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Abstract 
The accelerated adoption of AI in nursing practice is a paradigmatic 
shift in the delivery of healthcare services, and intelligent systems are 
evolving from being a passive instrument of administration to an 
active cognitive agent in the 5IR healthcare system. We critically 
synthesize evidence across multiple domains to assess how four core 
AI types intelligent clinical decision support systems (CDSS), 
automated documentation through ambient clinical intelligence 
(ACI), predictive patient monitoring, and AI-assisted care planning 
affect nursing performance, professional autonomy, clinical 
reasoning, and patient safety. The results indicate that integration of 
the AI technology provides significant operational advantages, such 
as 28.8% to 30% reduction of time spent on documentation, 40% 
reductions in time taken for triage decisions, and 30% enhancement 
of efficiency in resource usage. But the positive effects of AI are 
balanced by profound cognitive and professional risks, including 
automation bias, cognitive deskilling, “never-skilling” of novice 
clinicians, and vigilance fatigue. The rise of the "liability sink"2 for 
algorithmic errors compounds asymmetrical legal risk as that 
algorithmic fallibility maps onto bedside nurses vicariously bearing 
the risk of algorithm errors absent corresponding administrative 
control. Moreover, patient and public safety and healthcare equity 
are at risk from algorithmic bias, hallucinations of large language 
models, and lack of adequate transparency. The GREAT PLEA 
system of nursing governance and participatory co-design processes 
provide avenues through which these risks may be addressed whilst 
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maintaining the person-centred heart of nursing. We propose that a 
way forward to maximizing human–AI collaboration in nursing is 
by implementing compulsory “AI-free” simulation training, adopting 
a reasoning-first pedagogy, designing transparent explainable 
interfaces in partnership with frontline nurses, and developing 
regulatory policies that clarify liability protections. In the absence of 
these protections, computational intelligence could undermine rather 
than augment clinical judgment, moral agency, and therapeutic 
presence the hallmarks of professional nursing practice.  
 

1. INTRODUCTION 
The modern healthcare ecosystem is undergoing a structural transformation. This transformation is 
marked by complexity that is rising patients who are increasingly acute severe shortages in the nursing 
workforce and widespread burnout among clinicians (Flores et al., 2013). In response to these pressures 
intelligence (AI) technologies are being quickly added to direct patient care workflows. Historically 
computational tools in settings acted as passive deterministic software that ran inside rigid electronic 
health record (EHR) systems (Aravazhi et al. 2025). However the rise of machine learning (ML) natural 
language processing (NLP) deep neural networks and generative artificial intelligence has sparked a shift 
toward Fifth Industrial Revolution (5IR) healthcare (Hirschberg & Manning 2015). Within this paradigm 
intelligent systems no longer serve only as administrative tools. Instead intelligent systems become 
cognitive partners and extensions of professional nursing practice (Wang et al. 2020). 
Nursing practice is inherently sociotechnical. Nursing practice blends complex data interpretation with 
hands‑on physical care, emotional presence and moral agency (Booth et al. 2016). The integration of AI 
across four functional areas—intelligent clinical decision support systems (CDSS) automated 
documentation through ambient clinical intelligence (ACI) predictive patient monitoring and AI‑assisted 
care planning—completely changes how care is thought about delivered and assessed (Zhang et al. 2025). 
While technologies promise to boost efficiency lift burdens, sharpen diagnostic precision and reduce 
preventable clinical deterioration technologies also bring complex tensions around professional 
autonomy, cognitive deskilling, liability distribution and algorithmic bias (Lavoie‑Gagne et al. 2025). 
Understanding how human–AI collaboration affects nursing needs more than looking at technical speed 
or system accuracy. Human–AI collaboration requires a look at the cognitive, relational, legal and ethical 
mechanisms that guide human‑machine interaction at the bedside (Rony et al., 2024). This review 
critically pulls together evidence, from fields to see how intelligent technologies influence nursing 
performance, professional autonomy, clinical reasoning and patient safety. This review also outlines the 
educational frameworks needed to keep nursing’s humanistic core alive while using computational 
intelligence (Castro et al. 2023). 
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Figure 1: Multidimensional Framework of Artificial Intelligence Integration Across Professional 

Nursing Domains. 
 
2. Typology and Operational Capabilities of Nursing AI Technologies 
2.1 Intelligent Clinical Decision Support Systems (CDSS) 
Today's AI-enabled CDSSs are a significant architectural departure from traditional deterministic alert-
based rule sets. As a result of the integration of real-time multi-parameter human health data with 
machine learning algorithms and natural language processing, dynamic CDSS provide context-aware, 
personalized suggestions at the POC (Ouanes & Farhah, 2024). In critical care and acute care units, early 
detection of septic shock is facilitated by systems like InSight and the Epic Sepsis Model that utilize 
longitudinal EHR stream analytics (Papareddy et al., 2025). In mechanical ventilation, reinforcement 
learning for optimal lung protective ventilation with individualized oxygenation demand, and precision 
dosing algorithms for vasoactive agents and continuous sedatives in critical care are examples of such high 
dimensional challenges (Yousuf et al., 2026). Instead of static alerts, modern CDSS provide continuous 
risk-scoring dashboards and explainable interface designs that demonstrate parameter weighting and 
clinical rationale (Ikegwu et al., 2025).  
 
