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Introduction

Theadvent of high-throughput ‘omics’ technologies — spanning genom-
ics, epigenomics, transcriptomics, proteomics and metabolomics —
has revolutionized our ability to capture comprehensive snapshots
of biological systems at an unprecedented depth'>. These technolo-
gies generate vast amounts of data, offering the potential to unravel
the molecular underpinnings of cancer* . However, relying on a
single-analyte approach can provide anincomplete and potentially
misleading picture of tumour biology and patient prognosis'”’. For
instance, genomic alterations do not always translate directly into
functional changes at the protein level, and cellular morphology
captured by pathology may not fully reflect the underlying molecular
signalling state*®,

Multi-omics integration seeks to overcome these limitations by
integrating the diverse data layers, alongside clinical information
and medical imaging (including radiomics and digital pathology), to
provide a more complete picture of the tumour ecosystem and its
interactions"”™ (Fig. 1). This synergistic approach allows for a more

comprehensive characterization of tumour heterogeneity, theinterplay
betweendifferent molecularlayers (for example, how genomic changes
affect transcription and protein levels), and the connection between
molecular profiles, tissue morphology and clinical phenotypes' ™.
Integrating molecular data with imaging or pathology can bridge the
gap between genotype and phenotype by revealing how molecular
alterations manifest visually®>*"”, Similarly, combining omics data
with clinical records enables the discovery of molecular correlates of
treatmentresponse or resistance observed in patients™'*". Crucially, in
this Review, we adopt abroad, systems-level definition of ‘multi-omics’
that extends beyond traditional molecular layers to encompass ‘digital
phenomics’ derived from medicalimaging (radiomics and pathomics)
and codified clinical data. While we acknowledge the emerging sig-
nificance of the microbiome and exposome in cancer biology, our
discussion focuses primarily on the integration of these host-intrinsic
molecular, morphological and clinical data streams, as they currently
represent the primary pillars for constructing patient-specific digital
twins. The sheer scale and high dimensionality of multi-omics datasets
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Fig.1| The multi-omics data foundation for precision oncology. Modern
cancer researchis built upon a diverse landscape of multi-omics data that
provides adeep molecular characterization of tumours. This includes multiple
layers of biological information, from genomic alterations (mutations and
copy number variations (CNVs)) and epigenetics (DNA methylation) to
transcriptomics, proteomics and metabolomics. These data can be captured at
the bulk or single-cell level, and can also be spatially resolved to link molecular

profiles to tissue architecture. To translate these rich molecular insights into
clinical practice, multi-omics data can be integrated with multimodal clinical
data, which provides essential patient context. This includes information from
electronic health records (EHRs), medical imaging, pathology and laboratory
testing. Artificial intelligence (Al) can then be used to integrate these vast and
varied data streams to build acomprehensive, systems-level understanding of
anindividual patient’s cancer, thereby enabling true precision medicine.
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presentsizable analytical hurdles*?. Integrating disparate data types,
each with unique characteristics, noise profiles and biological rel-
evance, requires sophisticated computational methods capable of
handling complexity and extracting biologically meaningful insights'”.
Compoundingtheseinherent challenges are additional practical hur-
dlesrelated to dataharmonization, particularly whenintegrating data
fromvariousresearch centres. Variationsin technical protocols, such
asimaging scanner parameters or sequencing platforms, canintroduce
considerable batch effects. Furthermore, inter-observer variability
in pathological and radiological interpretation adds another layer of
complexity that must be addressed. Traditional statistical methods
often struggle to model theintricate, nonlinear relationshipsinherent
insuch high-dimensional biological data.

Artificial intelligence (Al), particularly deep learning, has
emerged as a powerful enabling technology to address these analyti-
cal challenges’” 2, Al algorithms excel at identifying complex patterns,
integrating diverse datasources and building predictive models from
large datasets’*>*>?”*, In the context of multi-omics, Al can facilitate
datafusion, uncover hidden correlations between different molecular
layers and clinical outcomes, and generate hypotheses about under-
lying biological mechanisms'”**?>*°, Crucially, Al models can also be
designed to handle the pervasiveissue of missing data; itis not always
necessary forevery patient to have acomplete set of allomics modali-
ties. Advanced techniques canlearn fromincomplete datasets, impute
missing values or weigh the available dataappropriately, whichis vital
for leveragingreal-world clinical cohorts where data are often hetero-
geneously collected®** This flexibility enables the application of awide
range of Al techniques in oncology. For instance, supervised learning
is now used to build models that can classify tumour subtypes or pre-
dict patient outcomes®¢, whilst unsupervised methods are essen-
tial for discovering novel patient subgroups from integrated data®.
These powerful computational approaches form the computational
backbone for translating multi-omics data into tangible advances in
precision oncology.

This Review synthesizes the current state of Al-driven multi-omics
dataintegrationinoncologytoarticulate anew paradigm. While seminal
perspectives have established the conceptual frameworks for multi-
modal data fusion”, here, we synthesize the rapid evolution of the field
driven by next-generation technologies — specifically generative Al,
foundation modelsand digital twins. It explores how this Al-driven syn-
thesisis not merely improvingisolated tasks butis creating a cohesive,
systems-level understanding of the individual patient. This holistic view
is poised to redefine the entire cancer care continuum, fromenhancing
the elucidation of foundational biological mechanisms to enabling
the future of dynamic disease monitoring. To this end, the discussion
encompasses the core computational methodologies and the critical
role of explainable Al (XAl) in bridging the gap between predictive
models and biological plausibility. Ultimately, by weaving together
these disparate data threads, multi-omics integration holds the prom-
ise of constructing more accurate diagnostic and prognostic models,
identifying robust biomarkers, and uncovering novel therapeutictargets
that would remain hidden within the confines of single-omics analyses.

Al methodologies for multi-omics integration

Translating the vast landscape of multi-omics datainto clinical utility
hinges on a sophisticated computational framework. The power
of Al is not derived from a single algorithm but from a strategic
orchestration of learning paradigms, specialized model architec-
tures and data fusion strategies (Fig. 2). Understanding these core

methodological components is essential to appreciating both the
potential and complexity of applying Alin oncology®®.

Unsupervised learning

One of the greatest practical challenges in medical Al is the scarcity
of large, expertly annotated patient datasets required for training
deep learning models from scratch. To overcome this bottleneck,
the field is increasingly adopting advanced training paradigms that
leverage abundant unlabelled data (Fig. 2a). The dominant approach
is unsupervised or self-supervised learning®®***°, In this paradigm, a
large modelisfirst trained on amassive corpus of unlabelled data (for
example, millions of pathology images or publicly available genomic
sequences). The benefit of this initial step is that the model learns
fundamental, general-purpose features of the data (for example, the
typical morphology of cellsin pathology images or common sequence
motifsin genomics) without needing any expert annotation. The model
learns by solving an ‘auxiliary’ or ‘pretext’ task that does not require
manual labels such as reconstructing a corrupted input or predicting
the relationship between different data fragments**2. This process
forces the model to learn rich, generalizable representations of the
data’sintrinsicstructure®, This powerful pre-trained model then serves
as a highly informed starting point.

