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Abstract

Metastasis and recurrence of breast cancer are the most important factors that are affect-
ing patients’ quality of life and long-term survival globally. The development of machine
learning (ML) and statistical models have been extensively used in the healthcare sector
in predicting recurrence and metastatic risk. This has been facilitated by enhancements in
data accessibility via various datasets from public cancer repositories and population-based
registries. The validity, comparability, and clinical utility of these prediction models have
not been comprehensively integrated, and the data remains disjointed despite considerable
methodological advancements. This systematic review aims to critically evaluate the ma-
chine learning and statistical methodologies employed to predict breast cancer recurrence
and metastasis utilizing secondary data, concentrating on data sources, modeling techniques,
outcome definitions, validation strategies, and reported clinical utility.Using PubMed, Sco-
pus, Web of Science, and IEEE Xplore, a complete literature review was done according
to the PRISMA principles. In order to create and test the different ways to predict the re-
occurrence and spread of breast cancer, secondary datasets like TCGA, METABRIC, SEER,
GEO, and other cancer registries were used. The data extraction mechanism included study’s
design, the characteristics of the cohort, the predictor variables, the modeling strategies, the
performance measures, and the validation techniques.The study included a wide range of
statistical models, like Cox proportional hazards models and logistic regression, diverse ML
techniques such as random forests, support vector machines, gradient boosting, and deep
learning architectures. Most of the models under study combined the genetic or transcriptome
attributes with the clinicopathological factors whereas only a few explored the multi-modal or
image-based methods. The predictive performance varied substantially across different stud-
ies, with frequent reliance on the internal validation and limited use of external or prospective
validation. The analyses of the review showed that the results for recurrence and metastasis in
breast cancer were heterogeneous, mainly in registry-based studies, complicating the cross-
study comparison. While most of the models showed medium to high discriminatory capa-
bility, but calibration, precision, accuracy and clinical significance were rarely documented.
Machine learning and statistical algorithms showed a great future in predicting the recurrence
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and metastasis of breast cancer using the secondary data, even though their application is
limited by methodological errors, inadequate validation, and unclear clinical relevance. To
enable responsible and successful adoption of these strategies in early cancer diagnosis, the
future research should prioritize consistent outcome definitions, open reporting, thorough
validation from outside, and integration of medical decision-making considerations.

Keywords: Recurrence, Metastasis, Machine learning, Statistical models, Secondary data,
Systematic review, Breast cancer

1. INTRODUCTION

Despite the significant advancements in screening, diagnosis, and its treatment, the breast cancer
continues to be the most common disease among women worldwide and a major cause of cancer-
related mortality [1]. Although overall survival has greatly risen due to the advancements in its
early identification and the targeted therapy, metastasis and the probability to re occur still present
important therapeutic hurdles. Increased morbidity, a lower quality of life, and significantly worse
survival outcomes are linked to distant metastasis, local recurrence, and regional relapse [2]. As a
result, one of the main goals of breast cancer treatment and research is to accurately forecast the
recurrence and metastatic progression in the patients suffering from breast cancer.

The clinicopathological characteristics, like tumor size, lymph node involvement, histological grade,
estrogen count and progesterone receptor status, HER2 expression, and proliferation indices like
Ki-67, are the key parameters of early diagnosis of the breast cancer [3]. These elements serve as
the foundation for risk in suffering from the disease and its staging systems and direct therapeutic
choices in the standard clinical practice. Despite their clinical value, these methods cannot be used
to obtain the molecular heterogeneity of breast cancer and the intricate relationships that define
the disease’s timeframe. The limitations for the traditional predictive models are highlighted by
the fact that significantly varied outcomes for patients with comparable clinicopathological profiles
have been observed .

Breast cancer is a disease affecting several types of molecules, therefore the data-driven predictive
models have become more prevalent. The improvements in high-throughput technology and the
creation of large cancer databases have made it possible to obtain access to the secondary data,
such as clinical, molecular, imaging, and longitudinal outcome data [4]. There are many publicly
available resources that have been used a lot in predictive modeling studies. These include the
Cancer Genome Atlas (TCGA), the Molecular Taxonomy of Breast Cancer International Consor-
tium (METABRIC), the Surveillance, Epidemiology, and End Results (SEER) program, and the
Gene Expression Omnibus (GEO) [5, 6]. These datasets have made it easier to use both traditional
statistical methods and new machine learning (ML) methods to predict early disease diagnosis and
slow its spread in the body.