2.2 Ambient Clinical Intelligence and Automated Documentation 
Nurses now spend a large share of their working hours on paperwork, a burden linked to mental strain 
and staff turnover (Stults et al., 2025). Ambient Clinical Intelligence (ACI) uses voice recognition and 
language-processing tools to capture conversations between nurses and patients, then organize them into 
standard notes in the electronic health record (Hundal et al., 2025). 
Studies suggest these tools can cut documentation time by about 29% to 30%, help clinicians finish notes 
20% faster, and reduce charting after work by 30%. Early results have also shown a 40% drop in self-
reported burnout among clinicians (Lim et al., 2025). 
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However, automation does not remove all the work; it changes what the work involves. Instead of entering 
information by hand, clinicians review and check what the system produces—a shift described as the 
“displacement-of-burden framework” (Sucharitrak, 2026). Whether this makes daily work easier depends 
on how usable and accurate the system is, and how much effort it takes to verify its notes (Dong et al., 
2025). 
  
2.3 Predictive Patient Monitoring and Early Warning Infrastructure 
Predictive monitoring systems combine sophisticated algorithms with various sources of data such as 
continuous real-time telemetry, continuous physiological monitoring, and laboratory data to compute 

dynamic patient risk scores (Alam et al., 2020). As opposed to using individual vitals threshold-based 
alerts, which contribute to alarm fatigue then, predictive models evaluate hidden cross-parameter 
correlations to forecast possible clinical paths several hours prior. On a practical level, assessments 
indicate that predictive analytics monitoring enables the 30% more efficient utilization of clinical 
resources, such as triage and emergency nurses, and shortens the duration of triage decision-making by 
40% through the reduction of the immediate cognitive decision burden on triage and emergency nurses 
(Pedersen et al., 2026). In the ICU, such algorithms integrate continuous hemodynamic data to predict 
acute kidney injury, respiratory failure, and cardiac arrest, redefining clinical care from reactive crisis 
management to proactive clinical stabilization (Boutin et al., 2026).  
 
2.4 Generative AI and AI-Assisted Care Planning 
Care planning is the theoretical link between nursing assessment and tailored nursing intervention. 
Platform for AI-enabled care planning make use of generative language models and predictive algorithms 
to evaluate patient history, social determinants of health (SDOH), comorbid conditions and evidence-
based nursing interventions (Kitson, 2018). Such platforms take into account local resources and 
institutional policies to provide context aware, personalized nursing care plans (Ongenae et al., 2014) 
that may be adapted to a different care setting in the form of an established set of scenarios. AI care 
planners for scheduling interprofessional care coordination, by automating standardized nursing 
diagnoses, modify interventions and measurable patient outcomes, and ensuring that local care pathways 
continuously adjust to minute variations in patient condition (Chen et al., 2025).  
 

 
Figure 2: Strategic Architecture, Information Flow, and Implementation Pathways for AI-Driven 

Clinical Decision Support Systems (CDSS) in Diabetes Care. 
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Table 1 provides an architectural and operational comparison across these four primary AI 
implementation domains in professional nursing. 

Technology 
Category 

Core Underlying 
Architecture 

Primary Clinical 
Applications 

Quantitative 
Operational 
Impact Metrics 

Key Workflow 
& Interface 
Integration 
Mechanisms 

Intelligent 
Clinical 
Decision 
Support 
(CDSS) 

Machine learning, 
NLP, 
reinforcement 
learning, deep 
neural networks. 

Early sepsis 
detection, vasoactive 
medication titration, 
ventilator 
management. 

Dynamic risk 
stratification; early 
intervention prior 
to clinical 
recognition. 

EHR-integrated 
risk dashboards, 
interruptive pop-
up alerts, 
explainable risk 
weighting. 

Ambient 
Clinical 
Intelligence 
(ACI) 

Ambient speech 
recognition, 
generative NLP, 
contextual text 
summarization. 

Point-of-care nursing 
documentation, 
intake assessment, 
shift change handoff 
summaries. 

28.8%–30% drop 
in charting time; 
30% drop in after-
hours charting; 
40% burnout 
reduction. 

Passive 
microphone 
capture, real-
time draft 
generation, EHR 
field-mapping 
interfaces. 

Predictive 
Patient 
Monitoring 

Time-series deep 
learning, multi-
parameter pattern 
recognition. 

ICU deterioration 
tracking, triage risk 
scoring, cardiac arrest 
prediction. 

30% increase in 
resource allocation 
efficiency; 40% 
reduction in triage 
time. 

Continuous 
dashboard 
indicators, 
central 
monitoring 
station feeds, 
automated 
escalations. 

AI-Assisted 
Care 
Planning 

Large Language 
Models (LLMs), 
generative pattern 
analysis, clinical 
ontology mapping. 

Individualized care 
plan assembly, 
interprofessional 
pathway alignment, 
localized constraint 
modeling. 

Accelerated care 
plan formulation; 
enhanced 
standardization 
across shifts. 

Interactive EHR 
care plan 
modules, 
automated 
nursing 
diagnosis 
suggestion feeds. 

 
3. Impact on Nursing Performance and Workflow Dynamics 
The integration of intelligence into nursing changes how performance works, moving the type of clinical 
productivity from doing physical tasks to doing mental control (Damarched, 2026). The main way of 
work that we see in cases is turning office work and data gathering into supervision. Gaining back hours 
that were spent on EHR charting gives nursing time for care at the bedside emotional help, teaching 
patients and engaging in therapy (Georgakopoulos et al., 1995). This time saving is very important in 
fields such as community health nursing and oncology navigation, where the therapeutic relationship and 
empathetic presence decide how well patients follow care and how good the results are (Avelino et al., 
2025). 
However, a deeper look shows that moving the task load does not always stop strain (Khan & Suhluli et 
al. 2025). According to the idea when AI does the first drafting tasks, such as writing nursing progress 
notes or making first care plans it creates a second mental job: supervision. Nurses must look over, check, 
change and approve AI outputs (Sucharitrak, 2026). If an AI system shows mistakes gives unclear 
summaries or works like a black box without clear clinical logic the mental effort of checking AI work can 
be as big as or bigger than doing the writing by hand (Kumar et al. 2026). 
When supervision work is mixed with a lot of alerts from monitoring systems nurses feel heavy vigilance 
fatigue (Parasa, 2024). This mental state can cause two kinds of mistakes: alert suppression, where nurses 
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ignore the automated warnings because they see many wrong ones or passive checking, where tired nurses 
just approve unverified AI summaries (Van Der Sijs et al., 2009). For AI to bring performance benefits 
the way it fits into work must focus on low friction clear interfaces that are made together with practicing 
nurses. When the technology fits with the existing routines office stress goes down nurse job satisfaction 
goes up and keeping nurses, in the job steadies (Choi & Lee 2026). 
 
