29].

Another crucial precondition is the collaboration between nurses, computer scientists, software engineers,
and information technologists. Nearly all the articles have authors or acknowledge people who come from a
technical and non-nursing background. This collaboration should also be done as early as possible, using
jargon-free language from both sides. This would nurture a cohesive team environment for members of
vastly different disciplines, prevent miscommunications, and ensure shared goal accomplishment [30].
Furthermore, this collaboration goes both ways, as the computer scientists can consult nurses to ensure
clinical accuracy, while nurses can consult the computer scientists to troubleshoot and propose adjustments
to the AI [30].

For a nursing Al to develop, there needs to be an underlying issue within the nursing context. In other
words, a nurse-centric Al is a tool, and if there is no ongoing problem, then there is no need to create or use
that tool. Examples of issues that would necessitate an Al could be the need to study nursing burnout [16],
lack of patient actors for clinical education [6], and a general lack of time or resources [14]. In addition, Als
are developed to address and predict the occurrence of clinical issues, such as pressure ulcers [15], urinary
tract infections [34], and sepsis [24]. These clinical issues are typically complex and can be caused by a
multitude of factors, which is why an Al can enhance the nurse clinical decision-making process.

Next, technological innovation significantly influences the development of the AI. More technology means
more computing power and better algorithms [26]. Nursing Als can benefit from recent products from
technology companies, such as when Shorey et al. [6] modified Google’s Al chatbot into a nursing one.
Lastly, there needs to be nurse engagement, which can be described as nurse interest, training, and
technological competence. These factors of nursing engagement are all interrelated, as the more the nurses
train, the more familiar they become with the Al and its technological language over time [7]. All these
factors can be enhanced by the presence of nurse champions, who can promote the Al not only with the
nurses but also with the other members of the healthcare team [31].

Outcomes

There are numerous outcomes as a result of the use of Al in nursing, namely on the patient, nurse, and
organization level. However, there is no Al with significant and direct outcomes at each level. Normally, an
Al would be developed and targeted at either the patient or nurse level, and both have indirect
organizational-level outcomes.

For the patient level, the main outcome is increased awareness of patient conditions. Usually, this would
involve prediction, such as determining which patient is most at risk for falls [32] or using the EMR to assess
which discharged patients are most likely to be readmitted [29]. This increased awareness of patient issues
results in tangible patient outcomes, such as faster identification of patient deterioration, leading to a
decreased patient mortality rate [24]. Despite promising patient outcomes for many Als, a few studies
[4,28,32] also show mixed patient outcomes, but none of the nursing Als lead to negative outcomes.
Interestingly, patient privacy does not appear to be compromised through the use of nursing Als, with one
study by Fritz and Dermody [27] observing an increase in patient privacy. Fritz and Dermody [27] evaluated
the use of home sensors and remote patient monitoring by an Al and noted that the sense of privacy
increased because there are less in-person visits by the nurse.

The outcomes at the nurse level are closely related to patient-level outcomes. The most noticeable and
common outcome is increased performance, which can be through increased decision-making and
collaboration with other members of the healthcare team. Also, both decision-making and collaboration are
related, as the predictions of the Al can be discussed as a team, leading to team learning and decision-
making [30]. Generally, a nursing Al is meant to reduce the burden, increase the nurse’s efficiency, and save
time. In clinical settings, this can translate to less documentation [7] and having instant notifications of
patient deterioration [24]. Nonetheless, an Al can also be designed without directly considering patients,
such as an algorithm to predict a nurse’s job performance [5] or a virtual patient for nursing education [6].

For the organizational level, efficiency is key, and it can be accomplished through the identification of care
priorities [14], optimization of staffing and patient bed allocation [30], and prediction of nurses’ job
performance [5]. Several staffing issues can also be identified by the Al, including job stressors [16] and
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priorities described by nurses [33]. Also, the positive outcomes from both the patient level (i.e. reduced
patient mortality) and staff (i.e. more documentation time saved) level result in greater organizational
efficiency and significant cost savings [24].

