Chen etal. BMC Nursing ~ (2025) 24:1191 BMC Nursi ng
https://doi.org/10.1186/512912-025-03830-2

e : : : ®
The digital intelligent precise nursing s
framework: theory development in health
recommender system

t 244

Yi Chen'", Ka Yan Ho?", Xugian Zong', Yajuan Weng'?, Changrong Yuan''® and Janelle Yorke

Abstract

Background With the rapid integration of artificial intelligence, the Internet of Things, and big data into healthcare,
Health Recommender Systems (HRS) have emerged as powerful tools to support personalized care. However, their
application in the nursing field lacks a theoretical foundation grounded in nursing science.

Objective This study aims to develop the Digital Intelligent Precise Nursing Framework, a theory-driven conceptual
model for HRS adoption in nursing, to guide the design of intelligent recommendation systems that align with the
holistic, person-centered principles of nursing.

Methods Drawing upon interdisciplinary literature and nursing paradigms, this study proposes a framework
consisting of three interrelated components: multidimensional data, solution bank, and recommendation.
Multidimensional data includes sensing modalities, information modalities, data types, and information sources.
The solution bank is structured across two axes—target users and function types. Recommendation engines
integrate data and solution strategies to generate user-centered inferential conclusions, supportive measures, and
individualized action suggestions.

Results The framework enables intelligent nursing systems to synthesize heterogeneous data and deliver
personalized, real-time, and context-aware interventions. It provides a foundation for moving nursing practice from
evidence-based care to precision-guided decision-making.

Conclusion The Digital Intelligent Precise Nursing Framework offers a structured foundation for advancing intelligent
HRSs in nursing by bridging nursing theory, health technology, and clinical reasoning. It supports the development of
systems that are adaptive, interpretable, and responsive to users'needs in diverse care settings.
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Introduction

The term Fourth Industrial Revolution has been increas-
ingly applied to both nursing education and practice,
reflecting a broader shift toward the integration of infor-
mation and computing technologies in addressing the
complexities of modern, person-centered, and personal-
ized care and research [1, 2]. The term personalized care
refers to the design and adaptation of clinical treatment
to the characteristics, needs, and individual preferences
of the patient throughout all stages: care, prevention,
diagnosis, treatment, and follow-up [3]. Within this
evolving landscape, health recommender systems (HRSs)
have emerged as promising tools for supporting per-
sonalized health-related decision-making. In a typi-
cal HRS, the recommended item of interest is a piece of
health-related or medical information, such as a selected
physician opinion or treatment option. These recom-
mendations are typically generated using individualized
health data documented in electronic health records
(EHRs) or personal health records (PHRs) [4]. A spe-
cific subset of HRSs is designed to assist users in making
preferred healthcare choices. The data that power these
systems—commonly referred to as user profiles—may
consist of patient information extracted from EHRs or
PHRs, often structured as personalized health knowl-
edge graphs [5], provider profiles [6], or a combination of
both [7], or patient-reported outcomes and other health
information.

Ricci et al. define recommender systems (RSs) as “soft-
ware tools and techniques providing suggestions for
items to be of use to a user,” [8] with recommendations
applicable to various decision-making processes, such as
what products to buy, music to listen to, or online news
to read. Extending this definition, Wiesner and Pfeifer
[4] describe a health recommender system as “a special-
ization of an RS as defined by Ricci et al” In the context
of an HRS, the recommendable item refers to a piece of
nonconfidential, scientifically proven, or at least gener-
ally accepted medical information, such as IBM Watson
health, or Amazon HealthLake.

HRSs offer the potential to motivate and engage
users to change their behavior [9] and provide people
with better choices and actionable knowledge based
on observed behavior [10, 11]. The overall objective of
the HRS is to empower people to monitor and improve
their health through technology-assisted, personalized
recommendations.

With the continued integration of technologies such
as artificial intelligence, the Internet of Things, and big
data into the nursing field, the functions, data sources,

and modes of user interaction in health recommender
systems have become increasingly complex and diverse.
These technological advances not only enhance the sys-
tem’s capacity for personalized recommendation but also
accelerate the transformation of nursing practice to one
that is data-driven and guided by intelligent decision-
making by applying Artificial Intelligence (AI) technology.
Most existing systems are primarily technology-driven in
the design of recommendation mechanisms [12], while
reports on how to design and implement recommender
systems specifically within the field of clinical nurs-
ing remain scarce. Our study seeks to address this gap
by integrating nursing conceptual perspectives into the
development of a theory-driven framework. An existing
framework, termed the “Iron Triangle Theory,” was intro-
duced in 2023 to conceptualize the application of HRS
in clinical practice by our research team [15]. However,
this framework suffers from three major limitations: (1)
it lacks a solid foundational theory to support its struc-
tural validity; (2) it inadequately addresses the role of dig-
ital technologies in shaping HRS functionalities; and (3)
its functional description remains restrictive, failing to
fully encompass the diverse capabilities of contemporary
recommendation systems. To overcome these shortcom-
ings and better harness the potential of Al, an enhanced
framework is needed—one that seamlessly integrates Al
into nursing practice, thereby enabling intelligent, preci-
sion-based patient care. Such an advancement would not
only expand the breadth and depth of nursing services
but also reinforce the development of digital intelligent
precise nursing in the Al-driven healthcare era. The new
definition of ‘nursing’ was proposed by The International
Council of Nurses [13].

