
medicina de precisión, las pruebas genómicas desempeñan un papel

l cáncer de mama (CM). En la práctica clínica se utilizan de manera
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argo, persisten desafíos en la interpretación de los datos genómicos
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Abstract In an era of precision oncology, genomic testing plays a crucial role in the

management of breast cancer. A variety of complex techniques for germline, somatic, and gene

expression testing are routinely used as part of our clinical practice. However, challenges

remain in both interpreting genomic data and in the ever-expanding breadth of available tumor

information. Artificial intelligence (AI), specifically machine learning and deep learning models,

can create and facilitate the interpretation of complex genetic data, predict patient outcomes,

and personalize treatment plans. Herein, we present a review of the current role of AI

integrating multi-omics in BC.
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aprendizaje profundo, tienen la capacidad de crear y facilitar la

enéticos complejos, predecir los resultados de los pacientes y

atamiento. Aquí, presentamos una revisión del papel actual de la IA

micas en CM.

aprendizaje automático y

interpretación de datos g

personalizar los planes de tr

en la integración de multió
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Introduction

The use of genomic testing has become a cornerstone in the
management of breast cancer (BC), as it plays a critical role
in patient care. These tests encompass a wide range of
techniques and serve different purposes, including genomic
screening for germline pathogenic variants that predispose
to cancer development, to the identification of potential
somatic mutations that act as “drivers” and hence are
druggable targets1. Germline testing helps identify inherited
cancer risks, while somatic testing focuses on acquired
mutations. Both help improve prognostic assessments and
enable the identification of therapeutic targets within an
ever-expanding arsenal of therapies. However, breast
cancer is a complex disease, often driven by multiple
genomic features rather than a single-driver mutation2.
While individual DNA alterations in tumor cells can be
clinically useful, refining patients' prognosis and treatment
outcomes may require additional biological information.
Phenotypic characterization through multi-gene RNA-based
expression analysis offers valuable insights by detecting the
prognostic and predictive molecular intrinsic subtypes3,4.
Still, with a growing array of “omic” technologies that
provide a deeper understanding of cancer biology, an
integrative multi-omics approach is necessary to generate
a comprehensive analysis that better describes the com-
plexity of biological systems behind cancer5.

Around 5–10% of patients with BC carry hereditary
pathogenic variants, hereafter defined as germline muta-
tions, that drive the disease. The identification of these
mutations in BRCA or BRCA2 genes has implications beyond
surgical decision-making, as they can inform treatment
strategies involving target therapies such as poly(ADP-
ribose) polymerase inhibitors (PARPi)6. Similarly, in patients
with advanced hormone receptor-positive (HR+) BC, the
detection of PI3K/AKT pathway mutations in tumor samples
or through liquid biopsy for circulating tumor DNA (ctDNA)
can guide the use of targeted therapies7,8. Patients with
ESR1 mutations may benefit from endocrine therapy with
selective estrogen receptor degraders (SERDs), further
optimizing treatment outcomes9.

Gene expression platforms (GEPs) have been shown to
help select patients with different prognoses who may
benefit from chemotherapy or even require extended
endocrine therapy in early-stage disease10,11. These tech-
niques have been rapidly integrated into clinical practice.
Additionally, pathology, including widely available basic
tests such as immunohistochemistry (IHC) biomarkers,
remains central in BC initial assessment12,13. However,
with new drugs being approved, biomarkers are needed.
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With the expanding availability of technologies that enable
an in-depth understanding of the tumoral genome, epige-
nome, transcriptome, proteome, and metabolism, a single
omics analysis provides only a partial view of tumoral
biology. Thus, it is necessary to adopt an integrative,
multi-omics approach, one that can even include unstruc-
tured data that clinicians would normally discard, to fully
offer personalized cancer care.

In recent years, integrating artificial intelligence (AI) into
genomics has transformed BC care. AI technologies, specif-
ically machine learning (ML), a subfield of AI, have enhanced
the ability to interpret complex genetic data, predict
patient outcomes, and personalize treatment plans
(Fig. 1). ML models combine previously defined features to
make predictions14. As a result, ML models are usually
simpler and can be used to predict the likelihood of
recurrence based on a limited set of information like age,
tumor size, and basic biomarkers previously validated as
prognostic. Deep learning (DL) is an advanced subset of ML
that mimics how the human brain works by learning from
large amounts of data without needing manually defined
features. DL uses neural networks with multiple layers to
automatically identify patterns and make decisions based on
both structured and unstructured data. This autonomous
feature-learning capability makes DL a promising tool in
cancer treatment and research15.

Understanding the applications of AI in genomics is
essential to managing the increasing volume and complexity
of data. This review highlights the role of AI in integrating
multi-omics data and addressing challenges in BC care.