Boundaries

Robots are considered the most significant boundary of AI. Within the sample of 18 articles, robots are
barely mentioned due to no major or subject headings related to “robots” or “robotics” being used during the
literature search. Nonetheless, robots and/or robotics are still mentioned in four articles. The use of a
“robot” is the primary topic of Gongalves et al. [31], who calls their algorithm to detect sepsis a “robot”. This
is contrasted with the application of the term “robot” in other articles, as robots are meant to replace a
mechanical motion or repetitive action of a nurse [6]. Therefore, robots are considered outcomes of the field
of robotics and can be applied to the field of healthcare [16], creating a “humanoid” robot [25]. One excellent
example of the application of a robot is the virtual patient developed by Shorey et al. [6]. Specifically, in the
study by Shorey et al. [6], the predictive and reactive algorithm determining the speech of the virtual patient
can be construed as part of the AI, while the computer-generated model of a human patient can be seen as
the robot.

Another boundary is with sensors, which are mentioned in three articles. Similar to the boundary of robots,
sensors do not engage in any predictions or calculations, but they can be integrated with Als, which is the
focus of two of the three articles [27,28]. Thus, sensors are the means by which data are gathered, which will
be subsequently analyzed by the Al Sensor technology is incredibly diverse, as it can be infrared [28] or
motion-detecting cameras and contact (i.e., to detect a person on a chair or bed), light, temperature, and
humidity sensors [27]. Naturally, the more advanced a sensor is, such as the infrared sensor used by Barrera
et al. [28] which can detect multiple items, including the respiration rate of the person, the more
sophisticated the AI will have to be to integrate this complex information. This is contrasted with robots, as
robotic technology is arguably less developed than sensor technology and currently only serves as an
interface or physical model of the Al Nonetheless, in the future, there may be an incorporation of sensor,
robotic, and Al technology into one comprehensive unit.

Lastly, clinical decision support systems (CDSSs) are mentioned by Cato et al. [26] and can be considered as
the final boundary. CDSSs are defined as a system that provides clinicians with computer-generated clinical
knowledge and patient-related information that is intelligently filtered and appropriately presented [26].
Although Cato et al. [26] construed Al as being the “fuel” to the “engine” that is CDSS, the reality is that Al
is much more broader than that. This is because Al is not limited to enhancing clinical decision-making, and
it can be used in a multitude of different contexts.

Discussion
Conceptual Maturity

In order to operationalize the concept of the use of Al in nursing in theory, research, and practice, it is
necessary to evaluate the maturity of a concept [19]. The conceptual evaluation begins by assessing if the
concept is well-defined, in which a well-defined concept has consistent definitions, while poorly developed
concepts will have definitions that are hard to find or that inadequately describe the phenomenon [19]. Also,
the characteristics, preconditions, and outcomes will be less identified, and the boundaries will be unknown
[19]. This is currently the case for the concept of the use of Al in nursing.

To begin, no studies have explicitly formulated a definition of a “nursing AI” or “the use of Al in nursing”.
Although Robert [13] did detail the state of Al in nursing, it is largely a broad overview rather than a rich
conceptualization. Furthermore, this is complicated by the fact that not even “Al” is consistently defined,
and numerous competing definitions exist, including machine learning, neural networks, and decision trees.
Although there is a sense of coherence, where it is agreed upon that those previously mentioned terms are
under the overarching field of Al this hierarchy is not strictly enforced, and these terms can be presented as
their own. Also, even if the authors do define Al, many do not even define what machine learning, neural
networks, or decision trees are. This lack of definition clarity has severe implications for research, practice,
and theory, as it limits the readership to only those with a significant amount of computer science
knowledge, creating a knowledge divide.