For the ‘primary task’ of clinical interest, the model is then fine-
tuned using amuch smaller, more specific and labelled dataset. Here,
the ‘labels’ are the ground-truth clinical outcomes of interest, such
as patient survival or treatment response, which are expensive and
time-consuming to acquire. To be effective, the unlabelled data for
pre-training should be of the same modality as the data used for the
final task (for instance, pre-training on a large cohort of unlabelled
immunohistochemistry (IHC) images to prepare for atask onasmaller,
labelled IHC cohort). In the context of multi-omics integration, this
paradigmis particularly powerful. Modality-specific encoders can be
independently pre-trained on large, unimodal, unlabelled datasets
(for example, animage encoder on millions of pathology slides and a
sequence encoder on a genomic database). These ‘expert’ encoders
are then combined and jointly fine-tuned on a smaller, but complete,
multimodal dataset with ground-truth labels to learn the critical
cross-modal relationships.

This two-stage approach has given rise to foundation models,
which represent afundamental shift from task-specific architectures
tounified, generalizable platforms. Unlike traditional models trained
forasingle narrow purpose, foundation models pre-trained on massive
datasets, such as Virchow** for computational pathology or Evo***
for genomic sequences, learn universal representations of biological
data. This enables powerful capabilities such as zero-shot inference,
where amodel can performatask it was not explicitly trained for, and
data-efficient fine-tuning, allowing high performance on rare cancer
subtypes with very few labelled examples. Furthermore, emerging
multimodal foundation models facilitate cross-modal alignment,
mapping distinct data types into a shared latent space that captures
their underlying biological meaning*®. This allows for complex reason-
ingtasks, such as generating diagnostic reports directly fromimages,
thereby moving Al from a pattern-recognition tool toacomprehensive
clinical assistant®’.

Deep learning architectures

Integrating the diverse data types inherent to multi-omics requires
a corresponding diversity of deep learning architectures as each is
specialized to process adifferent form of information. The core of any
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Fig. 2| Almethodologies for multi-omics dataintegration. The successful
integration of diverse data types in oncology relies on asophisticated toolkit of
artificial intelligence (Al) methodologies. This involves three key methodological
dimensions: learning paradigms, model architectures and data fusion strategies.
a, To address the challenge of data with limited labels, unsupervised or self-
supervised pre-training is often employed. Large models are first trained on vast
amounts of unlabelled data for an auxiliary task (for example, reconstructing
masked inputs), allowing them to learn meaningful data representations.

These pre-trained models are then fine-tuned on smaller, labelled datasets for
aspecific primary task (for example, classification or prediction), generating
afoundational Almodel that can make new predictions on patient data.b, The
model architecture defines how the model learns representations during the
auxiliary task. A variety of deep learning architectures are available and are
selected based on the data modality. Convolutional neural networks (CNNs) are
standard for grid-like data such as pathology and radiology images. Transformer
and sequence models have a core attention mechanism that enables the
dependencies of models across positions in a sequence and are highly effective
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for sequential data like genomics and transcriptomics. Graph neural networks
(GNNs) are uniquely suited to model relational data structures such as biological
networks or spatial cell interactions. Generative models, including generative
adversarial networks (GANs) and diffusion models, can create realistic synthetic
datato augment limited datasets or impute missing modalities. ¢, Multimodal
fusion can occur during pre-training or fine-tuning as a part of the model
architecture design. Three principal strategies are used to combine information
from different sources (for example, genomic data and imaging features). Early
integration (data-level) involves extracting and concatenating features into
vectors beforeit is fed into the model. Intermediate integration (representation-
level) processes the data from different modalities first through its own encoder
tolearn patterns specific to that data type. The outputs are then fused ina
shared space. Late integration (model-level) involves processing each data type
on completely separate models and combining these predictions. The optimal
combination of these methodologies depends on the specific biological question
and the characteristics of the available data. IHC, immunohistochemistry.

Almodelisitsarchitecture, which must be carefully selected to match
the characteristics of the input data (Fig. 2b).

Convolutional neural networks (CNNs)*® have traditionally been
the preferred method for extracting local features from grid-like

data such as medical images. However, CNNs are generally limited
in their ability to model global context, and thus the field is rapidly
shifting towards vision transformers (ViTs) and hybrid architectures.
While transformers were originally designed for sequential data like
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genomics®, their core ‘attention mechanism’ is now pivotal for imag-
ing. Unlike CNNs, which focus on local receptive fields and gradually
buildglobal context, ViTs divide animage into patches and treatitasa
sequence, allowing them to capture long-range dependencies across
the entire input. This is particularly advantageousin digital pathology,
where determining a prognosis often requires understanding the spa-
tial relationships between tumour cells and distant stromal orimmune
features across a large (gigapixel) whole-slide image (WSI). Similarly,
in 3D radiology, these architectures can better model the volumetric
context across slices®. Their ‘attention mechanism’ allows them to
weigh theimportance of different elementsin along sequence, making
them exceptionally skilled at capturing the contextual relationships
that define biological function®. Conceptually, this mechanism acts as
a‘computational spotlight’, allowing the model to dynamically focus
onthe most relevant parts of the input. For example, when analysing a
long gene sequence to predict its expression, the attention mechanism
can learn to ‘pay more attention’ to critical regions like promoters or
enhancers, rather than treating every base pair with equalimportance™.
This ability to learn long-range, context-dependent relationships is
what makes transformers so powerful for biological sequence analysis.

Graph neural networks (GNNs) are uniquely suited to model data
withinherentrelational or network structures, asthey leverage graphs
to capture complex dependencies and interactions between the various
entities®. This contrasts with the grid-based processing of CNNs and
the sequential focus of standard transformers. In oncology, biological
entitiesrarely existinisolation — genesinteractin regulatory pathways
and proteins form complexes. GNNs can explicitly model these relation-
ships by representing biological entities as nodes and their interac-
tions as edges. This architecture is increasingly applied to integrate
multi-omics dataonto protein-proteininteraction (PPI) networks for
cancer driver gene discovery” and is becoming the standard for analys-
ing spatial omics data, where it models the tumour microenvironment
asagraphofinteracting cells to predict patient outcomes®*.

Generative models represent a rapidly emerging frontier. This
category includes generative adversarial networks® (GANs) and dif-
fusionmodels*®. Unlike architectures that primarily predict outcomes
from existing data, these models canlearn to produce new, high-fidelity
synthetic data”. The importance of this capability cannot be over-
stated, particularly for addressing the critical bottleneck of datascar-
cityinoncology. For many rare cancer subtypes, for instance, datasets
may be limited to only a few dozen patients — far too small to train a
robust Al model. Generative models can augment these datasets by
creating thousands of realistic ‘virtual patient’ samples, enabling the
development of powerful models that would otherwise be impossible.
Crucially, their application is broad: these models can generate both
highly realistic synthetic pathology images and biologically plausible
genomic or transcriptomic sequences, making them a versatile tool
across the multi-omics landscape.

Multi-omics fusion
With specialized architectures processing each datatype, the final and
most critical step is to integrate their insights®®* . The choice of fusion
strategy determines how the model learns from the interplay between
different data streams® (Fig. 2c), and this choice involves substantial
trade-offs between simplicity, robustness and the ability to uncover
complex biological relationships.