Genomics in breast cancer

Genomics studies have steadily gained ground in BC,
particularly germline testing, part of the initial evaluation
for patients with certain clinical risk characteristics.
Considering its predictive role for treatments with PARPi,
germline testing recommendations have expanded to in-
clude a broader scope of patients who may benefit from
these therapies6,16. As a result, patients with advanced
HER2-negative disease, triple-negative BC, and younger
patients in general are now routinely tested1. Beyond
germline mutations, somatic mutations can be identified
through next-generation sequencing (NGS), both from tissue
samples and liquid biopsies using ctDNA. Liquid biopsies
provide a non-invasive, real-time approach to capture
genomic alterations, allowing for dynamic monitoring of
tumor evolution. Somatic testing has recently been
upgraded in the latest ESMO guidelines update17. The
upgrades include higher ESCAT scores for ESR1 (IA), somatic
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HER2-positive disease and TNBCDX for triple-negative
disease22,23. These are important advancements in genomic
profiling, as several factors beyond the initial stage have
been associated with patients' prognosis and/or treatment
response24. However, decisions about escalation or de-
escalation of systemic therapies are still based on traditional
parameters, i.e., tumor size, nodal status, expression of the
HR, and response to neoadjuvant therapy. This approach is
insufficient to capture the full complexity of the disease.
Therefore, a tool that integrates multiple variables is likely
to outperform any single feature. To this end, the HER2DX
assay was recently developed and validated, integrating
multiple factors using ML algorithms. This is the first
combined prognostic score based on clinicopathological and
genomic variables in early-stage HER2+ BC, providing two
independent scores to predict both long-term prognosis and
the likelihood of pathological complete response (pCR) in
patients with HER2+ early BC. HER2DX identifies a substan-
tial proportion of patients with early-stage HER2+ BC who
might not need additional therapies, such as pertuzumab,
neratinib, or T-DM1, due to favorable survival outcomes with
chemotherapy and trastuzumab alone. In addition, HER2DX
can identify patients with high-risk disease who might need
additional anti-HER2 therapies beyond trastuzumab.
Similarly, TNBCDX is a genomic test for early-stage triple-
negative BC, currently undergoing validation and standard-
ization. Utilizing ML, it integrates clinical variables with
tumor and immune-related factors to provide a comprehen-
sive risk assessment that can guide treatment decisions.
TNBCDX is trained on large datasets of patients with known
outcomes, learning patterns that correlate with specific

BRCA mutations (IIB), PTEN (I/II), AKT (I/II), and germline
pathogenic variants in PALB2 (IIB), adding to the previously
recommended germline BRCA1/2 mutations (IA), PIK3CA

(IA), ERBB2 amplification (IA), and ERBB2 hotspot mutations
(IIB).
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Figure 1 Overview of the hierarchical relationship between Artificial Intelligence (AI), Machine Learning (ML), Deep Learning (DL),

and Generative AI (GenAI).

BC is not a monogenic disease, where a single altered
gene drives the phenotype. Instead, multiple low-penetrant
mutations act cumulatively2. It is a complex disease
influenced not only by mutations but also by DNA variants
that either increase or decrease the patient's risk. Single-
nucleotide polymorphisms (SNPs), compared to driver
mutations, have a significantly smaller effect size but are
more common and overlooked. Conte et al. recently
demonstrated how differences in SNPs in aromatase en-
zymes could determine sensitivity to endocrine therapy in
breast cancer patients, underscoring the importance of
larger population studies19. Moreover, genome-wide associ-
ation studies (GWASs) enable the development of polygenic
scores that can better refine risk assessment for future
cancer risk and screening strategies as well as predict
survival among cancer patients18. However, so far, its
clinical use remains limited.

Genomic expression panels evaluating transcriptomics
remain central for early BC patients and are routinely used
to estimate prognosis and risk of recurrence. They can have
a predictive role in selecting which patients will benefit
most from specific treatments, such as chemotherapy.
Panels such as the 21-gene recurrence score (Oncotype) or
the PAM50 help guide adjuvant therapy decisions20,21. New
RNA-based signatures have widened the scope by gaining
traction on other subtypes, such as HER2DX for patients with
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clinical endpoints. In this case, ML incorporates genomic and
clinical data into a predictive model that offers two key
scores: a risk score and a pCR likelihood score.