Currently, the characteristics and preconditions of the use of Al in nursing are mixed between and within
each other. The most prominent example of mixing is the “nursing voice” characteristic, which significantly
overlaps with the preconditions of collaboration and nursing engagement. Since the topic of this concept
analysis is the use of Al in nursing, not just the use of Al, the nursing voice is a definite characteristic. But
Al also exists as an application outside of the nursing context, which is why nurses are needed to be part of
the development team. Furthermore, a nursing Al can be developed, but its purpose comes from the patient,
nurse, or organizational outcomes, not from the fact that it was simply created. This is further complicated
by the ambiguous development timeline (no certain timeframe for when an Al is “finalized”) and need for
continuous nursing Al evaluation. Thus, coupled with the precondition of nurse engagement, it is crucial for
a nursing Al to have a successful implementation and long-term sustainability. Nonetheless, if it is
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necessary to evaluate the “strength” of the delineations, then collaboration would be most important as a
precondition, since it is important to begin with a nurse-centric Al If Als are not developed with nurses in
mind, then it would set a dangerous precedent for the future of nursing Als, as the state of this concept and
field is still in its infancy. In general, the delineations between and within the characteristics and
preconditions are unclear, contributing to the conceptual immaturity of the use of Al in nursing.

As of the writing of this concept analysis, there are no universal outcomes associated with the use of Al in
nursing. Even though organizational outcomes arise from nearly every Al, these are not direct outcomes,
and they are difficult to predict, examine, and interpret. Also, collaboration, which can be between nurses
and the healthcare team or nurses and the computer scientists, is another prominent outcome of the use of
nursing Al This collaboration is related to the nursing voice characteristic and nurse engagement
precondition, and the margins separating them are not delineated. Also, it is presently unclear whether the
creation of a nurse-centric Al is an outcome or if there needs to be tangible patient, nurse, or organizational
outcomes. If going by the latter definition, then almost no nursing Al studies will have any outcomes. This
can be because of the scarcity of nursing Al literature and the fact that long-term or complex outcomes
cannot be observed within this short time frame.

Lastly, there is a clear violation of the robot and CDSS boundaries, with the sensor boundary remaining
largely intact. One prominent example is by Gongalves et al. [31], who call their Al a robot. This is also an
opinion voiced in an article by Robert [13], where robots are considered to be part of Al. However, it is clear
that this is likely not the case, although there can be areas of overlap, such as through virtual patients or a
robot equipped with Al capabilities. According to this concept analysis, that application would be incorrect,
as robots are meant to replace a mechanical motion or repetitive action. If the AI uses algorithms to deliver
patient, nurse, or organizational outcomes, then it should not be considered as a robot. However, the
differences between the terms robot and AI may cause some confusion among nurses and authors who are
unfamiliar with the topic. Furthermore, the use of these terms in other languages and cultures is unclear,
and it might very well be the case for Gongalves et al. [31], as the authors come from Brazil. The use of
sensors is a clearer boundary, perhaps due to the fact that sensor technology is more established within the
healthcare field [37]. But this would require a reassessment when advanced Als are developed in the future,
which will incorporate Al, robot, and sensor technology into one. Also, the relationship between CDSS and
Al is presently unclear, and there is only one study that mentions it within the 18 articles. Since CDSS can
involve non-Al technologies, and that AI can be applied in other domains besides clinical decision-making,
it would be advisable to avoid grouping AI with CDSS. However, both fields are in their infancy, and perhaps
in the future, they may converge.

Overall, due to the presence of competing definitions, lack of definition clarity, confusing interactions
between characteristics, preconditions and outcomes, and semi-undefined boundaries, it can be concluded
that this concept is presently immature. Future concept analyses should continue to use the criteria set out
by Morse et al. [19], as the state of the literature and technology is rapidly evolving, and the results from this
concept analysis may not be relevant in a few years.

Limitations

This concept analysis has its limitations. One limitation is the relatively small number of studies included in
the analysis. Future concept analyses could be conducted using a larger number of databases and guidance
from a professional librarian. Relatedly, only subject headings were used in the search strategies, and the
inclusion of keywords could have enriched the sample. Another limitation is the exclusion of robotics and
CDSS literature, as their inclusion would likely make the boundaries clearer and more backed by the
literature. However, the relationship between these different but complementary concepts is presently
unclear and can be a direction for future concept analyses. Lastly, the state of Al is rapidly changing, and
findings from this concept analysis might not apply to future practice, as new characteristics, preconditions,
and outcomes emerge.