Nursing is a profession dedicated to upholding
everyone’s right to enjoy the highest attainable stan-
dard of health, through a shared commitment to
providing collaborative, culturally safe, people-cen-
tred care and services. Nursing acts and advocates
for people’s equitable access to health and health
care, and safe, sustainable environments.

The practice of nursing embodies the philosophy and
values of the profession in providing professional
care in the most personal health-related aspects of
people’s lives. Nursing promotes health, protects
safety and continuity in care, and manages and
leads health care organizations and systems. Nurs-
ing’s practice is underpinned by a unique combina-
tion of science-based disciplinary knowledge, tech-
nical capability, ethical standards, and therapeutic
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relationships. Nursing is committed to compassion,
social justice and a better future for humanity.

To meet the needs of the new definition and scope of the
nursing profession, there is an urgent need to conceptu-
alize the Digital Intelligent Precise Nursing Framework.
This study introduces a theoretical framework for Health
Recommender Systems, grounded in the principles
and context of the nursing discipline, which is strongly
grounded in ‘science’ [13].

Methodology

This study adopted a narrative review approach to syn-
thesize theoretical and empirical literature relevant to the
construction of a conceptual framework for HRS in nurs-
ing. Unlike systematic or integrative reviews, a narrative
review allows for a more flexible integration of diverse
sources, making it particularly suitable for the develop-
ment of new theories and conceptual models.

We conducted a structured search across multidisci-
plinary databases (e.g., PubMed, Web of Science, Wiley,
Wangfang, CNKI) using keywords, such as (“recom-
mendation system*” OR “recommender system*” OR
“decision support system*” OR “clinical decision sup-
port” OR “intelligent recommendation” OR “personalized
recommendation” OR “precision health” OR"“Decision
Support Systems, Clinical[Mesh] OR “Health Informa-
tion Systems[Mesh]” OR “Artificial Intelligence[Mesh]”)
AND (“patient care” OR “precision health” OR
“nursing[Mesh]”), we also search the theories, such as
(“nursing theory” OR “nursing model” OR “conceptual
framework” OR “theoretical framework” OR“Models,
Nursing[Mesh]’OR “Philosophy, Nursing[Mesh]” OR
“Nursing Theory[Mesh]”) AND (“nursing practice” OR
“clinical nursing” OR “nursing research”).

The selection of literature prioritized seminal works,
theoretical contributions, and empirical studies that
informed the integration of nursing perspectives with
digital intelligence. Articles were not limited by study
design, as the primary aim was to identify conceptual
gaps and synthesize cross-disciplinary insights rather
than evaluate intervention effectiveness.

The results of this narrative review served as the foun-
dation for constructing the Digital Intelligent Precise
Nursing (DIPN) framework, which was subsequently
refined through expert consultation and theoretical
analysis.

Theoretical background

The theoretical foundation of this framework is grounded
in the concept of Precision Nursing [14], the Iron Tri-
angle Theory for Health Recommender Systems [15],
and the key elements that should be explicitly addressed
in studies on Health Recommender Systems, as
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summarized by De Croon et al. [16]. In terms of the com-
plementarity of the theoretical system, these three collec-
tively embody the complementarity and progressiveness
of the theoretical system. The Nursing Science Precision
Health Model (NSPH) [14] has established a scientific
framework for individualized nursing in this research. Its
core proposition, “achieving personalized health inter-
ventions by integrating multi-omics data with influencing
factors such as individual lifestyles, social economy, and
culture” [17], is highly consistent with the personalized
recommendation needs of smart nursing systems and
constitutes the underlying logic of the theoretical sys-
tem. The Iron Triangle Theory of Health Recommenda-
tion Systems [15], as a theoretical framework previously
developed by the team, provides preliminary framework
for system construction from the perspective of feasibil-
ity, forming the intermediate support layer for theoretical
application. The key elements of health recommenda-
tion systems summarized by De Croon et al. [16] have
improved the technical implementation path from the
methodological level, constituting the operational execu-
tion layer of the theoretical system.

Precision health “uses omic data within the context
of lifestyle, social, economic, cultural, and environmen-
tal influences to help individuals achieve well-being and
optimal health” Its primary goal is to deliver “individual-
ized treatments to maximize the benefits of any particu-
lar intervention for one single individual” [18]. Derived
from the concept of precision health (NIH proposed)
[19], one of the theoretical foundations of this study is
rooted in the NSPH [18], which was jointly developed
in 2019 by researchers from multiple universities in the
United States based on symptom science. This model
comprises four core components of precision: (A) Pre-
cision in measures; (B) Precision in characterization of
phenotype including life-style and environmental fac-
tors; (C) Precision in characterization of genotype and
other biomarkers; and (D) Precision in intervention tar-
get discovery, design, and delivery. These four compo-
nents reflect the unique attributes of nursing practice and
emphasize interdisciplinary collaboration informed by
scientific data and information (Fig. 1) [18]. Phenotypes
are determined by a combination of individual behaviors,
biological characteristics, and clinical data. Once pheno-
typic profiles are established, potential biomarkers are
identified through genomics and other “omics” research.
These findings are then integrated with physiological and
behavioral data from the patient to support the predic-
tion, treatment, and management of symptoms.