Early integration (also termed data-level) is the most direct
method, involving the concatenation of raw or processed features
from all modalities into a single, wide vector before model input.

Forinstance,amodel might combine avector of 100 radiomic features
from a computed tomography (CT) scan with a vector of 20,000
gene-expression values from RNA sequencing (RNAseq) data. While
this approach has been used insome early studies®, its primary draw-
back is the risk of being dominated by high-dimensional modalities;
the 20,000 gene features might computationally ‘drown out’ the signal
from the 100 radiomic features, which makes it difficult for the model
tolearn subtle butimportant cross-modal relationships.

Late integration (also termed model-level) is an ensemble tech-
nique that takes the opposite approach”. It trains aseparate, independ-
ent model for each modality and then combines their final predictions.
For example, a CNN trained on pathology images might predict a70%
chance of recurrence (which can be thought of as its ‘vote’), while a
separate model trained on genomic data predicts a 30% chance (rep-
resenting its ‘vote’). The final prediction could be a simple majority
vote or a weighted average of these outputs. This method is robust
and easy to implement, but its major limitation is that it may miss
subtle, synergistic effects that are only visible when modalities are
considered jointly. For instance, a subtle gene-expression pattern
might only be prognostically significant in the presence of a specific
morphological feature in the tumour microenvironment. Because
lateintegration analyses each modality inisolation, itisblind to these
critical, context-dependentinteractions.

Intermediate integration (also termed representation-level inte-
gration) has become the most powerful and widely adopted strategy in
deep learning precisely because it is designed to find these synergistic
effects. Here, each modality first passes through its own specialized
encoder —aneural network designed toact as an ‘expert summarizer’ —
to be transformed into a compact, learned representation called an
embedding®*. Conceptually, the encoder for pathology images might
be a CNN that summarizes a WSl into anembedding that captures the
degree of immune infiltration, while a transformer encoder for RNA
sequencing data might create an embedding that summarizes the
activity of keyimmune-related pathways. These separate, expert ‘sum-
maries’ (theembeddings) are then merged withinashared ‘conference
room’inthe model, known as ahiddenlayer. Here, the modellearns the
complex, nonlinear interactions between them. A powerful exampleis
in predictingimmunotherapy response, where amodel using interme-
diate integration can learn that the combination of high immune cell
density (fromthe pathology embedding) and astronginterferon-y gene
signature (from the transcriptomic embedding) is a far more powerful
predictor of response than either feature alone’®,

Finally, the choice of fusion strategy is not about one being defini-
tively superior but about selecting the right tool for the task. Late
integration canbe avaluable and robust baseline, especially when data
modalities are expected to be largely independent. Early integration
israrely used for complex multi-omics data due toitsinherent limita-
tions, although it remains a valid and effective approach for integrating
lower-dimensional datasets such as combining clinical demographics
with targeted biomarker panels. However, intermediate integrationis
the preferred method when the central scientific goal is to uncover the
unknown, synergistic relationships between different layers of cancer
biology, whichs the core promise of multi-omics research.

Nevertheless, itis crucial to recognize that multimodal integration
is not inherently superior to unimodal approaches. The success of
fusion depends heavily on the ‘orthogonality’ of the data — that is,
whether the different modalities provide complementary biological
information. If modalities are highly redundant (mutual information
is high) or if one modality contributes substantially more noise

Nature Reviews Cancer


http://www.nature.com/nrc

Review article

than signal, fusion can paradoxically degrade model performance
or increase complexity without clinical benefit. For instance, semi-
nal reviews have highlighted cases where adding transcriptomic or
clinical data to robust genomic models failed to improve prognostic
stratification because the additional layers increased dimensionality
and noise rather than the actionable signal’?. Specifically, evidence
suggests that, across multiple cancer types, clinical variables can out-
perform genomic and proteomic features for survival prediction,
indicating that the additional dimensionality introduced by omics may
sometimes dilute the actionable signal inherent in standard clinical
records®®®. Therefore, in scenarios with limited sample sizes or high
data heterogeneity, a well-tuned unimodal model may be preferable
to acomplex multimodal architecture.

Al-driven multi-omics insights for cancer care
Theintegration of multi-omics datathroughthelens of Alis fundamen-
tally reshaping our approach to critical challenges across the cancer
care continuum (Table 1).

Identifying underlying molecular and genetic drivers

Al-driven multi-omics integration is beginning to provide unprece-
dented insights into the molecular and genetic drivers of cancer**$ ">,
Uncovering this has been a primary challenge in oncology, as these
events are often hidden within vast, high-dimensional datasets. First,
Al can be used to identify the functional ‘footprint’ of driver events
directly from genomic data, even when that datais complex and weakly
labelled. For instance, weakly supervised multiple-instance learning
(MIL) models organize datainto ‘bags’ that represent sets of instances,
where labels are provided only at the patient (‘bag’) level and not for
individual mutations (‘instances’). These models can be trained on
the entire ‘bag’ of somatic mutations from a tumour sample to predict
sample-level characteristics, like tumour type or microsatellite status,
with high accuracy’”. This demonstrates how Al can learn to identify the
collective mutational patterns that define a cancer’s identity without
needing alabel for each individual mutation. Moving beyond just the
presence of mutations, unsupervised deep learning can also decipher
their functional impact. In a large preclinical study, the DeepProfile
framework was applied to over 50,000 transcriptomes over 18 cancer
types, demonstrating that specific gene-expression programmes,
represented as latent variables, were consistently associated with both
mutation burden and patient survival®. This highlights Al’s ability to
connect the underlying genomic driver landscape to its functional
transcriptional consequences.

Furthermore, the use of Alis providing novel insights by decipher-
ingthe broader contextin which driver genes operate, linking molecu-
lar alterations to both visual phenotypes and functional networks. On
thevisual front, the use of Al has uncovered novel connections between
atumour’s driver and its morphology. Seminal studies have demon-
strated that deep learning models can predict the status of key driver
genes (forexample, EGFR (encoding epidermal growth factor receptor)
or KRAS) and microsatellite instability directly from standard hema-
toxylin and eosin (H&E) slides across multiple cancer types™’¢. Building
on these predictive capabilities, generative approaches are now fur-
ther bridging this gap. Forinstance, the GigaTIME framework utilizes
multimodal Alto generate virtual spatial proteomics (multiplex immu-
nofluorescence) from standard H&E slides, enabling population-scale
modelling of the tumourimmune microenvironment to uncover novel
protein-level drivers of progression and survival”. In parallel, the use
of Al can also enable elucidation of the functional context of drivers

by modelling the tumour as a biological network using graph-based
deeplearning. For example, the TREE model was designed to identify
cancer driver genes in a pan-cancer context by learning from their
positions within heterogeneous biological networks and explicitly
integrating multi-omics data (including microRNA (miRNA) expres-
sion, transcription factor activity and protein profiles)®. Notably,
the model’s attention mechanism identified that specific network
paths, which represent sequential chains of biological signalling
such as theregulatory cascade between a transcription factor and its
target genes, were highly predictive of driver status. Together, these
approaches demonstrate that, by capturing the full context — be it
visual or relational — Al can uncover driver information thatisinvisible
to context-unaware analyses.

