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Abstract: The combination of AI and multi-omics has ushered
in a new, revolutionary era in disease diagnosis and precision
medicine. This review aims to summarize the current status of the
artificial intelligence (AI)-based multi-omics diagnostic workflows
employed in  three disease  paradigms: infectious,
neurodegenerative, and metabolic diseases, and critically evaluate
their translational potential from the discovery of biomarkers to
digital twin healthcare systems. Machine Learning (ML) and Deep
Learning (DL) algorithms, as well as Explainable Artificial
Intelligence (XAI) algorithms, are explored for their application
in linking genomics, transcriptomics, proteomics, metabolomics,
and microbiomics datasets to enable high-dimensional molecular
Pphenotyping. Harmonisation strategies for multi-omics data, Al-
driven feature selection, molecular pathway elucidation using
graph neural networks (GNNs) and transformer architectures,
and the development of digital twin models for personalised,
dynamic health simulation are among the key themes. We delve
deeper into the regulatory, ethical, and equity issues arising from
the deployment of AI-omics systems across heterogeneous clinical
settings. The review ends with a strategy for integrating validated
Al-omics pipelines into the next-generation precision therapeutics
and global health infrastructure.
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GNNs: Graph Neural Networks

DL: Deep Learning

ML: Machine Learning

Al Artificial Intelligence

XAI: Explainable Artificial Intelligence

DT: Digital Twin

sCCA: Sparse Canonical Correlation Analysis
VAE: Variational Autoencoders

TB: Tuberculosis

CSF: Cerebrospinal Fluid

AB: Amyloid-Beta

PD: Parkinson's Disease

MetS: Metabolic Syndrome

NAFLD: Non-Alcoholic Fatty Liver Disease
CDSS: Clinical Decision Support Systems
HER: Electronic Health Record

GANSs: Generative Adversarial Networks
NMEF: Non-Negative Matrix Factorisation

I. INTRODUCTION

Today, the burden of non-communicable and infectious

diseases is rapidly growing, and unprecedented strain is being
put on diagnostic systems, which are largely reactive,
disease-specific and data poor [1]. Standard diagnostic
methods for single- or two- or three-analyte disease
assessments are inherently limited in reflecting the biological
complexity of multifactorial diseases like Alzheimer's disease
(AD), type 2 diabetes mellitus (T2DM) and emerging
infectious diseases. With the introduction of high-throughput
'omics' platforms that include genomics, transcriptomics,
proteomics, metabolomics and microbiomics, it is now
possible to conduct in-depth molecular phenotyping of
patients across multiple regulatory levels [2].

The dimensionality, heterogeneity, and noise of multi-
omics data, however, pose formidable analytical challenges
for classical bioinformatics [3]. Here, artificial intelligence
(Al), particularly machine learning (ML) and deep learning
(DL) algorithms, has emerged as the analytical cornerstone
capable of extracting biologically meaningful signals from

these extensive molecular catalogues [4,5]. Ensemble
methods, graph neural networks (GNNs), variational
autoencoders (VAEs), yoine ang
transformer  architectures, e <
and federated learning
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paradigms for privacy-preserving multi-site data integration
are key innovations [6].

One of the most intriguing applications of Al-omics
pipelines is their combination with digital twin (DT)
technology, in which virtual patient models dynamically
simulate real-time physiological changes, allowing
prospective simulation of disease states, aiding treatment
personalisation, and predicting outcomes [7]. This review
evaluates the underlying mechanisms, clinical applications,
and translation of Al-based multi-omics diagnostic pipelines
across three disease categories: infectious, neurodegenerative,
and metabolic diseases. It discusses the vision of embedding
these into precision medicine and digital health systems.