4. Professional Autonomy, Agency, and the Liability Environment 
Adding algorithms to everyday clinical choices creates big ethical and legal problems about professional 
autonomy and liability (Braun, 2026). Nursing autonomy depends on the power to use judgment read 
complex health information and stand up for patient welfare. In an environment nursing autonomy can 
be weakened if predictive algorithms are used as sole diagnostic engines instead of flexible clinical helpers 
(Lavoie, 2026). 
When a predictive algorithm sends an alert that does not match a nurses bedside judgment the clinician 
faces a decision path (Rojas et al., 2023). If the nurse follows the system they carry out the suggested 
protocol and record agreement with the score. If the nurse chooses to override the algorithm because of 
an observation, physical exam or subtle context they must start a formal override process (Morris, 2000). 
This means writing a clinical reason and often sending the case to an interdisciplinary care team for 
formal review (Nebeker et al., 2004). 
Both choices bring professional and systemic risks. Accepting predictions without careful review raises 
the danger of automation bias making clinicians follow strict protocols even when a patient’s unique 
situation says otherwise. On the side overriding an automated tool puts the clinician under legal scrutiny 
if the patient later suffers a bad outcome (Branda & Ciccozzi 2026). 
This clash creates the "liability sink" problem, a worry in health policy and malpractice law. Hospitals 
quickly adopt AI tools to boost efficiency and lower institutional risk (Issa et al., 2026). Still legal rules 
and tort cases usually see the bedside nurse as the human‑in‑the‑loop" who must carry out the final care 
(Heimer, 1999). That creates a liability system where nurses take legal blame for computational mistakes 
even though they have no say in buying the system choosing software training the model or putting it into 
use (Jackson et al., 2026). If a nurse blindly follows a sepsis alert or medication dose that harms a patient 
they can be sued for not using independent judgment. If a nurse overrides the system and the patient gets 
worse they can be sued for straying from the automated rules (Mugamba, 2025). 
Keeping nursing autonomy safe and lowering liability needs policy steps. The design of systems must keep 
the nurse’s power to override machine outputs (Cao et al. 2025). Hospitals must set up EHR forms that 
let nurses note override choices and their reasoning without fear of harsh administrative checks (Sinha et 
al., 2012). In addition, regulators and lawmakers must add nursing protections showing that legal blame 
cannot stick to front‑line nurses unless they have AI training and can see the clear explainable logic, 
behind decisions (Galatzan et al. 2025). 
 
5. Cognitive Transformations: Clinical Reasoning, Automation Bias, and Deskilling 
5.1 Cognitive Partnership and Distributed Intelligence 
The incorporation of artificial intelligence into clinical practice redefines human cognition from an 
isolated internal process into a distributed cognitive partnership (Rad et al., 2025). In this dynamic model, 
the machine contributes high-bandwidth data synthesis, continuous multi-variable pattern recognition, 
and rapid guideline matching, while the nurse contributes contextual interpretation, qualitative 
observation, moral agency, and empathetic engagement (Ray, 2026). When properly balanced, this 
partnership elevates the floor of clinical performance, enabling early-career nurses to identify rare 
complications and supporting expert nurses in managing highly complex patient assignments (Kaplan et 
al., 2010). 
 
5.2 Automation Bias and the Cognitive Deskilling Paradox 
Yet repeated exposure to automated decision support systems poses substantial cognitive hazards, 
including automation bias and cognitive deskilling. Automation bias is the tendency of physicians to 
have an inflated trust in the automated system recommendation, which implies less attentiveness and 
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independent evaluation on the part of the physician (Heudel et al., 2026). Liu (2026) notes that in 
stressful, high-paced settings, cognitive weariness amplifies this bias so that nurses are more prone to trust 
machine recommendations without cross-checking of underlying physiological data. 
Automated decision pathways over time result in cognitive deskilling. Clinical reasoning is based on the 
continual processing of implicit intuition through schema development and mental simulation based on 
experiential practice (Natali et al., 2025). Where algorithmic approaches increasingly take over the 
cognitive work of pattern recognition and diagnostic synthesis, there is a danger that clinicians may be 
less able to recognise subtle changes in physiology (Sunday, 2025). 
This is compounded by the phenomenon of “never-skilling”. Novice nurses and nursing students who 
are trained in clinical practice solely in the context of predictive CDSS and generative AI may be at risk 
for not acquiring the prerequisite intuitive pattern recognition, clinical diagnostic patterns, or 
foundational decision making skills needed to evaluate decisions versus the algorithm (Ke et al., 2026). 
Studies have revealed clinical performance of AI-supported clinicians worsens significantly when AI 
support is unexpectedly removed or the system fails (Guo, 2026).  
 
Table 2 outlines these primary cognitive phenomena alongside their psychological mechanisms, impact 
on patient safety, and institutional mitigation strategies. 

Cognitive 
Phenomenon 

Operational Definition & 
Psychological Mechanism 

Impact on Clinical 
Reasoning & Patient 
Safety 

Pedagogical & 
Institutional Mitigation 
Strategies 

Automation 
Bias 

Overreliance on automated 
recommendations driven by 
cognitive offloading and 
high trust in system 
capability. 