Detection and diagnosis

Artificial intelligence is providing new pathways towards predictive
and non-invasive cancer diagnosis, primarily through the deep analy-
sis of circulating biomarkers from liquid biopsies and the inference
of molecular information from medical images**’*°*. This is because
Alenables theidentification of subtle, high-dimensional patterns that
areotherwiseinvisible to traditional analysis. For example, Fragle was
initially developed to quantify circulating tumour DNA (ctDNA) in
colorectal cancer by analysing DNA-fragment length distributions
(fragmentomics). The authors further demonstrated its versatility by
applyingit to samples from patients with resected lung cancer, where
itoutperformed a standard gene panel in predicting minimal residual
disease (MRD)”. However, liquid biopsies exhibit variable sensitivities,
particularly for stage | cancers where the ctDNA signal is weakest”®””.
This creates aclear need for multi-omicsintegration. Specifically, inte-
grating radiomic features from standard-of-care imaging (for example,
CT scans), which capture macroscopic tumour phenotypes, with the
microscopic specificity of ctDNA can overcome the sensitivity limita-
tions of single-modality assays’®. Since a negative liquid biopsy result
inan early-stage context cannot definitively rule out cancer, this com-
plementaryimaging datais essential for a confident diagnosis. Despite
these sensitivity hurdles, the underlying Al capabilities are already
powering the development of multi-cancer early detection (MCED)
tests that could revolutionize population-level screening®. Notably,
large-scale prospective trials, such as PATHFINDER, have demonstrated
that current Al-driven MCED tests can detect diverse cancer typesin
asymptomaticindividuals with high specificity (>99%) and accurately
predict the tissue of origin, thereby effectively directing subsequent
diagnostic workups'®.

Beyond genomic signals, Al is increasingly used to harness the
diagnostic potential of other circulating analytes, such as proteins
andrarecells. For example, in alarge-scale pan-cancer study, machine
learning classifiers were trained on plasma proteomic profiles from
2,251 patients with cancer. By analysing high-dimensional protein
expression patterns, the model successfully identified novel bio-
marker panels capable of distinguishing multiple tumour types from
healthy controls, offering a functional readout of the host-tumour
interaction'”’. While such proteomic approaches hold promise, further
validationin diverse cohortsis ongoing to translate these findingsinto
routine clinical practice. Furthermore, the use of Al has the potential
to enhance the detection of rare circulating cells, which has tradi-
tionally been labour-intensive'®% In this context, novel deep learning
approaches have beendeveloped to automatically identify and classify
circulating tumour cells (CTCs) from high-content imaging data with
expert-level accuracy'®. This capability is critical because it addresses
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Table 1| Representative examples of Al-driven multi-omics applications in oncology

Oncological Cancertype Data modality Al/ML method used Key findings and outcomes (research stage)
application
Molecular Pan-cancer Proteomics, genomics, Graph neural network-based Mapped functional protein networks across 11 cancer types
and genetic RNA sequencing deep learning using proteogenomic data from 1,194 patients (preclinical)*
drivers
Pan-cancer Multi-omics networks Transformer-based graph Achieved state-of-the-art performance across 8 pan-cancer
(miRNA, transcription factor,  representation learning datasets and identified 57 high-confidence candidate driver
proteins) genes (preclinical)®®
Breast cancer Histopathology, molecular Explainable random forest Combined morphological and molecular features for
profiling comprehensive cancer profiling (retrospective clinical study)®
Diagnosis Lung cancer CT radiomics, cfDNA Multi-omics model Achieved an AUC of 0.923 in predicting malignancy in

fragmentomics, clinical
features

(clinic-RadmC)

indeterminate pulmonary nodules, enabling a 10-35% reduction
in unnecessary invasive procedures across a multi-institutional
cohort (validated in real-world, multi-institutional study)®

Breast cancer Mammography, clinical Al-supported In a randomized trial (MASALI), Al reduced screen-reading
workflow screen-reading system workload by 44% while maintaining cancer detection rates
(prospective clinical study)®®
Pan-cancer Histopathology, clinical Foundation model (Virchow) Enabled pan-cancer detection (AUC 0.95) and outperformed
(including rare metadata tissue-specific models for some rare cancer variants
cancers) (real-world clinical study)**

Precision risk
stratification

High-grade serous
ovarian cancer

Histopathology, CT imaging,
genomics

Multimodal ensemble
machine learning

Outperformed single modalities for risk stratification
(real-world clinical study)™

Colorectal cancer

Histopathology, multi-omics
profiles

Deep learning platform
(MOMA)

Predicted survival, microsatellite instability and genomic
alterations (real-world clinical study)™

Pan-cancer Histopathology, genomics Multimodal deep learning Achieved effective patient risk stratification across
with attention 14 cancer types (c-Index 0.645) and identified interpretable
morphological and molecular correlates of survival
(real-world clinical study)”
Breast cancer Mammaography, ultrasound, Multimodal machine Performed similarly to radiologists for malignancy
clinical learning model classification and was superior for differential diagnosis
(prospective validation trials)'”
Personalizing NSCLC CT radiomics, PDL1IHC, Expert-guided ensemble Achieved an AUC of 0.80 for immunotherapy response
cancer genomics (TMB) with intermediate prediction, outperforming either TMB or PDL1 used alone
treatment integration (real-world clinical study)®®
Pan-cancer EHR, genomics, radiology NLP and explainable Al with  Identified SETD2 mutation as a predictor of immunotherapy
reports gradient boosting response in lung cancer and improved overall survival
prediction across 5 cancer types using real-world data'®
Pan-cancer (spinal  CT imaging, radiation Deep learning-based quality  Prospectively deployed across a multicentre network, the
metastases) dose plans, clinical assurance (DL-SpiQA) system reviewed treatments in real-time and successfully
documentation identified 6 documentation errors and verified targeting
accuracy in 520 spine radiation treatments (real-world
clinical implementation)'”®
Prostate cancer Multi-omics, clinical data, Multimodal deep learning Personalized therapy selection in patients based on
imaging integrated clinical trial data (validation in phase Il
randomized controlled trial)'*
Enhancing Endometrial Histopathology WSI, clinical ~ Multimodal deep CNN Combined pathology and clinical data achieving C-index
prognostic cancer stage, molecular profiling (HECTOR) 0.79-0.83, outperforming molecular profiling alone
prediction (validated in real-world randomized trials)™’

Pancreatic cancer

Transcriptomics, proteomics,
clinical data

Ensemble deep neural
networks (Molecular Twin)

Achieved superior disease survival prediction accuracy
compared to single-omics or clinical baselines and validated
a streamlined 589-feature panel for clinical translation
(real-world clinical study)™

NSCLC Histopathology, CT imaging ~ Multimodal CNN fusion Improved survival prediction over the single modalities
(real-world clinical study)*
Pan-cancer EHR, proteomics Transfer learning (COMET Achieved an AUROC of 0.842 for predicting 3-year cancer

framework)

mortality (real-world clinical study)™®

This table provides representative examples selected to highlight a diverse range of artificial intelligence (Al)-driven applications that explicitly integrate multi-omics data in oncology. The
focus is on recent, high-impact studies that demonstrate the synergy between different data types. The ‘Stage’ refers to the developmental or validation stage of the reported study. AUC,

area under the curve; AUROC, area under the receiver operating characteristic curve; cfDNA, circulating cell-free DNA; CNN, convolutional neural network; CT, computed tomography; EHR,
electronic health record; IHC, immunohistochemistry; miRNA, microRNA; ML, machine learning; NLP, natural language processing; NSCLC, non-small-cell lung cancer; PDL1, programmed cell
death 1ligand 1; PPI, protein-protein interaction; TMB, tumour mutational burden; WSI, whole-slide image.
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the challenge of morphological heterogeneity, allowing for the detec-
tion of rare cells that might be missed by manual observation. Capturing
these cells provides definitive cytological evidence of tumour dis-
semination —representing the ‘seeds’ of metastasis — thereby offering
acomplementary layer of risk assessment to cell-free DNA assays.