R. Gómez-Bravo, B. Walbaum, E. Segui, et al.

RNA-based profiling in tumor tissues can identify complex
biological processes grouped into predictive and prognostic
subtypes25. However, tumor biopsies are invasive, challeng-
ing, and may not adequately reflect heterogeneity across
metastatic sites. Liquid biopsies offer a minimally invasive,
easily repeatable, and more comprehensive assessment of
tumor heterogeneity by capturing genetic alterations from
multiple tumor sites simultaneously and allowing for real-
time monitoring of tumor evolution and treatment response.
Circulating tumoral (ct)DNA serves as a non-invasive source
of cancer DNA for analyzing tumor somatic genetic features.
DNADX, a novel biomarker derived from ML analysis of multi-
gene signatures in ctDNA, can effectively capture relevant
biological and complex phenotypic features like those
identified through tumor tissue DNA or RNA profiling. These
features include 1) tumor cell proliferation, 2) activation of
the ER pathway, 3) retinoblastoma loss-of-heterozygosity
(RB-LOH) status, 4) TP53 activation status, and 5) the newly
identified DNA-based intrinsic subtypes, among others26.
Recent work has demonstrated that ctDNA-based genomic
signature tracking RB-LOH and DNA-based subtypes can
predict poor outcomes following ET combined with CDK4/
6i. This is consistent across different plasma tumor fractions
and has been validated in two independent cohorts26,27.
HER2DX, TNBCDX, and DNADX exemplify how AI can
integrate clinical and genomic data to optimize patient
care.

While each of these approaches provides valuable insights
and has improved treatment personalization, they offer only
a partial view of tumor biology and are limited by their
reliance on predefined features. To fully capture the
heterogeneity of breast cancer and personalize treatment
approaches, a more integrative strategy, using, for instance,
DL, could make a difference by offering the ability to
analyze vast and unstructured data to identify previously
hidden patterns.

Deep learning

New AI technologies have enabled the transition from
traditional “shallow” ML models to “deep” learning
(Fig. 1). DL mimics how the human brain works, recognizing
patterns and making decisions without requiring manually
identified features. It uses neural networks, many layers
(“deep”) of interconnections that process and analyze data.
Each layer examines the data, starting from simple features
and working its way up to more complex patterns. DL models
are trained on large amounts of data, allowing them to
improve over time in predicting outcomes from unseen and
unstructured data without the need to pre-define what is
important. This makes DL a particularly promising tool for
biomedical data analysis, driven by the rapid growth of
multi-omics28.

Since the first description of estrogen receptors (ER) in
the 1950s, and later published in the 1970s, followed by the
identification of HER2 overexpressing cells in the 1980s, the
use of these and other biomarkers, such as Ki67, which helps
determine cell proliferation rate, has been central to better

define an extremely heterogeneous disease. Dividing BC into
four distinct subtypes was the first step toward personalizing
treatment. Yet, with the advent of new therapies and
broader molecular techniques, this early description seems
now insufficient to thoroughly describe the diverse behavior
of tumors.
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Until recently, HER2 status was classified as either
positive or negative, based on IHC and in situ hybridization
(ISH), following the American Society of Clinical Oncology/
College of American Pathologists (ASCO/CAP) guidelines29.
However, with the development of novel drugs, such as
trastuzumab-deruxtecan, an antibody-drug conjugate that
targets HER2 receptors, a new category, “HER2-low”, has
emerged30. This has led to new definitions and criteria that
are not easily reproducible and standardized. A recent study
by Fernandez et al. showed an 11% discordance between
pathologists in distinguishing HER2 3+ from non-3+, and up
to 41% when differentiating HER2 1+ or HER2 2+ from
HER2 0. Differences have significant clinical implications31.
Consequently, many groups are working on developing
AI-assisted models to improve the accuracy, reliability, and
concordance of HER2 interpretation across pathologists.
Palm C et al. examined the effectiveness of AI-assisted
workflows in evaluating HER2, using IHC and ISH, compared
to the traditional pathologist asse32. Their study showed
that using AI/DL to combine pathologist-based assessments
of IHC and ISH is feasible, resulting in a Cohen's κ of 0.94
under ASCO/CAP recommendations. This enables AI/DL,
both in primary and metastatic BC, to recognize HER2-low
group tumors. Similarly, Jaber et al. (BCR 2020) presented a
DL model that accurately classified the five molecular
subtypes - luminal A/B, HER2-enriched, basal-like, and
normal-like - using histopathology.

Ki67 is a well-known predictive and prognostic biomarker
and holds value as a dynamic biomarker of response to
treatment33. Still, the lack of standardized measurement
protocols further limits its true clinical utility. Some studies
have demonstrated the value of automated imaged-based
methods for quantifying Ki67, rather than relying on visual
scoring. Rimm et al. conducted an international trial with an
automated scoring system that demonstrated high repro-
ducibility, showing less variability than manual assessments
and the potential to enhance standardization34. When
evaluating Ki67, intra-tumor heterogeneity may pose a
challenge. Digital image analysis (DIA) allows the automated
visualization of Ki67 heterogeneity and the detection of Ki67
hotspots, as demonstrated by Plancoulaine et al., who
developed a DIA-generated system based on the hexagonal
tiling of digital image analysis data, offering more precise
prognostic information and improving the clinical value of
Ki67 assessments35.