Omission errors (failing 
to notice unflagged 
patient decline) and 
commission errors 
(executing erroneous AI 
alerts). 

Cognitive forcing 
functions requiring 
independent reasoning 
prior to viewing AI 
output; calibrated 
explainability interfaces 
displaying confidence 
intervals. 

Cognitive 
Deskilling 

Degradation of unassisted 
diagnostic reasoning, 
intuitive pattern 
recognition, and clinical 
skills over prolonged 
reliance on AI. 

Impaired clinical 
performance during 
system downtime, 
network outages, or 
algorithmic failure 
modes. 

Mandatory periodic "AI-
free" clinical simulation 
practice; post-market 
monitoring of unassisted 
clinician competency. 

"Never-
Skilling" 

The complete failure of 
novice clinicians to ever 
develop foundational 
intuitive diagnostic 
capabilities due to early 
reliance on AI. 

Permanent loss of expert 
clinical intuition across 
incoming generations of 
practitioners. 

Longitudinal competency 
models requiring mastery 
of manual diagnostic 
reasoning prior to AI 
integration. 

Vigilance 
Fatigue 

Exertion of high cognitive 
oversight energy required to 
continuously review, edit, 
and validate low-accuracy AI 
outputs. 

Blind approval of 
automated 
documentation, elevated 
burnout, and delayed 
response to true clinical 
alerts. 

Rigorous pre-deployment 
validation thresholds; 
dynamic filtering of non-
actionable notifications. 

 
5.3 Educational Frameworks and Pedagogical Innovations 
Preventing cognitive degradation requires updating nursing education frameworks. Legacy curricula focus 
predominantly on basic technical literacy, failing to prepare nurses for the cognitive, relational, and 
ethical demands of human-AI collaboration (Herodotou et al., 2019). To address this gap, contemporary 
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education models integrate the 5IR Human–AI Collaborative Nursing Education Model and Rest’s Four-
Component Model of Moral Behavior (Pepito et al., 2026). 
The 5IR Education Model establishes seven core competency domains: algorithmic literacy, technological 
fluency, ethical-legal acumen, digital empathy, critical thinking in AI-supported decision-making, 
interdisciplinary systems thinking, and adaptive practice (Calderone et al., 2025). Complementing this 
framework, Rest's Four-Component Model structures ethical reasoning under four progressive phases: 
• Moral Sensitivity trains nurses to recognize hidden biases, privacy risks, and psychosocial impacts 
embedded in AI data feeds. 
• Moral Judgment develops critical appraisal skills to evaluate algorithmic accuracy and identify 
hallucination or protocol deviations. 
• Moral Motivation cultivates professional commitment to prioritize patient welfare over computational 
convenience. 
• Moral Character builds agency and resilience to override faulty algorithmic alerts, escalate systemic 
errors, and maintain accountability (Harjika, 2026). 
Pedagogy must enforce a "reasoning-first" sequence: nursing students must document independent 
diagnostic hypotheses and clinical interventions before consulting AI-generated care plans or CDSS 
recommendations (Wainwright, 2024). Furthermore, nursing curricula must embed mandatory, periodic 
"AI-free" simulation scenarios to ensure that clinicians maintain robust, unassisted clinical reasoning skills 
capable of operating during technical outages (Simoni et al., 2026). 
 
6. Patient Safety, Algorithmic Governance, and Ethical Paradigms 
6.1 Dual Impacts on Patient Safety 
Artificial intelligence is a disruptive technology that has a dual impact on patient safety in nursing. 
Advanced predictive systems significantly enhance safety by eliminating diagnostic delays, standardizing 
risk scores, optimizing resource allocation, and allowing early stabilization of worsening patients 
(Schlosser et al., 2020). Conversely, the use of AI also creates new safety vulnerabilities due to model 
inaccuracies, dataset bias, software hallucinations, and data security breaches (Perez-Cerrolaza et al., 
2024). 
Predictive models, if trained on unrepresentative historical healthcare data, can learn and reinforce 
systemic socioeconomic, racial, and geographic disparities (Hasanzadeh et al., 2025). Biased models, when 
deployed at scale, can systematically under-score risk in marginalized patient populations, resulting in 
delayed escalations, lower resource allocation, and increased health inequities (Yu et al., 2026). In 
addition, large language models used in automated charting and care planning are still prone to 
"hallucinations" — generating plausible but factually incorrect clinical narratives or non-existent 
interventions (Beisheuvel et al., 2025). These mistakes, if not caught by nurses, become part of the 
permanent legal medical record, infecting future clinical decision-making and endangering patient health 
(Risser et al., 1999).  
 
6.2 The GREAT PLEA Governance Architecture 
To systematically address these safety and ethical risks, healthcare institutions must operationalize robust 
ethical frameworks (McNamara, 2004). The GREAT PLEA ethical architecture provides nine 
comprehensive principles tailored for AI integration in clinical settings: 
• Governability mandates that systems maintain meaningful human control, incorporating explicit 
protocols and technical safeguards that allow nurses to instantly disengage or deactivate malfunctioning 
algorithms without disrupting core patient care. 
• Reliability requires AI models to demonstrate continuous safety and performance efficacy, undergoing 
rigorous evaluation across explicit clinical use cases and patient populations (Rachmad, 2022). 
• Empathy demands that technology be designed to preserve and amplify human relational capacity, 
ensuring automated tools support rather than replace compassionate bedside interaction. 
• Accountability anchors legal and moral responsibility to identifiable human professionals and 
institutional leadership, preventing legal vacuums when algorithmic errors occur (Kong & Chang, 2026). 
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• Transparency mandates that algorithmic decision logic remain explainable and traceable, calibrating 
the depth of system explainability to the level of clinical risk involved (Chaudhary, 2024). 
• Privacy enforces strict data protection standards, utilizing advanced techniques such as federated 
learning to train algorithms without exposing sensitive personal health information to breaches (Razi et 
al., 2025). 
• Legality ensures full compliance with medical laws and data protection regulations, such as HIPAA and 
GDPR, while establishing clear organizational protocols for managing system errors (Isibor, 2024). 
• Equity requires continuous monitoring and auditing to detect and eliminate algorithmic biases, 
ensuring fair treatment across diverse demographic groups (Metaxa et al., 2021). 
• Accessibility focuses on expanding technological access to under-resourced, rural, and community 
health settings to prevent the widening of global healthcare disparities (Dang et al., 2024). 
 