II. MULTI-OMICS DATA INTEGRATION:
ARCHITECTURES AND Al METHODOLOGIES

A. The Multi-Omics Landscape

Multi-omics integration is the simultaneous analysis of data
from two or more molecular levels, providing an overall
picture of disease biology [8]. Germline and somatic variation
are identified by genomics; dynamic gene expression is
detected by transcriptomics; the functional repertoire of
proteins is characterised by proteomics; the biochemical
phenotypes are detected by metabolomics; and microbiomics
detect interactions between the host and microbiota. The time
resolution and mechanisms of each layer differ, and their
combination provides synergistic predictive power that
cannot be achieved by any one of them alone [9].

Early methods ranged from simple concatenation, which
joined feature matrices to create a single large feature matrix,
to more advanced multi-view learning architectures. Multi-
view models, kernel models, and matrix factorisation
techniques, such as non-negative matrix factorisation (NMF)
and joint NMF, are used to identify shared latent molecular
programmes across omics layers [8]. To explicitly model
correlations, sparse canonical correlation
analysis (SCCA) and its multi-view extensions are introduced,
revealing co-regulatory modules that elucidate disease
mechanisms.  Integrative  strategies that combine
transcriptomic, proteomic, and metabolomic data layers with
machine learning have been proposed to standardise such
cross-omics analytical workflows [10].

The importance of integrating omics data. The need for
integrating omics data

Cross-omics

B. Deep Learning Architectures for Omics Integration.
Over the last five years, there has been a surge in deep
learning architectures designed to integrate multiple omics
[3]. Graph neural networks are designed to represent
molecules (such as genes, proteins, metabolites) as nodes and
their functional connections as links, enabling the
propagation of molecular information across known
interaction networks [ 11]. This topology-oriented learning is
quite effective for determining pathway-level dysregulation
in complex diseases. The self-attention mechanisms
implemented in transformers, first introduced in natural
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language processing, are now used to model long-range
relationships both within and between omics layers, as well
as across biological sequences. Large-scale foundation
models built on these transformer architectures are
increasingly being adapted for generalist biomedical and
multi-omics applications [12].

Variational autoencoders (VAE) are designed to learn
compressed representations of high-dimensional omics data,
enabling cross-modal data generation, denoising and
imputation [4]. Multi-modal fusion architectures fall into
three major categories: early, intermediate, and late fusion
paradigms, each offering complementary advantages and
disadvantages in model flexibility and interpretability. To
address data governance challenges, federated learning
frameworks have been proposed to train models across
different hospital nodes without sharing sensitive patient
information while leveraging the diversity of multi-
institutional data [6].

III. AI-OMICS PIPELINES IN INFECTIOUS DISEASE
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[Fig.1: Schematic Overview of AI-Driven Multi-Omics
Diagnostic Pipeline. The Figure Illustrates Data
Acquisition Across Five Omics Layers (Genomics,
Transcriptomics, Proteomics, Metabolomics,
Microbiomics), Followed by Preprocessing and
Harmonisation, AI-Based Feature Extraction and
Integration, Biomarker Discovery, and Clinical
Translation to Precision Medicine and Digital Twin
Platforms. Colour-Coded Arrows Indicate Data Flow
and Feedback Loops Between Pipeline Stages]

A. COVID-19 and Respiratory Infections

Multi-omics and Al-based methods pathogen
characterisation and host-response profiling were adopted in
unprecedented numbers during the COVID-19 pandemic [13].
A novel integrated transcriptomics and proteomics approach
for SARS-CoV-2 patients identified distinct
endotypes, enabling stratification by the trajectory of their
clinical course and guiding adaptive clinical trial designs.
Using multi-omics machine learning models with plasma
proteomics, metabolomics, and
transcriptomics data, high
sensitivity and specificity
were reported in classifying

for
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mild, moderate, and severe COVID-19 phenotypes [14].

Zhou et al. used single-cell RNA sequencing (scRNA-seq),
bulk RNA sequencing (bulk RNA-seq), and machine learning
for the analysis of the datasets to find BTD, CFL1, PIGR, and
SERPINA3 as key biomarkers related to CD8+ T cell
dysfunction in COVID-19 patients, candidates for diagnosis
and therapeutic intervention [15]. Genomic surveillance with
Al-powered variant classification helped promptly identify
emerging SARS-CoV-2 variants, enabling vaccine updates
within a few weeks rather than months [13].

