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SUMMARY

Precision management of chronic diseases is crucial for improving patient quality of life and alleviating global
health burdens. Advancements at the intersection of medicine and engineering, particularly through artificial
intelligence (Al), have driven significant progress in precision care. From the perspective of the full life span
management of chronic diseases, we focus on medicine-engineering crossover for monitoring chronic dis-
eases, developing and implementing precision care plans, and evaluating care outcomes. Through an in-
depth discussion, we address key issues such as Al’s potential to enable precision care and the challenges
associated with its implementation, including data accuracy, privacy concerns, and clinical adoption.
Emphasizing the importance of nurses embracing new technologies and interdisciplinary collaboration,
this paper highlights how technological innovation can improve chronic disease management, particularly
by enhancing care efficiency and personalizing health interventions. We aim to support the development

of integrated healthcare solutions that improve patient outcomes in chronic disease management.

INTRODUCTION

As the global burden of chronic diseases increases, nursing
plays a critical role in healthcare systems."? The World Health
Organization (WHO) states that chronic diseases cause 41
million deaths each year, accounting for 74% of total fatalities
and significantly straining healthcare resources.® In 2021, the
four main types of chronic diseases—cardiovascular diseases
(such as heart attacks and stroke), cancers, chronic respiratory
diseases (such as chronic obstructive pulmonary disease and
asthma) and diabetes —account for 80% of all premature deaths
attributed to chronic diseases.® Consequently, prioritizing pre-
vention and management policies for the four main types of
chronic diseases is imperative, necessitating global collabora-
tion and a coordinated multidisciplinary approach.” To address
this escalating burden, the WHO has recommended a life course
strategy for preventing and controlling chronic diseases,*®
which encompasses comprehensive management through
screening, prevention, treatment, rehabilitation, and long-term
follow-up care.”®

In light of these challenges, there is a significant opportunity
for integrating emerging technologies to improve the quality of
care.”'° Developments in artificial intelligence (Al) and the inter-
section of medicine and engineering are reshaping healthcare
practices,"’ particularly in chronic disease management.'?™"®

The intersection of medicine and engineering approach aims to
leverage engineering technologies to develop innovative medi-
cal tools that address complex health challenges.'® The applica-
tion of Al in healthcare is expanding. Research indicated that by
analyzing patient health data and incorporating advanced
biomedical engineering techniques,’”'® Al could support
personalized disease management plans and enhance overall
health outcomes.'®*° However, rapid technological advance-
ments have introduced new challenges, including data accu-
racy, portability, application diversity, and clinical adoption.”’
Additionally, ensuring patient data privacy and security?*>° while
balancing humanistic care with technological support are
crucial.?*®> Moreover, nursing professionals must continuously
adapt to new technologies to apply them effectively in clinical
settings.”®

In this perspective, we discuss how Al empowers precision
care for the four main types of chronic diseases across the life
span through the intersection of medicine and engineering. At
the same time, we consider future trends and challenges in
this field and offer specific recommendations for nursing prac-
tice. We believe that promoting interdisciplinary collaboration
and technological innovation is essential for achieving precision
nursing in chronic disease management throughout the life
course. By integrating diverse data sources and employing intel-
ligent analysis, we can effectively merge technology with

oo iScience 28, 112044, March 21, 2025 © 2025 The Authors. Published by Elsevier Inc. 1

uuuuu

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:sym8022@163.com
mailto:sunhongyu@bjmu.edu.cn
https://doi.org/10.1016/j.isci.2025.112044
http://crossmark.crossref.org/dialog/?doi=10.1016/j.isci.2025.112044&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/

¢ CellPress

OPEN ACCESS

humanistic care, leading to more efficient and personalized
chronic disease management services.

MONITORING AND EARLY WARNING FOR CHRONIC
DISEASES

Al is shifting from a model-centric approach to integrating data
value and mechanisms.?’ This section will focus on the develop-
ment and specific applications of interdisciplinary medicine and
engineering technologies, along with Al, in the monitoring, and
early warning of chronic diseases.

