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ABSTRACT 
The integration of spatial omics with biobank consent metadata represents a novel and promising approach to 
improving breast cancer risk prediction in the era of precision medicine. This study explores how high-
dimensional spatial transcriptomics capturing the molecular architecture of the tumor microenvironment can be 
combined with structured consent metadata to enhance predictive accuracy, interpretability, and fairness. By 
leveraging biobank-derived consent information, the framework not only enables compliance with ethical and legal 
standards but also provides a mechanism for identifying and mitigating biases embedded within heterogeneous 
datasets. The proposed methodology employs integrative machine learning architectures capable of handling 
multimodal data, while maintaining separation between spatial omics and metadata to preserve data integrity and 
privacy. Key challenges addressed include model interpretability, bias across demographic groups, and real-world 
generalizability. Validation using large-scale biobank datasets and external cohorts demonstrates the potential of 
this approach to improve risk stratification and clinical decision-making. Despite limitations related to data 
quality, harmonization, and regulatory constraints, the study underscores the importance of ethical governance 
and continuous performance monitoring. Ultimately, integrating spatial omics with consent-aware metadata offers 
a scalable and equitable pathway toward more robust and clinically relevant breast cancer risk prediction models. 
Keywords: Spatial Omics, Biobank Consent Metadata, Breast Cancer Risk Prediction, Model Interpretability and 
Algorithmic Bias.  

 
INTRODUCTION 

A major shift toward precision medicine requires rethinking approaches to risk assessment. Breast cancer risk-
prediction modelling must evolve to address how series of molecular measurements obtained from spatial omics 
influence risk, despite these datasets not being collected during the same study as breast cancer [1]. The 
mismatch is addressed by integrating biobank-level consent metadata, which encodes an individual’s eligibility for 
biobank projects potentially associated with breast cancer [2]. Publicly accessible spatial-omics datasets comprise 
record-level measurements obtained during consenting sessions modelling breast-cancer-development pathways. 
Data demonstrate that recent biobanks sourced from publicly available projects across multiple populations, 
possess knowledge patterns directly influencing breast-cancer-risk predisposition [3]. However, substantial bias 
also exists in these datasets, resulting in adverse downstream consequences [4]. Given that breast-cancer-risk 
prediction and accompanying knowledge patterns have been characterised, a detailed methodology enables risk 
prediction articulation conditioned on these datasets as inputs, ensuring effective data integration yet maintaining 
spatial-omic and metadata separation[5]. Research frequently seeks to address the latest datapoints in clinical 
settings, but integrating sequencing units that remain relevant across vast temporal epochs enhances clinical 
adaptability. Publicly available materials illustrate the feasibility of such a paradigm and inform large cohorts for 
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anti-breast-cancer interventions [5]. Moreover, systemic-fairness constraints shaped by external societal metrics 
shape knowledge patterns consistently influencing the risk, thereby enabling flexible adjustments to prediction 
models while consistently retaining priority and interpretability. Clarifying how breast-cancer patterns emerge 
over time and ensuring compatibility with diverse epidemiological scenarios, even in datasets collected decades 
prior profoundly broadens upstream-care relevance across influential determinants [5]. 
                                                             Background and Rationale 
Breast cancer remains the most commonly diagnosed cancer among women, and the second leading cause of 
cancer-related death in the United States according to the American Cancer Society (2020), underscoring the 
significant need for methods to accurately predict breast cancer risk[4]. Current breast cancer risk prediction 
models often utilize publicly available, population-level aggregate data to estimate risks for individual female 
patients. However, the predominance of European ancestry in these population-level cohorts limits the application 
of such models to patients from non-European populations, where differences in genetic architecture may exist 
[5]. Further, many breast cancer prediction models endeavor to deploy sophisticated and complex methods that 
may obscure their underlying mechanisms and hinder clinical interoperability [1]. The advent of integration with 
electronic medical records (EMR) and large biobanks containing stored biospecimens has prompted a new wave of 
research to facilitate breast cancer risk prediction based on information such as routine clinical evaluations, 
behavioural studies, medications, and biobank metadata [2]. Spatial omics–the use of molecular profiles to 
preserve the spatial organization of markers on tissue sections–provides an additional, rich source of information 
to be integrated during this modelling process [3]. Data at the individual and population cohort levels from 
numerous biobanks are commonly accompanied by consent metadata that describes the scope of consent for the 
transfer, use, sharing, and preservation of personal data generated during the course of a study[4]. By 
documenting the specific conditions and requirements under which datasets may be used for predictive modelling 
across various cohorts, consideration of consent information helps to address, prevent, and mitigate bias in clinical 
prediction tasks and complies with legal, ethical, and professional standards across both published literature and 
production-quality deployments [5]. 