Predictive modeling in the field of oncology depends on the different statistical mortality models,
like Cox proportional hazards regression . The Cox models and their applications offer breast cancer
free survival because they have more interpretable hazard estimates and time-to-occurrence analysis
[7]. These models, however, may not accurately represent the nonlinear and multidimensional
nature of the biological data since they depend on the assumptions of proportional hazards and the

5024



https://www.oajaiml.com/ | February 2026 Advances in Artificial Intelligence and Machine Learning

linear connections between variables and outcome risk [8]. To handle multicollinearity and high-
dimensional feature spaces, especially in genomic applications, penalised regression algorithms
like LASSO and elastic net have been developed [9]. These techniques reduce the overfitting and
enhance the variable selection, but they are still limited in their capacity to represent the intricate
feature correlations.

Pattern Recognition and accuracy along with precision is the most important aspect of Machine
learning algorithms. Decision Tree, Support vector machines, random forests, gradient boosting
machines, and neural networks are among the algorithms that are being used more frequently to
predict the breast cancer results [10]. These methods are extensively used for evaluating multi-
dimensional chemical and imaging data because they may find nonlinear associations, interactions
among predictive variables, and data structures that are hierarchical [11]. Deep learning frameworks
have significantly improved modeling capabilities by making it easier to learn the features automat-
ically from the raw data. This is especially true for the datasets involving imaging-based prediction
and histopathology [12].

In order to create machine learning (ML)-based algorithms for breast cancer recurrence and metasta-
sis, the authors have demonstrated a wide range of data types, that included gene expression profiles,
somatic mutation data, copy number variations, radiomic features, and digitized histopathological
images [2]. There were many studies that have aimed at enhanced discrimination compared to the
traditional statistical models, usually while using multi-modal data sources. However, methodologi-
cal heterogeneity makes it difficult to evaluate and compare studies, and stated performance benefits
are inconsistent.

One of the biggest problems in this field is figuring out what outcomes mean and how to label them.
Recurrences can happen in the same area, in a different area, or even far away, and each has its
own medical effects. Depending on the dataset, metastasis is the spread of cancerous cell in the
body that can be found at any time during diagnosis, during follow-up, or based on survival goals
of the patient suffering from breast cancer [13]. SEER, the Cancer repository dataset, keeps lot of
information about metastasis and the body part to which it is spreading, but they usually do not have
the track of recurrence events after treatment [ 14]. Even the Molecular datasets may report about the
disease-free survival, but they may not give details about the kind of recurrence being diagnosed.
This kind of variability makes the prediction models less reliable and less useful, and it also adds
noise to the labels [15].

Itis very important that in the healthcare sector, Interpretability and transparency plays a very crucial
role in Al to take critical decisions for reliable patient care. People often criticize complex ML
and deep learning models for being “black boxes,” which can make it harder for the clinicians to
trust them, get regulatory approval, and use them ethically [16]. Feature attribution approaches
and surrogate modeling are some of the ways to make artificial intelligence more understandable,
However, these methods are still not properly standardized in the present research that try to predict
breast cancer recurrence and metastasis in the patients suffering from breast cancer.

There is a gap between the development of the scientific model and to make these models work in
real time. Very few authors have examined at how predictive models affect the doctors’ decisions,
treatment choices, or patient outcomes. Decision curve analysis, cost-effectiveness evaluation,
and prospective validation are infrequently utilized, constraining the understanding of real-world
implications [17]. The evolving regulations and reporting frameworks for Al in healthcare under-
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score the necessity of standardized guidelines such as TRIPOD-AI and CONSORT-AI to promote
transparency and reproducibility [18].

There is more and more research on prognostic modeling in breast cancer, but there still isn’t enough
research that uses both machine learning and statistical methods to predict recurrence and metastasis
using secondary data. Most of the time, the literature review that already exist only look at molecular
signatures or clinical prognostic factors [19]. They don’t look at algorithmic methods, validation
strategies, or the problems with data sources in a systematic way. As a result, there are still big gaps
in our understanding of the strengths, weaknesses, and readiness of Al-driven models for clinical
translation.

This systematic review aims to fill the gaps by combining the information received from the sec-
ondary datasets on machine learning and statistical methods used for the prediction of breast can-
cer recurrence and metastasis. This review aims to give a structured, well organized and critical
overview of the current scenario of the healthcare sector by looking at varied data sources, fea-
ture extraction techniques, modeling methods, performance evaluation practices, and its validation
frameworks. The goal of the study is to help future research, guide best practices for predictive
models, and help the responsible use of Al-driven prognostic models in breast cancer care.