Wearable device technology
Wearable devices have significantly enhanced the efficiency and
accuracy of chronic disease monitoring by integrating sensors,
the Internet of Things, and Al technologies,15 which have been
widely utilized for monitoring cancer, cardiovascular, cerebro-
vascular, respiratory, and metabolic diseases.’®*® These de-
vices employ a variety of sensors, including electrocardiogram
(ECG) sensors,*?“° glucose sensors,*’ and integrated sensor
systems,?® to monitor heart rate, blood oxygen saturation, respi-
ratory rate, sleep, physical activity, and glucose levels in real-
time. However, sensors may be affected by factors such as
exercise state, temperature changes, electromagnetic interfer-
ence, sensor placement, and changes in body position, leading
to measurement errors in the data. Many wearable devices and
sensors are bulky and uncomfortable, which may limit their long-
term use, particularly among patients with chronic conditions.?’
Future research could focus on developing smaller, lighter, and
more user-friendly devices to improve both usability and patient
compliance. Additionally, the accuracy of wearable device moni-
toring varies, which can lead to unnecessary misdiagnoses, in-
crease the workload of healthcare providers, and heighten pa-
tient anxiety.”> Wearable devices for chronic respiratory
diseases®®>™° and diabetes”’ enable remote monitoring and
cloud-based data sharing, improving patient care and deci-
sion-making without hospital visits. Although wearable devices
indeed provide valuable information for clinical use, it remains
unclear whether patients effectively utilize this information to
guide self-management, or even whether they perceive it as use-
ful. There is limited understanding of how chronic disease pa-
tients accept wearable devices, or whether specific barriers to
implementation exist within certain patient groups.®*
Combining Al and machine learning technologies allows wear-
able devices to deeply analyze data, predict disease deterioration
trends, and offer personalized health management recommenda-
tions.'>"** However, these technologies also raise concerns
about data security, algorithm transparency, and potential biases
in predictive models. In the future, measures such as data encryp-
tion, enhancing algorithm transparency, optimizing training data,
and introducing fairness algorithms can effectively reduce the
impact of these issues on patients and healthcare services. Addi-
tionally, establishing clear ethical frameworks and regulatory
mechanisms is essential to protect patients’ privacy and rights.
Furthermore, many commercial devices have not undergone
rigorous medical validation, which limits their application in clinical
settings. In Australia, 73% of wearable technologies currently in
use are not yet legislated.>* While some devices offer precise
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monitoring, the lack of legal regulation makes them challenging
to use for clinical decision-making.“® Clinical workflows are inher-
ently dynamic, and while wearable devices must ensure safety in
monitoring, healthcare professionals face the added burden of
learning new technologies and systems amidst their already
demanding workloads. These challenges have limited the integra-
tion of wearable devices into clinical practice.*” Future efforts
should focus on exploring the advantages and risks of wearable
devices in chronic disease management from the perspective of
healthcare professionals, enabling their seamless integration
into clinical workflows.

Contactless monitoring technology

While wearable devices face poor compliance and data accu-
racy challenges, contactless monitoring technologies offer
continuous tracking with improved comfort.?®** Radar sensors
have demonstrated potential in monitoring respiratory rates
among high-risk opioid users and patients with pulmonary con-
ditions or sleep apnea. Nonetheless, motion artifacts and
observer interference may adversely affect the precision of res-
piratory rate measurements. For instance, when observers posi-
tion themselves near patients to obtain optimal respiratory read-
ings, the radar may inadvertently detect the observer’s
respiratory rate instead.’® For hypertension, contactless tech-
nology employs facial camera images to detect pulse waves*’
and Doppler radar®® for blood pressure prediction. Combined
with smartphone applications, transdermal optical imaging tech-
nology enables contactless blood pressure monitoring through
video-based remote operation. Unlike cuff-based methods,
this approach allows blood pressure measurements to be taken
at various times and locations.®" However, the technology has
only been validated in individuals with normal blood pressure,
and its robustness in monitoring hypertensive or hypotensive
subjects remains untested. Moreover, these technologies are
primarily designed for measuring blood pressure in a resting
state, and it is unclear whether they can reliably monitor blood
pressure in different environments (e.g., outdoors, in moving ve-
hicles, or under low light conditions) or during physical activ-
ity.**>" Fritz et al.>® reported that home-based sensors enable
remote monitoring of clinically relevant health events, particularly
in patients with chronic diseases, and noted that nurses utilizing
smart health technologies improved the interpretation and appli-
cation of sensor data. As frontline healthcare providers, nurses
are well-positioned to act as intermediaries for sensor data, of-
fering insights that support remote care and opening new path-
ways for evidence-based practices.

