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Abstract

Non-communicable diseases (NCDs) impose an overwhelming burden on global health
systems. Prevailing healthcare for NCDs remains largely hospital-centered, episodic, and
reactive, rendering them poorly suited to address the long-term, heterogeneous, and multi-
factorial nature of NCDs. Rapid advances in digital technologies, artificial intelligence (AI),
and precision medicine have catalyzed the development of an integrative framework for
digital-intelligent precision health management, characterized by the functional integra-
tion of data, models, and decision support. It is best understood as an integrated health
management framework operating across three interdependent dimensions. First, it is
grounded in multidimensional health-related phenotyping, enabled by continuous digital
sensing, wearable and ambient devices, and multi-omics profiling, which together allow
for comprehensive, longitudinal characterization of individual health states in real-world
settings. Second, it leverages intelligent risk warning and early diagnosis, whereby multi-
modal data are fused using advanced machine learning algorithms to generate dynamic
risk prediction, detect early pathological deviations, and refine disease stratification beyond
conventional static models. Third, it culminates in health management under intelligent
decision-making, integrating digital twins and AI health agents to support personalized
intervention planning, virtual simulation, adaptive optimization, and closed-loop manage-
ment across the disease continuum. Framed in this way, digital-intelligent precision health
management enables a fundamental shift from passive care towards proactive, anticipatory,
and individual-centered health management. This Perspectives article synthesizes recent
literature from the past three years, critically examines translational and ethical challenges,
and outlines future directions for embedding this framework within population health and
healthcare systems.

Keywords: non-communicable diseases; digital health; artificial intelligence; precision
medicine

1. Introduction
Non-communicable diseases (NCDs) present an extremely severe global health crisis.

They account for approximately 41 million deaths annually, which constitutes 75% of
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total global mortality [1]. The management of NCDs is complex, as they usually require
prolonged, and often lifelong, medical intervention and health management. Meanwhile,
multimorbidity is prevalent. Yet, the current mainstream health management patterns
reveal several systemic and structural challenges when addressing NCDs, which are mainly
reflected in the following aspects:

(1) Passive responses and delayed interventions: traditional patterns rely on healthcare
providers and exclude patients from decision-making, leading to missed opportu-
nities for early intervention in the subclinical stage, preventing effective prevention
and reversal.

(2) Limitations of population-based strategies: current guidelines and public health
policies focus on general population-level evidence, which may not suit individual
patients, making one-size-fits-all strategies less effective and potentially harmful [2].

(3) Fragmented health data: patient health records are scattered across various systems
and institutions, creating gaps in data integration, preventing a complete, continuous
health profile, and hindering healthcare providers’ ability to understand a patient’s
overall health accurately.

(4) Disconnection in the healthcare service: traditional patterns focus mainly on hospital-
based diagnosis and treatment, often neglecting post-discharge rehabilitation and
ongoing disease management. This leads to fragmented patient–provider interactions,
resulting in poor adherence and suboptimal long-term outcomes.

These challenges underscore the urgent need for a new health management paradigm
focused on real-time monitoring, proactive risk prediction, and personalized intervention.
The emerging global shift towards technology-driven health management, termed digital-
intelligent precision health management, is built on three core pillars: multidimensional
phenotyping, personalized risk prediction and early diagnosis, and intelligent decision-
making for precision intervention (Figure 1). By integrating next-generation technologies
(IoT, big data, AI) with advanced biotechnologies (multi-omics), it seeks to transform NCD
management. [3,4]. Its vision is a shift from passive, disease-centered care to proactive,
personalized health management. The following sections explore the three technological
pillars, addressing their applications, challenges, ethical issues, and future implications for
NCD prevention and control.

Figure 1. Framework of the digital-intelligent precision health management.

https://doi.org/10.3390/biomedicines14010223

https://doi.org/10.3390/biomedicines14010223


Biomedicines 2026, 14, 223 3 of 9

2. Data-Driven Cornerstone: A Multidimensional System for
Health-Related Phenotyping

The digital-intelligent precision health management framework is built on a real-time,
multidimensional data acquisition system that captures the full spectrum of an individual’s
health. Integrating external digital sensing with internal molecular technologies, it enables
systematic monitoring of both macroscopic physiological signals and microscopic molec-
ular events. This integration forms the data infrastructure essential for personalized risk
prediction and intelligent decision-making interventions.

2.1. External Digital Sensing from Wearable and Implantable Devices

Digital phenotyping is an innovative approach to health monitoring that leverages
smart devices, sensors, and mobile applications to continuously collect real-time data
on an individual’s behavioral, psychological, and physiological states [5]. Wearable and
implantable devices form the backbone of this digital sensing network, enabling a shift
from intermittent monitoring to continuous, real-time data streaming.