The second theoretical foundation of this study is the
Iron Triangle Theory for Health Recommender Sys-
tems [15], proposed by Yuan et al. in 2023. With the
rapid advancement of emerging technologies and artifi-
cial intelligence, this foundational theory must evolve to
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Fig. 1 Nursing science precision health model [18]

address the dynamic nature of healthcare—encompass-
ing various data sources, intervention modalities, and the
multiple professional roles of nurses [13], for example, the
ICN redefined the nurse, ‘Nurses enhance health literacy,
promote health, prevent illness, protect patient safety,
alleviate suffering, facilitate recovery and adaptation, and
uphold dignity throughout life and at end of life. They
work autonomously and collaboratively across settings
to improve health, through advocacy, evidence-informed
decision-making, and culturally safe, therapeutic rela-
tionships. Nurses provide people-centred, compassion-
ate clinical and social care, manage services, enhance
health systems, advance public and population health,
and foster safe and sustainable environments. Nurses
lead, educate, research, advocate, innovate and shape
policy to improve health outcomes. Furthermore, nurses
play a unique role in health and care for populations of all
ages, and in all settings, building trust with individuals,
families and communities and gaining valuable insights
into people’s experiences of health and illness’ Grounded
in these principles of transparency, balance, and inter-
dependence, the Iron Triangle Theory conceptualizes
three interrelated components: accurate evaluation of
multidimensional data, digital awareness solutions, and
digital intervention [15] (Fig. 2). Collectively, these com-
ponents form a cohesive, triangular model that encap-
sulates the inherent trade-offs among healthcare quality,
access, and cost. This framework provides a structured,
user-centered foundation for the development of data-
driven, intelligent nursing systems that aim to enhance

both clinical decision-making and patient engagement.
This theory was developed by one of the authors (Yuan)
research team based on the application of HRS to sup-
port symptom management in adult and pediatric cancer
patients [20]. It proposed a conceptual framework com-
prising three core components, which interact with one
another to form the model: accurate evaluation of multi-
dimensional data, digital awareness solutions, and digital
interventions. The original theory primarily focused on
the process of conceptual development; As noted above,
the 2023 Iron Triangle Theory framework has three
major limitations: a weak theoretical foundation, insuf-
ficient integration of digital technologies, and a narrow
functional scope. These shortcomings thus drive us to
further develop this theory into the application of Al in
HRS for nursing.

Notably, De Croon et al. emphasized that studies on
HRSs should explicitly address several key elements: the
intended target users and recipients of recommenda-
tions; the nature and format of the recommendations;
the origin of the dataset; the algorithms employed to
generate recommendations; and the evaluation protocols
applied [16].

Therefore, based on the above theories and literature
review, this paper presents the Digital Intelligent Pre-
cise Nursing Framework that aims to serve as a forward-
looking theoretical tool to guide the scientific design and
effective implementation of health recommender systems
in intelligent nursing practice.
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Fig. 2 Iron triangle theory for the health recommender system — extracted from the original paper [15]

Theoretical framework
Derived through a combination of gaps in existing nurs-
ing frameworks, and inspired by Clinical Decision Sup-
port Systems like IBM Watson Health and Google’s
Med-PaLM, we identified the need for: a solution bank
to codify evidence-based interventions, a recommenda-
tion engine to translate data into actionable insights,
similar to Amazon HealthLake’s adaptive analytics. The
Digital Intelligent Precision Nursing Framework cen-
ters on three core components: multidimensional data,
solution bank, and recommendation. This triad mirrors
the data-to-decision pipeline in AI systems: the input
layer: addressing the question “what do we know about
the current situation/patient?”, drawing on the Nurs-
ing Science Precision Health Model, we have identified
“multidimensional data” as the cornerstone for achieving
“precision”; the knowledge layer: answering “what inter-
ventions work in similar cases?’, we adopt the term “solu-
tion bank” from the field of computer science to embody
the “intelligent” dimension of the framework; the output
layer: responding to “what actions should be taken now?’,
this ultimately converges on the framework’s overarching
objective: generating recommendations.
Multidimensional data lays on the digital dimension, to
acquire data from different sources; solution bank con-
sists with a variety of response strategies or solutions
to solve one or series of nursing issues by data-driven
intelligent decision-making; to combine with/analysis/

integrate multidimensional evaluation and solution bank,
the recommendation can be developed (Fig. 3).

Component | -Multidimensional data

The digital dimension constitutes the foundational layer
of the Digital Intelligent Precise Nursing Framework. It
emphasizes the construction of data infrastructures and
information platforms to digitize health information, ser-
vices, and systems, thereby enabling the collection, inte-
gration, and analysis of multidimensional health data.

