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n today's healthcare settings, the rapid integration

of artificial intelligence (Al) into clinical practices is

transforming patient care, and nurse leaders play a
pivotal role in this revolution. Nurse leaders must pro-
vide “guidance on the ethical, caring and compassion-
ate, and safe use of Al"" Although the implementation
of Al presents exciting opportunities, understanding
the foundational concepts of Al is crucial. This article
provides guidance on effectively integrating Al into
clinical settings, establishing governance, determining
the project scope, adhering to the implementation
framework, calculating total cost of ownership (TCO),
assessing return on investment (ROI), and other con-
siderations. Furthermore, this article introduces fun-
damental Al concepts and models, ensuring that
nurse leaders have a solid grasp of the technology
underpinning these transformative changes.

Among the Al models being introduced in different
healthcare settings, each solution may have unique
applications in nursing practice. It's imperative to
emphasize that well-engineered and trustworthy Al
design is essential. Well-designed Al models ensure
that nurses can confidently harness Al’s potential,
knowing that these solutions consider human factors
in their design, promote justice, mitigate biases, and
ensure fairness in patient care, ultimately enhancing
the quality of healthcare delivery.!

FOUNDATIONAL CONCEPTS OF Al

Following are descriptions of the foundational Al con-
cepts that form the basis of transformative technolo-
gies discussed in this article.

e Al encompasses a spectrum of technologies, each
emulating human intelligence in distinct ways. At its
core, Al relies on machine learning (ML) algorithms, a
subset of Al, enabling systems to learn from data and
make predictions.? Deep learning (DL), a subfield of
ML, employs neural networks (NN) inspired by the
human brain's structure, enabling extensive data pro-
cessing to recognize patterns.?

e ML, a subset of Al, emphasizes a program’s adapt-
ability with new information. ML software discovers
improved decision-making methods autonomously,
vital in fields like robotics.*

e NN, central to ML, represents Al as interconnected
layers of algorithms, loosely resembling the human
brain’s neurons. These algorithms excel at adaptable
recognition, like identifying patients to prevent mis-
identification.®

e DL, a subset of ML, employs NNs with numerous
layers (sometimes hundreds or thousands) to process
features of data that aren't always perceptible to the
human eye. It involves multiple layers learning vari-
ous aspects of the data, providing a comprehensive
understanding.®
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o Convolutional neural networks (CNNs) are common
in medical image analysis; for example, detecting
findings on X-rays and MRIs.” They're sophisticated
NNs in which not all nodes are fully connected, and
some nodes perform operations, such as convolu-
tions, pooling, and maximum values.

o Natural language processing (NLP) enables Al to
understand and generate human language, aiding clin-
ical documentation, speech recognition, and chatbot
interactions.® Large language models (LLMs), such as
ChatGPT, are the most sophisticated new application
of NLP, with numerous applications in healthcare.®"°

e Generative Al (GenAl), including LLMs, holds prom-
ise for nursing applications, as it enables Al models to
generate plausible, realistic new data using large
quantities of source data as input. GenAl could revo-
lutionize the way nurses approach training, education,
and even patient care. GenAl can also interact with
patients and facilitate the creation of personalized
patient-care plans. By analyzing vast amounts of
patient data, Al systems can generate tailored inter-
ventions, considering individual medical histories,
comorbidities, and treatment responses.

Nurse leaders can use this knowledge to under-
stand how Al works and its potential applications in
clinical workflows, fostering advancements in health-
care. Figure 1illustrates the relationship among the
various Al techniques and applications that can have
a role in healthcare.

OPPORTUNITIES FOR Al TECHNOLOGY
IN NURSING
Predictive models
Predictive Al models empower nurses to anticipate and
proactively address patient needs. By analyzing histori-
cal patient data, models forecast readmission rates and
staffing requirements. They can also alert nurses when
patients are showing collective features of impending
sepsis." Such capability enables targeted interventions
to reduce readmissions and enhance patient outcomes.
Fennelly and colleagues analyzed clinical data,
identifying the critical impact nursing has on reducing
readmissions through transitional care programs,
patient education, care coordination and communica-
tion, nursing interventions, and documentation. They
emphasized that by integrating predictive models
from standardized terminologies, we can project the
number of home-care interventions needed, ulti-
mately reducing hospital readmissions.”?

Risk scores

Al-powered risk scoring tools could be used to assess
patients’ risk levels for specific health events in nursing,
such as falls and pressure injuries. These tools analyze
factors like mobility, nutrition, medical history, and envi-
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ronmental conditions to predict the likelihood of a
patient experiencing a fall or developing a pressure
injury. Nurses can use this information to create person-
alized care plans to prevent adverse events. By leverag-
ing Al algorithms, nurses can proactively identify
patients at risk and implement targeted interventions,
improving patient outcomes and enhancing safety.