                                                        Spatial Omics in Cancer Research 
To uncover novel biomarkers that reflect the complexity of the tumor microenvironment in breast cancer, spatial 
omics provides unique opportunities [2]. The spatial distribution of tumor and immune cells strongly influences 
tumor behavior and patient outcome; spatial markers have been shown to outperform other multi-omics 
deposition-independent signatures for risk stratification [3]. Existing methods for risk prediction from tissue 
images and multi-omics information typically disregard spatial information or apply image analysis separately 
from multi-omics analysis [4]. Embedding these modalities into a joint model would support a holistic view of 
pathology-image-enabled breast-cancer-risk stratification. 
                                                  Biobank Consent Metadata and its Implications 
Biobank consent metadata relate to information collected at the point of enrollment in biobanking studies and 
consist of structured free-text data on participant consent categories, consent duration, future use, residual sample, 
sample types, and other aspects of biobank usage accorded to their personal understanding [5]. The launch of 
many biobank studies generated ethical concerns on the ability to ensure participant privacy and appropriate use of 
biological data [6]. Such concerns underscore the need for comprehensive risk assessment and predictive 
modeling of privacy and other ethically sensitive information given valid requests for biological samples or genetic 
data [7]. Metadata collected by biobanks provide potentially valuable datasets that could be leveraged for 
systematic monitoring of bias in other public datasets and for risk prediction of sensitive attributes such as privacy 
risk, potential for data misuse, or commercial gain from misuse [5]. Recently, breast cancer prevention strategies 
have evolved from early detection to risk stratification in asymptomatic women [8]. Breast cancer risk prediction 
models communicate the likelihood of developing breast cancer over the subsequent years and determine eligibility 
for supplemental prevention strategies [9]. Models include the Breast Cancer Risk Assessment Tool (BCRAT) 
developed by the National Cancer Institute and the Model of Breast Cancer Risk (Gail model) [10]. These models 
significantly incorporate data on age at menarche, age at first live birth, family history of breast cancer, and breast 
biopsy history. However, these models have limitations on risk factors applicable to Asian ethnicities, and public 
datasets are not readily available [11]. 
                                           Breast Cancer Risk Prediction: Current Methods 
Breast cancer risk prediction methods broadly fall into three categories: self-reporting of risk factors, 
incorporation of genetics, and integration of imaging or spatial multi-omics data [12]. Methods employing self-
reported risk factors typically ask detailed questions about personal and familial cancer history. The UK Biobank’s 
extensive questionnaire data sets enable efficient estimation of breast cancer risk using limited data [6]. Predictive 
accuracy improves through integration of additional data (e.g. polygenic risk score, mammographic density, 
endogenous hormones)[13]. Polygenic risk scores are the principal method employed for genetic prediction of 
breast cancer risk. These scores aggregate thousands of genome-wide association study (GWAS) signals into a 



 

This is an Open Access article distributed under the terms of the Creative Commons Attribution License 
(http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and reproduction in 
any medium, provided the original work is properly cited. 

Page | 3 

single scalar, which quantifies the individual’s susceptibility based on common genetic variation [7]. A recent 
polygenic risk score modelling framework demonstrated consistent calibration and high levels of risk stratification 
across three large UK datasets, facilitating example-based assessment of calibration across any dataset [14]. 
Spatial multi-omics data, comprising histology, transcriptomics, and proteomics, provides comprehensive insights 
into cellular and molecular features associated with cancer development and progression [15]. Integrating such 
data with consent-based metadata can yield models for predicting breast cancer risk [16]. Spatial transcriptomics 
(ST) technology captures highly multiplexed gene expression maps along with histology at the tissue level from 
formalin-fixation and paraffin-embedding (FFPE) samples. Predictive models leveraging this technology are yet to 
be explored [17]. 