Pathway to key technologies

By integrating medical engineering and Al, precision monitoring,
prediction, and management of chronic diseases are attainable
(Figure 1). Non-invasive sensors and wearable devices continu-
ously capture patients’ physiological and environmental data in
real time, transmitting this information to cloud storage via wire-
less networks for analysis using Al technology. This approach
supports early detection and prediction of chronic disease pro-
gression. Using Al algorithms such as machine learning and
deep learning to integrate diverse data sources helps identify
health risks and uncover underlying mechanisms.Al algorithms,
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Figure 1. Pathway to key technologies for precision care in chronic diseases through Al-empowered perspective on medicine-engineering

crossover

SVM, support vector machines; DT, Decision Tree; BN, Bayesian network; RF, Random Forest; XG Boost, eXtreme Gradient Boosting; MLP, Multilayer perceptron.

like machine learning and deep learning, integrate data to iden-
tify health risks, uncover mechanisms, and enable personalized
care plans.®*® Additionally, these systems dynamically optimize
care plans in response to changes in patient health, thereby
enhancing care quality.

Challenges and prospects

Wearable devices and non-invasive sensors integrated with Al
have been used for chronic disease risk monitoring, but chal-
lenges such as poor user interaction, high costs, and low patient
acceptance limit their clinical application. Nurses often play a
minimal role in technology development, primarily during valida-
tion,®® and standardized Al reporting frameworks in nursing
research are lacking.”® Additionally, clinical workflows are inher-
ently dynamic, and while wearable devices must ensure safety in
monitoring, healthcare professionals face the added burden of
learning new technologies and systems amidst their already
demanding workloads. These challenges have limited the inte-
gration of wearable devices into clinical practice.””

Contactless sensors primarily rely on behavioral characteris-
tics and movement patterns to detect health events, making
them less effective for events without significant behavioral
changes. While conditions such as blood glucose fluctuations
or strokes may eventually affect behavior, environmental sen-
sors alone are insufficient for timely intervention in acute events.
Integrating smart home sensors with wearable devices could
enhance their utility. Despite their potential, environmental sen-
sors have not been widely adopted in healthcare systems or
most countries where research is conducted.”® Older adults
often prefer smart home technologies tailored to their specific
health needs rather than generalized health monitoring.>®

To address the monitoring needs of chronic disease patients,
we recommend developing “near-body” monitoring technolo-
gies for unobtrusive, continuous health tracking and proactive
feedback across various scenarios. Reliable evaluations of
monitoring devices are essential to ensure accuracy and stabil-
ity. Attention should focus on precise, non-invasive solutions for
patients with multiple chronic conditions, along with establishing

standards for “near-body” monitoring systems to ensure consis-
tency and wide applicability. Nurses should collaborate closely
with interdisciplinary team members, including physicians, engi-
neers, and data scientists, throughout the technology develop-
ment process. This collaboration ensures that the resulting tech-
nological products effectively integrate nursing practices with
innovative solutions. We believe that the active involvement of
nurses will enhance the usability, operational efficiency, and clin-
ical effectiveness of monitoring and early warning technologies
in real-world healthcare settings.

Given that data collected from wearable devices and non-
invasive sensors exhibit wide differences in terms of collection,
wear protocols, device properties, and processing protocols.
To address the challenges associated with data collection, pro-
cessing, and sharing, collaborative efforts, such as those led by
the WHO, are essential. These efforts should include outlining a
minimum set of specifications for wearable devices, engaging in-
dustry stakeholders and manufacturers in, establishing a set of
required and desirable outcomes from wearable devices, identi-
fying and developing (open source) algorithms for the outcomes,
and developing and testing a questionnaire suitable to comple-
ment the use of a wearable device within the WHO-STEPS sur-

veillance protocol.*®

PRECISION CARE FOR CHRONIC DISEASES

The integration of medicine and engineering has led to the wide-
spread application of Al in chronic disease care. This section ex-
plores the application of Al in personalized chronic disease care,
focusing on the application of human-computer interaction tech-
nology in enhancing patient experience and acceptance in
chronic disease care. It also examines the challenges these
technologies encounter in chronic disease management and
proposes potential solutions.