In cardiovascular monitoring, single-lead ECG patches, like those in the Apple Watch,
enable consumer devices to detect arrhythmic events such as atrial fibrillation. A transfor-
mative advancement is wireless blood pressure monitoring via photoplethysmography
(PPG), progressing from research to commercial use and potentially revolutionizing hy-
pertension management [3,6]. In respiratory disease management, environmental sensors
monitor air quality in real time, identifying triggers and factors contributing to exacerba-
tions, and providing early warnings for patients and clinicians [6]. Continuous glucose
monitoring (CGM) systems replace fingerstick tests, offering insights into the impact of food,
activity, medication, and stress on blood glucose, enabling clinicians to make data-driven
adjustments [7]. Digital phenotyping, powered by multimodal sensors, enables objective
mental health assessment by analyzing digital biomarkers from human–computer interac-
tions to create digital phenotypes that reflect emotional states and stress levels [8]. These
external sensing technologies continuously gather real-time physiological data, creating
dynamic health trajectories for individuals.

2.2. Internal Molecular Sensing Through Multi-Omics Technologies

Multi-omics technologies mark a paradigm shift in biomedical research, enabling
molecular-level analysis of disease mechanisms and precise characterization of individual het-
erogeneity. This approach provides key biological insights for precision health management,
transforming medical practice from symptom control to personalized, causal management.

The multi-omics framework, rooted in molecular biology’s central dogma, creates
a comprehensive molecular ecosystem. Genomics, the foundational layer, identifies dis-
ease susceptibility loci and rare genetic variants through genome-wide association studies
(GWAS) and whole-exome sequencing. Currently, 15% of approved drugs incorporate
pharmacogenomics data [9], and polygenic risk scores are increasingly used in primary
prevention for cardiovascular disease and type 2 diabetes (T2D). Epigenomics links geno-
type and phenotype, showing how environmental factors regulate gene expression through
DNA methylation, histone modifications, and chromatin accessibility. Methylation sig-
natures in cell-free DNA hold promise for multi-cancer detection and tissue-of-origin
identification [10]. Spatial transcriptomics, when integrated with GWAS data, enables
spatially resolved mapping of cells implicated in human diseases and complex traits [11].
Proteomics reveals functional end-products of cellular activity. High-throughput plat-
forms like Olink and SomaScan have identified plasma protein biomarkers in large cohort
studies [12,13]. Metabolomics, the final layer of omics, reflects real-time metabolic states
shaped by gene–environment interactions. In diabetes, specific amino acids and fatty acid
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metabolites serve as early biomarkers, with elevated levels up to 12 years before clinical
onset [14]. Metagenomics broadens the focus beyond the human host, with emerging
evidence linking gut microbiome composition to mental health disorders (via the gut-brain
axis), metabolic diseases (through metabolites like short-chain fatty acids), and immune
responses to cancer immunotherapy [15,16].

Multidimensional phenotyping underpins the transition from a “one-size-fits-all”
model towards personalized and adaptive healthcare, but faces inherent challenges from
cross-modal data heterogeneity and noise in continuous monitoring. These issues can
be addressed through data standardization using common models (e.g., FHIR, OMOP),
combined with entity resolution, feature engineering, and knowledge graph construction
to harmonize multi-source data and preserve cross-modal relationships [17]. Scalable
data processing platforms and distributed computing frameworks support real-time and
batch integration with dynamic model updating, complemented by federated learning
for privacy-preserving, cross-institutional model development [18]. In parallel, AI-driven
automated data annotation and quality control, together with edge–cloud computation,
help reduce sensor noise and latency, ensuring reliable inputs for predictive models [19].
Emerging technologies such as blockchain further enhance data trustworthiness and secure
data sharing [20]. Together, these approaches strengthen the robustness and clinical utility
of digital twin-based, continuous health management systems.

3. Precision Prediction and Detection: Continuous and Dynamic Risk
Stratification and Early Diagnosis

Building on multidimensional phenotyping, digital-intelligent precision health man-
agement enables disease risk identification and prediction. This section explores how
integrating multimodal data with AI algorithms is transforming risk prediction, early
diagnosis, and disease subtyping, shifting from data accumulation to knowledge discovery.

3.1. Intelligent Early-Warning Framework with Dynamic Risk Prediction Models

Traditional risk prediction models, like the Framingham Risk Score, are static, relying
on single-time measurements, and fail to capture dynamic health changes. Intelligent
early-warning frameworks based on longitudinal data enable proactive risk prediction
and intervention by continuously learning individual baselines and temporal variabil-
ity. Long short-term memory (LSTM) networks capture long-range dependencies, while
Transformer architectures, using self-attention, enable parallel analysis of multivariate time
series, revealing complex interactions among physiological parameters [21,22]. By con-
tinuously monitoring speech features (e.g., rate and prosody), keyboard patterns (typing
speed and errors), social behavior (social media use), and GPS-derived mobility (activity
range and social frequency), machine learning algorithms create individualized ‘behavioral
fingerprints’ [23]. A nationwide cohort study in South Korea showed that circadian digi-
tal phenotypes from wearables and smartphones could predict mood episodes in major
depressive disorder patients within three days, with over 90% accuracy [24].