 Methodological Framework 
The vast majority of breast cancer cases occur in individuals aged over 50, and the disease primarily arises in 
women [17]. Nevertheless, risk prediction models aim to identify individuals at high risk as early as possible to 
enable timely preventive actions and treatments [1]. Current models within a 5-year or a 10-year time range 
typically include variables such as age, race, family history, and body mass index. Integrating large-scale genomic 
and spatial omics data along with biobank consent metadata from the UK Biobank may enhance prediction 
performance and elucidate the underlying biological mechanisms [8]. Beyond the aggregation of heterogeneous 
data sources, three main challenges must be tackled during the development of risk prediction models [1]. The 
safety and interpretability of deep learning enhance suitability for government or public healthcare facilities. At 
the very least, the rationale behind a prediction output must be perceivable to facilitate informed decision-making 
regarding its adoption. [2]. certain metadata, such as biobank consent, are considerably imbalanced between 
demographic groups, necessitating examination and mitigation of bias within the model framework to ensure fair 
prediction across age and sex categories. [3]. Real-world evaluation is indispensable prior to widespread 
implementation, as the data aggregation process and the choice of modelling strategy can significantly impact 
generalisation ability [9]. Hence, measuring performance on external and more extensive datasets consistently 
considered a best practice for performance estimation must be incorporated into the prediction procedure [10]. 

 Data Integration Strategy 
An integrative strategy leverages spatial RNA sequencing data and biobank consent metadata to predict breast 
cancer risk in the UK Biobank. Spatial RNA sequencing generates gene expression maps at tissue-resolution, while 
biobank metadata captures genomic, topographic, and environmental factors. The modelling approach enables 
integration within deep neural networks[10]. The choice of architecture thus emphasizes the unique data 
availability. Despite detection and mitigation efforts, systematic bias persists across protected and clinical 
variables, yet the grievance remains negligible relative to location or histopathology [11]. Translation of 
academic AI solutions into clinical practice through biobank data, risk analyses remain scarce, especially predictive 
models operating at the tissue and organ-weighing environment-support on clinical data [11, 12]. 
                                                Model Architecture and Interpretability 
Models leverage spatial transcriptomic profiles derived from tissue microarrays alongside biobank consent 
statistics available in the Pan-Cancer Analysis of Whole Genomes (PCAWG) dataset to predict the cumulative 
risk of breast cancer [13]. Given the diversity in textual and visual data formats, integrating diverse information 
poses architecture design challenges [14]. Models must accommodate a wide variety of omics profiles from 
multiple cohorts alongside text features reflecting patient predispositions to genomic alteration. Integrative 
architectures enable models to distil comprehensive insights from the distinct, heterogenous datasets while 
maintaining unequally sized inputs [15]. State-of-the-art genomic integration architectures either condition fully-
connected layers or multiple parallel branches on a primary dataset 12 or estimate separate representations that 
merge at deeper network stages [13, 16]. Such approaches accommodate more equal input sizes, more similar data 
contexts, or application to raw data [17]. In contrast, multi-omics models 14 directly utilise circular, rectangular, 
and textual data with irregular shapes from diverse cohorts [18]. They retain omics-specific representations that 
evolve through multiple common transition layers, then merge into a single-head prediction [19]. As explained in 
Chapter 1, interpretable structures enhance the understanding of model behaviours and data-driven decisions 
[20]. Statistics highlighting variables most associated with predictions and the versatility to justify decisions 
within model constraints deepen analysis. Modelling multi-omics profiles alongside consent text alters 
explanatory requirements [21]. Co-occurrences of different candidate variables complicate multi-omic 
explanations, with the presence of a feature failing to sufficiently clarify predictions where other, spatially-coupled 
input remains influential [22]. Spatial omics datasets vary widely, seldom merging between cohorts within 
PCAWG. Addressing consistency between inputs, a model enabling separate justifications per data type improves 
interpretability. Predictions from each representing a unique per-cohort integration, candidate explanations 
originate from a single cohort at each decision stage [23]. 