Al-driven user-centered care
As “Internet plus” progresses in nursing, Al is increasingly used
for personalized care models,?® including dietary®” and exercise
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recommendations.®®°° For instance, the Alme Health Coach
system assists chronic disease patients with meal planning,
sleep monitoring, medication reminders, and Al analysis to iden-
tify medication non-adherence.®® User-centered design (UCD) is
increasingly used in Al-assisted precision care. Chatterjee
et al.®" utilized UCD to analyze usage context and gather quali-
tative data, resulting in the eCoach app, which promotes healthy
lifestyles through personalized activity recommendations. This
app meets users’ demands for visualized recommendations
while considering their cultural context, quality of life, and values.
The program is limited to step prediction and visualization, lack-
ing monitoring of physical activity and sleep. The credibility, reli-
ability, and effectiveness of its recommendations are unclear,
and its impact on behavior change remains unevaluated, re-
stricting real-world applicability. Bernier et al. developed person-
alized cardiac rehabilitation plans for patients in remote areas.®?
The absence of decision-makers and managers at the organiza-
tional level creates challenges for promoting and implementing
the program. Involvement from decision-makers is essential in
public policy formulation, ensuring strategic support and
resource allocation to drive practice changes and enable smooth
implementation.®® Korpershoek et al.®* designed a mobile health
intervention based on behavior change theory for COPD pa-
tients, enabling effective self-management. Limited funding
and resources for designing and developing intervention content
required the research team to make choices and prioritize. As a
result, only the most critical or impactful interventions were
selected, and not all potential designs or features could be
implemented.

Human-computer interaction optimization

In addition to addressing user needs, integrating medicine,
engineering, and Al aims to enhance user acceptance and
interaction experience by optimizing human-computer inter-
action. For example, a cohort study that integrated wearable
devices, environmental intelligence technology, open environ-
mental data, and Al-assisted telecare platforms has success-
fully provided personalized health services to chronic disease
patients.®® The system is currently used in Taiwan and
Japan.®® Beyond collecting lifestyle data such as sleep, heart
rate, and steps, further exploration of data collection technol-
ogies for other lifestyle factors is needed. Implementing digital
twin models could also provide automated, personalized
health promotion recommendations for chronic disease pa-
tients. Furthermore, Al-driven chatbots leverage natural lan-
guage processing and multimodal interactions to enhance
self-management acceptance among chronic disease pa-
tients.®® There is a lack of comprehensive and detailed tech-
nical descriptions of Al-driven chatbots, with most studies
largely neglecting their security considerations. Voice-based
conversational agents (VCA) could prevent and manage
chronic and mental health issues.®” VCA lacks a clear imple-
mentation framework, with unresolved questions about its
effectiveness and scalability as a supplement or alternative
for healthcare practitioners. Current studies focus primarily
on short-term feasibility. Long-term studies are needed to
demonstrate the technology’s effectiveness and cost-effec-
tiveness compared to conventional methods.
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Although Al technology demonstrates immense potential in
personalized care, its implementation comes with risks and
ethical challenges. The primary issue lies in the “algorithmic
black box” problem, where the processes of input, operation,
and output are opaque, unknowable, and often unexplainable.
To address algorithmic bias, solutions such as designing inter-
pretable algorithms, ensuring algorithm transparency and docu-
mentation, and building user-friendly interactive interfaces can
be employed.®® On the one hand, interactive visualization tools
can allow users to modify input features and observe output
changes, thereby helping them understand the model’s
behavior. On the other hand, a user feedback mechanism should
be established to report inaccurate predictions or offer sugges-
tions for improvement, which will enhance the model’s interpret-
ability and transparency. Moreover, concerns about security,
data protection, and regulatory barriers hinder the seamless
integration of Al in chronic disease care.>® Al technology must
comply with relevant data protection regulations, implement
encryption, and de-identification, and establish strict access
control mechanisms. Additionally, patient-informed consent
should be ensured, and regular security audits and monitoring
should be conducted to prevent data leakage and misuse.
Finally, as Al technology becomes increasingly integrated into
the healthcare field, medical staff may face the risk of technolog-
ical replacement, particularly in auxiliary diagnosis and decision-
making. To ensure the sustainability of Al applications, the role of
healthcare professionals should shift from traditional task execu-
tion to more supervisory and decision-support responsibilities.
Human-centered generative Al design, which enhances hu-
man-computer collaboration and complementarity, should be
prioritized, along with regular training to improve both clinical
skills and technological adaptability, helping medical staff adjust
to new workflows.

