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Abstract
Breast cancer is the most prevalent and deadliest cancer among women globally, representing a major threat to public
health. In response, the World Health Organization has established the Global Breast Cancer Initiative framework to reduce
breast cancer mortality through global collaboration. The integration of big data analytics (BDA) and precision medicine has
transformed our understanding of breast cancer’s biological traits and treatment responses. By harnessing large-scale data-
sets – encompassing genetic, clinical, and environmental data – BDA has enhanced strategies for breast cancer prevention,
diagnosis, and treatment, driving the advancement of precision oncology and personalised care. Despite the increasing
importance of big data in breast cancer research, comprehensive studies remain sparse, underscoring the need for more
systematic investigation. This review evaluates the contributions of big data to breast cancer precision medicine while
addressing the associated opportunities and challenges. Through the application of big data, we aim to deepen insights
into breast cancer pathogenesis, optimise therapeutic approaches, improve patient outcomes, and ultimately contribute
to better survival rates and quality of life. This review seeks to provide a foundation for future research in breast cancer
prevention, treatment, and management.
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Introduction
The burden of breast cancer is increasing globally. In 2020,
among the newly diagnosed 19.3 million cancer patients,
2.26million cases were diagnosed as breast cancer, surpassing
lung cancer as the most common type of cancer worldwide.1–3

Breast cancer not only ranks as the fourth leading cause of
cancer deaths worldwide but also represents the primary
cause of female mortality.3 Due to its high incidence and mor-
tality rate, breast cancer has become a global challenge and
poses a significant threat to women’s health. In recent years,
the mortality rate among Western populations, especially in
young age groups, has declined due to advancements in
breast cancer diagnosis and treatment.4,5 However, breast
cancer remains the leading cause of cancer-related deaths in
women globally.6 In Europe, 66 women are diagnosed with
breast cancer every hour, with 18 unfortunate cases resulting
in death.7 Without adequate control measures, it is estimated
that the incidence of new breast cancer cases will rise by

26.7%, and the number of deaths will increase by 25.2%
over the next 20 years.7 In the United States, breast cancer is
the second leading cause of cancer-related deaths after lung
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cancer.8 According to the American Cancer Society, the
average risk of developing breast cancer in U.S. women is
approximately 13%, meaning that 1 in every 8 women will
be diagnosed with breast cancer, and approximately 1 in 39
women (approximately 3%) will die from breast cancer.8,9

By 2022, there would have been approximately 287,850
new cases of invasive breast cancer, with 43,250 women
dying from the disease.10 In China, statistics show that in
2022, there were approximately 357,200 cases of female
breast cancer and 75,000 deaths, making it one of the
leading causes of cancer-related deaths among women.11 In
Malaysia, breast cancer remains the most common type of
cancer in bothwomen andmen,with 8371 new cases, account-
ing for approximately 31.3% of the overall incidence rate.1,12

The 5-year incidence rate is approximately 36,754 cases,
with a mortality rate of approximately 11.1%, which is
second only to lung cancer (15.1%) and colorectal cancer
(11.7%).13 Therefore, the prevention, management, and treat-
ment of breast cancer are urgent and require adequate attention.

The World Health Organization has released the Global
Breast Cancer Initiative (GBCI), a key measure to address
the global breast cancer issue.14 Its primary objective is to
assist governments and international organisations in formu-
lating practical and feasible policies to improve breast cancer
incidence and mortality rates among women. The core goal
of this proposal is to reduce the global breast cancer mortal-
ity rate by 2.5% annually, with a vision to save 2.5 million
lives by 2040.14 The initiative aims to achieve a reduction
in cancer incidence through a series of measures that
enhance awareness of breast cancer risk factors and related
hazards, aswell as screening levels. TheGBCI, jointly estab-
lished by the U.S. National Center for Chronic Disease
Prevention and Health Promotion and the Centers for
Disease Control and Prevention, consists of three core com-
ponents: early health promotion screening, timely breast
cancer diagnosis, and comprehensive breast cancer manage-
ment.15 These pillars collectively form the strategic founda-
tion for the initiative to achieve its ambitious goals. The
GBCI is a new concept driven by data and prevention,
which will bring revolutionary changes to breast cancer
screening and treatment in the future.16 With the active par-
ticipation of stakeholders and the achievement of the grand
objectives of theGBCI, it becomes crucial to research how to
utilise big data analytics (BDA) to improve the effectiveness
and accuracy of breast cancer interventions.

In recent years, with the rise of BDA and precision medi-
cine, there has been a profound shift in the understanding of
the biological characteristics and treatment response of breast
cancer. By integrating the BDA technology into the GBCI,
researchers and clinical doctors can strengthen existing
breast cancer prevention, diagnosis, and management strat-
egies, gaining a deeper understanding of the molecular
mechanisms driving the development and progression of
breast cancer, thereby advancing the goal of precision oncol-
ogy and personalised medicine. BDA has become a

revolutionary tool in healthcare, providing unprecedented
opportunities to leverage diverse data types to understand
disease mechanisms, treatment responses, and patient out-
comes.17,18 However, despite the increasing research on preci-
sion therapy for breast cancer, studies involving breast cancer
big data remain limited. There has yet to be a systematic and
comprehensive discussion on breast cancer big data and preci-
sion medicine. Therefore, this review aims to systematically
summarise and analyse breast cancer big data and its role in
precision medicine to provide insights and guidance for rele-
vant research, thus promoting continued advancements in pre-
cision oncology and personalised patient care.

Foundations of big data
The rapid development of information and communication
technology has given rise to significant changes in the
digital domain, forcing most industries to adapt to this
digital trend and consider digitalisation an indispensable
requirement.19 The core of digital transformation lies in digit-
isation, which begins with the digitalisation process, i.e., the
conversion of analogue signals (physical behaviours and
observations) into digital form using digital technology.20

Subsequently, digitisation involves utilising and manipulating
this digitalised information, generating impacts from organ-
isational and societal perspectives. At the core of digitisation
lies BDA, which processes large datasets and transforms them
into actionable knowledge for decision-making. Big data ori-
ginates from massive datasets resulting from information
exchange between multiple systems21 and possesses the fol-
lowing seven ‘V’ characteristics22–24:

1. Volume (size): Big data involves managing and analys-
ing massive amounts of information, typically ranging
from several terabytes (TB) to several exabytes (EB),
requiring substantial processing and storage capabilities.

2. Variety (complexity): Big data is presented in various
forms, including structured data (e.g., databases), semi-
structured data (e.g., logs and XML), and unstructured
data (e.g., social media posts and video content).

3. Velocity (speed): Big data is generally generated in real-
time or near-real-time, necessitating instant analysis and
processing to derive valuable insights.

4. Veracity (quality): The veracity of big data refers to the
accuracy and reliability of data, ensuring the trust-
worthiness and quality of data sources.

5. Variability (flexibility): The content, scale, and speed of
big data are constantly changing, requiring adaptability
for effective analysis and processing.

6. Value (knowledge): The ultimate goal of big data is to
extract useful information and insights from datasets
to provide robust support and directional guidance for
decision-making and innovation activities.