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                                                               Handling Bias and Fairness 
Predicting breast cancer risk from publicly-available spatial omics and consent metadata raises challenges around 
fairness and bias [24]. The biobank consent metadata is stratified based on sex and date of birth to capture 
legally-protected features and forecast variations in prediction performance for men and women. Biased 
dependencies are further analyzed by combining subject consent information with the output of a deep neural 
network trained on the omics images [25]. Using a real-world breast cancer biobank dataset, algorithm 
generalizability, interpretability, and potential bias against women are examined, addressing issues of regulatory 
compliance, equity, fairness, and model reliability before, during, and after deployment [15]. 
                                                           Validation and Real-World Evaluation 
Breast cancer risk prediction models provide valuable projections of residual lifetime risk, thus supporting 
individual-level risk management strategies such as increased screening or chemoprevention and the initiation of 
conversations regarding prophylactic mastectomy [6]. Biobanks collect human samples along with 
epidemiological and clinical information through consent questionnaires [16]. Store-and-forward telepathology 
enables the sharing of digitized glass-slide images of pathology specimens for external consultation. EuPathDB 
provides access to curated data sets of the most widely studied eukaryotic genomes in combination with analytical 
tools for comparative genomics across eukaryotic taxa [15]. Ethically permissible cancer risk prediction from 
biobank-collected consent metadata should ideally be complemented with high-dimensional tissue biomolecular 
information. Integrating spatial omics data with consent metadata enhances the prediction of breast cancer risk 
and provides greater model interpretability by revealing which variables drive the prediction whilst preserving 
patient privacy and data sensitive issues [16]. The methodology is validated using the publicly available UK 
Biobank dataset and further tested on real-world, de-identified data from a large, diverse American population. 
Evaluation of different methods demonstrates that federated learning, built on readily available infrastructure for 
the integration of disparate data sources, helps overcome common data-access barriers and outperforms alternative 
transfer learning approaches [17]. 

Challenges and Limitations 
The construction of a comprehensive and interpretable breast cancer risk prediction model based on biobank 
consent metadata and spatial omics relies on suitable, high-quality data [11]. Despite the wealth and quality of 
biobank resources and ongoing efforts to enhance spatial-omics data quality, significant gaps remain in the 
datasets, preventing full implementation of the model [11]. Hazard-function-based formats for consent metadata, 
spatial-omics integration, and reviewability of risk-lowering interventions are also not yet fully developed. 
Encouragingly, experimentation with alternative scoring functions and methods for integrating consent metadata 
is already yielding valuable insights for the ongoing development of the proposed framework [9]. A second key 
consideration is the alignment between the proposed approach and data-protection regulations and policy. The 
project involves consultation of the university's Research Ethics Board to evaluate ethical compliance and 
determine the need for formal approval or oversight activities that may require adaptation of the methodologies 
and datasets used [10]. Reuse and secondary processing of biobank-provided data may also be subject to 
restrictions, although opportunities for consulting consent metadata remain. Governance protocols to protect 
individuals’ identities in publicly disseminated information must therefore remain paramount [11]. Thirdly, 
integration of sanitised consent metadata and breast cancer data from biobanks in Europe, the United States, and 
New Zealand addresses but cannot entirely eliminate issues of representation and generalisability, particularly for 

Māori populations in Aotearoa[13]. The collection of consent metadata is not yet universal, and information 

regarding attitudes, beliefs, and engagement with Mātauranga Māori, a major priority in New Zealand’s cancer 
research and prevention is also absent [14]. The spatial-omics data are currently restricted to American cohorts, 
and EU-derived with-tissue cancer data without such links are scarce [15]. These constraints underline the 
motivation for investing considerable effort in building trust and behaviourally-informed, culturally-sensitive 
outreach both nationally and internationally to explore possibilities for modelling assistance [16]. 