Intelligent nursing products for chronic disease
precision management

Previous literature has pointed out that precision nursing repre-
sents the main trend in professional and individualized nursing.
However, current nursing practices may not fully meet the re-
quirements for individualized and needs-based care.®® The
convergence of healthcare and engineering has led to the emer-
gence of intelligent nursing products, which are transforming the
healthcare landscape and enabling precise management of
chronic disease care. Currently, the main intelligent nursing
products include pressure ulcer prevention device, intelligent
nursing robot bed, and intelligent rehabilitation tools (Figure 2).
Pressure ulcer prevention device

Prevention of pressure ulcers is an important component of the
health management of stroke patients, particularly those who
are bedridden for extended periods. To address this challenge,
a key focus in pressure ulcer care has been the development
of products designed to monitor skin pressure and protect the
skin from injury. For patients at high risk of developing pressure
ulcers, a novel solution has been created in the form of an anti-
pressure ulcer airbag pillow. This specially designed, shaped
airbag is intended for use in both supine and prone positions,°
offering targeted protection to vulnerable areas of the body.
The goal of this innovation is to enhance the comfort and safety
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Figure 2. Intelligent nursing products for chronic disease precision management

of long-term bedridden patients, thereby reducing the risk of
pressure ulcers. Furthermore, a wireless wearable system has
been developed to monitor human stress and prevent pres-
sure-related injuries. This system employs pressure sensors to
collect real-time data on skin pressure, which is then transmitted
via Bluetooth to compatible devices. Nurses can access detailed
pressure information from various areas of the patient’s body, al-
lowing for timely and informed interventions.”" By integrating
precise pressure monitoring with products designed to protect
the skin, nurses can more effectively detect and prevent pres-
sure ulcers at an early stage. This proactive approach not only
helps identify potential risks before they develop into serious
complications but also ensures that patients receive personal-
ized, timely care tailored to their individual needs.

Intelligent nursing robot bed

The emergence of intelligent robot nursing beds represents a
significant advancement in the integration of technology within
the healthcare sector, particularly in elderly care and for individ-
uals with limited mobility. These intelligent nursing beds are de-
signed to offer a variety of functions, including multi-position
adjustments and mobility assistance. These features not only
enhance patient comfort but also help reduce the burden on
nursing staff and improve overall care quality. Previous studies
have led to the development of intelligent nursing beds
controlled by sophisticated multi-axis robotic systems. These
systems work together to perform essential tasks such as ad-
justing the bed’s position (lying flat, lifting the back, bending
the legs, sitting up), turning the patient, and even providing toilet-
ing assistance-functions critical to effective patient care. In addi-
tion, some models of intelligent robot nursing beds are equipped
to assist with patient movement by integrating with clinical ro-
bots. In clinical settings, these robots are equipped with a range
of advanced technologies, including speech recognition sen-
sors, infrared cameras, CCD cameras, and laser rangefinders,
to enable autonomous navigation.”” They also act as guides
for the smart nursing beds, ensuring precise alignment and coor-

dinated movement. Moreover, intelligent robot nursing beds can
achieve seamless, automatic docking with intelligent wheel-
chairs through specialized visual docking methods, the fusion
of visual and ultrasonic techniques, visual servo control, and net-
worked systems.”® This combination of robotic technology and
intelligent nursing beds is poised to revolutionize patient care
by providing a level of precision and customization that was pre-
viously unimaginable. By integrating advanced robotics with
sophisticated nursing bed systems, it offers more efficient,
personalized, and effective healthcare solutions tailored to the
specific needs of those with mobility challenges. This fusion
not only enhances the quality of care but also ensures that pa-
tients receive the precise attention and interventions they
require, leading to improved outcomes and overall well-being.
Intelligent rehabilitation tools