7. Valence (connectedness): Another characteristic of big
data is the connectivity between datasets.
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Due to the significant characteristics of large data volume and
complexity, traditional processing methods have become
extremely difficult. Recently, significant achievements have
been made in analysing and mining massive amounts of
data by humans. The entire process of in-depth interpretation,
mining, and analysis of these large-scale, high-dimensional,
diverse, and rapidly generated data sets is collectively called
BDA.25

The digital advancement in the medical field is referred
to as Medicine 4.0, which has promoted the integration of
robotics, 3D printing, the internet, and artificial intelligence
(AI), leading to the development of modern medical
innovative applications.26 These applications cover numer-
ous domains, from on-demand medical services provided
by online markets to remote medical solutions enabling
remote interactions. Moreover, BDA plays a crucial role
in virtual reality applications during diagnosis and treat-
ment practices, surgical procedures, and wearable medical
devices for continuous health monitoring.27,28 The core of
the effectiveness of these technologies lies in generating
accurate, reproducible, and reliable data. Therefore, data
collection has become the cornerstone of medical institu-
tions. As clinical communities increasingly recognise the
importance of data, institutions intensify their efforts to
generate and collect data that aligns with technological
advancements. Consequently, healthcare systems are inun-
dated with vast amounts of data related to patients, marking
a significant shift in medical management and decision-
making processes.29

The exponential growth of big data brings both oppor-
tunities and challenges to healthcare. By 2025, the digital
universe will reach 175ZB,30 while the healthcare sector
already generated 2314EB of data in 2020.31 These data
are collected from various sources, covering clinical
records, medical images, genomics, environmental data,
and personal or societal behavioural information from
various organisations and departments. However, various
challenges must be addressed before they can be effectively
applied to healthcare decision-making processes (Table 1).
The inconsistency in data formats, naming conventions, and
collection methods hinders direct comparisons between dif-
ferent datasets. Traditional databases face challenges in
integrating multifaceted medical information. Although
electronic health records digitise the storage of patient
medical information, they still need help with a series of
problems such as interoperability, long data collection
times, data redundancy, and complex document processing
flows.32,33 Therefore, applying modern digital technologies
becomes crucial in addressing these challenges.

Big data-driven precision medicine: integration of
multi-omics and methodologies
Big data-driven precision medicine has emerged in the
current medical science field. The key in this field is to

achieve personalised medical treatment and smarter health-
care services by analysing large amounts of data and adopt-
ing innovative technologies. The combination of
multi-omics plays a decisive role by integrating rich
omics data such as genomics, transcriptomics, proteomics,
and metabolomics to reveal the molecular mechanisms of
disease development, providing critical support for preci-
sion medicine.41 Over the past decade, due to the rapid
advancements in short-read sequencing technologies
(such as the Illumina platform) and long-read sequencing
technologies (such as PacBio and Oxford Nanopore plat-
forms), there has been a deeper understanding of the
complex interactions within biological systems and the
molecular and physical phenomena they entail.42

Next-generation sequencing (NGS) technologies are being
used to generate large datasets for interpreting human gen-
etics and the regulatory mechanisms at the molecular level.
This includes identifying single nucleotide polymorphisms
through genome-wide association studies, exploring
disease progression through transcriptome analysis and
full transcriptome-wide associations, and discovering the
interactions and impacts between food and diseases
through microbiome-wide association studies. Since 2013,
at least 14 countries have launched government-funded
genomics medicine initiatives, with total investments reach-
ing up to $4 billion. However, this amount is relatively
small compared to the Precision Medicine Initiative in
China. The initiative aims to sequence the genomes of
100 million individuals by 2030, with a funding of $9.2
billion.43

The cost of NGS has dropped from millions to a few
thousand dollars,44 which will help comprehensively gener-
ate genetic data for all diseases, including cancer and rare
diseases. It is gratifying that the human genetic variation
profiling45 from various countries and The Cancer Genome
Atlas46 (TCGA; https://www.cancer.gov/ccg/research/
genome-sequencing/tcga), these digital catalogues involv-
ing cancer genome changes have been established and
opened. Furthermore, significant breakthroughs have been
made in collecting proteomic, metabolomic, and other data
from millions of patients through techniques such as mass
spectrometry, nuclear magnetic resonance, and imaging.47

Combining this data with mathematical algorithms can
lead to more effective classification based on specific pheno-
types. Using big data has also offered unprecedented oppor-
tunities for comprehending pharmacology and toxicology.
For instance, through integrated multi-omics analysis, Lv
et al.48 demonstrated how cadmium exposure influences
the survival and function of granulosa cells via multiple sig-
nalling pathways. This data was extensively stored and ana-
lysed, laying a data foundation for future toxicity
evaluations. Xu et al.49 discovered that bisphenol A and
its structural analogues possess varying potentials to
induce mitochondrial dysfunction and apoptosis. This
research approach, based on big data and integrated
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Table 1. General challenges in data collection, centralisation and management in healthcare settings.

Type Challenge Description References

Data collection Quality of data collected The quality of healthcare data collected poses a significant
limitation that should be taken seriously into consideration.
The data collected may be unstructured, improper, or
non-standardised in some cases. Therefore, the research
organisation and industry must exert additional effort to
convert this information into usable and meaningful data.
Due to the serious constraints on healthcare data quality,
errors and variations in the results should be excluded.

Asri et al.34

Precision health data
trustworthiness

The trustworthiness of health data is challenging to maintain
because it is complex and diverse. Checking the credibility of
health data becomes more challenging due to the increasing
size of health data, distributed storage of data, and a
massive number of data sources, including Internet of
Medical Things devices. Trustworthy data sources, such as
government agencies and reputed organisations, follow
health data governance policies, allowing for the inspection
of data through metadata and associated information.
However, with the advent of the Internet of Medical Things
(IoMT), it is difficult to manage and maintain the reliability of
health data due to the possibility of extracting data from
faulty or improperly configured IoMT devices.

Thapa and
Camtepe35

Data collection method The issues that arise in the collection and interpretation of data
are focused on ensuring scientific rigour, validity, and
reliability. These concerns include addressing the challenges
that arise when combining data frommultiple sources, such as
differences in data capture methods or sample characteristics.
Additionally, the unique features of each study, including
variations in methods of recruiting patients, can result in
differing challenges during the data collection process. These
challenges can pose significant threats to the scientific quality
of the data and may impact the interpretation of the findings.
Therefore, it is crucial to develop strategies to manage and
avoid these challenges to ensure that the collected data is of
high quality and accurately reflects the intended outcomes.

Holden et al.36

Data processing and
centralisation

Data heterogeneity Organisations such as hospitals, pharmacies, and medical
centres have data in different systems and settings, making it
difficult to use this large amount of data effectively. These
organisations require a common data warehouse that can
provide them with homogeneous information to manage the
data. The main challenge in utilising healthcare data is the
heterogeneity of healthcare data which makes it difficult to
search, integrate, and extract information. To implement
personalised and precise treatment, it is essential to achieve
interoperability. However, the inability to exchange
information between cancer diagnosis and treatment systems
is currently limiting data-driven clinical practice. To address
this challenge, it is necessary to develop a global system that
can formalise and harmonise the different data models,
classifications, thesauri, vocabularies, terminologies, and
ontologies used in different systems.