2. OBJECTIVES OF THE STUDY:

1. To systematically identify and analyze the published work that employ machine learning and
statistical methods to predict recurrence and metastasis in the breast cancer patients using
secondary data sources.

2. To explore the different types of secondary datasets (like cancer registries, public molecu-
lar databases, and imaging repositories) used in predictive modeling and validate them for
prediction of breast cancer recurrence and metastasis.

3. To evaluate the performance parameters of reporting and validating models, such as discrim-
ination, calibration, and internal versus external validation methods.

4. To find methodological limitations, sources of bias, and research gaps, and to bridge the gap
to develop robust and clinically relevant Al-based prediction models.

3. METHODOLOGY

This study defines the systematic literature review methodology to identify, evaluate and combine
the recent work done in the field of machine learning and statistical approaches for predicting breast
cancer recurrence and metastasis in the patients suffering from breast cancer. The review was
conducted by keeping in mind the guidelines of Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA-2020) to make sure it was clear, reproducible, and methodologically
sound as shown in FIGURE 1.
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Identification of studies via databases and registers

Records identified through
database searching (PubMed,
Scopus, Web of Science, IEEE Records removed before
Xplore): 1,243 Screening:

Additional Records identified: | ————* Duplicate records removed
62 1085

Total Records: 1310 {(up to
2024)

Identification

b

Records screened by title and Records excluded after
abstract: 1,085 title/abstract screening: 912

h

Full-text articles assessed for
eligibility: 173

Screening

Studies included in qualitative
synthesis (systematic review):
40

Included

PRISMA 2020 flow diagram for Systematic Review Process

Figure 1: PRISMA 2020 flowchart of the Methodology

3.1 Review Design and Protocol

The review was created according to the predefined protocol including the research goals and objec-
tives, eligibility criteria, search strategy, procedure for sample selection, data extraction structure,
and synthesis methodology. The protocol was created before choosing the studies to reduce the
selection bias and analytical drift. The aim of the study is to focus on the recent articles published in
the last five years from 2019 to 2024, to include current advancements in machine learning, artificial
intelligence, and data-driven prognostic prediction of breast cancer recurrence and metastasis.

3.2 Information Sources and Search Strategy

In order to ensure extensive coverage of medical, computational, and transdisciplinary research,
comprehensive literature search was conducted across the different electronic databases. The data
repositories that were searched were IEEE Xplore, Scopus, PubMed/MEDLINE, and the Core
Collection of the Web of Science.
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The search method combined controlled vocabulary terms with free-text keywords about breast
cancer, recurrence, metastasis, machine learning, and statistical modeling.

3.3 Eligibility Criteria

Studies were selected based on predefined inclusion and exclusion criteria.

3.3.1 Inclusion Criteria

» Peer-reviewed journal articles published between 2019 and 2024

* International studies involving human breast cancer populations

+ Studies developing or validating machine learning or statistical models

* Prediction of breast cancer recurrence and/or metastasis as a primary or secondary outcome

» Use of secondary data, including clinical cohorts, cancer registries, public molecular databases,
or imaging repositories

* Articles published in English

3.3.2 Exclusion Criteria

* Case reports, editorials, commentaries, letters, or conference abstracts without full papers

» Studies focusing solely on diagnosis or treatment response without recurrence/metastasis out-
comes

* Animal or in vitro studies

* Descriptive statistical analyses that don’t use Al predictive modelling

Studies lacking adequate methodological detail or ambiguous result definitions

3.4 Study Selection Process

All obtained records were imported into a reference management system and duplicates deleted.
Two stages were used to choose studies:

1. To exclude unnecessary papers, titles and abstracts were independently evaluated against
eligibility criteria.

2. The full texts of possibly qualifying articles were reviewed for final inclusion. We settled any
discrepancies by discussion.
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3.5 Data Extraction

The first step was to create a structured data extraction form to ensure that that data was collected
uniformly and consistently across all the investigations. Research authors, publication year, and
country for each study was documented. Study design, data sources, and clinical, registry-based,
omics, imaging, or multimodal data were then extracted. Specific outcomes including local, re-
gional, or distant recurrence, metastasis, and survival endpoints like DFS, RFS, and DMFS were
recorded, along with sample size and the number of occurrences. The feature selection attributes,
engineering procedures, and validation methodologies like internal, external, cross-cohort, or tem-
poral were recorded along with the performance parameters like AUC, C-index, and calibration
measures. Evaluating interpretability methodologies and summarizing the results are important
limitations and potential biases that were identified by the authors.