Conclusions

This is the first concept analysis conducted on the use of Al in nursing and therefore sets the foundations for
further research, knowledge synthesis, and theorizing. Furthermore, this concept analysis highlights the
importance of differentiating robots, CDSS, and Al, and proposes the evaluation of nursing Als according to
its patient, nurse, and organizational-level outcomes. Relevantly, there are no universal outcomes
associated with the use of Al in nursing, and the clearest boundary is between Al and robots, though CDSS
can sometimes be considered a subset of Al. Even though organizational outcomes arise from nearly every
Al these are not direct outcomes, and they are difficult to predict, examine, and interpret. The
characteristics and preconditions of the use of Al in nursing are also mixed between and within each other.
Presently, the use of Al in nursing holds much promise for the profession, but conceptual and theoretical
issues remain. Following this, it is determined that the concept of the use of Al in nursing is presently
immature. This concept analysis also introduced and presented standardized definitions, which can be used
for future research and analyses. Future concept analyses in this subject should also be conducted using
Morse’s approach, until it is considered to be more mature.

2021 Shang et al. Cureus 13(5): €14857. DOI 10.7759/cureus.14857 8 of 10



Cureus

Additional Information
Disclosures

Conflicts of interest: In compliance with the ICMJE uniform disclosure form, all authors declare the
following: Payment/services info: All authors have declared that no financial support was received from
any organization for the submitted work. Financial relationships: All authors have declared that they have
no financial relationships at present or within the previous three years with any organizations that might
have an interest in the submitted work. Other relationships: All authors have declared that there are no
other relationships or activities that could appear to have influenced the submitted work.