                                                            Data Quality and Harmonization 
Data quality and harmonization are crucial barriers to overcome for the integration and analysis of spatial 
transcriptomics and biobank consent metadata for breast cancer risk prediction [8]. Such data must comply with 
the necessary privacy policies before building any computational model [9]. To this end, credentials for enabling 
access to the biobank consent metadata which contains potentially sensitive personal attributes and constitutes a 
form of controlled data, thus requiring specific handling and protection were requested from the samples with 
already established SpatialOmics Machine Learning or biobank consent metadata [10]. Subsequently, an 
extensive preliminary analysis was executed on the selected datasets. Despite significant efforts devoted to 
harmonizing data, the analysis revealed that more than 70% of the samples retained unignorable inconsistencies 
due to differences in the cohorts and entities, overwhelmingly degrading the quality of both spatial 
transcriptomics and biobank consent metadata [11]. In addition, 33% of the samples suffered from missing values 
that complicated the modelling [16]. In similar directions and order of indications, two alternative spatio-
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temporal datasets containing coordinate annotation were assessed, but the steps concentrating on biobank 
metadata were equally critical for the accuracy of pre-trained models utilising spatial omics[17]. Thus, it becomes 
imperative to focus on alternative approaches for the problematic integration of SpatialOmics and biobank consent 
metadata [17]. 
                                                            Privacy, Consent, and Governance 
Securing the privacy of individuals’ health-related information remains a significant challenge for biomedical 
research [5]. Consent agreements often specify that the data provided cannot be used outside the original purpose 
without further explicit consent, making the inclusion of external information such as biobank metadata legally 
and ethically challenging [6]. Two aspects play a role in determining whether biobank consent conditions allow 
metadata to be integrated with spatial omics data.[7] The first is whether the spatial omics data itself is covered, 
and the second is whether using biobank metadata to supplement it is permitted[8]. Longitudinal studies of the 
same cohort can provide meaningful insights into how a disease evolves from a pre-symptomatic to an advanced 
stage and an opportunity to explore the translatability of models across different study phases or geographical 
locations [8]. However, retaining the original spatial data of the biobank cohort while modelling melanoma is still 
questionable. Biobanks themselves routinely collect information on coverage and treatment, and young melanoma 
images available from the UK Biobank remain unutilized [9]. Although metadata may be anonymised, post-
processing such as standardisation and normalisation may reintroduce a level of identifiability due to the small 
number of data points [10]. Further integrations involving other datasets are prohibited on semantic grounds as 
analogue cohorts had earlier been formally excluded [11]. The spatial data possesses sensitive categories: postings 
frequently refer to information that could introduce gender biases, whereas image acquisition may exhibit bias 
affecting both timestamps and exposures [12]. Such data was already flagged as requiring ethical approval. 
Potentially disallowed data are firmly separated from content [13]. Acquiring biobank images before spatial-omics 
annotations have been debated yet remain on hold. Complementary academic-orientated biobank material with 
fewer restrictions has been sought [14]. 
                                                           Generalizability Across Populations 
Breast cancer risk prediction models, developed using data from predominantly European populations, typically do 
not generalize well to other ancestries or populations [18]. The integration of spatial omics profiles with biobank 
consent metadata can enable the development of risk prediction models in diverse populations that are more 
representative of the general population [8]. Underrepresented populations refer to research participants who 
belong to populations that are disproportionately low in representation in genomics and clinical studies [9]. Such 
participants may have high disease prevalence and high healthcare needs, but the limited availability of study data 
precludes the development of a robust disease risk prediction model suitable to their needs [10, 11]. 
                                                    Ethical and Regulatory Considerations 
Ethical and regulatory frameworks need to recognize the priority of informed consent for primary usages, 
contrasted with secondary usages where materials will be submitted to a publicly-accessible omics repository or 
databases that will not support the derivation of spatially-dependent omics[1]. Regulators should then encourage 
the reuse of consent when spatial data is added to the biobanks, via unambiguous temperature-control of the 
primary and additional scientific purposes [18]. Subsequently, the reuse of such spatial metadata ought be 
especially safeguarded, when they are substantially enriched by adding spatial units, magnitudes and imageries 
strictly following the time-worn biobanks principles [19]. 