People with chronic diseases often experience impairments in
multiple systems of the body, including motor dysfunction,
cognitive decline, and eating disorders, all of which can severely
impact their quality of life and independence. As medical
research continues to evolve, virtual reality (VR) has emerged
as a promising tool for enhancing cognitive abilities and
improving overall rehabilitation outcomes. VR, known for its im-
mersive and interactive capabilities, offers unique opportunities
for personalized care and rehabilitation, particularly for individ-
uals dealing with chronic conditions. One notable advancement
in this area is the use of VR devices to address motor dysfunction
and cognitive impairment in patients with chronic diseases. By
utilizing sparse motion signals captured by VR devices, clinicians
can reconstruct the patient’s full body posture in real time. These
reconstructed postures are then analyzed and compared with
established standard postures using sophisticated algorithms
and machine-learning techniques.”* The system can detect de-
viations from optimal posture and, based on these insights, offer
real-time, corrective guidance to patients. By using this
advanced system, healthcare providers can offer more precise
and individualized nursing management.
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In recent years, our team has been at the forefront of devel-
oping innovative, precision care devices for chronic disease
management, aiming to enhance the quality of life and the level
of care for patients. Our innovations focus on addressing the
unique needs of bedridden individuals, the elderly, and those
with chronic conditions, offering greater comfort, attention, and
clinical support. One key initiative is the design of devices that
assist with physical rehabilitation and support bedside care,
particularly benefiting patients with dementia or cognitive impair-
ments. These devices facilitate functional exercises that help
maintain limb mobility and strength, even for those who are un-
able to undergo traditional therapy. Equipped with sensors, the
devices track rehabilitation progress and provide real-time feed-
back for personalized care. By integrating data from smart beds
and assistive devices, healthcare professionals gain a compre-
hensive understanding of the patient’s condition, enabling
them to make informed decisions and improve patient out-
comes. Through these advancements, we aim to provide more
effective, tailored care for those who need it most, ultimately
improving both their health and quality of life.

Challenges and prospects

Despite the potential of intelligent care products in chronic dis-
ease management, their widespread adoption faces multiple ob-
stacles, including technical barriers and human factors.”® Many
wearable devices and sensors are bulky and uncomfortable,
which may limit their long-term use, particularly among patients
with chronic conditions.?’ Future research could focus on devel-
oping smaller, lighter, more user-friendly and affordable devices
that improve usability, patient compliance and expand the range
of their applicability. Furthermore, many existing human-ma-
chine integration technologies are designed for specific patient
groups or conditions, which can restrict their broader applica-
bility to a wider range of chronic diseases and diverse popula-
tions. To address this limitation, future advancements in person-
alized health management technology may aim to create more
adaptable systems that can meet the varying needs of different
patient groups. While current robotic systems are effective at
performing specific tasks, they struggle to address the dynamic
and emotional needs of patients. The inability to provide
comprehensive, compassionate care-an essential aspect of
effective medical practice-remains a significant barrier. Patient
interaction and emotional support are vital in managing chronic
diseases, and the lack of flexibility in robotic systems limits their
overall effectiveness.