3.2. Precision Screening Based on Multimodal Integration and AI Diagnosis

Precision early screening is shifting from single biomarkers to multimodal data and
from morphological interpretation to quantitative analysis. In lung cancer screening,
multimodal models combining low-dose CT and circulating tumor DNA methylation
profiles have improved benign–malignant pulmonary nodule classification accuracy to
over 90%, reducing unnecessary surgeries by 89% and treatment delays by 73%, thus
mitigating overdiagnosis and delayed diagnosis [25]. AI-based digital pathology quantifies
morphological features in stained tissue samples, uncovering key signals that mediate
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interactions among cancer, stromal, and immune cells [26]. This “computational pathology”
approach combines morphological phenotypes with molecular traits, enabling precision
prediction and screening, and shifting health management from population-based evidence
to personalized, dynamic risk assessment and mechanism-driven disease subtyping.

3.3. Novel Subtyping from Data-Driven Disease Reclassification

Disease subtype discovery using multimodal data is driving a shift from symptom-
based to mechanism-oriented approaches, underpinned by a rigorous computational frame-
work comprising feature selection, clustering, subtype validation, and biological interpreta-
tion [27]. For example, a two-stage DeepCluster model identified three phenogroups of
heart failure with preserved ejection fraction, each showing distinct medication responses
and prognoses [28]. Recent research integrating genomic and proteomic data has identified
molecular markers in heart failure phenogroups, offering new insights for targeted therapy
development [29,30]. These data-driven diabetes subgroups mark a new era in manage-
ment, with treatments tailored to specific subtypes, each linked to distinct comorbidity
risk [31]. Data-driven disease subtyping is gaining traction in oncology, with molecular
markers like IDH mutations and 1p/19q deletions now standard diagnostic criteria for
gliomas [32]. Personalized dynamic risk assessments and mechanism-driven subtyping
improve intervention timeliness and accuracy, offering insights into disease mechanisms
and enabling targeted treatments, shifting from a “one-size-fits-all” to a “right treatment
for the right patient at the right time” approach.

4. Intelligent Decision-Making: The Ultimate Health Management
Powered by Digital Twins and AI

The ultimate goal of digital-intelligent health management is to develop an intelligent
system for autonomous decision-making, dynamic optimization, and personalized interven-
tion. This section explores the integration of digital twins and AI in health management,
demonstrating how their “virtual simulation–real-time decision-making–dynamic optimiza-
tion” loop shifts health management from static planning to dynamic, precision execution.

4.1. Digital Twin in Simulation and Intervention

A digital twin is a data-driven construct that maps a physical entity to its correspond-
ing virtual model through continuous data transmission; a digital twin in medicine is a
digital replication or representation of a physical object, process, or service, augmented with
external information such as environmental and social interactions, and continuously fed
by a vast amount of dynamic real-time data [33]. By integrating reinforcement learning and
multi-agent systems, digital twins can simulate decision-making and social interactions in
real-world environments, creating a comprehensive “physiological–psychological–social”
model [34]. This approach provides key advantages in the following areas:

(1) Treatment rehearsal: digital twins of coronary arteries, created from patient-specific
anatomy and hemodynamic data, enable the simulation of different stent types and
implantation strategies, optimizing interventional treatment plans [35,36].

(2) Dynamic drug response prediction: by integrating pharmacogenomics with phar-
macokinetic/pharmacodynamic models, digital twins predict drug metabolism and
its impact on target pathways. For warfarin dosing, they simulate pharmacokinetic
responses in patients with different genotypes over 15 days [37].

(3) Optimal intervention timing: by continuously comparing an individual’s real-time
status with their digital twin, critical physiological deviations are identified, enabling
timely preventive interventions. In T2D management, this approach has led to remis-
sion in 72.7% of patients [38].
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4.2. AI Health Agents for Autonomous Decision-Making and Personalized Interaction

AI health agents bridge digital twins and individuals, executing health management
decisions. These agents integrate four key modules—perception, cognition, decision-
making, and interaction—enabling continuous, personalized health management.

(1) Multimodal perception: using a Transformer-based fusion encoder, this module
integrates physiological signals, environmental data, and natural language in-
puts, employing cross-modal attention to establish semantic correlations across
data sources [39].