B. Tuberculosis and Emerging Pathogens

The multi-omics approaches are also revolutionary for
tuberculosis (TB) and other bacterial diseases. Culture-
independent drug-resistance profiling of Mycobacterium
tuberculosis using metagenomics sequencing and ML
classifiers can be achieved within hours, drastically reducing
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the time for diagnosis from weeks to the same day [13]. Gene
expression biosignatures have been identified using an Al-
powered host transcriptomic signature, thereby replacing
traditional symptom-based screening in high-burden settings.
This dual plasma metabolomic-proteomic fingerprinting
enables high-performance infection classification with
clinically relevant accuracy, differentiating TB from other
LRTIs [2].

Multi-omics ML models for C. difficile infection have
identified candidate metabolic biomarkers which predict
recurrence and provide targets for intervention [2]. Such
advancements highlight a new opportunity to combine host-
response omics with pathogen genomics to create next-
generation infectious disease diagnostics systems that can
surpass the performance of the traditional culture and
immunoassay platforms.

IV. AI-OMICS PIPELINES IN NEURODEGENERATIVE DISEASE DIAGNOSTICS

Table I: Summary of AI-Omics Approaches in Infectious, Neurodegenerative, and Metabolic Disease Diagnostics

Disease Category Omics Layer(s) AI/ML Algorithm Key Biomarkers Identified Reference
Infectious — COVID-19 | Proteomics, Transcriptomics, | g o p1e MI scRNA-seq BTD, CFL1, PIGR, SERPINA3 [14,15]
Metabolomics
M i D L i R . T
Infectious — Tuberculosis etagevnomu?s, cep Leaming, Random Host transcriptomic biosignatures [13]
Transcriptomics Forest
Neurodegenerative — Proteomics, Genomics, Multi-task DL, GNN
> . > oY FAP, NPTXR, MEF2 16,17,1
Alzheimer's Metabolomics Network Analysis G N ’ ¢ [16,17,18]
Neurodeg‘enerﬁttlve - Proteomics, Transcriptomics Multi-task DL, UMAP Lysosomal blqlogy proteins, o- [16]
Parkinson's clustering synuclein pathway
Metabolic — Type 2 Metabolomics, Genomics, XGBoost, LightGBM, Pyruvate, AMP, Tetradecenoic
. - . [19,20]
Diabetes Proteomics Random Forest acid
Metabolic — Obesity / MetS Mf?tabolvomlvcs, XGBoost, AdaBoost Bile acid metabolites, SCFA [21]
Microbiomics profiles

Abbreviations: DL = Deep Learning; GNN = Graph Neural Network; ML = Machine Learning;, SCFA = Short-chain fatty acids; MetS =

Metabolic Syndrome

A. Alzheimer's Disease

One of the most difficult diagnostic problems in medicine
is Alzheimer's disease because irreversible neuronal loss is
happening before the onset of clinical symptoms in a
prolonged prodromal phase [16]. Multi-omics approaches
using artificial intelligence (AI) technology have
dramatically enriched the range of biomarkers from the
traditional cerebrospinal fluid (CSF) amyloid-beta (Ap) and
tau markers. Ren et al. [16] conducted a comprehensive
review of the potential applications of machine learning and
deep learning, as well as network-based models that integrate
large-scale genomic, transcriptomic, proteomic, metabolomic,
and microbiomic datasets to better explain the pathogenesis
of AD.

From the NCBI GEO archive, transcriptomic data for AD
have been analysed using multi-omics integration and ML
approaches to pinpoint MEF2C as a master regulatory node
regulating synaptic maintenance under inflammatory stress,
which could make it a druggable target in AD [17]. The
precision-recall AUC of multi-task deep learning for AD
classification was 0.76, and SHAP-based feature importance
highlighted GFAP and NPTXR as among the most important
diagnostic proteins [18]. These results converge on the focal
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role of neuroinflammatory and synaptic maintenance
pathways in the pathobiology of AD.