Asri et al.,34

Hong et al.37

(continued)
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Table 1. Continued.

Type Challenge Description References

Data management Data breach For 12 consecutive years, the healthcare industry had the
highest data breach cost of any industry. In 2022, the
healthcare industry is paying an average of US$10.10 million
for data breaches. In the future, the security policies in
healthcare organisations should be reviewed and provide
security solutions for cloud computing.

IBM38

Information security Cloud computing has the potential to benefit e-health services,
but there are still concerns about information security. The
complexity of security problems in the cloud models requires
additional investments to implement data management
policies. Basic data must be registered and approved by
relevant people to take necessary measures for predictable or
informative events. Healthcare cloud computing has several
issues, including data transmission and access control, the
integrity of data protection, and loss of physical control over
personal information. Data mobility, data breaches, and the
inability to locate or process data are also major challenges.
Identity and access management, authentication, and
Internet-based access are other significant concerns in
healthcare cloud computing. The use of cybernetic
management solutions is required to securely transmit data
and protect devices from breaches and unauthorised access.
To ensure data security and trust in cloud computing for
healthcare organisations, it is recommended to use
encryption and data protection mechanisms to authenticate
authorised users and licensing.

Mehraeen
et al.39

Data analytics Lack of good governance
and annotated data

Many current healthcare applications are limited by inadequate
quality control, data standardisation, and sample size.
Radiomics studies typically utilise images captured using
various scanning devices from different manufacturers. The
lack of standardised protocols for data acquisition and
reconstruction parameters leads to significant variations.
Consequently, to distinguish signal from noise in medical
images, approved methodologies are required, necessitating
the standardisation of image preprocessing, tissue
segmentation, feature calculation, and statistical
methodologies. To address these issues, a range of technical
challenges must be overcome.

Hong et al.37

Big data analytics Although healthcare systems typically store accurate
information, it may not always be up to date. Therefore,
retrieving, analysing, and comparing big data is necessary to
make timely and precise decisions based on real-time data
processing, which can be crucial for the life or death of
patients. To prevent and detect infections as early as possible
and ultimately save lives, companies must invest in big data
analytics, which entails acquiring staff, such as data
scientists, and resources, as well as purchasing data analytics
technologies. Additionally, medical organisations must be
convinced to adopt big data analytics. However, utilising data

Asri et al.34

(continued)
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multi-omics, enables researchers to understand complex
pathological mechanisms and the effects of drugs on cells
at a broader molecular level, thereby providing a foundation
for personalised treatment strategies in precision medicine.
Therefore, the critical task for the future is to integrate this
omics data and other relevant data and further perform
genetic association and AI training for predictive analysis
based on a multi-omics approach, thus revealing the molecu-
lar principles behind disease progression and treatment
effects. In the future, these multi-omics technologies can
be developed and transformed into user-friendly and reliable
tools for routine clinical operations, thus achieving support
for clinical decision-making and personalised treatment as
the goal for all patients with chronic diseases, especially
those diagnosed with cancer.

Apart from the extensive use of NGS technology,
numerous other research techniques are progressing
swiftly in precision medicine research. These approaches
have demonstrated significant research potential and prac-
tical application value in various disease settings, particularly
oncology research: (1) Functional diagnostic technologies
such as live tumour cell detection, molecular precise analysis
of tumour responses, and device-based in situ methods have
made significant progress.50 The crux of this approach lies in

its independence from genomic information, instead directly
observing the cell behaviour in specific environments.50

Consequently, functional diagnostic tests can evaluate the
patient sensitivity to chemotherapy drugs or targeted therap-
ies, offering the foundation for personalised treatment strat-
egies. (2) Liquid biopsy is a non-invasive technique for
detecting tumours by analysing circulating tumour DNA or
other biomarkers in bodily fluids such as blood.51 It
enables real-time monitoring of dynamic changes in
tumours.52 Compared to traditional tissue biopsies, liquid
biopsy can detect the risks of recurrence or metastasis at
earlier stages, providing more timely interventions.52

Liquid biopsy can assist in identifying resistance to cancer
treatment, allowing for timely adjustments in treatment strat-
egies, which is critical for achieving precision medicine. (3)
Although NGS dominates genomic research, gene chips
remain essential in precision medicine. One significant appli-
cation of gene chip technology is the screening for potential
therapeutic targets and biomarkers, which is crucial for the
design of personalised therapies.53 With advances in technol-
ogy, the accuracy and reproducibility of gene chips have sig-
nificantly improved, resulting in a broader application in
clinical research.53 (4) The application of epigenetics in pre-
cision medicine is becoming increasingly widespread.

Table 1. Continued.

Type Challenge Description References

mining and big data analytics requires specialised expertise
and knowledge, making it a costly undertaking for companies
to hire such individuals.

Data sharing Ransomware The danger in information sharing is the lack of privacy in
patients’ data. Sensitive medical data is now accessible
through computers and mobile devices that often lack
extensive security and cause ransomware attacks. The main
attacking purpose of ransomware is financial gain, where
hospitals have big healthcare data storage and security flaws
in IT processes. Attackers use ransomware to block access or
encrypt victims’ files and demand ransom in exchange for the
decryption key or to restore access.

Olivier et al.40

Consent management There are challenges in managing the consent of health data
especially during data sharing and data linkage. Consent is
mandatory for handling health data, governed by ethical
guidelines and legislation, to protect privacy, confidentiality,
and autonomy. There are three types of consent: explicit,
implicit, and opt-out consent. Consent management solutions
have been proposed, including tools for modelling consent, a
repository for storing it, and a data access management
component. Data sharing and linkage pose challenges
addressed through static and dynamic consent approaches,
with dynamic consent allowing for two-way communication
and subject control over consent. Trust is a way to increase
consent approvals as trust and privacy concerns are inversely
proportional.

Thapa and
Camtepe35
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Researchers can identify epigenetic changes associated with
specific diseases by detecting epigenetic markers, thus pro-
viding new insights for precision treatment.54 These
approaches offer significant support for personalised therap-
ies through various avenues, driving the advancement of
individualised healthcare. In precision medicine research,
the diversification of research methods not only enriches
data sources but also dramatically enhances the reliability
and effectiveness of the research. Looking ahead, with the
continuous development and integration of these advanced
technologies, they provide multiple perspectives for further-
ing precision medicine, contributing to the realisation of per-
sonalised treatments.

In addition, big data-driven precision medicine also relies
on advanced data science methods. Anomaly detection is a
critical challenge when processing large-scale medical data.
The method proposed by Li et al.55 demonstrates how to
overcome these challenges through BDA, ensuring the reli-
ability and accuracy of detection results. By processing,
cleaning, transforming, exploring, dimensionality reduction,
pattern searching, visualisation, and reporting meaningful
information and insights can be extracted from massive
multi-omics data, thus optimising the healthcare system.56

However, despite significant advancements in multi-omics
integration technologies, some challenges still need to be
addressed, such as poor data collection quality, high data het-
erogeneity, low data reliability, and lack of adequate data
management and annotation (Table 1). These issues will
impact clinical decision-making. Despite the challenges,
many successful cases have shown that using advanced ana-
lytical technologies, such as machine learning and AI, is very
effective in medical applications for cancer (especially breast
cancer) (Table 2). Additionally, programming languages
such as R and Python are used to write scripts, algorithms,
and software; big data tools such as Hadoop and Apache
Spark, as well as high-performance computing clusters
accessed through grid computing infrastructure, are signifi-
cant contributors to the digitisation of multidimensional
medical data.56 Therefore, future research directions should
include optimising data integration and analysis algorithms,
expanding the scale of samples, and establishing more rigor-
ous quality control standards.