In addition to these technical barriers, there are other human
factors that may impede the widespread adoption of intelligent
care products. User acceptance of intelligent care products
among the users faces significant challenges.”® Their struggle
with intricate health data, digital records, and alerts can lead to
confusion and disengagement. Cost constraints, the loss of a
personal touch, and concerns about privacy further hinder the in-
crease in user acceptance. Thus, the integration of intelligent
care products must not only focus on technological advance-
ments but also prioritize maintaining the human element in
healthcare to ensure patient satisfaction and effective treatment
outcomes. Training nurses on intelligent care products presents
another challenge, as it necessitates proficiency in digital inter-
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faces, data analysis, and Al-driven systems.”” Although smart
products have been utilized in recent years for case guidance
and coursework training for clinical staff, there has been a lack
of involvement in how to integrate intelligent care products into
clinical practice.”® The transition toward technology-driven
nursing requires nurses to become information integrators and
health managers, which necessitates technical skills and an un-
derstanding of the role of technology in enhancing human care.
Consequently, future curricula for nurses must include modules
on emerging technologies, data interpretation, and Al ethics.
Furthermore, intelligent care products into workflows are chal-
lenging. These challenges stem from the need to ensure seam-
less interoperability with current systems, maintain user-friendli-
ness for healthcare professionals, and adapt to the unique needs
of individual patients. Healthcare institutions must ensure
compatibility with EHR systems, establish data interoperability
protocols, and train staff. They must also anticipate workflow
disruptions and develop mitigation strategies. While intelligent
care products holds the promise of streamlining documentation
processes and elevating patient care, there are notable con-
cerns pertaining to privacy, liability, and the risk of bias.”®
Furthermore, some nursing staff are reluctant to introduce intel-
ligent care products into clinical settings due to concerns about
being replaced, which makes it even more difficult for these
products to integrate into clinical practice.®°

In our view, overcoming challenges related to device porta-
bility, application diversity, and clinical adoption is crucial for
providing more effective, accessible, and customized solutions
for chronic disease management. Moreover, Al-driven self-man-
agement tools for chronic diseases should incorporate
emotional support features to foster a more compassionate, ho-
listic approach to care. Addressing technical issues while
adhering to rigorous technology ethics and moral outlooks is
the first step to enhance user satisfaction. Ensuring these prod-
ucts respect patient autonomy and adhere to stringent ethical
guidelines is paramount. Providing training courses that empha-
size ethical considerations in the use of Al and intelligent care
technologies, along with supporting digital facilities, is key to
achieving comprehensive application. Continuous improvement
of relevant training for medical staff and promoting compatibility
with clinical facilities should be prioritized, while fostering a cul-
ture of ethical practice and responsible innovation within the
healthcare sector.

EVALUATION OF PRECISION CARE FOR CHRONIC
DISEASES

The construction of evaluation indicator systems

The construction of traditional evaluation indicator systems pri-
marily relies on the synthesis of established medical knowledge
and clinical practice,®"*? which give rise to challenges including
inadequate dynamism, lack of precision, and a singular level of
hierarchy driven by empirical experience. The construction of
an evaluation indicator system based on language modeling
and Al is efficient and intelligent, enabling the processing and
analysis of extensive unstructured data to automatically extract
valuable information, thereby constructing more intelligent and
personalized indicator systems.®*>** The currently constructed
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Figure 3. Empowerment of Al in the construction and implementation of precise indicator systems

evaluation indicator systems mainly focus on physiological
health (including genomics), mental health, lifestyle and behav-
ioral data, environmental factors, personalized health assess-
ments and so on. When assessing the impact of long-term exer-
cise training on physical function and cardiopulmonary function
in adults with chronic disease, key indicators such as cardiopul-
monary fitness and submaximal gait were included.®® Twenty-
seven genome-wide loci associated with white matter hyperin-
tensity volume, an important imaging marker of cerebral small
vessel disease were identified, in a cohort of 50,970 elderly indi-
viduals.®® Furthermore, by integrating wearable devices, open
environmental data, indoor air quality sensors, location-based
smartphone applications, and more, sustainable and real-time
monitoring of indicators such as lifestyle and environmental fac-
tors can be achieved.®” In summary, through the application of Al
technology, a comprehensive and precise construction of the
required indicators can be achieved, thereby forming a compre-
hensive evaluation indicator system that is conducive to the full-
cycle assessment of various chronic diseases.

Al-driven evaluation indicator systems

Evaluation of interventions using traditional evaluation indicator
systems yields relatively limited or monotonous results that are
highly subjective and unable to meet the demands of increas-
ingly complex health management.®® At present, a new type of
evaluation indicator system has been gradually applied, data
from different channels can be processed and analyzed with
the help of the fusion of big data and deep learning, natural lan-
guage processing technology and other means. For instance, in
the field of mental health, the use of Al and natural language
technology has enabled the mining of behavioral or mental