6.3 Participatory Co-Design and Human-in-the-Loop Architecture 
Front-line nurses have been largely excluded from the technology development lifecycle, which is a key 
reason why many historical AI implementations have failed. Software procurement has long been driven 
by administrative and IT leadership, leading to the proliferation of tools that create more work at the 
bedside, add cognitive load, and are often clinically irrelevant (Mirzaei & Adibhesami, 2025). 
Creating safe human-AI collaboration requires a shift toward participatory co-design ecosystems. Nurses 
must be involved throughout every step of system development: requirements analysis, model training, 
data annotation, interface design, clinical simulation testing, and ongoing post-implementation 
evaluation (Mushkani et al., 2025). Participatory design guarantees that explainable AI (XAI) interfaces 
offer information in easily understandable visual displays that align with the fast-paced clinical assessment 
practices of acute care nurses (Fouad et al., 2026). Incorporating direct nursing expertise into model 
development allows health systems to develop AI ecosystems that function as cognitive extensions, 
enhancing clinical decision-making and ensuring patient safety (Elish & Watkin, 2020). 
 
Conclusion 
This review shows that human–AI collaboration in nursing practice is a double‑edged change. It offers 
chances to make work flow faster spot early signs of patient decline and cut down on paperwork. At the 
time it brings big thinking, moral and legal problems. The evidence from four kinds of AI – decision 
support systems, background clinical intelligence, predictive monitoring and AI‑helped care planning – 
tells us that putting technology into nursing changes the job a lot. It moves the focus of nursing from 
doing tasks to watching over and checking the work. Numbers show that records can be done faster triage 
can be quicker. Resources can be used better.. These gains happen only when the tools are easy to use 
and clear and when they are made together with nurses who work every day. A key idea is the model. It 
says that when AI does the tasks nurses then need to think harder to check and approve the results. That 
extra thinking can be as hard or harder than doing the work by hand especially when the AI makes 
mistakes or its logic is not clear. Thinking problems such as trusting the machine much losing skill or 
never learning new skills endanger the experience that nurses rely on to make good decisions. Therefore 
nurses must do training that does not use AI and must learn to think first. The "liability sink" problem 
means that nurses need rules that let them stop the AI if it is wrong and that protect them from blame 
when they decide for themselves. The GREAT PLEA framework gives a set of moral rules that cover 
manageability, trust, care, responsibility, openness, privacy, law, fairness and reach. It helps guide how AI 
should be used in a way. Working together with nurses from the start from figuring out needs to checking 
the system after it is used is necessary so that AI feels like a helper, to the nurse’s mind, not an obstacle. 
In the end keeping the caring heart of nursing – the hands‑on care, the emotional presence and the moral 
power – means that AI should be a helper that supports not replaces, the nurse’s own judgement. 
Hospitals must keep checking that nurses stay skilled that AI is fair and that every kind of care place can 
use the technology. 
 
 
 



Bioscience Insights Volume 3, Number 3, 2026 

 

1141 | P a g e  
 

REFERENCES 
. Mushkani, R., Berard, H., Ammar, T., Chatonnier, C., & Koseki, S. (2025, October). Co-producing AI: 

Toward an augmented, participatory lifecycle. In Proceedings of the AAAI/ACM Conference on AI, 
Ethics, and Society (Vol. 8, No. 2, pp. 1785-1799). 

Alam, M. A., Alam, M. F., & Alam, M. F. (2020). Predictive Data-Driven Models Leveraging Healthcare 
Big Data for Early Intervention And Long-Term Chronic Disease Management To Strengthen US 
National Health Infrastructure. American Journal of Interdisciplinary Studies, 1(04), 26-54. 

Aravazhi, M. P. S., Gunasekaran, M. P., Benjamin, M. N. Z. Y., Thai, M. A., Chandrasekar, M. K. K., 
Kolanu, M. N. D., ... & Inban, M. P. (2025). The integration of artificial intelligence into clinical 
medicine: Trends, challenges, and future directions. Disease-a-Month, 71(6), 101882.  

Avelino, R. D. S., Bolda, E., Chen, G. Q., Dolezel, D., Hirshon, J. M., Kane, J., ... & Yurcik, W. (2025, 
December). SoK: Hospital at Home Model of Care-Toward Appropriate Use Cases and Other 
Challenges. In 2025 Annual Computer Security Applications Conference Workshops (ACSAC Workshops) 
(pp. 134-156). IEEE.  

Biesheuvel, L. A., Workum, J. D., Reuland, M., van Genderen, M. E., Thoral, P., Dongelmans, D., & 
Elbers, P. (2025). Large language models in critical care. Journal of Intensive Medicine, 5(02), 113-118. 
Risser, D. T., Rice, M. M., Salisbury, M. L., Simon, R., Jay, G. D., & Berns, S. D. (1999). The 
potential for improved teamwork to reduce medical errors in the emergency department. Annals of 
emergency medicine, 34(3), 373-383. 