References
1. GuoY,HaoZ, Zhao S, Gong ], Yang F: Artificial intelligence in health care: bibliometric analysis. ] Med
Internet Res. 2020, 22:e18228. 10.2196/18228
2. Shaban-Nejad A, Michalowski M, Buckeridge DL: Health intelligence: how artificial intelligence transforms
population and personalized health. NPJ Digit Med. 2018, 1:53. 10.1038/s41746-018-0058-9
3. Schork NJ: Artificial Intelligence and Personalized Medicine. Von Hoff, Daniel D (ed): Springer International
Publishing, Cham; 2019. 10.1007/978-3-030-16391-4 11
4. KwonJY, Karim ME, Topaz M, Currie LM: Nurses "seeing forest for the trees" in the age of machine
learning: using nursing knowledge to improve relevance and performance. Comput Inform Nurs. 2019,
37:203-12. 10.1097/CIN.0000000000000508
5. Khanjankhani K, Askari R, Rafiei S, Shahi MA, Hashemi F, Shafii M: Applying artificial neural network
approach to predict nurses' job performance based on personality traits and organizational factors. Ann
Trop Med PH. 2017, 10:1299-1305. 10.4103/ATMPH.ATMPH 334 17
6. Shorey S, Ang E, Yap ], Ng ED, Lau ST, Chui CK: A virtual counseling application using artificial intelligence
for communication skills training in nursing education: development study. ] Med Internet Res. 2019,
21:14658. 10.2196/14658
7. Greenbaum NR, Jernite Y, Halpern Y, Calder S, Nathanson LA, Sontag DA, Horng S: Improving
documentation of presenting problems in the emergency department using a domain-specific ontology and
machine learning-driven user interfaces. Int ] Med Inform. 2019, 132:103981.
10.1016/j.ijmedinf.2019.103981
8. Pepito JA, Locsin R: Can nurses remain relevant in a technologically advanced future? . Int | Nurs Sci. 2019,
6:106-10. 10.1016/j.ijnss.2018.09.013
9. Mintz Y, Brodie R: Introduction to artificial intelligence in medicine. Minim Invasive Ther Allied Technol.
2019, 28:73-81. 10.1080/13645706.2019.1575882
10. Kuo KM, Liu CF, Ma CC: An investigation of the effect of nurses' technology readiness on the acceptance of
mobile electronic medical record systems. BMC Med Inform Decis Mak. 2013, 13:88. 10.1186/1472-6947-13-
88
11.  Erikson H, Salzmann-Erikson M: Future challenges of robotics and artificial intelligence in nursing: what
can we learn from monsters in popular culture?. Perm J. 2016, 20:15-243. 10.7812/TPP/15-243
12.  van Achterberg T, Schoonhoven L, Grol R: Nursing implementation science: how evidence-based nursing
requires evidence-based implementation. ] Nurs Scholarsh. 2008, 40:302-10. 10.1111/j.1547-
5069.2008.00243.x
13.  Robert N: How artificial intelligence is changing nursing. J. Nurs. Manag. 2019, 50:30-39.
10.1097/01.Numa.0000578988.56622.21
14. Bose E, Maganti S, Bowles KH, Brueshoff BL, Monsen KA: Machine learning methods for identifying critical
data elements in nursing documentation. Nurs Res. 2019, 68:65-72. 10.1097/NNR.0000000000000315
15.  LiHL, Lin SW, Hwang YT: Using nursing information and data mining to explore the factors that predict
pressure injuries for patients at the end of life. Comput Inform Nurs. 2019, 37:133-41.
10.1097/CIN.0000000000000489
16. Ladstitter F, Garrosa E, Moreno-Jiménez B, Ponsoda V, Reales Aviles JM, Dai J: Expanding the occupational
health methodology: a concatenated artificial neural network approach to model the burnout process in
Chinese nurses. Ergonomics. 2016, 59:207-21. 10.1080/00140139.2015.1061141
17.  Chinn P, Kramer M: Theory and Nursing: A Systematic Approach . Mosby, St. Louis, MO; 1991.
18.  Hupcey JE, Penrod J: Concept analysis: examining the state of the science . Res Theory Nurs Pract. 2005,
19:197-208. 10.1891/088971805780957350
19.  Morse JM, Mitcham C, Hupcey JE, Tasén MC: Criteria for concept evaluation. ] Adv Nurs. 1996, 24:385-90.
10.1046/j.1365-2648.1996.18022.x
20. Tacy JW: Technostress: a concept analysis. Online ] Nurs Inform. 2016, 20:1-8.
21.  Walker LO, Avant KC: Strategies for Theory Construction in Nursing . Prentice Hall, Upper Saddle River, NJ;
2011.
22. Paige SR, Stellefson M, Krieger JL, Anderson-Lewis C, Cheong J, Stopka C: Proposing a transactional model
of eHealth literacy: concept analysis. ] Med Internet Res. 2018, 20:e10175. 10.2196/10175
23.  Morse JM: Exploring the theoretical basis of nursing using advanced techniques of concept analysis . ANS
Adv Nurs Sci. 1995, 17:31-46. 10.1097/00012272-199503000-00005
24. Cooper PB, Hughes BJ, Verghese GM, Just JS, Markham AJ: Implementation of an automated sepsis
screening tool in a community hospital setting. ] Nurs Care Qual. 2021, 36:132-6.
10.1097/NCQ.0000000000000501
25. Hernandez JPT: Network diffusion and technology acceptance of a nurse chatbot for chronic disease self-
management support: a theoretical perspective. ] Med Invest. 2019, 66:24-30. 10.2152/jmi.66.24
26. Cato KD, McGrow K, Rossetti SC: Transforming clinical data into wisdom: Artificial intelligence
implications for nurse leaders. Nurs Manage. 2020, 51:24-30. 10.1097/01.NUMA.0000719396.83518.d6
27.  Fritz RL, Dermody G: A nurse-driven method for developing artificial intelligence in "smart" homes for