health insights from information on the Internet or from personal
social media interactions.®® Al and natural language processing
technology can transform user-input text or voice data into
structural data, and automatically monitor and analyze changes
in relevant indicators, thus enhancing the comprehensiveness
and flexibility of the evaluation indicator system.®° Cardiac mag-
netic resonance imaging (CMR) is the gold standard for cardiac
function assessment and plays a crucial role in diagnosing car-
diovascular disease (CVD). Previous research has demonstrated
the capability of Al-empowered CMR to detect previously unrec-
ognized features, substantially enhancing the efficiency and
scalability of cardiac function assessment, thereby facilitating
improvements in the screening and diagnosis of CVD.?° Howev-
er, all of the above evaluation indicator systems were only con-
structed at the time of construction, and large-scale, multi-cen-
ter validation was not implemented. In the real world, evaluation
indicator systems remain challenging in terms of the difficulty of
quantifying multi-dimensional indicators, personalized differ-
ences, and the timeliness of implementation and feedback.

Challenges and prospects

As shown in Figure 3, scholars are currently working on the use of
Al and natural language technology to construct evaluation indi-
cator systems to achieve scientific evaluation. Despite the
remarkable advantages of Al technologies in data processing
and pattern recognition, practical challenges such as data qual-
ity issues, data missingness, or biases in processed datasets
persist, casting doubts on their reliability and accuracy in nursing
decision-making.®' Hence, there is a pressing need to ensure
their stability and precision in practical applications. During the
data collection process, rigorous quality control measures
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should be implemented, encompassing the selection of data
sources, the accuracy of data entry, and regular data audit pro-
cedures. In the data preprocessing phase, outlier detection and
handling, identification and merging of duplicate data, and impu-
tation of missing values are crucial steps to guarantee data accu-
racy and reliability. It is essential to identify potential bias types
within datasets, such as selection bias, measurement bias,
and classification bias, and to mitigate these biases through
methods such as weighting adjustments, stratified sampling,
or Bayesian approaches, thereby enhancing data representa-
tiveness. The handling of patients’ sensitive information by Al
poses ethical and privacy risks, including data breaches and
algorithmic biases, which may trigger trust crises.”> Conse-
quently, stringent data protection policies must be formulated,
encompassing data privacy safeguards, data usage permis-
sions, and data access controls. The establishment of standard-
ized data sharing agreements is vital, and techniques such as
encryption and anonymization can also be employed to safe-
guard data security. Additionally, the inadequate integration of
the evaluation indicator system with clinical practice is also a
challenge that must be addressed.®® In the future, it is necessary
to work on the systematic integration of a variety of evaluation in-
dicator systems and to practice them in the clinic in order to
construct a scientific indicator system that can be applied to
the clinic (Figure 3).

CONCLUSION

The integration of Al with the medical-industrial sector has revo-
lutionized the healthcare landscape, particularly in the precision
management of chronic diseases. Al technology and cross-in-
dustry collaboration are increasingly being applied in symptom
monitoring, early disease detection, development of tailored
management programs, intelligent care products, and evalua-
tion of health management outcomes. This shift has moved
chronic disease management from a generic to a more person-
alized and refined approach. However, this integration presents
unique challenges, including resistance to technological shifts,
constrained clinical applicability, inadequate fulfillment of dy-
namic and emotional patient needs, concerns over data accu-
racy and user privacy, and difficulties in seamlessly integrating
with clinical practice. To surmount these hurdles and harness
the full potential of Al, interdisciplinary collaboration holds the
key. To this end, we propose the establishment of interdisci-
plinary communication platforms that bring together nursing
scholars, engineers, clinicians, and other stakeholders to
engage in discourse and jointly explore the synergies between
Al and nursing practice. Furthermore, we encourage and support
the formation of interdisciplinary teams through collaborative
research project proposals, fostering deep collaboration within
the nexus of nursing and medical engineering. Lastly, to uphold
the ethical and effective deployment of Al in healthcare, we will
actively advocate for policy reforms. This includes urging rele-
vant bodies to develop more robust regulations and establish
ethical review mechanisms to ensure that the development
and application of Al technologies align with ethical principles.
Through the implementation of these strategies, we are confi-
dent that we can amplify the influence of the nursing and medical
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engineering integration, propel the widespread adoption of Al
technologies in healthcare, and ultimately deliver more precise
and high-quality nursing services to patients with chronic
conditions.
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