A multivariable logistic regression model, devel-
oped through a retrospective study of 23,806 ICU
patients, outperformed the Braden Scale in predicting
the risk of hospital-acquired pressure injuries
(HAPIs).® This model, which identified risk factors for
HAPIs among adult critical care patients, was vali-
dated using a large dataset of clinical variables. It can
help in selecting high-risk patients for focused inter-
ventions to prevent HAPIs.

Rule-based logic Al

Rule-based logic Al models offer valuable decision
support for nurses. They provide alerts and recom-
mendations based on real-time patient data. For
example, these systems can notify nurses of potential
patient deteriorations by monitoring vital signs and
prompting timely interventions.

Escobar and colleagues quantified the benefits of
an automated predictive model designed to identify
patients at high risk for clinical deterioration, showing
improved hospital outcomes, such as reduced mortal-
ity, fewer ICU admissions, and shorter hospital stays.
The study found that mortality within 30 days after an
alert was significantly lower in the intervention cohort
compared with the comparison cohort (adjusted rela-
tive risk, 0.84; 95% Cl, 0.78-0.90; P <.001).

Internet of things
Internet of things (loT) refers to a network of intercon-
nected devices and systems that communicate and

FIGURE 1: The relationship among Al, ML, DL, GenAl,
and NLP
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exchange data over the internet. loT technologies can
assist in the assessment and monitoring of patients
remotely, which improves the care delivery model. loT
devices can track vital signs, medication adherence,
and activity levels, sending real-time data to healthcare
providers, which allows nurses to remotely monitor
patients, intervene when necessary, and provide timely
care, especially for those with chronic conditions.

Thomas and colleagues conducted a systematic
review and concluded that remote patient monitoring
(RPM) interventions are more likely to reduce acute
hospital events if designed with patients, providers,
and the implementation setting in mind. They identi-
fied 31 factors impacting RPM effectiveness, which
were synthesized into six key theories for intervention
success: 1) targeting high-risk populations, 2) accu-
rately detecting health decline, 3) providing respon-
sive and timely care, 4) personalizing care, 5) enhanc-
ing self-management, and 6) ensuring collaborative
and coordinated care.®

Al listening/scribe technology and assistants
Ambient listening technology simplifies human-machine
communication in healthcare, aiding tasks like clinical
documentation and patient reminders. For example,
nurses can use voice commands to input patient infor-
mation, update medical records, and record observa-
tions, which streamlines data entry, reduces paperwork,
and allows nurses to spend more time with patients.

Research on ambient listening technology is still
emerging, particularly in nursing. Early studies on pro-
vider workflows show favorable outcomes, enhancing
patient interactions and reducing after-hours clerical
work, with positive patient feedback noting improved
interactions with physicians.'® Other studies indicate
positive trends in provider engagement without com-
promising patient safety, experience, or clinical docu-
mentation, though no significant benefits were observed
in patient experience, documentation, or productivity.”
Continuous improvements are necessary, emphasizing
direct electronic health record (EHR) integration, accu-
racy and context understanding, and customized work-
flow options. It's important that nurses are involved in
the development and implementation of this technol-
ogy as it becomes available to them.

Medical robotics
Robotics enables Al-assisted surgeries, rehabilitation,
and elder care. For example, autonomous robots can
transport medications, equipment, and supplies
within healthcare facilities. Nurses can focus on
patient care while robots handle logistics, ensuring
timely access to necessary resources.

Ohneberg and colleagues reviewed 39 robotic sys-
tems designed for various tasks, including telepresence,
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safety navigation, and data processing in nursing set-
tings during implementation stages. The primary bene-
fit was enhanced efficiency, permitting the nursing staff
to improve quality care. Challenges included buy-in
from end-users and integration into production work-
flows.®

As nurse leaders gain a comprehensive understand-
ing of these Al models and witness their impact in
nursing practice, they can confidently steer their
teams toward harnessing Al's full potential. Embrac-
ing Al technologies in nursing can lead to improved
patient outcomes, enhanced workflow efficiency, and
ultimately, a higher quality of care. Additionally, con-
tinuous process improvement to leverage Al's plat-
form is crucial. By using Al to support direct care
nurses and implementing supportive programs, nurse
leaders can address practical challenges and enhance
the nursing practice.