The impact of Parkinson's
neurodegenerative disorders

Parkinson's disease (PD) also has shared proteomics
signatures with AD. Still, it is characterised by dysregulation
of lysosomal biology, as revealed by multi-task deep-learning
patient clustering of plasma proteomics [18]. The use of
integrative multi-omics and systems bioinformatics
approaches is beginning to uncover the molecular
mechanisms driving clinical heterogeneity in PD and to
provide insights that can inform patient stratification relevant
to trial design [16]. A combination of multi-omics and
bioinformatics has been identified as one of the main research
frontiers over the last 3 years of Al-neuroscience research
(2022-2024), consistent with the bibliometric analysis of
papers [22].

Precision medicine approaches for neurodegenerative
diseases are becoming more comprehensive, with panels of
CSF and blood markers, digital cognitive assessments, and
neuroimaging increasingly combined in a single ML model
to yield individualised risk
trajectories and proposed
times for preventive
intervention [23].

disease and other
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V. AI-OMICS PIPELINES IN METABOLIC DISEASE
DIAGNOSTICS
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[Fig.2. Comparative Overview of Multi-Omics
Biomarker Discovery Workflows for Alzheimer's
Disease, Parkinson's Disease, and Type 2 Diabetes

Mellitus. The Figure Displays Disease-Specific Omics
Input Layers (left), AI Integration Methods (Centre),
and key Biomarkers Identified and Mapped to
Molecular Pathways (Right), with Colour-Coded Disease
Categories (blue = Alzheimer's, Green = Parkinson's,
Orange = Type 2 Diabetes)]

A. Type 2 Diabetes Mellitus

Metabolomics using Al is a paradigm application for type 2
diabetes mellitus (T2DM), where the disease has a profound
mechanistic basis in the human metabolome [19]. However,
machine learning methods for metabolomic data were
recently shown to be much better at predicting the incidence
of T2DM than traditional risk scores and to uncover a novel
set of metabolite predictors in addition to the classical glucose
and HbAlc markers [19]. Metabolomics-based machine
learning models using tree-based algorithms such as
XGBoost, LightGBM and AdaBoost have been used to
identify  pyruvate, D-Rhamnose, AMP, pipecolate,
tetradecenoic acid, and tetradecanoic acid as potential
diabetic diagnostic biomarkers in multiple independent
cohorts [20].

Al-driven network analysis integrates metabolomics,
genomics, and proteomics in T2DM, linking metabolite-
gene-protein regulatory pathways and identifying converging
mechanistic themes, including dysregulated energy
metabolism, oxidative stress pathways, and branched-chain
amino acid catabolism [21]. Explainable Al (XAI), such as
SHAP value-based feature attribution, when combined with
metabolomics, can help identify the most diagnostically
valuable metabolites, thereby building clinicians' confidence
and supporting regulatory validation [20].

B. Obesity, Non-Alcoholic Fatty Liver Disease and
Metabolic Syndrome

Table II: Comparative Analysis of AI/ML Algorithms Used in Multi-Omics Disease Diagnostic Pipelines (2020-2025)

AI/ML Algorithm Algcolglstshm Omics Compatibility Strengths Limitations
XGBoost / LightGBM Ensemble Metabolorpws, High accuracy; hand}es missing data; lelte':d cross-omics  integration
(Boosting) Genomics feature importance via SHAP capacity
Graph Neural Network Deen Learnin All omics (network- Captures  molecular interactions; | Requires high-quality interaction
(GNN) P & based) topology-aware; pathway-level insight | networks; computationally intensive
Variational Deep Learning Genomics, Proteomics, Dimensionality reduction; data | Latent space interpretability
Autoencoder (VAE) (Generative) Multi-omics imputation; cross-modal generation challenges
Transformer / . Genomics, Long-range dependencies; pre-training | Data-hungry; high computational
. Deep Learning . . L
Attention Transcriptomics potential; scalable cost
. . Less effective for ultra-high-
Metabolomics, Robust; interpretable feature . . .
Random Forest Ensemble . L . A dimensional data without feature
Proteomics, Clinical importance; low overfitting risk .
selection
Federated Learning Prlvgcy— All omics (distributed) Pr'n'/acy preservatlon; mglt1i51te data Communlcgtlon ov;rhead; data
Preserving ML utilisation without centralisation heterogeneity across sites