Regarding histologic/phenotypic entities, new strategies
seek to combine genomic and pathological characteristics to
group patients. Recent work using a DL model (convolutional
neural networks), applied to whole-slide imaging utilizing
CDH1 bi-allelic mutations rather than histology as the gold
standard, proposed a proof-of-concept diagnostic approach
for lobular BC. The most interesting finding was that those
cases that were initially defined by the model as false
positive, as no bi-allelic mutations of CDH1 were detected,
were truly positive with novel CDH1 inactivating genetic
alterations initially overlooked. Underscoring how the DL



model can help recognize patterns that the human eye might
easily miss36.
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Beyond tumor cell-specific biomarkers, the tumor micro-
environment (TME) has become central in understanding
tumoral heterogeneity. Amgad et al. recently presented the
Histomic Prognostic Signature (HiPS), a comprehensive
interpretable scoring system designed to determine survival
risk based on breast TME morphology37. HiPS uses DL to map
cellular and tissue structures, measuring epithelial, stromal,
immune, and spatial interaction features. Driven mainly by
immune and stromal features, HiPS outperformed patholo-
gists in predicting survival risk among patients, regardless of
stage and clinical biomarkers. The ENLIGHT-DeepPT model
was recently introduced as a DL framework that accurately
predicts gene expression from histopathology images, using
inferred expression values that offer a predictive tool for
targeted and immune therapies10.

AI/DL has the potential to automate and standardize
widely available biomarkers, reducing variability and in-
creasing reliability and reproducibility. Its ability to inter-
pret and recognize complex patterns within the TME can
lead to comprehensive models that may offer personalized
treatment plans.

Integrating multi-OMICS with AI

Building on DL's ability to uncover complex patterns, AI plays
a pivotal role in integrating multi-omics data, providing a
comprehensive view of tumor biology and its evolution. By
combining genomic data, such as DNA repair mutations or
APOBEC signatures, with gene expression and tumor micro-
environment (TME) features, AI models generate predictive
insights without requiring manual prioritization of features.

Several AI/DL models have shown promising results in
delivering personalized and precise predictions for BC
outcomes. DeepMO, which uses the TCGA dataset, inte-
grates multi-omics layers to predict patient prognosis and
response to therapy. Similarly, DeepGene helps better
classify cancer types using somatic point mutations38,39.
However, heterogeneity in data collection and lack of
standardization across different platforms are key limita-
tions to wider clinical adoption. To overcome these
challenges, global initiatives have been launched to develop
standardized and accurate AI/DL platforms. For instance,
the OPTIMA (Optimal Treatment for Patients with Solid
Tumors in Europe Through Artificial Intelligence) is a public-
private research program that aims to improve patient care
using AI working to establish secure and large-scale data
platforms, develop advanced analytics and AI models to
improve clinical guidelines and create AI-based decision
support tools.

Future directions

While these new technologies and expanding treatment
strategies hold great promise, challenges remain. First, AI
depends on data, consequently, the standardization of data,
which ensures high-quality and complete records, is essen-
tial. DL models are only as good as the data provided;
therefore, datasets must also be diverse to avoid

perpetuating biases. Second, ethical issues must be ad-
dressed, as ensuring safety and privacy are paramount.
Accountability must be regulated as AI-driven clinical
recommendations become more prevalent. Third, clinicians
must learn to trust and understand AI-driven information.
Although several trials using gene expression platforms have
shown that many patients can de-escalate, the medical
community can be slow to adopt changes.

5

Generative AI (GenAI), an application of foundation
models, a more recent subset of AI based on large pre-
trained models, can create new data, such as text, images,
or synthetic datasets, by learning patterns from existing
information. By generating synthetic data or augmenting
existing datasets, GenAI could help develop more robust
models and overcome some of these limitations, such as data
heterogeneity and quality. Additionally, autonomous AI can
plan, execute, and optimize multi-step workflows, reducing
the need for constant human intervention and addressing
the current limitations of single-purpose AI models by
integrating multimodal data and enhancing problem-solving
efficiency. However, rigorous evaluation and human over-
sight remain essential to safely implement these systems in
oncology.

Conclusions

Advancements in oncology come with a growing economic
burden, placing significant pressure on our resource-limited
health systems. Therefore, with more multi-omics data on
cancer, tailoring treatment strategies is mandatory. Inte-
grating genomics and transcriptomics enhances our under-
standing of tumor biology, reduces overtreatment, and
optimizes resource use, paving the way for personalized,
cost-effective care.

AI in cancer care is evolving from simpler ML models that
rely on predefined features to more advanced DL models
capable of identifying patterns from large, unstructured
datasets. As AI models evolve and incorporate a wider scope
of information, their success and clinical impact will depend
on robust data infrastructure, collaboration, and strong
ethical governance.
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