OPERATIONALIZATION OF Al GOVERNANCE
The integration of Al into healthcare often begins
organically, driven by clinicians intrigued by its poten-
tial. However, this grassroots approach can lead to
fragmented efforts toward the common goal of Al
integration, underscoring the importance of an execu-
tive governance committee comprising diverse stake-
holders to assess potential Al use cases and proposed
solutions.” This complex process demands thorough
planning, stakeholder engagement, and robust gover-
nance to navigate intricacies and optimize benefits. It
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encompasses various tasks, including establishing
governance structures, defining project scopes, calcu-
lating the TCO and ROI, implementing best practices
for Al model deployment, and ensuring accountability
and risk mitigation throughout the execution of Al
solutions.

Furthermore, establishing an Al Working Group
(AIWG) or project team is imperative for ensuring
operational stability, optimal outcomes, and value
measurement in Al deployment. The AIWG should
encompass representatives from various domains,
including data science, informatics, end-users, regula-
tory bodies, policy and privacy experts, researchers,
administrative leadership, information services, and
patients (if applicable) (see Figure 2). Project requests
should undergo rigorous evaluation during the intake
process, with the AIWG collaborating closely with
leadership to prioritize projects aligned with organiza-
tional goals. Key components of Al work may involve
mapping, measuring, managing, and governing Al-
related risks through a structured, four-phase process,
concentrating on safety, accuracy, measurability, and
sustainability. To address biases and ensure fairness,
experts in human factors and diversity, equity, and
inclusion are integrated into the AIWG.

Nurse leaders must be actively involved in all
phases of Al implementation to ensure compatibility
with nursing workflows and smooth integration into
nursing practices.?° Leaders should support healthcare
providers by ensuring nurses have protected time for
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input and participation in Al-related research and
innovation. Additionally, addressing ethical implica-
tions and challenges associated with Al is crucial.
Nurse leaders must navigate questions regarding pri-
vacy, data security, bias mitigation, and the impact on
nurse-patient relationships.

DEFINING SCOPE
Defining the scope of an Al implementation project
is vital, serving as the cornerstone for its eventual

FIGURE 3: Al implementation

Artificial Intelligence
Implementation

CURATE DATA

Identify, clean, and curate the data
needed to train an Al model. The data
should represent the clinical use case
and contain enough examples of the
inputs that the Al might encounter.
Training , validation, and test datasets
should not overlap.

BUILD ALGORITHM

Choose the model architecture which
will be used to train the model. Example
architectures include convolutional
neural networks, transformers, and
more conventional machine learning
algorithms.

( TRAINANDV.

Training the model involves exposing
the algorithm to the training data for it
to form weights along the connections
between the nodes. Validation refines
the initial model performance through
an iterative process.

TEST MODEL

During testing, the model is exposed to
data it has not previously encountered.
This provides an opportunity to
objectively assess model performance
without reusing data the model

was trained or validated with.

Once the model is trained, it can be
introduced into the clinical workflow.
The user interface and user experience
with the model should be evaluated,
ideally in a sandbox or with a few users,
prior to enterprise-wide deployment.

Unlike other healthcare software, the
behavior of Al tools may not be
consistent. Once Al is deployed
clinically, its performance must be
regularly monitored to detect model
drift and potential unknown biases.

44 November 2024 = Nursing Management

success. One critical aspect involves precisely identi-
fying the issue that the Al solution aims to tackle;
without a clear understanding of the problem, devel-
oping an effective solution becomes challenging.
Nurse leaders are instrumental in this process, con-
ducting comprehensive problem analysis and con-
sulting stakeholders to pinpoint specific challenges
or opportunities within the clinical environment that
could benefit from Al technology. For example,
nurses may identify the need for more precise pre-
dictive models to anticipate patient readmissions or
aim to streamline documentation procedures using
NLP tools or LLMs.

Once the problem is identified, it's imperative to
articulate clear and measurable objectives for the Al
project. These objectives should outline the antici-
pated outcomes and advantages that the Al solution
aims to deliver, such as reducing cognitive burden or
enhancing documentation accuracy. Nurse leaders
must also consider the technical requirements,
resource constraints, and project timeline to assess its
feasibility within the existing infrastructure and iden-
tify potential obstacles that may require attention.
Involving relevant stakeholders, including IT special-
ists, in the scoping process ensures that diverse per-
spectives are considered and potential concerns are
addressed early on, establishing a robust foundation
for the successful implementation of Al projects in
clinical settings.”

Al IMPLEMENTATION FRAMEWORK

Figure 3 illustrates the phases for Al implementations
in a clinical practice setting, including data curation,
model development, validation, deployment, and
ongoing monitoring. This Al life cycle requires meticu-
lous oversight and adherence to established gover-
nance frameworks to ensure the ethical and responsi-
ble use of healthcare Al.