Simultaneously, the use of Alis transforming diagnosticimaging
by enabling the inference of the molecular state of a tumour directly
fromits visual phenotype. This was demonstrated in alarge, multicen-
treretrospective study of patients with lung cancer using DeepGEM, an
annotation-free multiple-instance learning model®’. This model pre-
dicted the mutation status of key driver genes (for example, EGFR and
KRAS) fromroutine H&E-stained pathology slides with high accuracy,
achieving an area under the curve (AUC) ranging from 0.90 to 0.97.
However, a key challenge with such image-only models is the risk of
themlearning non-causal ‘shortcut’ patterns that do not generalize well
or are not truly linked to the underlying biology. This is a critical area
where multimodal integration is needed; by training amodel on both
pathology images and the underlying genomic data simultaneously,
the genomic data can act as a ‘ground truth’ to regularize the model
and ensure it learns biologically plausible morphological features.
Similarly, inradiology, Al algorithms can be used to analyse radiomic
features from CT scans and have been successfully used inlung cancer
screening programmes to accurately differentiate between benign and
malignant lesions'***°.

Perhaps the synergistic potential of integrating these modalities
isthe ultimate goal, where the limitations of one modality can be over-
come by the strengths of another. This has been exemplified in the
clinical challenge of diagnosing indeterminate pulmonary nodules.
Inamulti-institutional study, clinic-RadmC, an integrated multi-omics
model, was developed that combines clinical data, deep learning-based
radiomic features from CT scans, and circulating cell-free DNA frag-
mentomic features in 5-methylcytosine (SmC)-enriched regions’. This
integrated model achieved asubstantially higher diagnosticaccuracy
(AUC of 0.923) in distinguishing malignant from benign lung nod-
ules compared to any single-omics model. This validated its utility
for the accurate diagnosis of lung cancer in patients presenting with
indeterminate pulmonary nodules.

Precision risk stratification
Effective cancer management hinges on accurate patient stratification,
and while the anatomical tumour node metastasis (TNM) staging sys-
tem remains essential for this, it does not account for the underlying
tumour biology, resulting in the grouping of patients with cancers of
distinct molecular profiles and divergent clinical outcomes'°. This
well-documented intra-stage heterogeneity can lead to challenges in
personalizing adjuvant therapy, potentially resulting in over-treatment
for some patients and under-treatment for others™. Molecular
subtyping based on single-omics data, such as transcriptomic profiles,
has beenamajor advancein addressing this challenge. However, these
approaches do not capture the full complexity of a tumour. Recent
frameworks have begun to address this by leveraging Al to integrate
disparate clinical and pathological factors for precise risk stratifica-
tion, as demonstrated in the perioperative assessment of potentially
malignant oral disorders to guide surgical interventions"* Neverthe-
less, substantial opportunities remain to deepen this integration by
explicitly incorporating multi-omics data, thereby providing a more
granular and biologically informed view of patient risk.

These integrative frameworks move decisively beyond both ana-
tomical staging and single-omics subtyping by integrating molecular

data with pathomic and radiomic features. For instance, studies have
successfully applied this approach to predict therapeutic response
in gastric cancer, demonstrating clear superiority over clinical
baselines'. The power of this approach is amplified when Al extracts
thousands of quantitative morphological features, such as features
related to nuclear shape, tissue texture and spatial arrangement of cells
from WSls, that serve as powerful surrogates for the underlying tumour
biology™. Acompelling realization of this synergy is seen in high-grade
serous ovarian cancer, where a multimodal machine learning model
integrating histopathology (WSlIs), radiology (CT scans) and genomic
features was shown toimprove risk stratification compared to models
based on any single modality alone™. Suchintegrative strategies are par-
ticularly urgent for malignancies like cervical or bladder cancer, where
treatment decisions remain heavily tethered to traditional histology. By
adapting the multimodal architectures validated in ovarian and gastric
models to these contexts, we can unlock anew dimension of diagnostic
precision that anatomical staging alone cannot provide.

Enhanced precisioninrisk stratification can enable the discovery
of novel patient subgroups, with unique clinical trajectories and poten-
tial therapeutic vulnerabilities™>"'¢, For clinicians, this translates into
more personalized treatment decisions, such as identifying patients
at high risk who may benefit from adjuvant therapy or, conversely,
patients at low risk for whom treatment de-escalation could be safely
considered, thereby sparing them unnecessary toxicity". Furthermore,
in the long term, this approach may also prove more economical and
lead to smarter clinical trial designs. For instance, in resource-limited
settings, Al models that can infer molecular risk from standard H&E
slides could serve as a cost-effective alternative for risk stratification
to expensive genomic assays.

Personalized cancer treatment

Al is providing powerful new models to predict patient responses
to complex therapeutic regimens, particularly immune-checkpoint
inhibitors (ICIs) and targeted therapies, thereby enabling a more pre-
ciseand individualized approach to therapeutic selection®'**, A para-
mount application lies in predicting response to ICls, where current
biomarkers like programmed cell death 1ligand 1 (PDL1) expression
and tumour mutational burden (TMB) are imperfect predictors.Ina
large retrospective study of patients with advanced non-small-cell lung
cancer (NSCLC), amultimodal model was developed using aninterme-
diate integration strategy to fuse features from radiology (CT scans),
pathology (IHC of PDL1 expression), and genomics™. This integrated
model drastically outperformed unimodal measures, including TMB
(AUC 0.61) and PDL1score (AUC 0.73), in predicting patient response
(AUC 0.80). This highlights how fusing macroscopic tumour features
from radiology with microscopic and molecular data can serve as a
robust decision-support tool to accurately stratify responders, thereby
optimizing therapeutic selection. However, prospective validation is
still needed before this can be translated to the clinic.

Similarly, Al can analyse tumour transcriptomes to generate
gene-expression signatures that predict sensitivity to individual
chemotherapy regimens. For example, in a study utilizing preclini-
cal models of pancreatic ductal adenocarcinoma (PDAC), Al-assisted
transcriptomic signatures were developed to predict response to
gemcitabine and a modified FOLFIRINOX regimen (folinic acid,
5-fluorouracil, irinotecan and oxaliplatin; mFFX)'*. These signatures
were then validated in a phase Ill clinical trial of 343 patients with
PDAC, demonstrating that the patients predicted to be sensitive to
the administered drug had a dramatically longer disease-free survival
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(median of 50.0 months for mFFX-sensitive patients treated with mFFX
versus 10.6 months for patients treated with a regimen to which their
tumour was not predicted to be sensitive). This demonstrates adirect
path to clinical translation, offering a tool to personalize adjuvant
chemotherapy and spare patients from the toxicity of ineffective
treatments. This strategy represents amethodological advancement
by employing machine learning (specifically LASSO-random forest
algorithms) to deconvolute complex transcriptomic data, integrating
signals from both neoplastic cells and the tumour microenvironment.
By navigating the high-dimensional noise that often limits traditional
biomarkers, this Al-driven framework successfully isolates robust,
drug-specific predictive signatures essential for multidrug regimens
like FOLFIRINOX or mFFX.