Situated within component I of the Digital Intelligent
Nursing Triangle, this component underscores not only
the diversity and richness of data sources but also the
need for precision, sensitivity, and interpretability when
delivering health recommendations through digital
systems.

Multidimensional data refer to heterogeneous data
types collected from diverse modalities and sources [21—
23]. These include: (1) sensing modalities (information
perception channels): sensors (e.g., physiological moni-
tors, wearables), language/text (e.g., clinical narratives,
user input), visual (e.g., wound images, facial expres-
sions), auditory (e.g., voice patterns, digital speech); (2)
information modalities (content domains): physical (e.g.,
gait, activity levels), behavioral (e.g., usage patterns,
mobility,).

psychological (e.g., emotional states, stress levels),
social (e.g., degree of social support, social interactions,
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Fig. 3 The digital intelligent precise nursing framework

social determinants of health), environmental (e.g., geo-
graphic, meteorological, and built environment) [24]; (3)
data types: structured data (e.g., EHRs, clinical records),
unstructured data (e.g., free-text notes, social media),
time-series data (e.g., ICU monitoring of ECG, heart
rate), image data (e.g., diagnostic or wound images), tex-
tual data (e.g., nursing documentation); (4) information
sources:

social media platforms (e.g., Weibo, Rednote), patient-
generated health data (PGHD), including self-reported
health and treatment histories, patient-reported
outcomes.

(PROs), and biometric sensor data [25].

These data are captured through both active (e.g.,
survey responses, ePROs, clinician input) and innova-
tive passive means to address psychological traits and
social supports—key factors in treatment adherence.
For example, psychological traits (e.g., stress resilience,
emotional states) are supplemented via digital phenotyp-
ing: smartphone-based voice tone analysis and app usage
patterns capture real-time emotional fluctuations [26],
complementing traditional self-reports. Social supports
are quantified through sociomarkers extended by ambi-
ent data, such as social network interaction frequency
and neighborhood resource accessibility, enriching data
beyond conventional surveys [27].

Increasingly, hybrid multimodal frameworks integrate
these new data streams with existing sources to enhance
ecological validity and granularity. This allows for the
generation of PGHD, which—when integrated with
clinical datasets—provides real-time, context-sensitive

insights that extend beyond traditional medical records
[28-31].

Notably, sociomarkers—quantifiable indicators of an
individual’s social context—have emerged as power-
ful predictors for tailored intervention. For instance,
machine learning models using markers such as neigh-
borhood poverty or housing instability have enhanced
prediction of chronic disease risks [32—34]. This category
of data is commonly acquired via community health
information systems, self-reported measures, and data
collection by healthcare staff.

Transforming these complex data streams—including
qualitative data (e.g., patient narratives, interview tran-
scripts)—into actionable intelligence relies on advanced
analytics: qualitative data are structured via natural lan-
guage processing to extract emotional polarity and need-
related keywords, while real-time data mining, Al-driven
classification, and digital biomarkers (objective physi-
ological or behavioral metrics captured through digital
means) process quantitative inputs. The textual informa-
tion can also be sentiment analysis through multifaceted
fine-grained sentiment analysis based on medical com-
plaint texts [35—37]. These integrated features feed into
multimodal AI models, where attention mechanisms
weight data types (e.g., qualitative insights for assessing
treatment acceptability) to enable descriptive, diagnostic,
predictive, and prescriptive analytics—each supporting a
different inferential mechanism of personalized recom-
mendation [38, 39].

Nursing science, grounded in the meta-paradigm con-
cepts of person, health, environment, and nursing [40],
is uniquely positioned to guide this interpretive process.
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This holistic approach enables the transformation of
multidimensional data into meaningful, patient-centered
indicators of well-being. Importantly, HRSs in nurs-
ing should not merely process raw data but interpret it
through clinically relevant and theory-driven lenses. For
example: descriptive patterns in physical activity may
trigger motivational peer stories, diagnostic inferences
from mood data may lead to stress-management content,
predictive frailty scores may initiate preventive health
education, prescriptive analysis may prompt real-time
referrals or symptom-guided interventions. As biosen-
sors, Al algorithms, and mHealth applications increas-
ingly permeate clinical and community care, the nursing
discipline bears a critical responsibility to ensure ethical,
valid, and human-centered interpretation.

Ultimately, accurate, context-aware collection and
interpretation of multidimensional data is not only the
analytical backbone of HRSs but also a moral impera-
tive—ensuring recommendations are not only evidence-
based but also equitable, relevant, and responsive to the
lived realities of diverse patient populations.

Component Il - Solution bank

The intelligent dimension constitutes the methodologi-
cal core of the Digital Intelligent Precise Nursing Frame-
work. It centers on the computational transformation of
data into actionable, personalized health recommenda-
tions by leveraging Al, big data analytics, and algorith-
mic modeling. The solution bank is designed to integrate
evidence-based nursing interventions, clinical practice
guidelines, and standardized nursing terminologies (e.g.,
North American Nursing Diagnosis Association Inter-
national nursing diagnoses, Nursing Interventions Clas-
sification interventions, Nursing Outcomes Classification
outcomes). This ensures that the generation of care plans
is grounded in established nursing taxonomies and can
be systematically adapted to different patient groups. This
component ensures precision, timeliness, and contextual
sensitivity in nursing interventions, thereby enhancing
clinical decision-making, behavior change, and outcome
prediction.