Precision medicine and AI: the hope for
innovation in healthcare
Precision medicine, a healthcare approach tailored to individ-
ual differences, has gained significant attention. Its fundamen-
tal principle is to deliver personalised diagnostic and treatment
plans by analysing a patient’s genomic data, environmental
influences, and lifestyle factors. The rapid advancement of
AI technology has further propelled the field, offering power-
ful tools for large-scale data analysis, personalised treatment
recommendations, and the early prediction and prevention of
diseases, showcasing immense potential in healthcare.

Firstly, AI has demonstrated exceptional application
value in the precision medicine approach for cardiovascular
diseases. A comprehensive review study indicates that in
applying AI models in the cardiovascular field, predictive
studies constitute 50%, diagnostic studies 21%, and pheno-
typic analysis, and risk stratification each 14%.62

Additionally, the most widely used machine learning algo-
rithms are logistic regression (36%), random forests (32%),
and support vector machines (25%).62 This suggests that AI
technology has significantly advanced in the diagnosis,
prognostic prediction, risk stratification, and treatment plan-
ning of cardiovascular diseases. Secondly, the application
of AI in genomics and oncology has also garnered signifi-
cant attention from researchers. A study reported that the
role of AI in drug discovery and personalised treatment is
becoming increasingly prominent, particularly in the ana-
lysis of gene expression and variant data, AI models have
demonstrated an accuracy of up to 99%, a sensitivity of
100%, and a specificity of 96% in evaluating tumours.63

AI technology can analyse multi-dimensional clinical and
biological data to identify new therapeutic targets and opti-
mise treatment outcomes. By integrating big data and AI,
personalised treatment plans can be provided for patients.
This approach reduces the trial-and-error process, enhances
treatment efficiency and effectiveness, and minimises the
risk of side effects. Additionally, AI has demonstrated out-
standing performance in disease prevention and early
warning. AI algorithms can rapidly identify early signs of
disease by analysing large-scale medical data, including
patients’ medical histories, genomic data, and lifestyle infor-
mation. This enables early prediction of disease occurrence,
providing clinicians with solid evidence for early interven-
tion and prevention strategies.64 Finally, the widespread
application of AI in precision medicine not only enhances
the accuracy of diagnosis and treatment but also drives
improvements in the efficiency of healthcare services. A
study noted that AI-assisted systems can reduce diagnostic
time costs, lessen the workload of physicians, and signifi-
cantly improve the utilisation efficiency of medical
resources.65 These cases illustrate that AI, by optimising
data processing workflows, enhancing diagnostic precision,
providing personalised treatment recommendations, and con-
ducting predictive analyses, has significantly bolstered the
practicality of precision medicine. This advancement dramat-
ically contributes to progress in the medical field and high-
lights AI’s central role and vast potential for development
in future medical practice (Figure 1).

The application of big data in breast cancer

1. Approaches for breast cancer

Breast cancer, as a common malignant tumour disease,
faces many challenges in its treatment and management,

Zhang et al. 7
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including personalised therapy, clinical trial design, and
accurate assessment of the condition. The application of
big data technology provides a new path for solving such
problems. Cancer datasets exhibit unique attributes com-
pared to other fields, such as smaller size and high hetero-
geneity, revealing multiple dimensions of cellular systems
and biological activities.66 Cancer research involves the
analysis of five main data types: molecular omics data, per-
turbation phenotypic data, molecular interaction data,
imaging data, and textual data.66 Due to the limited
amount of each type of data and their high heterogeneity,
new computational methods are needed to integrate data
from different dimensions and queues, which will help
better understand the complexity of breast cancer from mul-
tiple biological perspectives.

To better leverage big data and enhance its accuracy,
defining the screening criteria for breast cancer patients
becomes particularly critical. Hence, it is essential to con-
template establishing stringent inclusion and exclusion cri-
teria for subjects to ensure the precision, reproducibility,
and scientific validity of breast cancer big data research
findings. Inclusion criteria: (1) Confirmed cases: All
patients diagnosed with breast cancer through pathology
should be included, encompassing both primary and recur-
rent breast cancer. (2) Age and gender: These two factors
deserve consideration, and stratified analysis should be per-
formed to ensure comprehensive coverage. While breast
cancer primarily affects adult females, the biological char-
acteristics of males and underage patients should not be
overlooked. (3) Treatment types: Include breast cancer
patients who have undergone surgery, radiotherapy, chemo-
therapy, targeted therapy, or endocrine therapy. Detailed
records of specific treatment regimens should be main-
tained, including treatment methods, drug names,
dosages, and duration. Data on different treatment regimens
should be categorised for subsequent continuous monitor-
ing and in-depth analysis of treatment response characteris-
tics. (4) Follow-up information: Patients with follow-up
records should be included to ensure the data’s long-term
reliability and dynamic assessment. Follow-up data
should encompass survival status, survival time, recurrence
status, and distant metastasis, facilitating the analysis of
prognostic factors and evaluation of treatment effective-
ness. (5) Data completeness: Establish a comprehensive
and diversified dataset that includes clinical information,
pathological data, radionics, and genetic testing results to
ensure the thoroughness of the analysis.

Exclusion criteria: (1) Presence of other malignancies: To
avoid data confusion and ensure consistency, patients diag-
nosed with other types of malignancies should be excluded
before the confirmation of breast cancer or during the study
period. (2) Severe comorbidities: Exclude patients with
severe comorbidities that may affect research outcomes, such
as uncontrolled cardiovascular diseases, liver dysfunction, or
renal failure. (3) Ethical safety: Exclude data from patientsTa
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who did not provide informed consent, ensuring that the
research complies with ethical standards. In addition, patient
data that involves sensitive personal information and cannot
guarantee anonymisation should also be excluded.

A solid scientific foundation is established for construct-
ing high-quality breast cancer datasets by strictly adhering
to inclusion and exclusion criteria. This approach provides
a reliable basis for subsequent statistical analysis and clin-
ical research. These criteria ensure the data’s accuracy
and representativeness and enhance overall data quality
and research rigour. In the future, this dataset can be instru-
mental in exploring the pathogenesis, treatment responses,
and prognostic factors of breast cancer. Additionally, it
will facilitate in-depth investigations into the characteristics
of various breast cancer subtypes and the development of
personalised treatment strategies.