Data curation is essential for training Al or evalu-
ating a model for clinical deployment. Developing an
Al model typically requires different datasets: train-
ing data (examples repeatedly given to the algorithm
for it to “learn” and create the model), validation
data (optional additional examples to fine-tune the
trained model), and test data (previously unseen
examples to objectively measure model perfor-
mance). The test set shouldn't include patients from
either the training or validation sets to accurately
characterize the model’s performance on previously
unseen data.?

Carefully collecting and organizing these data
reduces the risk of poor or unexpectedly biased model
performance. When training the algorithm, an appro-
priate model architecture should be chosen that opti-
mally fits the input data (for example, images versus
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text versus signals). Collaboration with diverse stake-
holders also ensures that the data accurately reflect
the clinical question the model may be tackling (for
example, alerting the team to a patient on the verge of
decompensation).

Models should be tested in the environments where
they'll be used clinically, accounting for potential varia-
tions across different sites within a healthcare network.
It's essential to continuously monitor Al performance
with real-world data after the model goes live in the
care environment. Mitigation strategies should be
implemented to address any detected deviations from
expected model performance or biases in model out-
puts. Such strategies may include temporarily taking
the model offline for fine-tuning to improve perfor-
mance; or limiting the environments in which the model
is used, or the patients with whom the model is used,
to those environments/patients that minimize bias and
maximize performance. Involving clinicians and stake-
holders in the testing phase helps identify usability
issues and practical considerations early on, facilitating
smoother integration into the clinical workflow.

Once the model is adequately trained, validated, and
tested, it proceeds to the implementation phase in the
clinical workflow. Careful evaluation of the user inter-
face and user experience is essential to ensure seamless
integration and usability. Initial evaluations in a con-
trolled environment (for example, on a single unit, with
a small group of patients) enable iterative improve-
ments before broader deployment across the enterprise.

The monitoring and support phase acknowledges
the dynamic nature of Al systems and the potential
for inconsistencies in behavior. Regular monitoring
postdeployment is crucial for detecting model drift
and addressing any potential biases that may arise.
Ongoing support and maintenance efforts uphold the
Al system'’s performance and reliability within the
clinical setting, ensuring continued value delivery and
support for improved patient outcomes over time.%

TCO AND ROI

Implementing Al solutions in clinical settings
demands thorough scrutiny of both the TCO and the
ROI (see Figure 4). This financial assessment serves
as a compass for healthcare organizations, guiding
resource allocation and optimizing the value derived
from Al technology. The TCO encompasses all
expenses associated with acquiring, implementing,
and maintaining the technology throughout its life
cycle, such as the following costs.

e Acquisition: Upfront expenses such as licensing
fees, development costs, and subscription fees for
cloud-based services. For example, licensing for an
Al-powered predictive analytics system may cost
approximately $100,000 annually.

www.nursingmanagement.com

TOTAL COST OF
OWNERSHIP

RETURN ON
INVESTMENT

Acquisition Cost savings

Improved patient
outcomes

Implementation
and maintenance

Enhanced
operational
efficiency

DEIE]
management

EELITE
generation

Training and
education

Competitive

Personnel
advantage

e Implementation: Expenses related to infrastructure,
software, integration (interfaces, application program
interfaces), data migration, and staff training. For
instance, integrating Al tools into existing systems
might involve an initial investment of around
$150,000, including integration and training.

e Maintenance and support: Ongoing expenses for
software updates and upgrades, technical support,
and troubleshooting, Maintenance might cost about
$20,000 per year.

e Data management: Costs associated with managing
and storing large volumes of data required for Al
applications, including data storage infrastructure.
This can amount to $30,000 annually.

e Training and education: Investments in continuous
education and training programs for healthcare pro-
fessionals. Allocating around $25,000 for ongoing
training programs can be expected.

e Personnel: Salaries and benefits for personnel
involved in Al implementation, management, and
operation. This could include a dedicated Al specialist
with a salary of $120,000 per year.