Building upon existing digital health frameworks
[41], the second component—solution bank—embod-
ies a semantically structured, behaviorally informed,
and dynamically adaptive content ecosystem. It sup-
ports diverse health goals by addressing users’ medical
conditions, emotional needs, behavioral patterns, and
digital literacy levels via intuitive, accessible, and multi-
modal formats. These include text, video, animations,
infographics, decision trees, hyperlinks, and real-time
prompts, which accommodate varying learning prefer-
ences and facilitate equitable access—especially for pop-
ulations with limited health literacy [42].
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To comprehensively reflect its utility, the solution bank
is structured across two axes: target users (patients or
caregivers vs. nurses) and function types (educational vs.
adaptive digital solutions). This results in four functional
categories, each aligned with specific goals of health rec-
ommendation systems.

(1) Patient-facing or caregiver-facing educational solu-
tions: enhancing health literacy and self-management.

These solutions offer accessible health content aimed
at empowering patients with knowledge and self-care
strategies: health education materials: disease knowl-
edge, postoperative care, dietary advice, emotional regu-
lation; symptom management guidance for pain, fatigue,
nausea, insomnia, etc.; medication instructions, such as
reminders, adverse effect alerts, auto-generated medica-
tion plans; lifestyle modification advice: sleep, exercise,
nutrition, smoking/alcohol cessation; psychological sup-
port: mindfulness training, meditation videos, mood self-
assessment tools; rehabilitation and care skills: exercise
videos (e.g., stoma care, limb exercises); health assess-
ment tools: screening for depression, pressure injuries,
or nutritional risk; health service navigation: hospital
wayfinding, referral suggestions, follow-up alerts; peer
experience sharing: testimonials, group support, recovery
stories.

(2) Patient-facing or caregiver-facing adaptive digi-
tal solutions: behaviorally adaptive and personalized
interventions.

Driven by AI and behavioral modeling, this category
delivers context-aware and dynamically personalized
content [33, 43, 44]: proactive content recommendation
based on interaction patterns and behavior prediction;
stage-matched interventions tailored to motivational
readiness (e.g., vaccine uptake, exercise adherence);
real-time prompts and nudges triggered by wearable or
app-tracked data; personalization engines that adapt to
evolving preferences and digital literacy levels.

(3) Nurse-facing educational solutions: supporting clini-
cal competence and practice consistency.

Designed for professional development and clinical
workflow optimization, these resources assist nurses in
delivering standardized and evidence-based care: nursing
pathway templates based on diagnosis or surgical proce-
dures; evidence updated notifications: guidelines, sum-
maries, clinical tips; assessment tool recommendations:
Numerical Rating Scale [45], Braden [46], Activities of
Daily Living [47], and other validated scales; skill train-
ing modules: instructional videos, procedure checklists,
documentation tutorials; case repositories: typical case
reviews with intervention strategies; communication
guidance: language prompts and strategies for difficult
conversations [42].

(4) Nurse-facing adaptive digital solutions: intelligent
support for decision-making and patient management.
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These systems integrate advanced algorithms to assist
in risk monitoring, patient stratification, and adaptive
planning: real-time alerts for high-risk symptoms or
deteriorating behavior patterns; adaptive care plan gen-
eration based on nursing diagnoses and patient data;
prioritized patient lists informed by predictive analytics
(e.g., fall risk, delirium); knowledge-graph-enabled rea-
soning to align patient conditions with optimal interven-
tions [48, 49].

To ensure clinical relevance and safety, solution bank
recommendations must be grounded in validated data-
sets and expert-developed ontologies. The realization of
personalized content customization relies on user profil-
ing and recommendation rule algorithms—such as deep
neural network models and association rule mining—to
deliver targeted content recommendation [20]. Iterative
updates based on real-world feedback enhance adaptabil-
ity. Additionally, human-in-the-loop mechanisms allow
healthcare professionals to review or refine recommen-
dations prior to deployment, addressing the limitations
of algorithmic opacity, cold-start problems, and data
sparsity.

As healthcare shifts toward decentralized care mod-
els—including telehealth, mHealth coaching, and home-
based monitoring—the solution bank serves as a central
vehicle for distributing personalized, scalable, and con-
textually relevant support [50]. It bridges the informa-
tional gap between users and providers, strengthens
nurse-patient interactions, and promotes continuity of
care across digital environments.

The solution bank embodies the nursing profession’s
commitment to personalized education, empowered par-
ticipation, and equitable care delivery [51-53]. By struc-
turing content around both user roles and intelligent
functionalities, it forms a critical infrastructure for intel-
ligent nursing systems—one that not only informs but
actively transforms the digital health experience.