Big data holds significant potential in enhancing breast
cancer diagnosis, treatment, and management. By analysing
extensive patient information and outcomes datasets, research-
ers can gain new insights into the disease and develop more
effective treatment methods. By integrating multi-omics
data, researchers can identify gene mutations and molecular
biomarkers related to breast cancer, providing clues for early

diagnosis and personalised treatment. For instance, gene
expression profiling can help determine tumour subtypes,
guiding treatment selection; proteomic and metabolomic ana-
lyses can provide detailed information on the tumour micro-
environment, revealing potential mechanisms of treatment
resistance and disease progression. Big data also plays a
crucial role in predicting the risk of breast cancer incidence.
Through technologies like machine learning and AI, research-
ers can utilise various data, including genetic information,
family history, and lifestyle factors, to identify individuals
who may benefit from early screening or preventive interven-
tions, thus developing predictivemodels to identify individuals
at higher risk of breast cancer.67 For example, Rabiei and their
team conducted an in-depth analysis using machine learning
methods on demographic, laboratory, and mammographic
data, finding that integrating multiple risk factors into predict-
ive models of breast cancer can more effectively diagnose the
disease promptly and help formulate more targeted care
plans.67 Big data technology enables researchers to analyse
vast amounts of gene expression data, revealing key pathways
and genes influencing cancer development. The study by Xue
et al.68 revealed the oncogenic role circRNA_0000326 in
breast cancer through BDA, promoting tumour development

Figure 1. The application and prospects of artificial intelligence technology in precision medicine (drawn using the figdraw platform;
https://www.figdraw.com/).

10 DIGITAL HEALTH

https://www.figdraw.com/
https://www.figdraw.com/


by regulating the miR-9-3p/YAP1 axis. Big data also plays an
indispensable role in predicting breast cancer prognosis. By
employing bioinformatics approaches, researchers can inte-
grate multi-omics and clinical data to identify various factors
influencing survival and construct an accurate prognosis pre-
dictionmodel. Thesemodels guide clinical practitioners, enab-
ling them to tailor treatment plans based on the actual
conditions of patients, thereby enhancing treatment effective-
ness. For instance, the study by Jiang et al.69 found that a prog-
nosis model based on cuproptosis-related lncRNA could
effectively predict the survival time and immune microenvir-
onment characteristics of breast cancer patients, demonstrating
the application of big data in constructing precision medicine
tools. This data-driven approach not only aids in the in-depth
study of breast cancer biology but also lays the groundwork
for personalised treatment strategies in precision medicine.
Through the integration of clinical, genetic, and molecular-
based predictions, oncology is poised to enter a new stage in
the field of precision oncology, thus achieving true precision
oncology.70

Furthermore, big data also plays a crucial role in drug
development and clinical trials for breast cancer.71 Through
in-depth analysis of large-scale data on patient treatment out-
comes and drug responses, research teams have the oppor-
tunity to identify the best treatment regimens and design
more successful experimental projects. This lays a solid
foundation for further exploration and discovery of new
drug targets and treatment strategies, accelerating the drug
development process. Additionally, clinical trials based on
real-world data help evaluate the efficacy and safety of
drugs, providing patients with a broader range of treatment
options. In breast cancer treatment management, big data
has a profound impact on personalised medicine. Tailoring
treatment plans based on the analysis of patients’ genes
and other essential information not only improves treatment
effectiveness but also reduces related adverse reactions.

2. Breast cancer databases

Thebreast cancer database is constructedbynumerous contrib-
uting factors, including the researchers’ contributions, labora-
tory research, charitable organisations/institutions, projects
from various countries, and participation in international col-
laborative alliances (Table 3). These databases gather many
datasets, including patient demographics, molecular-level
data, tumour characteristics, treatment plans, and outcomes.
Their diverse objectives include clinical research, personalised
medicine, and quality improvement. From locally relevant
localised datasets to comprehensive, integrated repositories
spanning multiple technological platforms and covering thou-
sands of patients, these provide valuable resources for breast
cancer research.

Several vital components constitute a comprehensive breast
cancer database in the modern digital infrastructure (Figure 2).
These components include traditional electronic health records

of patients, mobile applications integrating Internet of Things
technology, data obtained from laboratories and patient
homes, data analysis tools capable of processing large-scale
datasets and identifying patterns, and web-based interfaces
providing convenient access and visualisation of information
for end-users (including doctors and researchers) (Table 3).
The structure must be carefully designed to create an efficient
database that facilitates collaboration among researchers
(Table 4). This design scheme should integrate cutting-edge
technological methods and focus on interoperability and com-
patibility with established standards. Additionally, it should
encompass robust data protection and privacy measures to
ensure the security of patient information.

However, the application value of big data in breast
cancer can only be realised when the data is accessible.
Some of the most well-known breast cancer databases
include the Surveillance, Epidemiology, and End Results
Program in the United States, the European Network for
the Study of Adrenal Tumors database in Europe, and the
Japan Breast Cancer Society (JBCS) database in Japan.
These databases have played crucial roles in advancing our
understanding of breast cancer and have improved patient
care. It is worth noting that the database of JBCS is consid-
ered one of the oldest breast cancer record centres, with its
history dating back to data collection in 1975, followed by
digitalisation based on the internet in 2004, and operation
on the National Clinical Database starting in 2012.92

3. Online tools for breast cancer

With the development and advancement of internet technol-
ogy, many online tools have been developed to assist
doctors and patients in making breast cancer treatment deci-
sions. PREDICT (https://predict.nhs.uk) is an online tool
developed in the United Kingdom that evaluates the effect-
iveness of adjuvant therapy and patient prognosis after early
breast cancer surgery using clinically relevant indicators
such as clinical information, pathology and immunohisto-
chemistry,93 which are widely used in practice. The
model can be freely accessed online, and it has been
released in multiple languages and validated across
various populations.94 Adjutorium (https://vanderschaar-
lab.com/adjutorium/) is another publicly accessible web
decision support tool for breast cancer developed by a
UK team, which assists early-stage breast cancer women
in making adjuvant treatment decisions through machine
learning algorithms.95 The Breast Cancer Index (https://
www.breastcancerindex.com/) is a tool developed in the
United States primarily to predict the effectiveness of endo-
crine therapy. It can help predict the risk of recurrence
within 5–10 years after diagnosis and whether there may
be benefits from long-term (10-year) hormone therapy for
early-stage hormone receptor-positive breast cancer.96

ClinOmicsTrail (https://clinomicstrail.bioinf.uni-sb.de/) is
an interactive visualisation analysis tool for stratified
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breast cancer treatment, which comprehensively evaluates
various treatment options through multi-omics data, provid-
ing support for oncologists in the process of selecting breast
cancer treatment decisions.97 A Chinese research team has
constructed a cell death index model (https://tnbc.
shinyapps.io/CDI_Model/) containing 12 gene features
using machine learning algorithms, which can predict the
clinical prognosis and drug sensitivity after surgery for
triple-negative breast cancer, aiding in selecting appropriate
treatment plans for patients.98 The myBeST tool (http://
mybestpredict.com/) is a breast cancer model developed
based on 13 feature variables capable of predicting the
5-year survival rate of Malaysian female breast cancer
patients.99 Additionally, YouTube video medium is also a
potentially important tool for disseminating breast cancer
health education knowledge and treatment information; its
role cannot be ignored.100

In summary, an increasing number of online tools play
an essential role in breast cancer treatment decision-
making. The application of these tools can provide power-
ful references and support for doctors and researchers, alle-
viate patients’ panic and anxiety, and assist in personalised
care. However, it should be noted that due to significant
individual differences among patients, there may be uncer-
tainties or errors in the prediction results, and their implica-
tions must be interpreted cautiously. Therefore, in the
future, it is necessary further to strengthen the accumulation
and research of online tool data, optimise big data algo-
rithms, update model variables promptly to improve predic-
tion accuracy and precision and increase the dissemination
of correct breast cancer prevention and treatment informa-
tion to highlight its better practical value.