2021 Shang et al. Cureus 13(5): €14857. DOI 10.7759/cureus.14857

90of 10


https://dx.doi.org/10.2196/18228
https://dx.doi.org/10.2196/18228
https://dx.doi.org/10.1038/s41746-018-0058-9
https://dx.doi.org/10.1038/s41746-018-0058-9
https://dx.doi.org/10.1007/978-3-030-16391-4_11
https://dx.doi.org/10.1007/978-3-030-16391-4_11
https://dx.doi.org/10.1097/CIN.0000000000000508
https://dx.doi.org/10.1097/CIN.0000000000000508
https://dx.doi.org/10.4103/ATMPH.ATMPH_334_17
https://dx.doi.org/10.4103/ATMPH.ATMPH_334_17
https://dx.doi.org/10.2196/14658
https://dx.doi.org/10.2196/14658
https://dx.doi.org/10.1016/j.ijmedinf.2019.103981
https://dx.doi.org/10.1016/j.ijmedinf.2019.103981
https://dx.doi.org/10.1016/j.ijnss.2018.09.013
https://dx.doi.org/10.1016/j.ijnss.2018.09.013
https://dx.doi.org/10.1080/13645706.2019.1575882
https://dx.doi.org/10.1080/13645706.2019.1575882
https://dx.doi.org/10.1186/1472-6947-13-88
https://dx.doi.org/10.1186/1472-6947-13-88
https://dx.doi.org/10.7812/TPP/15-243
https://dx.doi.org/10.7812/TPP/15-243
https://dx.doi.org/10.1111/j.1547-5069.2008.00243.x
https://dx.doi.org/10.1111/j.1547-5069.2008.00243.x
https://dx.doi.org/10.1097/01.Numa.0000578988.56622.21
https://dx.doi.org/10.1097/01.Numa.0000578988.56622.21
https://dx.doi.org/10.1097/NNR.0000000000000315
https://dx.doi.org/10.1097/NNR.0000000000000315
https://dx.doi.org/10.1097/CIN.0000000000000489
https://dx.doi.org/10.1097/CIN.0000000000000489
https://dx.doi.org/10.1080/00140139.2015.1061141
https://dx.doi.org/10.1080/00140139.2015.1061141
https://scholar.google.com/scholar?q=intitle:Theory and Nursing%3A A Systematic Approach
https://dx.doi.org/10.1891/088971805780957350
https://dx.doi.org/10.1891/088971805780957350
https://dx.doi.org/10.1046/j.1365-2648.1996.18022.x
https://dx.doi.org/10.1046/j.1365-2648.1996.18022.x
https://www.researchgate.net/publication/316504681_Technostress_A_concept_analysis
https://scholar.google.com/scholar?q=intitle:Strategies for Theory Construction in Nursing
https://dx.doi.org/10.2196/10175
https://dx.doi.org/10.2196/10175
https://dx.doi.org/10.1097/00012272-199503000-00005
https://dx.doi.org/10.1097/00012272-199503000-00005
https://dx.doi.org/10.1097/NCQ.0000000000000501
https://dx.doi.org/10.1097/NCQ.0000000000000501
https://dx.doi.org/10.2152/jmi.66.24
https://dx.doi.org/10.2152/jmi.66.24
https://dx.doi.org/10.1097/01.NUMA.0000719396.83518.d6
https://dx.doi.org/10.1097/01.NUMA.0000719396.83518.d6
https://dx.doi.org/10.1016/j.outlook.2018.11.004

Cureus

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

aging-in-place. Nurs Outlook. 2019, 67:140-53. 10.1016/j.outlook.2018.11.004

Barrera A, Gee C, Wood A, Gibson O, Bayley D, Geddes J: Introducing artificial intelligence in acute
psychiatric inpatient care: qualitative study of its use to conduct nursing observations. Evid Based Ment
Health. 2020, 23:34-8. 10.1136/ebmental-2019-300136

Brom H, Brooks Carthon JM, Ikeaba U, Chittams J: Leveraging electronic health records and machine
learning to tailor nursing care for patients at high risk for readmissions. ] Nurs Care Qual. 2020, 35:27-33.
10.1097/NCQ.0000000000000412