3.6 Quality Appraisal and Risk of Bias Assessment

The methodological quality appraisal and bias risk were considered very important aspects for
the existing prediction model frameworks. The fundamental concepts from PROBAST were used
and reporting issues from TRIPOD-AI were addressed [18]. A qualitative assessment was per-
formed on each study across the different methodological characteristics to ensure accuracy and
reliability. The definitions and monitoring of the outputs were examined to determine whether
recurrence, metastasis, or survival endpoints were distinctly documented, clinically relevant, and
consistently measured. The predictor selection focussed on clinical relevance, justification for
inclusion, preprocessing methodologies, and strategies were implemented to manage the missing
data and inconsistent data, including imputation techniques and the recording of data absence.

3.7 Data Synthesis and Analysis

Since the datasets were heterogeneous, and there were diverse modeling approaches, a narrative and
tabular synthesis approach was adopted rather than the simple meta-analysis. Studies were grouped
and analyzed based on:

Data modality (clinical, omics, imaging, multimodal)
* Type of predictive model (statistical vs machine learning vs deep learning)
* Outcome formulation (binary vs time-to-event)

* Validation rigor and reporting quality

4. RESULTS AND DISCUSSION

The results of this study are presented as a structured synthesis of empirical data from the previously
published studies, in accordance with PRISMA-2020 guidelines for the systematic reviews. It
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summarizes and organizes the results of the literature review, which include the types of studies,
datasets, modeling techniques, outcome definitions, validation strategies, and performance mea-
sures. Comparative analysis focused on identifying methodological trends, performance patterns,
strengths, limitations, and gaps across the literature.

4.1 Data Sources and Dataset Characteristics

In the last five-year predictive modeling has been used widely on diverse range of datasets. Clinical
and Registry Data: Many studies use institutional clinical datasets or cancer registries, containing
demographics of the patients, tumor characteristics, details of the treatment, and results. For exam-
ple, a 2023 study developed a model from the record of 1,131 hospital patients (2001-2022), that
include parameters like like tumor size, lymph node status, grade, ER/PR/HER?2 status, Ki-67, and
treatment details. Large repositories of data such as SEER have been used to build recurrence risk
models, though SEER dataset lacks explicit recurrence data and often uses survival or secondary
malignancies as proxies.

Molecular Data: Public genomic databases are more frequently used for the analysis of data. The
Cancer Genome Atlas (TCGA) and METABRIC are prominent sources, that provide gene expres-
sion (RNA-seq, microarray) and clinical follow-up information. A recent study used METABRIC
(n = 980) as a training cohort to derive a 12-gene immune-related signature, then validated it on
TCGA and multiple Gene Expression Omnibus (GEO) cohorts. These datasets typically contain
distant metastasis or relapse-free survival outcomes, enabling training of prognostic models.

Imaging Data: There is growing use of radiological and pathology imaging in recurrence pre-
diction [20]. Some models incorporate radiology, e.g. breast MRI or mammography, extracting
quantitative radiomic features. A 2024 multi-center study used preoperative DCE-MRI from 466
patients in a training cohort (FUSCC) and tested on external cohorts from Duke (n=619) and I-SPY 1
(n=128). Similarly, digital pathology whole-slide images (WSIs) have been exploited: one 2021
study collected H&E-stained WSIs for 127 HER2-positive patients and combined them with clinical
data. Another 2023 study used >1,000 WSIs from a hospital and external TCGA slides to train a
multiple-instance learning model for HER2-positive cases.

Other Data Sources: Many new data types are also being explored and under study. For instance,
blood-based biomarkers like circulating tumor DNA or, intriguingly, the blood microbiome have
been studied. A 2025 study of 96 breast cancer patients profiled 16S rRNA blood microbiome se-
quences and found that microbial genera could distinguish those who later had recurrence/metastasis
(8 patients) with AUC ~0.94 using the technique of random forests. Overall, the recent literature
review spans diverse data ranging from structured clinical variables and omics like gene expression,
and mutations to unstructured imaging data and emerging biomarkers, thereby offering complemen-
tary information for predicting the recurrence risk [21].