Towards precision treatment

1. Breast cancer: from data to insights and decision

Precision treatment for breast cancer, also known as perso-
nalised medicine, is a novel approach aimed at customising
disease prevention and treatment strategies based on indi-
vidual patient characteristics (including genetic, environ-
mental, and lifestyle factors).101 This transformation from
the traditional ‘one-size-fits-all’ to a selective approach con-
trolled by individual differences102 enables healthcare
models to provide more efficient and accurate care services
for breast cancer patients.103 Through large patient informa-
tion and outcomes datasets, researchers can gain new
insights into breast cancer and develop more efficient treat-
ment strategies tailored to specific patient groups.104

The main strategies of precision medicine include predict-
ing disease risks based on subjects’ genetic information, iden-
tifying genes related to specific diseases and drug responses,
and addressing technical issues in treatment based on patient’s
genetic and phenotypic information.105,106 However, these
requirements rely on the intervention of big data technology,
which opens up new possibilities for the successful implemen-
tation of precision medicine with its vast, diverse, and fast data
processing capabilities. For cancer patients, the health history
of cancer families and genetic variations have a significant
impact on the prediction, diagnosis, and treatment of their
risks. Therefore, the use of big data for intervention analysis
becomes particularly critical. Precision treatment involves
using advanced genomic technology to analyse the genomic
composition of patients’ tumours. This can identify gene

Figure 2. Big data flow in medical research with a modern digital approach and three-level database architecture.78,79
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Table 4. General components and requirements of breast cancer databases.

Type Items Descriptions References

Components Electronic health records Provide a comprehensive view of patent history and
treatment and facilitate data sharing between
healthcare providers and researchers.

Thompson et al.80

Mobile app Enable the bi-directional collection of data such as
patient-reported data such as symptoms, treatment
side effects, and educational materials and support
resources to the patient.

Alford et al.81

Data analysis tools Machine learning algorithms and visualisation software
can used to analyse and interpret breast cancer data by
identify trends, patterns and insights difficult to discern
from raw data.

Anklesaria et al.82

Web-based interfaces A user-friendly and up-to-date way to access and interact
with the database to search and filter data, generate
report and share information with other stakeholders
is important.

Tsangaris et al.83

Requirements Database structure design A good database should have a good balance between
the ‘defined purpose’, ‘functions’ and ‘software
technology’, starts with the design process of
determining the purpose of database, organising the
information into tables, turning information items into
columns, set up table relationship (one-to-one,
one-to-many, many-to-many), define data dictionary
and standard the data input.

Yi and Hunt84

Interoperability with
well-defined,
comprehensive standards

Ability of a database to share, interdigitate and make use
of data between healthcare software systems
developed by different engineers, in the perspectives of
both hardware deployment and software structure.

Han et al.85

Data privacy While ensuring data integrity and sharing remain
uncompromised, measures are taken to prevent data
leaks and unauthorised access, ensuring the security
and reliability of the database.

Kababji et al.,86 Rehman
et al.,87 Khalifeh
et al.88

Dataset and pattern
classification

The ability to evaluate heterogeneous datasets with
variability in both genetic and morphological
appearance of suspicious breast cancer lessions, and
accurately identify and logically classify the clusters
separating clinical subtypes such as tumour category,
architectural distortions, masses, and calcifications

Markey et al.,89 Tamayo
et al.90

Computer-aided diagnosis
(CAD)

A cost-effective, accurate and non-invasive technique is
required to assist in the diagnostic process by having
suitable automated algorithms to process and analyse
the data captured in the database. Key steps in the
algorithm such as pre-processing, feature extraction,
dimensionality reduction, feature selection and
classification would help in the CAD.

Raghavendra et al.91

14 DIGITAL HEALTH



mutations that drive tumour growth and provide targeted treat-
ment recommendations. For example, mutations in breast
cancer susceptibility genes (BRCA1 and 2) can result in a life-
time risk of breast cancer as high as 45–87%.106 In addition,
other factors such as the patient’s age, health condition, and
medical history should also be considered. The importance
of precision treatment for breast cancer lies in its potential to
improve patient prognosis and reduce healthcare costs, bring-
ing better results for patients and healthcare systems.107 By
analysing large datasets related to breast cancer, patients are
stratified to determine which subgroups are more likely to
respond to specific treatment methods to identify the most
promising drugs and develop experimental protocols with a
higher chance of success. Based on these results, doctors can
promptly adjust treatment plans, select drugs with a strong tar-
geted effect to reduce the risk of adverse reactions,108 and also
help improve the patient’s recovery expectations.

A Phase II randomised clinical trial showed that for meta-
static breast cancer, utilising targeted therapy through
genomic analysis when its gene mutations are associated
with anti-tumour activity in clinical trials can improve
patient survival rates.109 Another study indicated that precise
diagnosis can be achieved by analysing a large number of
breast cancer pathology reports and utilising machine learning
models for deep learning, annotation, and image processing.110

This method reduces the misdiagnosis rate and unnecessary
biopsy rate for breast cancer, thus reducing unnecessary
repeat examinations and medical costs for patients.
Furthermore, a radiologydiagnosticmodel has been developed
based on multicentre datasets and clinical pathological risk
factors, which successfully predicts the complete response of
pathological features after neoadjuvant chemotherapy for
breast cancer, providing essential guidance for personalised
treatment.111 These examples demonstrate that by collecting
and analysing big data, we can gain a deeper understanding
of the macroscopic and microscopic characteristics of breast
cancer, thus providing more precise treatment choices for
patients. This approach not only improves patient survival
rates, reduces healthcare costs, and avoids ineffective treat-
ments but also minimises hospitalisation time to the greatest
extent,109 enhances understanding of the underlying mechan-
isms of the disease, and develops more effective treatment
strategies. Therefore,with the emergence of big data, the detec-
tion, treatment, and care of breast cancer have significantly
improved, creating conditions for the realisation of precision
medicine.

2. Precision treatment for breast cancer: diversity of data
types

The precision treatment of breast cancer patients using big
data technology requires gathering various types of data,
including genetic information, clinical manifestations, life-
style, treatment methods, and outcomes.67 Obtaining com-
prehensive patient data, such as demographics, medical

history, and treatment responses, is crucial for understand-
ing individual differences and adjusting corresponding
treatments.112 Through in-depth research on genetic infor-
mation, we can better understand the genetic susceptibility
and variation that influence tumour growth. This will help
identify specific mutations or biomarkers to guide targeted
therapy better and predict treatment outcomes.113 Clinical
data is used for diagnosing and staging breast cancer, track-
ing patient responses to treatment, and further building pre-
dictive models to identify high-risk patients. Pathological
data provides insights into tumour characteristics, aiding
in the classification of breast cancer subtypes for persona-
lised interventions.114 With the progress of genome sequen-
cing work, many new genes have been discovered and
validated in diseases, laying the foundation for developing
precision treatment plans. Since cancer diagnosis involves
handling unbalanced data, considering data-level analysis
techniques is crucial for accurate and reliable insights.