Beyond predicting response to existing drugs, the use of Al is
also enabling novel, rational therapeutic strategies as biologically
informed deep learning models can reveal mechanisms of resistance
totargeted therapies"®'*°, Avisible neural network model, NeST-VNN,
was applied to genomic data from various breast cancer cell lines
to generate integrated multi-protein assembly maps and elucidate
resistance mechanisms to CDK4 and CDK6 inhibitors'”’. The model
identified eight specific core assemblies, including a histone regula-
tory complex involving KAT6A and TBL1XR1, that mediated resist-
ance. The deployment of Al was essential here because resistance
to CDK4 and CDK6 inhibitors is not driven by a single gene but by a
constellation of rare and common mutations across dozens of genes.
While traditional single-gene biomarkers, such as RBI mutation or
CCND1 amplification, failed to translate to clinical populations, this
Al-driven approach successfully integrated these scattered genetic
signals into functional assembly states to stratify patient outcomes.
This approach, which goes beyond single-gene biomarkers, provides
specific, testable hypotheses about resistance pathways and could
lead to new suggestions of rational therapy combinations that could
beinvestigated in further studies.

Building predictive architectures for cancer prognosis

While prognostication —the prediction of acancer’s likely course — has
mostly beenbased on statistical averages, the use of Alis enabling a tran-
sition to a precise, data-driven science'”®. This has been demonstrated
in multiple cancer types, including colorectal, breast and prostate
cancer, where Al-based models have successfully forecasted individual
patient trajectories with high accuracy (AUCs typically ranging from
0.70 to 0.94)'°73, This superior performance stems from the ability
of CNNs s to distil ‘deep prognostic’ signals (patterns often impercep-
tible to human experts) from vast histological datasets. Specifically,
these algorithms have identified latent morphological biomarkers
linked to survival such as tumour-associated adipose features'”’,
senescence-associated nuclear phenotypes®™’, and the complex spatial
organization of immune cells within the tumour microenvironment'>.
By capturing biological information inaccessible to standard stag-
ing or grading, such pathology-based tools provide independent risk
assessments that notably refine clinical decision-making™*'**, Beyond
pathology, similar computational architectures are proving equally
effectivein chest radiology, where radiomic features were able to serve
as non-invasive prognostic biomarkers®.

The most powerful predictive architectures, however, arethose that
integrate multiple data types. By fusing molecular data (for example,
genomicalterations) with phenotypic data (for example, pathological
and radiomic features) and clinical variables, Al can construct a holis-
tic view of the biology of the tumour®**’, This integrated approach

is particularly valuable in highly heterogeneous cancers where a sin-
gle data modality provides an incomplete picture. For example, in
a study of resected PDAC", a precision medicine platform known as
the ‘Molecular Twin’ used machine learning to integrate thousands of
multi-omics features (including proteomics) with clinical data. This
analysis revealed that, while plasma protein profiles emerged as the
superior single-omics predictor, the integrated multimodal model
achieved the highest prognostic accuracy, drastically outperforming
anyindividual datasource. Critically, these architectures are notstatic,
meaning thatthey lay the groundwork for dynamic prognostic tools that
can be updated over time with new longitudinal data, such as changes
inctDNA levels, allowing for the continuous reassessment of a patient’s
risk and amore adaptive approach to their long-term management™,

Proactive surveillance

Historically, post-treatment surveillance has been areactive process,
relyingonscheduledimaging to detect macroscopic recurrence, often
when the window for curative-intent intervention has narrowed™.
Al-driven analysis of longitudinal molecular datais ushering in a new
eraofproactive surveillance'®"*!. The primary computational challenge
inthis domain is distinguishing infinitesimally small tumour-derived
signals fromanoisy background of normal cell-free DNA. Sophisticated
deeplearningalgorithms have been purpose-built tosolve thissignal-to-
noise problem, analysing fragmentomic patterns to track ctDNA levels
with a sensitivity that far surpasses conventional imaging”.

Its clinical implications are profound. Firstly, longitudinal ctDNA
monitoring allows for the identification ofimpending relapse months
before it becomesradiologically evident, creating an opportunity for
early therapeutic intervention when the disease burden is lowest™*.
Secondly, interpretable Almodelsintegrating liquid biopsy with clini-
calfeatures canrefine progressionrisk prediction and identify patients
most likely to benefit fromadjuvant therapy'*’. However, liquid biopsy
alone lacks spatial information regarding the tumour microenviron-
ment. This is where multimodal Alintegration proves transformative.
A compelling example is the ‘HIBRID’ framework developed for colo-
rectal cancer, which synergizes deep learning-based risk scores derived
from routine histology (H&E slides) with ctDNA-based MRD status™**.
Uniquely, thisintegrated architecture demonstrated that patients who
were MRD negative but classified as being at highrisk by the deep learn-
ing histology model still derived noteworthy benefit from adjuvant
chemotherapy —acritical subgroup that would have been overlooked
by ctDNA monitoring alone. This shift from static, single-source obser-
vation to dynamic, Al-unified, multimodal monitoring represents a
crucial step towards the long-term management of cancer.

The oncological digital twin

for personalized prediction

The ultimate synthesis of Al-driven multi-omics integration is the crea-
tion of a dynamic, computational replica that mirrors an individual’s
cancer biology, known as a ‘digital twin*"'*°, This concept, originat-
ing from engineering where virtual models of complex systems like
jetengines are used for in silico testing™°, is now being adapted for
oncology"”'. Itis not merely a data repository but a functional, predic-
tive model that represents the next frontier in personalized medicine.
Afoundational step towards this goal has been demonstrated by models
like LifeClock™, which integrated millions of heterogeneous, longitudi-
nal electronic health records (EHRs) to build a universal biological clock
capable of predicting health risks across the entire human lifespan.
Thisillustratesthe core principle of adigital twin, whichisto generate
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Fig. 3| The conceptual framework of developing and utilizing digital twins
inoncology. The creation of a patient digital twinis adynamic process that
translates multi-scale biology into a functional computational model. This process
begins by aggregating large cohorts of diverse patient data — spanning molecular,
clinical and imaging modalities — to train alatent space model. This latent space
actsas acompressed, lower-dimensional representation of high-dimensional
datathat captures the most essential patterns and relationships within the data.
Therefore, this serves as a conceptual ‘map’ of the disease landscape for the
artificial intelligence (Al) model. To instantiate a personalized digital twin, an
individual patient’s available data is projected into this pre-trained latent space.
Crucially, this deep learning architecture is capable of handling incomplete

datasets (for example, if only genomic data and basic demographics are available);
ituses thelearned population-level structure to infer missing modalities, thereby
generating acomprehensive deep phenotype from limited input data. Once
instantiated, the digital twin serves as a dynamic replica for personalized in
silico prediction. Rather than simply categorizing risk, the model functions as a
simulation engine, allowing clinicians to model future disease trajectories and test
therapeutic responses computationally. The entire framework operates withina
continuous feedback loop of longitudinal monitoring and updating, where new
data from the patient’s ongoing journey is used to constantly recalibrate their
digital twin, ensuring it remains an accurate and evolving representation of their
biological status. EHRs, electronic health records.

ageneral model of abiological process by analysing data from alarge
cohort, which can then be applied to accurately describe the unique
characteristics of a single individual™?.