Booth, R. G., Andrusyszyn, M. A., Iwasiw, C., Donelle, L., & Compeau, D. (2016). Actor‑Network 
Theory as a sociotechnical lens to explore the relationship of nurses and technology in practice: 
methodological considerations for nursing research. Nursing inquiry, 23(2), 109-120. 

Boutin, L., Kadri, F., Chaftar, A., Deniau, B., Minani, S., Figueroa, S. M., ... & Dépret, F. (2026). From 
haemodynamics to kidney risk: AI-based early prediction validated in general and burn ICU 
populations. European Heart Journal-Digital Health, 7(1), ztaf150. 

Branda, F., & Ciccozzi, M. (2026). The comfort of automation: Why cognitive sovereignty matters in AI-
driven life sciences. Artificial Intelligence in the Life Sciences, 100158. 

Braun, T. (2026). Liability for artificial intelligence reasoning technologies–a cognitive autonomy that 
does not help. Corporate Governance: The International Journal of Business in Society, 26(6), 1390-1410.  

Calderone, A., Latella, D., Fauci, E. L., Puleo, R., Sergi, A., Francesco, M. D., ... & Calabrò, R. S. (2025). 
Mind meets machine: a narrative review of artificial intelligence role in clinical psychology practice. 
Clinical Psychology & Psychotherapy, 32(6), e70191. 

Cao, Y., Deng, L., Liu, X., Feng, Z., & Gao, Y. (2025). Ethical challenges in the algorithmic era: a 
systematic rapid review of risk insights and governance pathways for nursing predictive analytics 
and early warning systems. BMC Medical Ethics, 26(1), 151. 

Castro, C. B., Costa, L. M., Dias, C. B., Chen, J., Hillebrandt, H., Gardener, S. L., ... & Sohrabi, H. R. 
(2023). Multi-domain interventions for dementia prevention–a systematic review. The journal of 
nutrition, health & aging, 27(12), 1271-1280. 

Chaudhary, G. (2024). Unveiling the black box: Bringing algorithmic transparency to AI. Masaryk 
University Journal of Law and Technology, 18(1), 93-122. 

Chen, Y., Ho, K. Y., Zong, X., Weng, Y., Yuan, C., & Yorke, J. (2025). The digital intelligent precise 
nursing framework: theory development in health recommender system. BMC nursing, 24(1), 1191. 

Choi, S. Y., & Lee, K. (2026, April). Human-Centered Personalization in Radiology AI: Evaluating Trust, 
Usability, and Cross-Hospital Robustness. In Proceedings of the 2026 CHI Conference on Human 
Factors in Computing Systems (pp. 1-23). 

Damarched, M. K. (2026). Intelligent workflow automation systems to enhance nursing efficiency and 
patient safety. Journal of Drug Delivery and Therapeutics, 16(2), 198-206.  

Dang, T. L. P., Sadreddin, A., & Ahuja, S. (2024). Readily available technologies in low-resource 
communities: a review and synthesis. Information Technology for Development, 30(1), 132-172.  



Bioscience Insights Volume 3, Number 3, 2026 

 

1142 | P a g e  
 

Dong, W., Li, D., Ji, Y., Chen, H., Liu, S., Ma, Z., ... & Zheng, P. (2025). Towards a next-generation LLM 
empowered low-code programming industrial robotic system for human-centric smart 
manufacturing. Journal of Manufacturing Systems, 83, 675-686. 

Elish, M. C., & Watkins, E. A. (2020). A study of integrating AI in clinical care. Data and Society. 
Flores, M., Glusman, G., Brogaard, K., Price, N. D., & Hood, L. (2013). P4 medicine: how systems 

medicine will transform the healthcare sector and society. Personalized medicine, 10(6), 565-576. 
Fouad, S., Hakobyan, L., Ihongbe, I. E., Kavakli-Thorne, M., Atkins, S., & Bhatia, B. (2026). Human-

Centered User Interface Design for Explainable AI in Chest Radiology: A Multi-Phase Co-Design 
Approach. IEEE Access. 

Galatzan, B. J., Johnson, E. A., Turchioe, M. R., Baker, C., & Wieben, A. (2025). Regulating at the AI 
frontier: The collision of policy, regulation, and nursing practice. Journal of Nursing Regulation. 

Georgakopoulos, D., Hornick, M., & Sheth, A. (1995). An overview of workflow management: From 
process modeling to workflow automation infrastructure. Distributed and parallel Databases, 3(2), 
119-153. 

Guo, Z. (2026). Cognitive Stitching: Informal AI Integration in Everyday Clinical Reasoning. 
Harjika, R. (2026). Guardrails for innovation: governance, ethics, and responsible AI. In Architecting 

Enterprise AI Strategies: From Vision to Scalable Execution (pp. 203-253). Berkeley, CA: Apress. 
Hasanzadeh, F., Josephson, C. B., Waters, G., Adedinsewo, D., Azizi, Z., & White, J. A. (2025). Bias 

recognition and mitigation strategies in artificial intelligence healthcare applications. NPJ Digital 
Medicine, 8(1), 154. 

Heimer, C. A. (1999). Competing institutions: Law, medicine, and family in neonatal intensive care. Law 
& Society Review, 33(1), 17-66. 

Herodotou, C., Sharples, M., Gaved, M., Kukulska-Hulme, A., Rienties, B., Scanlon, E., & Whitelock, 
D. (2019, October). Innovative pedagogies of the future: An evidence-based selection. In Frontiers 
in Education (Vol. 4, p. 113). Frontiers Media SA. 

Heudel, P. E., Crochet, H., Filori, Q., Bachelot, T., & Blay, J. Y. (2026). Artificial intelligence in medicine: 
a scoping review of the risk of deskilling and loss of expertise among physicians. ESMO Real World 
Data and Digital Oncology, 12, 100693. 