Inferential mechanism

Leveraging multidimensional data and the solution bank,
recommendation engines transform complex user pro-
files into actionable health guidance through diverse
inferential mechanisms. For example, collaborative fil-
tering, content-based filtering, knowledge-based rules,
association rules and hybrid models to match users with
the most relevant resources. Inputs include medical his-
tory, psychosocial background, behavioral trends, treat-
ment responses, device-tracked metrics [48] and so on,
which derived from component I - multidimensional
data. With the incorporation of knowledge graphs and
semantic reasoning, the system enables more nuanced
and individualized recommendations, as demonstrated
in domains like HPV vaccination and dementia care [33,
48, 49]. Similarly, digital self-monitoring of symptoms
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or behaviors (e.g., ecological momentary assessments
[EMA]) enables the collection of ecologically valid data
on mental health outcomes and allows for more precise
clinical assessments [54—57]. Based on multidimensional,
real-time data streams from EMA (including emotional
states, perceived stressors, coping strategies, and prior
intervention engagement) and wearable sensors (e.g.,
heart rate variability, sleep patterns, activity levels), the
system’s inferential mechanism—tailored to the spe-
cific research problem—generates personalized JITAI/
EMI content. This content dynamically adapts to users’
contextual characteristics (e.g., time, location, social
environment) [58, 59] and demographic profiles by incor-
porating gender-specific nuances: adjusting language
framing (e.g., emphasizing communal vs. individual resil-
ience), addressing stigma-related barriers, and prioritiz-
ing health concerns relevant to specific gender groups;
accounting for age-related differences: modifying content
complexity, example relevance (e.g., school vs. workplace
stressors), and delivery formats (e.g., gamification for
adolescents vs. structured guidance for older adults) [60].

This contextual and demographic adaptation aligns
with JITAIs core principles of timely (intervening only
when risk thresholds are met) and adaptive (tailoring to
individual needs) interventions, aiming to reduce fatigue,
improve engagement, and enable rigorous evaluation of
effectiveness [61].

The Digital Intelligent Precise Nursing Framework
embodies the core principles of JITAL Unlike traditional
approaches that demand participants modify their rou-
tines to fit rigid intervention schedules, this framework
dynamically tailors support to individual needs and
evolving contexts—ensuring timely and precisely dosed
delivery of interventions. JITAIs in mHealth have demon-
strated success across diverse public health applications,
including physical activity promotion, mental health sup-
port, weight management, smoking cessation, and sub-
stance use reduction [60, 62]. For instance, Santa Maria
et al. [63] tested the MY-RID JITAI in a randomized con-
trolled trial, demonstrating its efficacy in fostering HIV
risk reduction behaviors among homeless young adults.

Therefore, researchers can select diverse inferen-
tial approaches based on the specific demands of their
research problems.

Component IlI- recommendation

The third component of the Digital Intelligent Precise
Nursing Framework—Recommendation—corresponds to
the intelligent and precision, which represents the frame-
work’s ultimate goal: to translate personalized insights
into evidence-based, actionable guidance tailored to indi-
vidual needs. This dimension emphasizes the alignment
of nursing care with personal characteristics and contin-
uously evolving health data, aiming to deliver optimized
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interventions at the right time, in the right form, and for
the right individual.

As the operational culmination of the Digital Intel-
ligent Precise Nursing Framework, the recommenda-
tion component synthesizes outputs from the first two
dimensions—multidimensional data and the solution
bank—into dynamic, user-centered inferential conclu-
sions, supportive measures or plans, individualized
action suggestions.

In this framework, recommendations are conceptu-
alized not merely as digital prompts but as data-driven,
individualized guidance that can span both digital and
traditional care modalities. These may include lifestyle
modifications, in-person consultations, or nurse-led
behavioral counseling—any form of intervention that
aligns with the user’s clinical profile and contextual
needs. Thus, the essence of precision lies not in the mode
of delivery, but in the personalization and appropriate-
ness of the intervention itself. The Digital Intelligent
Precise Nursing Framework serves as an intelligent medi-
ator that bridges digital and conventional care pathways,
dynamically aligning recommendations with real-time
patient data and clinical reasoning.

This approach has demonstrated utility across a range
of chronic conditions, including diabetes, cardiovascular
disease, cancer, and mental health disorders. Nurse-led
digital interventions, in particular, have shown strong
effectiveness across diverse clinical settings, reinforc-
ing the role of nursing leadership in operationalizing
intelligent and personalized care strategies [64, 65]. By
integrating PGHD with evidence-based algorithms,
the framework enhances the timeliness, accuracy, and
responsiveness of care—thereby improving care continu-
ity and overall outcomes.

The effectiveness of such digital interventions depends
not only on data and algorithmic precision, but also on
their theoretical underpinnings. Interventions grounded
in behavior change theories—such as Social Cognitive
Theory or Cognitive Behavioral Therapy—consistently
demonstrate improved engagement and sustained behav-
ior change [66, 67]. Features like goal setting, gamifica-
tion, real-time feedback, and motivational prompts
further support adherence, addressing common chal-
lenges in digital health implementation. In addition to
promoting behavior change, recommendation systems
are increasingly applied in symptom monitoring, emo-
tional support, and shared decision-making. Through
continuous data collection—via wearable devices, digital
self-reports, or passive sensing — can adapt the content,
intensity, or format of interventions, ensuring relevance
as patient needs evolve.