A comprehensive assessment of the TCO enables
healthcare organizations to gain a clear understanding of
the financial implications of Al implementation and
ensures adequate resource allocation to support the
technology throughout its life cycle (see Table 7). How-
ever, evaluating the financial impact of Al on clinical
practice poses challenges. The ROl period for Al solu-
tions must be meticulously measured and monitored
based on expected key performance indicators. Calculat-
ing the ROl involves evaluating the benefits gained rela-
tive to the costs incurred, including the following factors.
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e Cost savings: Streamlining processes, improving
efficiency, and reducing resource utilization.
e Improved patient outcomes: Enabling earlier detec-
tion of diseases, more accurate diagnoses, and per-
sonalized treatment recommendations.
¢ Enhanced operational efficiency: Optimization of
clinical workflows and resource allocation.
e Revenue generation: New service offerings, increased
patient volumes, and improved patient satisfaction.
e Competitive advantage: Operational efficiency,
improved patient outcomes, and cost-effectiveness.
By evaluating the ROl of Al solutions, healthcare
organizations can validate their investments, prioritize
initiatives, and refine strategies to maximize value and
drive positive outcomes for patients and providers.
Incorporating both TCO and ROl analyses into decision-
making empowers nurse leaders and healthcare
administrators to make informed choices about Al
investments, ensuring strategic allocation of resources
to initiatives that deliver tangible benefits and foster
long-term success in clinical practice.

EDUCATION, DISSEMINATION, AND USER
ENGAGEMENT
Education and dissemination are pivotal for successful
Al implementation. Nurse leaders need to prioritize
ongoing education about Al's capabilities and limita-
tions to ensure that staff members are well-informed
and prepared to utilize Al tools effectively. Education
involves not only providing training on the technical
aspects of Al systems but also emphasizing the impor-
tance of ethical practices and patient-centered care.
User engagement and adoption are also crucial for
successful Al integration. Nurse leaders should
actively involve clinicians in the selection and imple-
mentation process, seeking their input and addressing
their concerns. Engaging end-users in the develop-
ment and deployment stages helps build trust and
buy-in, leading to more effective and accepted Al
solutions. Promoting a culture of openness and con-
tinuous feedback allows for the iterative improvement
of Al systems, ensuring that they meet the needs of
healthcare providers and patients.?*

Additionally, understanding and addressing ethical
implications associated with Al is essential. There
must be transparency in Al decision-making pro-
cesses, along with safeguarding patient data and
actively working to mitigate biases that could affect
patient outcomes. By incorporating ethical consider-
ations into the Al integration process, nurse leaders
can help ensure that Al technologies are used respon-
sibly and equitably, ultimately enhancing the quality
of care provided to patients.

Furthermore, it's critical to consider the impact of Al
on nurse-patient relationships. Al tools should be
designed and implemented in ways that support and
enhance the human aspects of nursing care. Al applica-
tions mustn't create barriers to patient interaction but
rather facilitate better communication, understanding,
and trust. By leveraging Al to handle routine tasks and
data analysis, nurses can spend more time on direct
patient care, thereby strengthening their relationships
with patients and improving overall care outcomes.

ADVANCING PATIENT SAFETY AND CARE
The integration of Al into healthcare workflows holds
immense potential for revolutionizing patient care,
and nurse leaders are pivotal in driving its adoption.
Understanding various Al models like GenAl, predic-
tive models, and rule-based logic is important for
nurse leaders to effectively leverage Al in nursing
scenarios. This knowledge allows nurse leaders to
navigate the complexities of Al implementation, con-
sidering factors such as TCO, ROI, and ethical stan-
dards to ensure responsible Al use for patient benefit.
Successful implementation of Al solutions necessi-
tates that nurse leaders understand the problem to be
solved, the Al life cycle, the cost model, and key per-
formance indicators. By staying abreast of advance-
ments in Al technologies and advocating for necessary
resources, nurse leaders can embrace Al's potential,
leading to positive changes in patient outcomes, work-
flow efficiency, and overall healthcare quality. Addition-
ally, staying informed about government directives
aimed at ensuring the responsible and safe use of Al
technology is imperative. Embracing initiatives such

TABLE 1: An example of cost considerations for Al deployment

Cost category Description

Approximate cost

Acquisition

Licensing fees, development costs, subscription fees

$100,000 annually

Implementation

Infrastructure, software, integration, data migration, training

$150,000 (initial investment)

Maintenance and support

Software updates, technical support, troubleshooting

$20,000 annually

Data management

Data storage infrastructure and management

$30,000 annually

Training and education

Continuous education and training programs for staff

$25,000 annually

Personnel
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Salaries for Al specialists and support staff

$120,000 annually
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as President Biden's executive order and the Al Bill

of Rights empowers nurse leaders to lead the way in
leveraging Al for a more efficient and equitable future
in healthcare delivery while fostering sustained innova-
tion.?®> Despite challenges, nurse leaders, armed with

Al tools should be designed and

implemented in ways that support and
enhance the human aspects of nursing care.

knowledge and proactive leadership, have the opportu-
nity to shape a future in which Al and nursing expertise
synergistically advance patient care and healthcare
research, driving progress and innovation in the health-
care landscape. NM
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