Hirschberg, J., & Manning, C. D. (2015). Advances in natural language processing. Science, 349(6245), 
261-266.  

Hundal, J., Jain, M., & McCollom, J. (2025). Ambient artificial intelligence in health care documentation: 
a review of tools, integration, and clinical implications. AI in Precision Oncology, 2(5), 158-162. 

Ikegwu, A. C., Onyilo, J., & Nweke, H. F. (2025). Artificial intelligence-based clinical decision support 
systems: enhancing modern healthcare for smart diagnosis and prognosis. Nature Journal of Emerging 
Sciences Technologies and Innovations, 1(1), 17-34. 

 Isibor, E. (2024). Regulation of healthcare data security: Legal obligations in a digital age. Available at 
SSRN 4957244 

Issa, H., Petani, F. J., & Glavas, D. (2026). Agentic loafing: An AI decision delegation risk. Risk Analysis, 
46(8), e70306. 

Jackson, D., Bond, C., McCormack, B., Watson, A., Wilson, D., & Cleary, M. (2026). The coercive edge 
of kindness: A critical analysis of ‘random acts’ in nursing. Nursing Inquiry, 33(1), e70082. 

Kaplan, R. S., Norton, D. P., & Rugelsjoen, B. (2010). Managing alliances with the balanced scorecard. 
Harvard business review, 88(1), 114-120. 

Ke, Y., Jin, L., Ong, J. C. L., Thirunavukarasu, A. J., Car, J., Cheung, C. Y., ... & Liu, N. (2026). AI-
induced never-skilling in medical education. Nature medicine, 1-10. 

Khan, S. M. F. A., & Suhluli, S. (2025). Generative AI and cognitive challenges in research: Balancing 
cognitive load, fatigue, and human resilience. Technologies, 13(11), 486.  

Kitson, A. L. (2018). The fundamentals of care framework as a point-of-care nursing theory. Nursing 
research, 67(2), 99-107. 

Kong, L., & Chang, Y. (2026). Displacement, Dilemma, and Exit: The Ethical Stakes of Algorithmic 
Decision-Making. Social Sciences, 15(9), 593.  



Bioscience Insights Volume 3, Number 3, 2026 

 

1143 | P a g e  
 

Kumar, R., Kushwaha, N., & Sharma, H. (2026). Generative AI-Powered Automation of Nursing 
Documentation and Patient Reporting: Enhancing Accuracy, Efficiency, and Clinical Decision 
Support. In Breakthroughs in Smart Nursing With Generative AI (pp. 151-192). IGI Global Scientific 
Publishing. 

Lavoie, P. (2026). Exploring Nurses' Decision‑Making Through the Lens of Capability: A Framework for 
Understanding Autonomy in Complex Care Environments. Journal of Advanced Nursing, 82(2), 
1614-1627.  

Lavoie‑Gagne, O., Woo, J. J., Williams III, R. J., Nwachukwu, B. U., Kunze, K. N., & Ramkumar, P. N. 
(2025). Artificial Intelligence as a Tool to Mitigate Administrative Burden, Optimize Billing, 
Reduce Insurance‑and Credentialing‑Related Expenses, and Improve Quality Assurance Within 
Health Care Systems. Arthroscopy, 41(8), 3270-3275. 

Lim, J. Y., Kim, K. H., & Mun, S. K. (2025). How does medical artificial intelligence revolutionize 
physician productivity?. Yonsei medical journal, 67(1), 1. 

Liu, L. B. (2026). Healthcare Operations in High-Stakes Clinical Settings: Workload, Technology, and Clinical 
Decision-Making (Doctoral dissertation, The University of North Carolina at Chapel Hill). 

McNamara, M. J. (2004). From tavern to courthouse: architecture and ritual in american law, 1658-1860. JHU 
Press. 

Metaxa, D., Park, J. S., Robertson, R. E., Karahalios, K., Wilson, C., Hancock, J., & Sandvig, C. (2021). 
Auditing algorithms: Understanding algorithmic systems from the outside in. Foundations and 
Trends® in Human–Computer Interaction, 14(4), 272-344. 

Mirzaei, B., & Adibhesami, M. A. (2025). Human-in-the-loop, multi-objective generative retrofit of Studio 
5 at Razi University: A participatory, performance-driven upgrade for a hot–dry climate. Engineering, 
Construction and Architectural Management, 1-33.  

Morris, A. H. (2000). Developing and implementing computerized protocols for standardization of 
clinical decisions. Annals of internal medicine, 132(5), 373-383. 

Mugamba, E. (2025). Algorithmic Malpractice? Legal Accountability and Clinical Negligence in AI-Driven 
NHS Care. 

Natali, C., Marconi, L., Dias Duran, L. D., & Cabitza, F. (2025). AI-induced deskilling in medicine: a 
mixed-method review and research agenda for healthcare and beyond. Artificial Intelligence Review, 
58(11), 356. 

Nebeker, J. R., Barach, P., & Samore, M. H. (2004). Clarifying adverse drug events: a clinician's guide to 
terminology, documentation, and reporting. Annals of internal medicine, 140(10), 795-801. 

Ongenae, F., Famaey, J., Verstichel, S., Zutter, S. D., Latré, S., Ackaert, A., ... & Turck, F. D. (2014). 
Ambient-aware continuous care through semantic context dissemination. BMC medical informatics 
and decision making, 14(1), 97. 

Ouanes, K., & Farhah, N. (2024). Effectiveness of artificial intelligence (AI) in clinical decision support 
systems and care delivery. Journal of medical systems, 48(1), 74.  

Papareddy, P., Lobo, T. J., Holub, M., Bouma, H., Maca, J., Strodthoff, N., & Herwald, H. (2025). 
Transforming sepsis management: AI-driven innovations in early detection and tailored therapies. 
Critical care, 29(1), 366. 