(2) Cognitive reasoning: combining knowledge graphs and deep reinforcement learning,
this module enhances healthcare-specific reasoning. The SELF-REFLEX framework
enables the agent to assess potential outcomes of decision paths through counterfac-
tual reasoning [40].

(3) Personalized decision-making: using a contextual multi-armed bandit algorithm, this
module balances exploring new strategies with exploiting proven interventions [41].

(4) Natural interaction: powered by large language models, this module integrates
medical knowledge graphs and empathetic computing to provide health consultations
that are both accurate and compassionate [42].

In mental health support, the AI agent analyzes speech and behavior to detect early
signs of psychological crises, offering cognitive–behavioral therapy guidance that improves
depression symptoms [43].

The integration of digital twins and AI agents is shifting health management from
a passive, experience-driven model to a proactive, data-driven paradigm, enhancing effi-
ciency and redefining doctor–patient collaboration and service delivery.

5. Future Challenges and Perspectives
The digital-intelligent precision health management framework holds immense potential

but faces several challenges in transitioning from concept to large-scale clinical application.
Key technological hurdles—data quality, algorithm efficacy, and system integration—

represent the most pressing challenges for real-world implementation. Data heterogeneity,
driven by variations in data formats, sampling frequencies, and device accuracy, as well as
platform-specific biases in omics data, complicates multi-source integration [44]. The gener-
alizability of multimodal fusion algorithms also remains limited, with current models often
underperforming for rare phenotypes and specific populations. In addition, inadequate
system interoperability constrains large-scale deployment, as institutional data silos and
cross-platform incompatibilities hinder the formation of an integrated health management
loop. Solutions such as data standardization, distributed computing frameworks, and
AI-driven automated annotation and quality control were discussed in earlier sections.

The key barrier to clinical translation is the lack of evidence from randomized con-
trolled trials, as most digital therapeutic products have yet to prove their clinical effective-
ness and cost-efficiency [45]. Thus, clinician and patient acceptance remains a critical issue,
with only 32% of clinicians trusting AI-assisted clinical decision-making [46]. Addressing
this challenge requires the establishment of clinical evidence-generation frameworks tai-
lored to digital medicine, and a clear articulation of accountability and liability boundaries
in human–AI collaborative decision-making.

Ethical challenges are complex, with data privacy and security at significant risk,
as cyberattack-related breaches have increased by 239% since 2018 [47]. Algorithmic
discrimination remains a concern, as biased training data may cause diagnostic disparities
for minorities and women [48]. The widening digital divide also poses risks, as 37% of the
global population still lacks regular internet access, exacerbating health disparities [49].
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Finally, unclear liability frameworks between manufacturers, institutions, and clinicians
hinder accountability in AI-assisted decision-making. These systemic risks require macro-
level policy interventions to safeguard health equity and clarify accountability across
human–AI collaborative care.

In summary, digital-intelligent precision health management reflects a broader shift
from disease-centered care towards health-centered and preventive models. Through the
integration of digital twins, AI, and multi-omics technologies, such systems can support
continuous monitoring, early warning, and adaptive intervention across the life course.
However, realizing this vision requires the convergence of technological innovation with
rigorous validation, robust governance, and sustained institutional commitment to ensure
safety, equity, and long-term effectiveness in real-world settings.

Author Contributions: D.C. conceived the original study. During the revision stage, J.X. contributed
to conceptual refinement, structural reorganization, and critical revision of the manuscript, and jointly
led the further development of the manuscript with D.C. Both served as guarantors of this work. Y.M.
wrote the first draft of the manuscript. All authors contributed to the drafting and critical revision of
the manuscript. All authors have read and agreed to the published version of the manuscript.

Funding: This work was funded by the National Key Research and Development Program of China
(2023YFF1104203) and by the National Natural Science Foundation of China (82073642).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: No new data were created or analyzed in this study.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations
The following abbreviations are used in this manuscript:

NCDs Non-communicable diseases
ECG Electrocardiogram
PPG Photoplethysmography
COPD Chronic obstructive pulmonary disease
GWAS Genome-wide association studies
T2D Type 2 diabetes

References
1. World Health Organization. Noncommunicable Diseases [EB/OL]. Available online: https://www.who.int/news-room/fact-

sheets/detail/noncommunicable-diseases (accessed on 6 November 2025).
2. Addagalla, S.R.D. Revolutionizing healthcare: AI-enhanced patient data ownership and trust networks. World J. Adv. Res. Rev.