The construction and utility of such a twin can be understood as
athree-stage process (Fig. 3): first, the model learns a general repre-
sentation of the disease from large cohorts; next, this knowledge is
used to create a personalized model for an individual patient; and,
finally, the personalized modelis deployed forinsilico simulation and
prediction. The foundation of any robust digital twin is the collective
knowledge learned fromalarge and diverse patient population'>>, The
process begins with the aggregation of high-dimensional, multi-omics
data from thousands of patients into a digital databank. Deep learn-
ing models are then trained on this entire cohort to distil itsimmense
complexity into a structured, meaningful representation known
as the latent space®™*. This can be conceptualized as a compressed,
multi-dimensional ‘map’ of the disease, capturing the fundamental
rules and relationships that govern cancer biology.

Next, deep phenotypingis used to generate anindividual’s digital
twin">"¢, Thisinvolves taking the patient’s comprehensive multi-omics
data, often encompassing clinical, genomic, imaging and histopatho-
logical information'”, and projecting it into the pre-existing latent
space. Crucially, this projection does not require perfect data com-
pleteness; the model leverages the learned population-level structure
toinfer missing modalities from available inputs (for example, predict-
ing molecular states from histology), enabling robust twin instantia-
tion even with partial datasets. The Almodel then embeds the patient
within the ‘map’, assigning them a unique coordinate. This coordinate
isthe patient’s deep phenotype, which should ideally capture complex
patient-specific states such as the tumour’simmune activation level or
its metabolic profile. This is the critical instantiation step, creating a
concrete and computationally tractable model of a single individual
thatis ready for computational interrogation.

The true power of the instantiated digital twin lies in its utility as
a dynamic, predictive tool. Because the twin is a functional model, it

can be perturbed and manipulated in silico to simulate future events
and guide clinical decisions™*'*, This enables a form of personalized
insilico clinical trial, where clinicians can test the potential outcomes
of multiple therapeutic strategies. For example, mechanistic models,
which simulate the underlying biological processes of tumour growth
and drug response, are a key component of many digital twins'®. In
a powerful preclinical demonstration for high-risk paediatric liver
tumours, a digital twin was created for each patient by integrating
their clinical, genetic and transcriptomic data. By running in silico
drug-response simulations on these patient-specific models, the sys-
tem identified ceritinib as a novel and effective treatment option, a
finding that was subsequently validated in patient-derived xenograft
mouse models'®. This illustrates how digital twins can not only predict
responses to standard therapies but can also discover non-obvious
drug candidates. This capability allows for the direct comparison of
different treatment optionsinsilico, identifying the optimal strategy
for an individual patient. This could ultimately move oncology from
areactive discipline to a proactive and predictive one, fulfilling the
ultimate promise of truly personalized cancer medicine.

Therole of XAl

Complex Al models have undeniable predictive power in multi-omics
analysis; however, their clinical translation is often hampered by their
inherentlack of explainability, or ‘black box’ nature, astrust and safety
are of paramount importance. This opacity arises from the same non-
linear complexity that makes the models so effective'®>'*, Clinicians
andregulators need confidence thatamodel’s predictions are based on
biologically relevant features, not on spurious correlations or technical
artifacts®. XAl provides a suite of techniques designed to demystify
these models'*. A compelling example is the application of XAl to a
DNA methylation-based classifier for brain tumours. Here, an inter-
pretable framework was used to dissect the model’s decision process,
revealing thatitrelied on functionally relevant genomic regions, such
asenhancers and large-scale heterochromatic domains, to distinguish
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between tumour classes'®. By confirming that the model’s logic aligns
with established principles of epigenomic regulation, this XAl analysis
directly built the trust necessary for its responsible integration into
clinical workflows™®.

However, the role of XAl extends beyond mere validation. It
can transform predictive models into powerful engines for biologi-
cal discovery'®. A highly accurate model may identify unexpected
cross-modal features as critically important for its predictions, gen-
erating novel, data-driven hypotheses'’. For example, biologically
informed neural networks were used to predict prostate cancer aggres-
siveness by integrating gene-expression data with a known hierarchy
ofbiological pathways. This generated aninterpretable deep learning
model that was able to not only predict patient outcomes but also
to identify novel molecular drivers of treatment resistance, such as
MDM4 and FGFR1, which were subsequently validated in vitro'®, This
demonstrates that XAl does not simply returnalist ofimportant genes
from one modality. Instead, it explains how the model integrates infor-
mation across biological scales — from gene expression to pathway
activation —tomake its prediction. This capability suggests that Al can
be more thanasimple predictive tool, butrather a collaborative affiliate
in science, allowing researchers to learn directly from the model and

discover new, systems-level insights that can be used to improve our
understanding of cancer biology'**"”°.

Perspectives and conclusion

Theintegration of Alwith multi-omicsis not merely creatingbetter pre-
dictive models; it is fundamentally reshaping the paradigm of cancer
researchitself”’, The future lies in creating adynamic, self-improving dis-
covery ecosystemor anAl-driven oncologic multi-omicsloop (Fig.4). This
framework moves beyond the traditional linear path of bench-to-bedside
research towards a continuous, cyclical learning process””. It begins with
Almodels discovering novel patterns and associations from real-world
clinical and molecular data, which in turn allows researchers to gener-
ate precise, data-driven biological hypotheses. These hypotheses can
thenberigorously tested in clinical trials, generating new, high-quality
multi-omics data'”’. This new data feeds back into the loop, where Al
is again employed for deep mechanistic elucidation and hypothesis
validation. Theresulting knowledge, now clinically and biologically vali-
dated, isintegrated back into clinical practice, enriching the data pool
and initiating the next cycle of discovery. We believe that this iterative
loop will accelerate the pace of innovation, ensuring that clinical practice
and biological understanding co-evolve in a rapid and robust manner.

Glossary

Convolutional neural
networks

(CNNs). A class of deep learning
architectures inspired by the human
visual cortex, which are exceptionally
effective at learning hierarchical
patterns from grid-like data such as
pathology and radiology images.

Deep learning

A subfield of artificial intelligence (Al)
that uses multi-layered artificial neural
networks to learn complex patterns
and representations directly from
large datasets such as identifying
features in medical images or genomic
sequences.

Digital twins

Dynamic, computational replicas

of individual patients that integrate
longitudinal multi-omics and clinical
data to simulate disease trajectories
and predict responses to therapeutic
interventions in silico.

Encoders

An Al model component that
transforms raw input data into lower-
dimensional, structured representations
to capture the most relevant features,
reduce noise and facilitate integration
or downstream tasks.