Abbreviations: SHAP = SHapley Additive exPlanations; GNN = Graph Neural Network; VAE = Variational Autoencoder

Al-omics techniques have also proven valuable in
characterising the molecular architecture of metabolic
syndrome (MetS), non-alcoholic fatty liver disease (NAFLD)
and obesity, beyond T2DM. There is growing evidence for an
association between gut microbial community patterns and
metabolites that discriminate MetS subtypes and therapeutic
responses to dietary or pharmacological interventions,
through a microbiomics-metabolomics integration using ML
classifiers [9]. The results provide new opportunities for
precision therapies targeting the microbiome using a patient-
specific multi-omics profile.

VI. FROM BIOMARKER DISCOVERY TO
PRECISION MEDICINE

A. Al-Informed Drug Delivery Optimization Strategies

A highly stringent multi-stage validation process is needed
to translate computationally identified biomarkers into
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clinically validated diagnostic tools [24]. National-scale
implementations of integrated multi-omics sequencing
have already demonstrated accelerated diagnostic yield for
rare disease cohorts, illustrating the translational pathway
from biomarker discovery to routine clinical diagnostics [25].
Whilst solving the 'dimensionality curse' of high-dimensional
omics data, regularisation methods, cross-validation, and
independent replication across different cohorts are needed to
prevent overfitting and spurious correlations [4]. Mechanistic
interpretability methods enable the translation of the outputs
of ML models into biologically meaningful insights, a crucial
step in clinical adoption, with explainable Al approaches such
as SHAP, LIME, and attention-based attribution methods.
Multi-omics biomarker panels
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decision support systems (CDSS). These systems utilise
probabilistic reasoning to generate patient-level risk scores by
integrating multi-omics data, electronic health record (EHR)
phenotypes, imaging data, and longitudinal vital sign
trajectories, thereby supporting clinical decision-making [7].
Incorporating pharmacogenomic information alongside
transcriptomic and metabolomic data further supports
precision prescribing by selecting the right drug, dose, and
timing based on the individual's molecular pharmacokinetics
and pharmacodynamics.

B. Drug Repurposing through Knowledge Graphs and
Al

Drug repurposing is a cost-effective approach to accelerate
therapeutic development, especially for rare and neglected
diseases. It has become a forefront of Al-driven drug
discovery research [26]. Knowledge graph completion
approaches using GNNs can model complex drug-gene-
disease-pathway relationships and predict new drugs and
their potential effectiveness in new indications [27]. Jiménez
et al. showed that path-based knowledge graph completion
methods can provide drug repurposing predictions with a
biological pathway-level justification, which is important for
regulatory acceptance [27]. These strategies have been used
in other disease settings, including infectious,
neurodegenerative, and metabolic diseases, and have led to
the identification of candidates that have since entered
clinical evaluation [28].

VII. DIGITAL TWIN TECHNOLOGY IN PRECISION

HEALTHCARE

A. Foundations and Architecture of Health Digital Twins

Digital twin (DT) is one of the most disruptive paradigms
at the crossroads of AI, omics science, and clinical
informatics in healthcare [7]. A health digital twin is a
dynamic, personalised virtual representation of a patient that
continually receives real-world streams of physiological,
molecular and behavioural data to simulate disease
trajectories and prospectively assess therapeutic interventions
[29]. DTs are bidirectional: a virtual model is updated in the
real world, and real-world clinical decisions are based on its
predictions. Digital twins in medicine are progressively
moving from a theoretical concept toward tools usable in
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everyday clinical care, although widespread implementation
still requires further validation [30].