2025, 26, 1906–1918. [CrossRef]
3. Steinhubl, S.R.; Muse, E.D.; Topol, E.J. The emerging field of mobile health. Sci. Transl. Med. 2015, 7, 283rv3. [CrossRef]
4. Obermeyer, Z.; Emanuel, E.J. Predicting the future—Big data, machine learning, and clinical medicine. N. Engl. J. Med. 2016,

375, 1216. [CrossRef] [PubMed]
5. Zhang, Y.; Wang, J.; Zong, H.; Singla, R.K.; Ullah, A.; Liu, X.; Wu, R.; Ren, S.; Shen, B. The comprehensive clinical benefits of

digital phenotyping: From broad adoption to full impact. NPJ Digit. Med. 2025, 8, 196. [CrossRef]
6. Kvedar, J.C.; Fogel, A.L.; Elenko, E.; Zohar, D. Digital medicine’s march on chronic disease. Nat. Biotechnol. 2016, 34, 239–246.

[CrossRef] [PubMed]
7. Rodbard, D. Continuous glucose monitoring: A review of recent studies demonstrating improved glycemic outcomes. Diabetes

Technol. Ther. 2017, 19, S25–S37. [CrossRef]
8. Insel, T.R. Digital phenotyping: A global tool for psychiatry. World Psychiatry 2018, 17, 276. [CrossRef]
9. Relling, M.V.; Evans, W.E. Pharmacogenomics in the clinic. Nature 2015, 526, 343–350. [CrossRef]

https://doi.org/10.3390/biomedicines14010223

https://www.who.int/news-room/fact-sheets/detail/noncommunicable-diseases
https://www.who.int/news-room/fact-sheets/detail/noncommunicable-diseases
https://doi.org/10.30574/wjarr.2025.26.1.1216
https://doi.org/10.1126/scitranslmed.aaa3487
https://doi.org/10.1056/NEJMp1606181
https://www.ncbi.nlm.nih.gov/pubmed/27682033
https://doi.org/10.1038/s41746-025-01602-5
https://doi.org/10.1038/nbt.3495
https://www.ncbi.nlm.nih.gov/pubmed/26963544
https://doi.org/10.1089/dia.2017.0035
https://doi.org/10.1002/wps.20550
https://doi.org/10.1038/nature15817
https://doi.org/10.3390/biomedicines14010223


Biomedicines 2026, 14, 223 8 of 9

10. Liu, M.C.; Oxnard, G.; Klein, E.; Swanton, C.; Seiden, M.; CCGA Consortium. Sensitive and specific multi-cancer detection and
localization using methylation signatures in cell-free DNA. Ann. Oncol. 2020, 31, 745–759. [CrossRef]

11. Song, L.; Chen, W.; Hou, J.; Guo, M.; Yang, J. Spatially resolved mapping of cells associated with human complex traits. Nature
2025, 641, 932–941. [CrossRef]

12. Shah, A.M.; Myhre, P.L.; Arthur, V.; Dorbala, P.; Rasheed, H.; Buckley, L.F.; Claggett, B.; Liu, G.; Ma, J.; Nguyen, N.Q.; et al. Large
scale plasma proteomics identifies novel proteins and protein networks associated with heart failure development. Nat. Commun.
2024, 15, 528. [CrossRef]

13. Jiang, Y.; Zhou, X.; Ip, F.C.; Chan, P.; Chen, Y.; Lai, N.C.H.; Cheung, K.; Lo, R.M.N.; Tong, E.P.S.; Wong, B.W.Y.; et al. Large-scale
plasma proteomic profiling identifies a high-performance biomarker panel for Alzheimer’s disease screening and staging.
Alzheimer’s Dement. 2022, 18, 88–102. [CrossRef]

14. Wang, T.J.; Larson, M.G.; Vasan, R.S.; Cheng, S.; Rhee, E.P.; McCabe, E.; Lewis, G.D.; Fox, C.S.; Jacques, P.F.; Fernandez, C.
Metabolite profiles and the risk of developing diabetes. Nat. Med. 2011, 17, 448–453. [CrossRef] [PubMed]

15. Gopalakrishnan, V.; Spencer, C.N.; Nezi, L.; Reuben, A.; Andrews, M.C.; Karpinets, T.V.; Prieto, P.; Vicente, D.; Hoffman, K.;
Wei, S.C. Gut microbiome modulates response to anti–PD-1 immunotherapy in melanoma patients. Science 2018, 359, 97–103.
[CrossRef]

16. Adak, A.; Khan, M.R. An insight into gut microbiota and its functionalities. Cell. Mol. Life Sci. 2019, 76, 473–493. [CrossRef]
17. Xiao, G.; Pfaff, E.; Prud’hommeaux, E.; Booth, D.; Sharma, D.K.; Huo, N.; Yu, Y.; Zong, N.; Ruddy, K.J.; Chute, C.G.; et al.