Explainable Al

(XAl). A suite of Al methods designed

to make the reasoning and predictions
of complex models (or ‘black boxes’)
understandable to humans, which is
critical for building clinical trust and
generating novel biological hypotheses.

Latent space

A compressed, lower-dimensional
representation of high-dimensional
data that captures the most essential
patterns and relationships within the
data, to serve as a conceptual ‘map’ of
the disease landscape for an Al model.

Supervised learning

A fundamental machine learning
paradigm where a model learns to
make predictions by training on a
dataset of examples that have been
manually labelled with the correct
output or ground truth.

Foundation models

Large-scale Al models that are
pre-trained on vast amounts of broad,
unlabelled data (for example, millions
of pathology slides) and can be
subsequently fine-tuned with minimal
task-specific data for a wide range of
downstream applications.

Generative models

Aclass of Almodels, including generative
adversarial networks and diffusion
models, that can create new, high-fidelity
synthetic data to augment limited
datasets or impute missing modalities.

Graph neural networks

(GNNs). A class of deep learning
architectures specifically designed to
learn from data structured as a graph

or network; in oncology, they are widely
used to model non-Euclidean data such
as biological interaction networks or the
spatial arrangement of cells within the
tumour microenvironment.

Liquid biopsy

A minimally invasive diagnostic method
for cancer screening, diagnosis and
monitoring that analyses biomarkers,
such as circulating tumour DNA, in
bodily fluids like blood.

Minimal residual disease
(MRD). A state where minute quantities
of tumour cells persist after treatment
and can eventually lead to recurrence,
even when the patient is asymptomatic
and shows no visible signs of disease
onimaging.

Radiomics

A computational approach that
converts medical images (such as CT
or MRl scans) into high-dimensional
data by extracting a large number of
quantitative features, which can then
be mined for patterns correlated with
clinical or molecular characteristics.

Transformers

A class of deep learning architectures,
originally from natural language
processing, that use an ‘attention
mechanism’ to weigh the importance
of different elements in a sequence,
making them highly effective for
analysing biological data like genomics
and transcriptomics.
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Fig.4|The Al-driven oncological multi-omics loop. The process begins with
data from routine clinical practice, which serves as arich source of real-world
evidence. Artificial intelligence (Al) models then perform large-scale pattern
discovery on these data, identifying novel correlations and signatures that

are oftenimperceptible to human analysis. These data-driven insights enable
researchers to formulate a new hypothesis that can then be rigorously tested in
aclinical trial. This not only serves to validate the initial idea but also to generate
new, high-quality multi-omics data from the trial cohort. In the next phase, Al

is deployed again for in-depth mechanism elucidation, analysing the new data
to uncover the biological underpinnings of the observed phenomena. This
leads to hypothesis validation and the creation of new knowledge, whichis then
integrated back to inform and improve clinical practice, thus generating aloop
and initiating the next cycle of innovation.

Despite this immense potential, the path to widespread clinical
implementation is still fraught with substantial hurdles that require
a concerted effort from the entire research community. The pri-
mary challenge remains rooted in the data: the acquisition of large,
high-quality and ethnically diverse multi-omics datasets is essential
to train robust and equitable Al models, yet this remains a costly and
logistically complex endeavour”*”. The issue of model generalizability
is also paramount; models trained at one institution often fail to per-
form well on data from another due to technical or population-based
variations*>*’, Rigorous, prospective clinical validation of Al tools is
still largely lacking, and clear regulatory pathways for these complex
models are only beginning to emerge. Furthermore, leveraging XAl will
be essential for proactively managing these challenges, as it provides
the necessary tools to audit models for potential algorithmic bias
and to ensure that these powerful technologies are deployed safely,
ethically and fairly (Box 1).

Beyond safety and ethics, sustainable clinical implementa-
tion hinges on resolving granular operational challenges. Foremost
amongtheseisinteroperability; Almodels must seamlessly exchange
data with EHRs using standardized protocols. For example, the Fast
Healthcare Interoperability Resources (FHIR) standard'®, developed
by HL7 International, provides a modern framework for exchanging
structured health data across diverse systems, ensuring seamless
integration without disrupting clinical workflows. Economically, the
high cost of comprehensive multi-omics profiling and the substantial
datainfrastructure required for storage and computing remain siz-
able barriers, necessitating rigorous cost-effectiveness analyses to

Box 1| Navigating the path to safe and equitable clinical Al

The transition of artificial intelligence (Al) from research to routine
oncology practice requires addressing critical challenges in ethics,
robustness and governance.

Algorithmic bias and fairness

Al models can inadvertently perpetuate or exacerbate health
disparities if trained on non-representative data. For instance,
models trained predominantly on populations of European
ancestry may perform poorly on other racial or ethnic groups
due to underlying differences in genetic ancestry or social
determinants of health'. Addressing this requires proactive data
curation to ensure population diversity and the use of algorithmic
fairness frameworks to audit models for subgroup performance
disparities®.

Generalizability and domain adaptation

A major hurdle is ‘domain shift’, where a model fails when applied
to data from a new hospital due to technical variations (for example,
different scanners or staining protocols). Domain adaptation
techniques allow models to adjust to these variations without
retraining from scratch. Furthermore, rigorous external validation
across multi-institutional cohorts is non-negotiable to prove that
amodel learns robust biological signals rather than site-specific

artefacts'”.

Model auditing and uncertainty quantification

Trust is built on transparency. Model auditing involves probing

Al systems to identify failure modes and ‘shortcuts’ (non-causal
correlations) using generative counterfactuals or expert reviews'®.
Ad(ditionally, deploying models with uncertainty quantification allows
the Al to express a ‘confidence score’ for each prediction. In clinical
workflows, this enables a ‘human-in-the-loop’ safeguard: if the model is
uncertain about a complex case, it can automatically defer the decision
to a clinician rather than making a potentially erroneous guess.

Regulatory and governance frameworks

Safe deployment necessitates standardized evaluation. Evolving
guidelines, such as PROBAST+AI, provide structured frameworks
to assess the risk of bias and applicability of prediction models'°.
Adhering to such standards is essential for regulatory approval and
for ensuring that Al tools are not only accurate but also safe and
equitable for all patients.

The lifecycle of responsible Al deployment

To ensure safety and equity, Al development must progress through:
(1) curating diverse datasets to represent all patient subgroups;

(2) employing domain adaptation to handle technical variability
between hospitals; (3) rigorous auditing to detect algorithmic bias
before deployment; and (4) integrating uncertainty quantification to
defer low-confidence predictions to human clinicians.
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justify reimbursement, particularly in the short term, where upfront
costs remain prohibitive. Finally, regulatory frameworks face the
unique challenge of ‘adaptive algorithms’ — models that continuously
learn and evolve after deployment. Unlike traditional ‘locked’ medical
devices, these dynamic systems will require novel regulatory pathways,
such as pre-determined change control plans, to monitor performance
drift without requiring full re-approval for every update'’. While sub-
stantial scientific, ethical and operational challenges remain, the
convergence of technological innovation and interdisciplinary col-
laboration is and should continue to pave the way for a future where
cancer care is predictive, personalized and proactive. The continued
commitment to rigorous science and responsible implementation of
Alwill be thekey torealizing this transformative potential for patients
with cancer.
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