Mechanistic and data-driven hybrid models are used to
integrate multi-omics molecular profiles, wearable sensor
data, EHR phenotypes, medical imaging and environmental
exposures in the architecture of health DTs [31]. Papachou et
al. reviewed the growing clinical use of DT in cardiology,
oncology and neurology. They found that its performance in
reducing cardiac arrhythmia recurrence by over 13% and in
predicting neurodegenerative diseases with up to 97%
accuracy was impressive in high-fidelity DT implementations
[31]. These early findings provide the basis for the power of
DTs as the computational infrastructure for next-generation
precision medicine.

B. Digital Twins for Neurodegenerative and Metabolic
Disease Management

DT frameworks have been suggested in the context of
dementia care to dynamically monitor cognitive decline
trajectories, tailor NPIs to individuals, and optimise the
timing of therapeutic escalation [32]. Wickramasinghe et al.
proposed a DT architecture for dementia management that
uses clinical, genomic, and sensor data to generate
individualised care pathway simulations, enabling care teams
to assess the effects of various dementia management
approaches on patients' functional outcomes [32]. DT models
with generalised metabolic flux modelling can also be applied
to metabolic disease management to detect and forecast the
risk of chronic kidney disease in T2DM cohorts [33].

The use of generative Al, such as large language models
(LLMs) and generative adversarial networks (GANSs), is
helping to overcome another major limitation in rare disease
scenarios: the lack of available clinical data. One of the key
challenges in rare disease scenarios is the limited amount of
clinical information available, and generative Al, including
large language models (LLMs) and generative adversarial
networks (GANS), is helping to overcome this hurdle. In drug
discovery and clinical trial design, generative Al-driven DTs
are being employed to model patient-cohort responses to
candidate therapies, thereby minimising early attrition and
expediting regulatory processes [34]. Table III presents the
Emerging Digital Twin Applications in Precision Medicine
Across Disease Domains (2020-2025), while Figure 3 shows
the Digital Twin Healthcare Framework integrating Al-
driven multi-omics pipelines.

Table III: Emerging Digital Twin Applications in Precision Medicine Across Disease Domains (2020-2025)

Disease Domain DT Data Inputs Al Model Integrated Clinical Qutcome Reported Reference
. S — -
Cardlf) vascular EHR, Imaging, Omics, Wearables Mechanistic + ML Hybrid >13% reduction in arrhythmia [31]
Disease recurrence
Neurodegenerative Clinical, Genomic, Sensor, DT Simulation, LSTM, o L .
(Dementia) Cognitive scores GNN 97% accuracy in disease prediction [31,32]
Type 2 Diabetes / CKD Metabolic flux, EHR, Proteomics Generalli/s[zc(ilel\l/litzﬁzhc Flux Early CKD risk identification in T2DM [33]
. . Metagenomics, Host Federated ML, Ensemble Variant detection; vaccine response
Infectious Disease ; . L . [13]
transcriptomics, Clinical DL modelling
Oncology Multi-omics, Irpagmg, Generative Al, GAN, Sub-mllhsecon.d l.1ver response [34]
Immunomics Transformer prediction

Abbreviations: DT = Digital Twin; EHR = Electronic Health Record; LSTM = Long Short-Term Memory, CKD = chronic kidney disease;

GAN = Generative Adversarial Network.
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‘\Q. Machine Learning &
Deep Learning

[Fig.3: Digital twin Healthcare Framework Integrating
Al-Driven Multi-Omics Pipelines. The Figure Depicts
the Bidirectional Data Flow Between a Real Patient
(Left) and Their Digital Twin (Right), Mediated by a
Central Al Processing Core. Inputs Include Multi-Omics
Molecular Profiles, Wearable Sensor Streams, EHR
Data, and Medical Imaging. The Digital Twin Simulates
Disease Progression, Therapeutic Response, and Adverse
Event Risk, Feeding Individualised Recommendations
Back to the Clinical Team]