FHIR-Ontop-OMOP: Building clinical knowledge graphs in FHIR RDF with the OMOP Common data Model. J. Biomed. Inform.
2022, 134, 104201. [CrossRef]

18. Sheller, M.J.; Edwards, B.; Reina, G.A.; Martin, J.; Pati, S.; Kotrotsou, A.; Milchenko, M.; Xu, W.; Marcus, D.; Colen, R.R.; et al.
Federated learning in medicine: Facilitating multi-institutional collaborations without sharing patient data. Sci. Rep. 2020,
10, 12598. [CrossRef]

19. Oueida, S.; Kotb, Y.; Aloqaily, M.; Jararweh, Y.; Baker, T. An Edge Computing Based Smart Healthcare Framework for Resource
Management. Sensors 2018, 18, 4307. [CrossRef] [PubMed]

20. Tariq, U.U.; Sabrina, F.; Rashid, M.M.; Gordon, S.; Lin, Y.; Wang, Z.; Azad, S. Blockchain-Based Secured Data Sharing in Healthcare:
A Systematic Literature Review. IEEE Access 2025, 13, 45415–45435. [CrossRef]

21. Vakitbilir, N.; Islam, A.; Gomez, A.; Stein, K.Y.; Froese, L.; Bergmann, T.; Sainbhi, A.S.; McClarty, D.; Raj, R.; Zeiler, F.A.
Multivariate Modelling and Prediction of High-Frequency Sensor-Based Cerebral Physiologic Signals: Narrative Review of
Machine Learning Methodologies. Sensors 2024, 24, 8148. [CrossRef]

22. Yang, K.; Tag, B.; Gu, Y.; Wang, C.; Dingler, T.; Wadley, G.; Goncalves, J. Mobile Emotion Recognition via Multiple Physiological
Signals using Convolution-augmented Transformer. In Proceedings of the 2022 International Conference on Multimedia Retrieval,
Newark, NJ, USA, 27–30 June 2022; pp. 562–570.

23. Bufano, P.; Laurino, M.; Said, S.; Tognetti, A.; Menicucci, D. Digital Phenotyping for Monitoring Mental Disorders: Systematic
Review. J. Med. Internet Res. 2023, 25, e46778. [CrossRef]

24. Lee, H.J.; Cho, C.H.; Lee, T.; Jeong, J.; Yeom, J.W.; Kim, S.; Jeon, S.; Seo, J.Y.; Moon, E.; Baek, J.H.; et al. Prediction of impending
mood episode recurrence using real-time digital phenotypes in major depression and bipolar disorders in South Korea: A
prospective nationwide cohort study. Psychol. Med. 2023, 53, 5636–5644. [CrossRef] [PubMed]

25. He, J.; Wang, B.; Tao, J.; Liu, Q.; Peng, M.; Xiong, S.; Li, J.; Cheng, B.; Li, C.; Jiang, S.; et al. Accurate classification of pulmonary
nodules by a combined model of clinical, imaging, and cell-free DNA methylation biomarkers: A model development and
external validation study. Lancet Digit. Health 2023, 5, e647–e656. [CrossRef]

26. Bera, K.; Schalper, K.A.; Rimm, D.L.; Velcheti, V.; Madabhushi, A. Artificial intelligence in digital pathology—New tools for
diagnosis and precision oncology. Nat. Rev. Clin. Oncol. 2019, 16, 703–715. [CrossRef]

27. Ahlqvist, E.; Storm, P.; Käräjämäki, A.; Martinell, M.; Dorkhan, M.; Carlsson, A.; Vikman, P.; Prasad, R.B.; Aly, D.M.; Almgren, P.;
et al. Novel subgroups of adult-onset diabetes and their association with outcomes: A data-driven cluster analysis of six variables.
Lancet Diabetes Endocrinol. 2018, 6, 361–369. [CrossRef] [PubMed]

28. Li, R.; Liu, Y.; Zhao, Z.; Zhang, C.; Dong, W.; Qi, Y.; Gao, J.; Gu, F.; Carlson, B.E.; Beard, D.A.; et al. Machine learning-based
phenotyping and assessment of treatment responses in heart failure with preserved ejection fraction. eClinicalMedicine 2025,
88, 103462. [CrossRef] [PubMed]

29. Ouwerkerk, W.; Belo Pereira, J.P.; Maasland, T.; Emmens, J.E.; Figarska, S.M.; Tromp, J.; Koekemoer, A.L.; Nelson, C.P.; Nath, M.;
Romaine, S.P.R.; et al. Multiomics Analysis Provides Novel Pathways Related to Progression of Heart Failure. J. Am. Coll. Cardiol.
2023, 82, 1921–1931. [CrossRef]