Griner TE, Thompson M, High H, Buckles J: Artificial intelligence forecasting census and supporting early
decisions. Nurs Adm Q. 2020, 44:316-28. 10.1097/NAQ.0000000000000436

Gongalves LS, Amaro MLM, Romero ALM, Schamne FK, Fressatto JL, Bezerra CW: Implementation of an
Artificial Intelligence Algorithm for sepsis detection. Rev Bras Enferm. 2020, 73:e20180421. 10.1590/0034-
7167-2018-0421

Beauchet O, Noublanche F, Simon R, et al.: Falls risk prediction for older inpatients in acute care medical
wards: is there an interest to combine an early nurse assessment and the artificial neural network analysis?.
] Nutr Health Aging. 2018, 22:131-7. 10.1007/s12603-017-0950-z

Clavelle JT, Sweeney CD, Swartwout E, Lefton C, Guney S: Leveraging technology to sustain extraordinary
care: a qualitative analysis of meaningful nurse recognition. ] Nurs Adm. 2019, 49:303-9.
10.1097/NNA.0000000000000757

Zachariah P, Sanabria E, Liu ], Cohen B, Yao D, Larson E: Novel strategies for predicting healthcare-
associated infections at admission: implications for nursing care. Nurs Res. 2020, 69:399-403.
10.1097/NNR.0000000000000449

Elo S, Kyngés H: The qualitative content analysis process . ] Adv Nurs. 2008, 62:107-15. 10.1111/j.1365-
2648.2007.04569.x

Morse JM, Hupcey JE, Mitcham C, Lenz ER: Concept analysis in nursing research: a critical appraisal . Sch Inq
Nurs Pract. 1996, 10:253-277.

Ko J, Lu C, Srivastava MB, Stankovic JA, Terzis A, Welsh M: Wireless sensor networks for healthcare . Proc
IEEE Inst Electr Electron Eng. 2010, 98:1947-1960. 10.1109/JPROC.2010.2065210

2021 Shang et al. Cureus 13(5): €14857. DOI 10.7759/cureus.14857

10 of 10


https://dx.doi.org/10.1016/j.outlook.2018.11.004
https://dx.doi.org/10.1136/ebmental-2019-300136
https://dx.doi.org/10.1136/ebmental-2019-300136
https://dx.doi.org/10.1097/NCQ.0000000000000412
https://dx.doi.org/10.1097/NCQ.0000000000000412
https://dx.doi.org/10.1097/NAQ.0000000000000436
https://dx.doi.org/10.1097/NAQ.0000000000000436
https://dx.doi.org/10.1590/0034-7167-2018-0421
https://dx.doi.org/10.1590/0034-7167-2018-0421
https://dx.doi.org/10.1007/s12603-017-0950-z
https://dx.doi.org/10.1007/s12603-017-0950-z
https://dx.doi.org/10.1097/NNA.0000000000000757
https://dx.doi.org/10.1097/NNA.0000000000000757
https://dx.doi.org/10.1097/NNR.0000000000000449
https://dx.doi.org/10.1097/NNR.0000000000000449
https://dx.doi.org/10.1111/j.1365-2648.2007.04569.x
https://dx.doi.org/10.1111/j.1365-2648.2007.04569.x
https://pubmed.ncbi.nlm.nih.gov/9009821/
https://dx.doi.org/10.1109/JPROC.2010.2065210
https://dx.doi.org/10.1109/JPROC.2010.2065210

	A Concept Analysis on the Use of Artificial Intelligence in Nursing
	Abstract
	Introduction And Background
	Nursing gap
	Concept analysis

	Review
	Methods
	Sampling
	TABLE 1: CINAHL Search Strategy
	TABLE 2: EMBASE Search Strategy
	TABLE 3: Characteristics of Included Studies

	Data Analysis
	Results
	Definitions
	Characteristics
	Preconditions
	Outcomes
	Boundaries
	Discussion
	Conceptual Maturity
	Limitations

	Conclusions
	Additional Information
	Disclosures

	References