VIII. CHALLENGES AND ETHICAL
CONSIDERATIONS

Al-based multi-omics diagnostic pipelines have a
significant translational hurdle, yet have transformative
potential. The most significant technical challenge to the
generalisation of models is data heterogeneity due to
variations in sample collection, processing methods,
sequencing technologies, and patient ancestry [9]. To
overcome the limitations of batch effects and confounding
biological variation, robust harmonisation methods, such as
ComBat, quantile normalisation, and multi-site reference
standardisation, are necessary [3].

Complex DL models have been referred to as ‘black-box'
due to their challenges in regulatory approval and clinician
trust [26]. SHAP, LIME, attention visualisation and
counterfactual explanations are key XAl methods that enable
interpretable model decisions, but have yet to be explored in
ultra-high-dimensional omics settings [26]. Regulatory
bodies, such as the FDA and EMA, are now adapting their
regulations to include Al-powered diagnostic devices.
However, there are still no established guidelines for multi-
omics-specific validation, prospective monitoring of device
performance, or algorithmic auditing [35].

Equity and access are important ethical components.
Underrepresented populations, particularly in low-income
areas, are underrepresented in training datasets and are
vulnerable to further deepening health inequities through Al
systems that perform differently across populations [23].
While there are mitigation measures such as federated
learning, transfer learning, and synthetic data generation with
generative Al, there is a need for proactive policies to ensure
inclusive data collection and equitable deployment.

IX. FUTURE DIRECTIONS AND ROADMAP

Implementing the full potential of Al-omics diagnostics and
digital twin healthcare involves multiple interrelated
priorities on the roadmap. First, training generalisable Al
models will require the development of international,
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federated, multi-omics reference datasets spanning diverse
ancestries, disease stages, and geographies [6]. Second, the
standardisation of data reporting formats, metadata schemas,
and FAIR (Findable, Accessible, Interoperable, Reusable [8])
omics data will support model replications and cross-study
meta-analyses.

Thirdly, the combination of spatial omics technologies,
such as spatial transcriptomics and spatial proteomics, with
Al will provide important tissue-level contextualisation of
molecular profiles, especially in the pathology of
neurodegenerative and metabolic diseases [9]. Fourth, there
is a need for investments in healthcare IT infrastructure,
integration with clinical workflows, training programmes for
clinicians, and development of Al health literacy for the
clinical use of DTs based on Al-omics [7]. Fifth, regulatory
science should be adapted to provide adaptive frameworks for
Al-omics diagnostics that are patient-safe and enable rapid
innovation [35].

Al, multi-omics, and digital twin technologies, together
with wearable biosensor networks, real-world evidence
platforms, and patient-generated data ecosystems, will
increasingly support a model of continuous, proactive, and
personalised health management, moving medicine from
episodic, reactive to longitudinal, predictive wellness.

X. CONCLUSION

Multi-omics diagnostic pipelines powered by artificial
intelligence are transforming the landscape of disease
detection, mechanisms, and therapeutic personalisation in
infectious, neurodegenerative, and metabolic disease settings.
The computational/analytical tools to extract clinically
relevant and biologically meaningful information from the
molecular complexity of human diseases will be rooted in
machine-learning and deep-learning architectures, such as
graph neural networks, variational autoencoders, and
transformer models. Combining validated multi-omics
biomarker panels with digital-twin healthcare frameworks is
a convergent approach to dynamic and individualised
precision medicine, predicting disease rather than reacting to
it.

Fulfilling this vision requires multi-disciplinary
collaboration in discovery science, clinical validation,
regulatory science, health informatics, and health equity, with
an emphasis on open, diverse, and FAIR data ecosystems.
The evidence presented here demonstrates the components of
this vision that are in place; the imperative now is the
systematic movement from the research world to global
clinical practice.
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