30. Zhang, Z.; Zou, Z.; Zhang, H.; Zhang, D.M. Regulatory network analysis based on integrated miRNA-TF reveals key genes in
heart failure. Sci. Rep. 2024, 14, 13896. [CrossRef]

https://doi.org/10.3390/biomedicines14010223

https://doi.org/10.1016/j.annonc.2020.02.011
https://doi.org/10.1038/s41586-025-08757-x
https://doi.org/10.1038/s41467-023-44680-3
https://doi.org/10.1002/alz.12369
https://doi.org/10.1038/nm.2307
https://www.ncbi.nlm.nih.gov/pubmed/21423183
https://doi.org/10.1126/science.aan4236
https://doi.org/10.1007/s00018-018-2943-4
https://doi.org/10.1016/j.jbi.2022.104201
https://doi.org/10.1038/s41598-020-69250-1
https://doi.org/10.3390/s18124307
https://www.ncbi.nlm.nih.gov/pubmed/30563267
https://doi.org/10.1109/ACCESS.2025.3547953
https://doi.org/10.3390/s24248148
https://doi.org/10.2196/46778
https://doi.org/10.1017/S0033291722002847
https://www.ncbi.nlm.nih.gov/pubmed/36146953
https://doi.org/10.1016/S2589-7500(23)00125-5
https://doi.org/10.1038/s41571-019-0252-y
https://doi.org/10.1016/S2213-8587(18)30051-2
https://www.ncbi.nlm.nih.gov/pubmed/29503172
https://doi.org/10.1016/j.eclinm.2025.103462
https://www.ncbi.nlm.nih.gov/pubmed/41181830
https://doi.org/10.1016/j.jacc.2023.08.053
https://doi.org/10.1038/s41598-024-64732-y
https://doi.org/10.3390/biomedicines14010223


Biomedicines 2026, 14, 223 9 of 9

31. Li, X.; Donnelly, L.A.; Slieker, R.C.; Beulens, J.W.J.; ‘t Hart, L.M.; Elders, P.J.M.; Pearson, E.R.; van Giessen, A.; Leal, J.; Feenstra,
T. Trajectories of clinical characteristics, complications and treatment choices in data-driven subgroups of type 2 diabetes.
Diabetologia 2024, 67, 1343–1355. [CrossRef]

32. Louis, D.N.; Perry, A.; Wesseling, P.; Brat, D.J.; Cree, I.A.; Figarella-Branger, D.; Hawkins, C.; Ng, H.K.; Pfister, S.M.; Reifenberger,
G.; et al. The 2021 WHO Classification of Tumors of the Central Nervous System: A summary. Neuro-Oncology 2021, 23, 1231–1251.
[CrossRef]

33. Kählig, M.; Schlieter, H.; Wendt, K.; Hickmann, E. Digital dimensions in medicine: Exploring the interplay of biomarkers,
phenotypes, and twins. In The Wirtschaftsinformatik 2024 Proceedings; AIS eLibrary: Atlanta, GA, USA, 2024.

34. Bruynseels, K.; Santoni de Sio, F.; Van den Hoven, J. Digital twins in health care: Ethical implications of an emerging engineering
paradigm. Front. Genet. 2018, 9, 31. [CrossRef]

35. Morris, P.D.; Silva Soto, D.A.; Feher, J.F.; Rafiroiu, D.; Lungu, A.; Varma, S.; Lawford, P.V.; Hose, D.R.; Gunn, J.P. Fast virtual
fractional flow reserve based upon steady-state computational fluid dynamics analysis: Results from the VIRTU-Fast study. Basic.
Transl. Sci. 2017, 2, 434–446.

36. Hu, X.; Zhang, J.; Yang, S.; Jiang, J.; Peng, X.; Lu, D.; Pan, Y.; Guo, L.; Li, J.; He, W.; et al. Angiography-derived fractional flow
reserve versus intravascular ultrasound to guide percutaneous coronary intervention in patients with coronary artery disease
(FLAVOUR II): A multicentre, randomised, non-inferiority trial. Lancet 2025, 405, 1491–1504. [CrossRef] [PubMed]

37. Cheng, S.; Flora, D.R.; Rettie, A.E.; Brundage, R.C.; Tracy, T.S. A Physiological-Based Pharmacokinetic Model Embedded with a
Target-Mediated Drug Disposition Mechanism Can Characterize Single-Dose Warfarin Pharmacokinetic Profiles in Subjects with
Various CYP2C9 Genotypes under Different Cotreatments. Drug Metab. Dispos. Biol. Fate Chem. 2023, 51, 257–267. [CrossRef]
[PubMed]

38. Shamanna, P.; Joshi, S.; Thajudeen, M.; Shah, L.; Poon, T.; Mohamed, M.; Mohammed, J. Personalized nutrition in type 2 diabetes
remission: Application of digital twin technology for predictive glycemic control. Front. Endocrinol. 2024, 15, 1485464. [CrossRef]

39. Zhao, F.; Zhang, C.; Geng, B. Deep Multimodal Data Fusion. ACM Comput. Surv. 2024, 56, 216. [CrossRef]
40. Shinn, N.; Cassano, F.; Gopinath, A.; Narasimhan, K.R.; Yao, S. Reflexion: Language agents with verbal reinforcement learning.