Parasa, M. (2024). Intelligent Compliance Automation in SAP Success Factors: AI-Driven Monitoring for 
Global Labor Law Adherence. International Research Journal of Engineering & Applied Sciences, 12(3). 

Pedersen, N. K., Hasselriis, A., Askehave, C. I., Mølgaard, J., Grønbaek, K. K., Rasmussen, S. S., ... & 
Aasvang, E. K. (2026). Machine learning improves classification of serious adverse events compared 
to threshold-based continuous vital sign monitoring alerts. Scientific Reports. 

Pepito, J. A., Babate, F. J., Ismael, J. D., Al-Jumayile, S. S. I., & Siddique, M. K. B. (2026). Redesigning 
Nursing Curricula for Human–AI Collaboration Using a Fifth Industrial Revolution Framework: 
Discursive Paper. SAGE Open Nursing, 12, 23779608261433312. 

Perez-Cerrolaza, J., Abella, J., Borg, M., Donzella, C., Cerquides, J., Cazorla, F. J., ... & Flores, J. L. (2024). 
Artificial intelligence for safety-critical systems in industrial and transportation domains: A survey. 
ACM Computing Surveys, 56(7), 1-40. 



Bioscience Insights Volume 3, Number 3, 2026 

 

1144 | P a g e  
 

Rachmad, Y. E. (2022). The Artifical Intelligence Mandate: Pioneering Technological Governance. The 
Professional Research Book Publishing.  

Rad, D., Maier, M., Triff, Z., & Marcu, R. (2025). Entangled autopoiesis: Reframing psychotherapy and 
neuroscience through cognitive science and systems engineering. Brain Sciences, 15(10), 1032. 

Ray, P. P. (2026). Physical AI: Bridging the sim-to-real divide toward embodied, ethical, and autonomous 
intelligence. Machine Learning for Computational Science and Engineering, 2(1), 1. 

Razi, Q., Piyush, R., Chakrabarti, A., Singh, A., Hassija, V., & Chalapathi, G. S. S. (2025). Enhancing 
data privacy: A comprehensive survey of privacy-enabling technologies. IEEE Access, 13, 40354-
40385. 

Rojas, J. C., Teran, M., & Umscheid, C. A. (2023). Clinician trust in artificial intelligence: what is known 
and how trust can be facilitated. Critical Care Clinics, 39(4), 769-782.  

Rony, M. K. K., Kayesh, I., Bala, S. D., Akter, F., & Parvin, M. R. (2024). Artificial intelligence in future 
nursing care: Exploring perspectives of nursing professionals-A descriptive qualitative study. 
Heliyon, 10(4). 

Schlosser, J., Kollisch, D., Johnson, D., Perkins, T., & Olson, A. (2020). VA-community dual care: veteran 
and clinician perspectives. Journal of community health, 45(4), 795-802. 

Simoni, J., Pereira, J. L., Aschenbrenner-Noriega, I., Crespo Sánchez, S., Egaña-Yin, D., García-Gargallo, 
C., ... & Mengual, E. (2026). Principles for medical students’ responsible use of generative AI: a 
student-partnered Delphi study. BMC Medical Ethics. 

Sinha, P. K., Sunder, G., Bendale, P., Mantri, M., & Dande, A. (2012). Electronic health record: standards, 
coding systems, frameworks, and infrastructures. John Wiley & Sons. 

Stults, C. D., Deng, S., Martinez, M. C., Wilcox, J., Szwerinski, N., Chen, K. H., ... & Jones, V. G. (2025). 
Evaluation of an ambient artificial intelligence documentation platform for clinicians. JAMA 
network open, 8(5), e258614. 

Sucharitrak, C. (2026). Artificial Intelligence and Clinician Burnout in the United States: A Narrative 
Review. Cureus, 18(7).  

Sucharitrak, C. (2026). Artificial Intelligence and Clinician Burnout in the United States: A Narrative 
Review. Cureus, 18(7). 

Sunday, O. (2025). Behavioral impacts of AI reliance in diagnostics: balancing automation with skill 
retention. Epidemiology and Health Data Insights, 1(3), ehdi011. 

Van Der Sijs, H., Aarts, J., Vulto, A., & Berg, M. (2006). Overriding of drug safety alerts in computerized 
physician order entry. Journal of the American Medical Informatics Association, 13(2), 138-147. 

Wainwright, S. F. (2024). Andragogy: health professions clinical reasoning transitioning from novice to 
expert. In Clinical Reasoning and Decision Making in Physical Therapy (pp. 71-88). Routledge. 

Wang, Y., Hou, M., Plataniotis, K. N., Kwong, S., Leung, H., Tunstel, E., ... & Trajkovic, L. (2020). 
Towards a theoretical framework of autonomous systems underpinned by intelligence and systems 
sciences. IEEE/CAA Journal of Automatica Sinica, 8(1), 52-63. 

Yousuf, M. H., Li, J., Vahdati, S., Theilen, R., Wittenstein, J., & Lehmann, J. (2026, March). Advancing 
safe mechanical ventilation using offline RL with hybrid actions and clinically aligned rewards. In 
Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 40, No. 46, pp. 39548-39557). 

Yu, C., Sima, C., Jiang, G., Zhang, H., Mai, H., Li, H., ... & Yuan, Y. (2026). $\chi_ {0} $: Resource-
Aware Robust Manipulation via Taming Distributional Inconsistencies. arXiv preprint 
arXiv:2602.09021. 

Zhang, R., Chen, Y., Yue, W., Zhang, Y., Li, X., Feng, S., ... & Luo, M. (2025). Multimodal artificial 
intelligence in medicine: a task-oriented framework for clinical translation. Frontiers in Medicine, 12, 
1736272. 

 