                                                                Informed Consent and Reuse 
The analysis of metadata from the GENIUS consortium indicated a strong inclination for the reuse of consented 
data from biobanks for biomedicine and population-based genomic research [5]. The development of versatile, 
biobank-consistent consent dialogue: consent texts, questions and answers, and short-forms would ensure that 
consent would be a secondary concern in shared research projects [6]. Issues related to it would follow established 
protocols for secondary research, be minor, or be using biobanks that had established a high standard, low-burden 
protocol for broad data reuse. The Consortium implemented the “European General Data Protection Regulation 
(GDPR)” (2016) via a Model Biobank Consent Draft for participants [3]. The level of information included 
(including images and video and the ability to exchange said material, also linked to “data ownership”) remained 
within the current legislative framework. The focus remains on the discipline itself and how samples are re-used 
[4]. The European “GDPR” acknowledges that “data that have been rendered anonymous or pseudonymised in 
such a manner that the individual is unlikely to be re-identified are not regarded as personal data [5].” Thus, 
anonymisation and ensuring that limited data are mixed, such as having a few selected images common in both 
databases or appropriate secondary meta-data, would significantly reduce privacy concerns, still allowing 
functioning signatures of the original question[6]. The risk of re-identification would remain at a low level if the 
manner of blending preserved adequate metadata on the core image framing [6]. 
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                                                               Data Sharing and Access Controls 
Biobanks often require material transfer agreements and data sharing agreements to safeguard proprietary or 
personal elements in datasets [7]. The combinatorial application of spatial omics with biobank metadata holds 
academic interest; therefore, data-sharing and accessibility strategies that pose no unforeseen risk to collaborating 
biobanks while fulfilling Open Science Policy and openness expectations remain promising[8]. Space omics and 
biobank consent datasets are interconnected yet distinctive. For breast cancer prediction, the two sources may be 
integrated within a platform such as the Data Bioinformatics Network 20 or via tiered access [9]. 
                                                                Real-World Deployment Perspectives 
Breast cancer is one of the most common malignancies amongst women. Existing models exhibit human-oriented 
characteristics that can increase interpretability and usefulness at the clinical and governmental levels [8]. 
Clinicians face difficulties in considering the overall population cohort before prognosis rather than approaching 
risk prediction in gene or spatial heterogeneity separately. Contradictory scientific views across nations or 
population cohorts concerning the association of BRCA2, CDC6, CCND2, ESR1, EIF3D, HLRCC, MCM4, 
PRKDC, and SEMA4D mutation with breast cancer risk constrain early detection and intervention [21]. 
Codependency analysis among consent fields of breast cancer samples enables risk standardization across multiple 
cohorts [9]. 
                                                            Clinical Integration Pathways 
Integrating diverse data of increasing dimensionality requires bioinformatics approaches supporting consistent 
analysis and communication across the pipeline from integration to modeling [10]. One integration strategy maps 
data from each dimension to scores corresponding to the same biological states or processes [22]. For breast 
cancer risk prediction, clinical and high-dimensional omics data should be combined [11]. To achieve 
complementary, higher-dimensionality, and continuous prediction, clinical and spatial transcriptomics-related data 
enter the integration framework preischiotically as instantaneous risk of a second primary breast cancer 
developing. Thus, both histologies of the primary tumour may be detected simultaneously, prompting monitoring 
of either risk. A score-based integration scheme combines the biobank consent metadata and nucleus-based 
saliency scores indicating experimental conditions [12]. Spatial omics generate extensive, complementary, and 
continuously evolving datasets connecting geographical locations and local microenvironment [13]. Histology 
detailing from diverse modalities may further enrich predictive modelling in clinical oncology, promoting patient 
stratification and therapeutic targeting [14]. Cell-type proportions and genes expressing cell–cell and cell–
environment interactions that fluctuate with metastasis, selection, and clonal expansion are critical and highly 
covariate depending on the initial condition of the primary lesion. Continuous scores or embeddings summarising 
primary on Coxian-type hazards for the second primary breast cancer summarising accumulation time until the 
second primary entry adapt well to these observations[15]. A hollistic review analyses early-, late-, single-, 
double-, triple-, and multi-hit models describing time-to-event data across all sc-timing studies and a spatially 
structured multiscale stochastic model quantifying breast-cancer metastatic spread and its anatomical 
dependencies[16]. 
                                                  Interpretability in Clinical Decision-Making 
Most clinical decision-making systems are increasingly based on sophisticated machine learning models that 
extract valuable insights from complex high-dimensional data [17]. However, the lack of interpretability and 
potential bias of these models have raised serious concerns, particularly when deploying such methods in high-
impact applications such as health care [18]. To aid in integrating data from spatial omics and biobank consent 
metadata for improving breast cancer risk prediction, systematic efforts to identify, analyze, and document 
interpretability and bias challenges on various state-of-the-art risk estimation algorithms [19]. The goal is to 
ensure that women at elevated risk for breast cancer receive appropriate and timely clinical intervention [20]. 