The emergence of PGHD and real-world evidence has
further transformed digital intervention into a partici-
patory and co-creative process. Through wearable and
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sensor-based platforms, patients continuously contribute
data—such as heart rate, physical activity, and symptom
reports—which enables dynamic risk assessments and
adaptive recommendation delivery [68, 69]. This feedback
loop not only enhances the precision of interventions but
also fosters patient empowerment and engagement.

However, the effectiveness of precision-driven recom-
mendations in nursing practice depends on their usabil-
ity, accessibility, and perceived relevance. Key influencing
factors include digital literacy, age, socioeconomic status,
and interface design [70]. To ensure equitable and sus-
tainable implementation, it is critical to apply inclusive
design principles, offer user-centered customization, and
maintain human-in-the-loop mechanisms to support
diverse populations.

In summary, “recommendation” plays a pivotal role
in the Digital Intelligent Precise Nursing Framework.
By translating individualized insights into high-quality,
actionable care, this component moves HRSs beyond
passive information delivery. It enables continuous, con-
text-sensitive, and theory-informed engagement—driv-
ing meaningful behavioral and clinical outcomes and
advancing the practice of intelligent nursing.

Integration and functional synergy of core components
The Digital Intelligent Precise Nursing Framework com-
prises three interrelated components—multidimensional
data, solution bank, and recommendation—which align
with the digital, intelligent, and precision dimensions.
These components operate in a progressive and syner-
gistic sequence: robust data provides the foundation;
the solution bank is composed of health resources; and
under the inferential mechanism, the recommendation
component converts insights into actionable, context-
specific care strategies. Collectively, they form a unified
architecture that enables Health Recommender Systems
to deliver intelligent, individualized, and evidence-based
support within nursing practice.

Expert opinions from nursing education and clinical fields
To better engage the framework into the real world, we
consulting the expert advisory, the three questions are
about the suggestions to the whole framework, chal-
lenges in application in the real world, the feasibility and
generalizability of the framework.

A total of 10 experts ultimately participated in the
consultation, including 4 clinical nursing experts and 6
nursing education faculty members from higher edu-
cation institutions. The experts were aged 32-55 years
(mean+SD: 38.20+7.00). Their working experience
ranged from 5 to 32 years (mean+SD:12.10+8.74), of
which 9 experts had specialized experience in stoma
care ranging from 1 to 30 years (mean + SD:9.53 +10.00).
In terms of educational background, one held a master’s
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Table 1 Characteristics of the consulting experts
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Number Age Education Expertsource Years of working HRS design  Title/Position
level experience experience

1 36 Doctorate  University Faculty 8 Yes Associate Senior Title

2 33 Doctorate  University Faculty 5 Yes Associate Research Fellow

3 41 Master Clinical Nurse Specialist, Nursing Administrator 14 Yes Associate Senior Title

4 37 Doctorate  University Faculty 12 Yes Associate Research Fellow

5 32 Doctorate  University Faculty 6 Yes Associate Senior Title

6 34 Doctorate  University Faculty 5 Yes Intermediate Title

7 35 Doctorate  Clinical Nurse Specialist 10 Yes Intermediate Title

8 44 Doctorate  Clinical Nurse Specialist, Nursing Administrator 22 Yes Senior Title

9 55 Doctorate  Clinical Nurse Specialist, Nursing Administrator 32 Yes Senior Title

10 36 Doctorate  University Faculty 8 Yes Associate Senior Title
Step 1: Preparation it remains overly macro-level, lacking refined indicators

nation and Expansion |
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Fig. 4 Implementation guideline

degree and nine held doctoral degrees. Regarding profes-
sional titles, there were 2 with intermediate titles, 4 with
associate senior titles, 2 with senior titles, and 2 young
associate researchers. The detailed characteristics of the
consulting experts are presented in Table 1.

The consulted experts generally agreed that the frame-
work demonstrates strong innovativeness and feasibility
in integrating nursing with digital intelligence, and that it
can provide theoretical support for advancing the trans-
formation of nursing practice. However, the experts also
highlighted several limitations of the framework. First,

and robust logical underpinnings. Second, some core
concepts lack standardized terminology and clear defi-
nitions, which may hinder consistent understanding and
application across different contexts. Third, the recom-
mendation and inference mechanisms are still relatively
abstract, with insufficient contextualization and person-
alization. Fourth, issues of multimodal data governance,
security, and ethical compliance have not been ade-
quately addressed. In addition, some experts emphasized
that the framework lacks sufficient operability, as nursing
professionals may encounter difficulties in comprehend-
ing specialized digital-intelligence terminology, thereby
necessitating the development of more intuitive guidance
tools.

Based on the above expert feedback, we developed
an implementation guideline accompanied by illustra-
tive cases to enhance the framework’s practicality and
scalability.