Integrating lifestyle data from breast cancer patients
plays a crucial role in advancing precision medicine in
the widespread use of big data. Precision medicine seeks
to customise treatment plans based on each person’s
unique characteristics, and incorporating lifestyle data pro-
vides a critical dimension towards achieving this goal.
Inherent lifestyle, such as dietary habits, physical activity,
and environmental exposures, are crucial elements that
influence breast cancer risk and progression.115,116

Personal inclinations, daily routines, and feedback on life-
style interventions are all critical components in optimising
treatment outcomes. Adjustments to lifestyle, such as
family planning, have been shown to affect the cardiometa-
bolic health of breast cancer survivors, further validating
the potential for personalised modifications.117,118

Researchers have even proposed a personalised breast
cancer risk prediction model that relies on lifestyle habits
and health record features.119 In precision medicine, focus-
ing on patients as the core perspective and integrating life-
style data can lead to a deeper understanding of the dynamic
interactions among genetics, environment, and habits, pro-
viding a holistic view of patient health. Current research
into cancer prevention lifestyle recommendations aims to
understand the specific impact of these recommendations
on breast cancer prevention, spanning the entire diagnostic
process and emphasising a comprehensive strategy for per-
sonalised interventions.120 In summary, lifestyle data is of
significant importance in the precision treatment of breast
cancer. Therefore, in breast cancer treatment, lifestyle
data collection and application should be given due atten-
tion to lay a foundation for improving overall treatment effi-
cacy and patient quality of life.

Collecting and analysing these diverse types of data not
only deepens our understanding of breast cancer but also
creates conditions for more efficient treatment methods tai-
lored to specific patients. Collaborative efforts to integrate
multi-omics, clinical, and lifestyle data are crucial for
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comprehensively understanding and formulating treatment
strategies. Given the dynamic molecular patterns of breast
cancer, optimising treatment techniques using multiple
types of patient-specific data will help improve the effect-
iveness of precision medicine.

3. Precision treatment for breast cancer: impact and contri-
butions of models

Owing to the continuous development of big data technol-
ogy and the rapid advancements in AI technology, particu-
larly the application of large language models (LLMs) and
multimodal foundation models (such as deep learning net-
works), unprecedented prospects have emerged for the pre-
cision treatment of breast cancer. These modelling
approaches can integrate and analyse diverse data compre-
hensively, enabling a more accurate assessment of patients’
treatment responses and formulating personalised treatment
plans accordingly.

The application of LLMs and multimodal foundation
models in precision medicine for breast cancer has received
widespread attention. LLMs can process vast medical litera-
ture and clinical records to extract valuable information,
thereby assisting clinical decision-making. For example,
Deng et al.121 compared ChatGPT-3.5, ChatGPT-4.0, and
Claude2 in five critical areas of breast cancer clinical scen-
arios, finding that GPT-4.0 exhibited excellent performance,
highlighting its potential in clinical applications. At the
same time, Claude2 showed professional advantages in evalu-
ation and diagnosis. This has positively impacted the demand
for optimisation of LLMs tailored to specific domains, pro-
moting the development of AI in breast cancer clinical set-
tings. Changes in body composition have significant
implications for the treatment and prognosis of breast
cancer. Zhao et al.122 developed a machine learning model
to predict the risk of osteoporosis in breast cancer patients
compared to healthy women, thereby contributing to the
improvement of disease prevention and treatment strategies.
Cancer-related cognitive impairment presents a severe clinical
challenge for breast cancer patients. A study showed that by
investigating the factors associated with cancer-related cogni-
tive impairment in breast cancer patients, the first risk predic-
tion model for this population was developed – the Scientific
Symptom Model 2.0. This model can accurately identify
breast cancer patients with cognitive impairment, providing
strong evidence and strategies for the early detection, diagno-
sis, and intervention of such individuals.123 These are signifi-
cant manifestations of models in the precision medicine of
breast cancer. Meanwhile, multimodal foundation models
can integrate various data types, such as imaging, genomics,
transcriptomics, and pathology, thereby enhancing the accur-
acy of breast cancer diagnosis and prognosis prediction. For
example, Zhao et al.124 developed a convolutional neural
network model based on a digital pathology and deep learning
algorithm framework using a large sample multi-omics

cohort, which can predict molecular subtyping, molecular
targets, and patient prognosis of triple-negative breast
cancer from whole-slide digital pathology images. Wu
et al.125 proposed a multimodal deep-learning radiomics
nomogram model designed to estimate the malignancy of
breast cancer. The study showed that this model demonstrated
exceptional predictive performance when validating multicen-
tre data. Compared to traditional unimodal models, its diag-
nostic capabilities were significantly enhanced, showcasing
great potential for clinical application.125 Oh et al.126 devel-
oped an LLM-driven multimodal AI model that integrates
text and image data, showing significant advantages over trad-
itional single-modal AI models in delineating target areas for
breast cancer radiotherapy. Especially in scenarios with insuf-
ficient data and the need for external validation, its generalisa-
tion performance and data processing efficiency are well
demonstrated. This implies that LLMs have broad application
potential in integrating multimodal data and may provide
strong support for personalised therapies for breast cancer
patients.

One significant advantage of multimodal data fusion tech-
nology is its ability to capture the complex characteristics of
breast cancer from multiple perspectives, thereby enhancing
the accuracy of disease classification and prognosis predic-
tion. For example, the multimodal deep neural network
model proposed by Sun et al.127 effectively improved the
accuracy of breast cancer prognosis prediction by integrating
multidimensional data, highlighting the tremendous potential
of deep learning techniques in handling high-dimensional
complex data. The patient-derived xenograft model and orga-
noid platform for breast cancer developed by Guillen et al.128

further demonstrate the application potential of multimodal
data in precision medicine for breast cancer. This platform
facilitates drug screening and provides suggestions for clin-
ical care through in vivo validation results, which will help
advance the clinical translation of precision medicine.

In summary, integrating big data in breast cancer with
LLMs and multimodal foundation models provides power-
ful tools for realising precision medicine. These continuous
technological innovations enhance the accuracy of breast
cancer diagnosis and prognosis predictions and offer
novel perspectives and methods for developing targeted
treatment strategies. As technology continues to advance,
how to better optimise and apply these models in clinical
practice will be an essential research direction in the future.