Adv. Neural Inf. Process. Syst. 2023, 36, 8634–8652.
41. Švihrová, R.; Dei Rossi, A.; Marzorati, D.; Tzovara, A.; Faraci, F.D. Designing digital health interventions with causal inference

and multi-armed bandits: A review. Front. Digit. Health 2025, 7, 1435917. [CrossRef]
42. Li, Q.; Li, P.; Chen, Z.; Ren, Z. Empathetic Dialogue Generation via Knowledge Enhancing and Emotion Dependency Modeling.

arXiv 2020, arXiv:2009.09708.
43. Torous, J.; Bucci, S.; Bell, I.H.; Kessing, L.V.; Faurholt-Jepsen, M.; Whelan, P.; Carvalho, A.F.; Keshavan, M.; Linardon, J.; Firth, J.

The growing field of digital psychiatry: Current evidence and the future of apps, social media, chatbots, and virtual reality. World
Psychiatry 2021, 20, 318–335. [CrossRef]

44. Zhao, Q.; Zhang, C.; Zhang, W.; Zhang, S.; Liu, Q.; Guo, Y. Applications and challenges of biomarker-based predictive models in
proactive health management. Front. Public Health 2025, 13, 1633487. [CrossRef]

45. Byambasuren, O.; Sanders, S.; Beller, E.; Glasziou, P. Prescribable mHealth apps identified from an overview of systematic reviews.
NPJ Digit. Med. 2018, 1, 12. [CrossRef] [PubMed]

46. Herzhoff, J. Clinician of the Future 2025: Discover Mission-Critical Insights for the Continuous Advancement of Healthcare; Elsevier
Health: Amsterdam, The Netherlands, 2025.

47. Ahmed, M.M.; Okesanya, O.J.; Oweidat, M.; Othman, Z.K.; Musa, S.S.; Lucero-Prisno, D.E., III. The ethics of data mining in
healthcare: Challenges, frameworks, and future directions. BioData Min. 2025, 18, 47. [CrossRef] [PubMed]

48. Starke, G.; De Clercq, E.; Elger, B.S. Towards a pragmatist dealing with algorithmic bias in medical machine learning. Med. Health
Care Philos. 2021, 24, 341–349. [CrossRef] [PubMed]

49. Priyanka, R. Bridging the digital divide: Ensuring equal access in a high-tech world. Int. J. Educ. Res. 2025, 3, 11–22.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/biomedicines14010223

https://doi.org/10.1007/s00125-024-06147-y
https://doi.org/10.1093/neuonc/noab106
https://doi.org/10.3389/fgene.2018.00031
https://doi.org/10.1016/S0140-6736(25)00504-5
https://www.ncbi.nlm.nih.gov/pubmed/40174597
https://doi.org/10.1124/dmd.122.001048
https://www.ncbi.nlm.nih.gov/pubmed/36379708
https://doi.org/10.3389/fendo.2024.1485464
https://doi.org/10.1145/3649447
https://doi.org/10.3389/fdgth.2025.1435917
https://doi.org/10.1002/wps.20883
https://doi.org/10.3389/fpubh.2025.1633487
https://doi.org/10.1038/s41746-018-0021-9
https://www.ncbi.nlm.nih.gov/pubmed/31304297
https://doi.org/10.1186/s13040-025-00461-w
https://www.ncbi.nlm.nih.gov/pubmed/40646553
https://doi.org/10.1007/s11019-021-10008-5
https://www.ncbi.nlm.nih.gov/pubmed/33713239
https://doi.org/10.3390/biomedicines14010223

	Introduction 
	Data-Driven Cornerstone: A Multidimensional System for Health-Related Phenotyping 
	External Digital Sensing from Wearable and Implantable Devices 
	Internal Molecular Sensing Through Multi-Omics Technologies 

	Precision Prediction and Detection: Continuous and Dynamic Risk Stratification and Early Diagnosis 
	Intelligent Early-Warning Framework with Dynamic Risk Prediction Models 
	Precision Screening Based on Multimodal Integration and AI Diagnosis 
	Novel Subtyping from Data-Driven Disease Reclassification 

	Intelligent Decision-Making: The Ultimate Health Management Powered by Digital Twins and AI 
	Digital Twin in Simulation and Intervention 
	AI Health Agents for Autonomous Decision-Making and Personalized Interaction 

	Future Challenges and Perspectives 
	References