Implementation guideline

To enhance its adoption by interested nursing leaders, we
develop the implementation guideline (Fig. 4.) and pro-
vide the example by applying the Digital Intelligent Pre-
cise Nursing Framework.

Step 1: Preparation.

1. Define objectives: clarify the ultimate goal and value
of developing the recommendation system.

Example: This study aims to develop a
personalized education recommendation system
for ostomy patients to enhance their self-
management ability and adaptation.

2. Specify application scope: define the target
population and application scenarios.

Example: The system is designed primarily for
ostomy patients living at home.
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3. Establish a multidisciplinary team: form a cross-
disciplinary development team, provide necessary
training, and develop standardized terminology with
unified core concepts.

Example: The team consists of colorectal surgeons,
nutrition specialists, IT and software engineers,
clinical nursing experts (including stoma
therapists), and nursing managers. The team
should jointly define standardized terminology and
core concepts for ostomy patient education to lay
the foundation for system development.

Step 2: Project Design.

1. Establishment of a multimodal evaluation index
system: on the premise of data availability and
security, construct a multimodal assessment and
indicator system based on relevant theoretical
frameworks or models.

Example: In developing the personalized education
recommendation system for ostomy patients, the
bio—psycho—social medical model is adopted

to establish an indicator system across three
dimensions:

« Physiological: peristomal skin score, leakage, complica-
tions, comorbidity index, emergency visits.

« Psychological: anxiety and depression scales, self-effi-
cacy scale, ostomy adjustment scale.

« Social: social support score, caregiver availability,
healthcare accessibility (distance, cost, follow-up punc-
tuality), participation in patient support groups, and
return-to-work status.

Each dimension can be synthesized into indices such
as a Physiological Burden Index, Psychological Distress
Index, and Social Support Index. Using unsupervised
clustering, patients may be categorized into groups (e.g.,
@ low-risk/well-adapted; @ high physiological burden; ®
high psychological distress; @ socially isolated; ® globally
high-risk). These categories highlight significant differences
in complications, educational needs, and self-manage-
ment capacity, thus supporting stratified health education
and intervention strategies.

2. Solution Library Construction: Build a personalized
education content library aligned with project goals.

Example: The project will develop a knowledge
base in illustrated formats covering key aspects

of ostomy health education. Content will be
validated through evidence-based retrieval, expert
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consultation, and patient participation to ensure
scientific accuracy and authority.

3. Establishment of recommendation mechanisms:
generate personalized recommendations by
integrating multimodal assessment results with
expert judgment, using suitable recommendation
algorithms.

Example: The project will adopt association
rule-based recommendation to determine the
frequency and content of educational materials
for different patient groups, implemented through
collaboration between software engineers and
nursing researchers.

4. Determination of an evaluation index system:
establish outcome measures aligned with project
goals.

Example: Indicators will include patient self-
management ability, system usability, adherence,
and satisfaction.

Step 3: Pilot Implementation.

Conduct small-scale pilot studies in tertiary hospitals
with a high level of digitalization/intelligent infrastruc-
ture to test feasibility and effectiveness.

Example: This study will conduct a randomized
controlled trial at the author’s affiliated hospital as
an initial validation.

Step 4: Evaluation and Optimization.

Engage approximately 10-15 users to test the system,
collect application data and feedback, and refine the sys-
tem through iterative optimization and upgrades.

Step 5: Promotion and Expansion.

Adopt a tiered promotion strategy by initially imple-
menting the system in well-prepared institutions, fol-
lowed by gradual expansion to additional healthcare
settings, with the ultimate goal of establishing a widely
applicable and scalable model for dissemination.

Application challenges of the framework

Based on expert feedback, the framework faces several
challenges in real-world implementation. First, sub-
sequent research should incorporate concept analysis
of the framework’s indicators. Second, the framework
requires enrichment with concrete application cases to
enhance its practical utility and relevance. Third, nursing
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professionals may encounter difficulties in understanding
the specialized terminology related to digital intelligence,
which increases the threshold for application.

In addition, mechanisms for personalized recommen-
dation and context awareness require further refinement,
while human-machine collaboration is constrained by
issues such as data quality, information silos, high imple-
mentation costs, and limited digital literacy among nurs-
ing staff. Integration into existing nursing workflows also
poses challenges, necessitating organizational readiness,
adequate resource allocation, and continuous training to
strengthen nurses’ digital competencies. Variability in the
level of digital infrastructure across healthcare institu-
tions further restricts the framework’s scalability. Finally,
data security and ethical considerations remain poten-
tial risk factors that demand greater attention in future
research.

Conclusion

In summary, the Digital Intelligent Precise Nursing
Framework offers a robust framework for understand-
ing, designing, and implementing health recommender
systems in intelligent nursing. By structuring digital
innovation around data accuracy, contextual awareness,
and actionable intervention, this framework holds great
potential for advancing personalized, equitable, and
high-quality care in an increasingly complex healthcare
landscape. Future research directions include piloting the
framework in digitally advanced hospitals to evaluate its
feasibility, as well as refining and optimizing the model
through empirical validation.
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