Challenges and opportunities
With the rapid progress of big data technology and the continu-
ous decrease in costs, an increasing amount of medical data is
being accumulated and stored, contributing a massive amount
of information and resources to breast cancer research.
However, despite this, utilising this data for precisionmedicine
still faces numerous challenges. Firstly, the completeness and
quality of medical information are crucial factors determining
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the credibility of research outcomes. However, the current
inconsistency and non-standardisation in data sources and
formats directly hinder the efficient use of data. Furthermore,
the application of big data technology is constrained by
privacy, security, and ethical issues. Therefore, ensuring
patients’privacy and avoiding ethical violationswhile facilitat-
ing data sharing and communication becomes an urgent issue
that needs to be addressed.129 Additionally, the accuracy and
consistency of big data are often determined by the quality
of the data. In certain situations, erroneous decisions may be
made, leading to issues with no clear regulations or guidelines
to determine responsibility in cases of service failure or harm
caused.130 Finally, the exploration of breast cancer involves
interdisciplinary research. Integrating professional skills and
knowledge across various disciplines and comprehensively
integrating multiple types of data to collectively advance the
continuous development of precision medicine in breast
cancer poses a significant challenge. With the development
of LLMs, medical research has made significant progress
regarding data integration and information processing.
However, effectively utilising big data from breast cancer in
precision medicine and integrating it with multimodal founda-
tion models for in-depth analysis presents numerous chal-
lenges. First, the performance of the models relies on
high-quality training datasets; however, medical literature
and case reports related to breast cancer often lack uniform
evaluation standards, which may weaken the generalisation
performance of the models. Secondly, the ‘black box’ nature
of LLMs makes it difficult for clinicians to understand and
trust their predictions, which poses particular challenges in
clinical applications.131 Furthermore, the integration process
ofmultimodalmodels faces issues such as computational com-
plexity and resource consumption. Finally, ensuring that the
various models can effectively collaborate during the integra-
tion process to avoid information loss and conflicts between
models is also a pressing challenge that needs to be
addressed.132

Additionally, integrating germline and tumour genetics
within breast cancer big data presents a crucial ethical chal-
lenge. The integration of germline and tumour genomic data
requires in-depth analysis and interpretation on a technical
level, as well as careful consideration from both legal and
ethical perspectives. In the study of breast cancer, the big
data involved often contains susceptible genomic information,
which not only pertains to the patients themselves butmay also
impact the privacy rights of their family members. This issue
becomes particularly critical when researching germline
cells, as the transmission of genetic information can have
potential implications for offspring. Therefore, before collect-
ing and applying such data, it is essential to ensure that patients
and their family members are fully informed and consent vol-
untarily. Researchers also need to balance data sharing and
privacy protection to ensure the security and confidentiality
of the research data, preventing data breaches andunauthorised
use.133 In integrating germline and tumour genetics research, it

is crucial to ensure that patients fully understand the complex
genetic information. However, patients often need help to fully
grasp the implications of this information, which may lead to
unequal information levels during the informed consent
process.134 In current ethical research, simplifying the informa-
tion transfer process and ensuring patients make informed
decisions based on a thorough understanding have become
vital issues.135

However, the opportunities brought by big data in precision
medicine for breast cancer research cannot be ignored. With
the advancement of wearable devices and remote monitoring
technology, the effective collection and interpretation of real-
time data provide valuable opportunities for doctors to
promptly monitor the health status and treatment feedback of
breast cancer patients, thus enabling timely changes in treat-
ment strategies. By combining machine learning and AI tech-
nology and using advanced algorithms and computational
models, future extensive data analysis will be more intelligent
and automated. This will accelerate the identification of bio-
markers and the development of newdrugs, aswell as optimise
and design personalised treatment strategies.136 Emphasising
patient participation, interaction, and feedback is a goal of
future big data platforms, allowing patients to contribute
their data and participate in data quality improvement dir-
ectly137 and treatment decision-making processes. This prac-
tice not only enhances the transparency and satisfaction of
the treatment process but also has the potential to optimise
the final treatment outcomes.

Research limitations
Although big data plays a crucial role in advancing preci-
sion treatment for breast cancer, there are still some limita-
tions in this study that are worth noting. First, the big data
concerning breast cancer is sourced from multiple databases
and large-scale datasets. The standardisation among these
different data sources and the diversity in data collection
methods may affect the reliability of the results and the gen-
eralisability of the research conclusions. Second, when pro-
cessing and analysing large-scale medical data, data privacy
and security are critical issues that cannot be overlooked.
Data breaches may impact the development of big data.
Third, although the big data contains many samples, it
remains to be further validated whether these data can
adequately represent the characteristics of breast cancer
across different regions, ethnicities, and populations.
Limitations in the samples may restrict the generalisability
of the research findings. Fourth, precision treatment for
breast cancer involves the interdisciplinary integration of
bioinformatics, medicine, and computer information tech-
nology. More collaboration between disciplines and infor-
mation barriers must be needed to ensure the translation
and application of research findings. Fifth, breast cancer
big data relies on machine learning and artificial intelli-
gence algorithms for analysis. Therefore, the performance
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and accuracy of the algorithms will impact the accuracy of
predictions and the reliability of clinical applications. Sixth,
ethics and regulations are also important topics. While
obtaining informed consent from patients regarding data
use and sharing is possible, thus protecting their privacy
and adhering to relevant laws and regulations, ethical and
legal requirements may vary across different countries
and regions, creating challenges for cross-border data use
and international research collaboration. Despite these hin-
drances and impacts, these limitations will provide direc-
tions for improvement and motivation for the rapid
development and research progress of big data in the
future field of life and health.

Conclusion
The significant application of big data in the field of cancer
has dramatically promoted our understanding of breast
cancer. Researchers can identify complex patterns and
molecular features related to breast cancer subtypes and
treatment responses by comprehensively analysing
large-scale datasets involving genetic, clinical, and environ-
mental factors. This discovery provides an essential founda-
tion for precise and personalised treatment strategies and
opens up new research directions. Utilising multi-omics
big data of breast cancer and developing unique analytical
algorithms can help identify new biomarkers and potential
therapeutic targets, develop targeted drugs, prioritise treat-
ment effectiveness, and mitigate adverse effects on the
body. Wearable medical devices and remote monitoring
systems provide a continuous data feedback loop, enabling
clinical physicians to track disease progression, monitor
treatment effectiveness, and intervene immediately when
relevant treatment complications arise. This trend further
drives the application of precision medicine in practical
healthcare, making it possible to tailor treatment plans
according to each patient’s characteristics.

However, before realising the full potential of these tech-
nologies, several challenges must be overcome, including
data interoperability, privacy security, data standardisation,
and equitable access to resources. Addressing these issues
requires collaborative efforts from academia, industry,
and regulatory bodies. The next focus should be on devel-
oping more powerful algorithms and analytical tools
capable of integrating multiple data sources while man-
aging vast and complex datasets. Additionally, the training
and education of healthcare professionals must be enhanced
and continuously updated to ensure they possess the neces-
sary skills and knowledge to effectively integrate and inter-
pret complex and diverse data.

In conclusion, with the continuous advancement of big
data technology and innovation in research methods, the
establishment of robust data management and sharing
mechanisms, and strengthened communication and collabor-
ation among clinical physicians, nurses, bioinformaticians,

computer scientists, and policymakers, breast cancer preci-
sion medicine will be rejuvenated with new vitality, ushering
in broader prospects for development and application.
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