Interpretability concerns arise from the existence of nontransparent machine learning models based on highly 

complex mathematical structures that are difficult to dissect, together with clinical applications that often rely on 
cause-and-effect relationships in high-stakes decisions [21]. Aiming for interpretability enables a more detailed 
understanding of the underlying decision-making mechanism and helps identify data input or model architecture 
changes that might improve predictive performance [22]. The distinction of interpretability from the broader 
notion of explainability is also motivated. In the machine learning domain, interpretability relates to the extent to 
which a human can understand internal model operation, while explainability encompasses a wider set of human-
centric aspects, including interpretability itself, user interfaces, data representation, problem formulation and 
motivation, and overall bias characterization [23]. 
                                                    Monitoring Performance post-Deployment 
Rapidly evolving machine learning (ML) technologies have shown great promise in enhancing breast cancer risk 
prediction [22]. Nevertheless, their integration into clinical workflows remains limited, even when strict 
interpretability, bias correction, and real-world evaluation have been addressed [23]. Ensuring meaningful 
deployment of ML risk classifiers in clinical practice is crucial to avoid potential harms arising from lack of 
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calibration to target populations, inappropriate use cases, and violation of personal data protection rights 
[24].The integration of six different breast cancer risk classifiers trained on UK Biobank data within an explicit, 
generalizable, and transparent framework illustrates this challenge clearly. An extensive follow-up on clinically 
relevant points enabled a clinical readiness evaluation of these risk estimates and highlighted the essential 
interpretability and safety of the ML approach and the uncertainties affecting the clinical application of model 
outputs [23]. Such monitoring emphasizes the importance of considering valid integration pathways to confirm 
population appropriateness, identify alternative use cases, determine continuous monitoring requirements, and 
select model-sharing methods which preserve participant anonymity [24]. 
                                             Future Directions and Research Priorities 
Breast cancer (BC) risk predictors based solely on genetic data generalize poorly across ages and populations [25]. 
Introducing a method that incorporates phenotype data from biobank consent files, while avoiding overfitting, can 
address this shortcoming [23]. The system also permits monitoring factors influencing risk, guiding outreach 
[16]. By integration, spatial, temporal, and demographic information is included. Biobank-unrelated data such as 
vital status do not contribute [24]. The enhancement generalizes to other conditions and, with spatial expression, 
otheromes. Combinations of data types lacking message-parceling strategies remain at risk of bias amplification 
[25]. 
                                                                    CONCLUSION 
The integration of spatial omics data with biobank consent metadata marks a significant advancement in breast 
cancer risk prediction, aligning with the broader goals of precision medicine. By combining molecular-level spatial 
information with ethically grounded metadata, this approach enables more nuanced, accurate, and context-aware 
predictive models. Importantly, it addresses longstanding challenges in traditional risk prediction frameworks, 
including limited generalizability, lack of interpretability, and embedded biases arising from unrepresentative 
datasets. The study highlights that interpretability is not merely a technical requirement but a clinical necessity, 
ensuring that healthcare professionals can trust and act upon model outputs. Similarly, the explicit incorporation 
of consent metadata provides a novel mechanism for monitoring fairness and safeguarding ethical standards, 
particularly in diverse and underrepresented populations. Real-world validation further demonstrates that robust 
evaluation across heterogeneous datasets is essential for ensuring reliability and clinical readiness. However, 
significant challenges remain. Data quality issues, inconsistencies across cohorts, regulatory restrictions, and gaps 
in representation continue to limit the full realization of this framework. Addressing these challenges will require 
coordinated efforts in data harmonization, ethical governance, and inclusive data collection practices. In 
conclusion, the proposed integrative framework not only enhances breast cancer risk prediction but also sets a 
precedent for ethically responsible and interpretable AI in healthcare. Future research should focus on expanding 
dataset diversity, refining model architectures, and strengthening real-world deployment strategies to ensure that 
these innovations translate into equitable and impactful clinical outcomes. 
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