4.2 Modeling Approaches: Statistical Vs. Machine Learning

The methodologies for risk modeling have evolved from traditional statistical models to complex
machine learning (ML) algorithms [22]. A recent systematic review of 23 studies (2008—2022)
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found about 30% used classic statistical approaches while ~70% employed ML-based methods. Sta-
tistical Models: Many studies still use Cox proportional hazards regression for time-to-recurrence
analysis. Cox models remain popular for their interpretability in estimating hazard ratios and han-
dling censored survival data [23]. Variants like competing-risks regression (to account for death
as a competing event) and piecewise Cox models have also been applied in recurrence modeling.
Several groups have presented results as nomograms —e.g. a multivariable logistic model for 5-year
local recurrence was turned into a nomogram and externally validated on 264 patients. Nomograms
provide an interpretable tool for clinicians, and at least four recent studies offered nomogram-based
risk calculators.

Traditional Machine Learning: ML classifiers such as support vector machines (SVM), decision
trees, naive Bayes, logistic regression (as an ML algorithm), and k-nearest neighbors have been
frequently used [24]. These models often incorporate more complex interactions and nonlinearities
than Cox models. According to the review, traditional ML models were among the most common
approaches (used by ~26% of studies). For example, an SVM with feature selection was used in a
2021 study for invasive breast cancer recurrence prediction.

Ensemble Methods: Ensemble models (e.g. random forests and gradient boosting like XGBoost)
have gained traction and achieved strong results. Ensembles can improve accuracy by aggregating
multiple learners. A 2020 study used an XGBoost ensemble combined with case-based reasoning to
predict recurrence, and many others report ensembles as top performers. In fact, ensemble learning
methods have achieved some of the highest discrimination (with reported AUCs up to ~0.94) in
recent studies.

Deep Learning: Deep learning approaches (another ~26% of models in the review) are increasingly
prominent [25]. These include deep neural networks for survival analysis and convolutional neural
networks (CNNs) for imaging data. For instance, a deep multi-layer perceptron was used on clinical
data for ER-/HER2- patients (2020). Recurrent neural networks (RNNs) have been applied to model
time-to-event data (e.g. a 2021 study used a Weibull Time-to-Event RNN for adjuvant therapy
patients). CNNs are especially popular for pathology and radiology images: one multimodal 2021
CNN (Xception architecture) was trained on histopathology slides to predict relapse. Notably, Yang
et al. [26], combined a ResNet-based CNN on WSIs with clinical features for HER2+ tumors,
achieving an internal AUC of 0.76 and an external AUC of 0.72 on TCGA images. Deep learning
and ensemble models have delivered the highest accuracy in many comparisons, although they
sometimes sacrifice interpretability. Overall, the field has shifted toward integrating multiple algo-
rithms — for example, one 2023 study built a stacking ensemble of five ML classifiers (logistic, SVM,
RF, XGBoost, k-NN) and found the ensemble outperformed any single model (ensemble AUC 0.817
vs best single 0.711). This trend reflects an emphasis on maximizing predictive performance by
leveraging diverse modeling approaches.

4.3 Recurrence and Metastasis Qutcomes

A fundamental aspect of this research is the manner in which the terms “recurrence” or “metastasis”
are defined. Definitions vary, which complicates comparisons. Many researchers focus on distant
metastasis (distant recurrence) as the primary outcome, since distant relapse is most linked to mor-
tality. For example, “distant recurrence” was defined in one cross-institutional study as metastasis to
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distant organs after initial treatment. Other studies predict any breast cancer recurrence (combining
local/regional recurrence and distant metastasis) within a certain follow-up period. Yang et al.
[26], explicitly categorized recurrence events as either locoregional (in ipsilateral breast/chest wall
or regional lymph nodes) or distant metastases, and defined recurrence-free survival (RFS) from
surgery to the first recurrence or death. Some works use disease-free survival (DFS) similarly. In
clinical datasets, local and distant recurrence may be combined if detailed breakdown is unavailable;
for instance, a hospital registry study defined “recurrence” broadly as any cancer return after initial
therapy (excluding patients with metastasis at baseline). Time horizons also differ: certain models
treat recurrence as a time-to-event (survival analysis), whereas others simplify to a binary outcome
within 5 or 10 years. For example, radiogenomic studies correlating with Oncotype DX consider
high 10-year recurrence risk (Oncotype score) as a positive outcome. Meanwhile, genomic signature
studies often dichotomize patients into “short-term relapse” vs “long-term survivor” groups. The
2025 immune gene signature study divided METABRIC and GEO patients into short-term (recur-
rence within ~5 years) and long-term survival groups for model development. It’s worth noting
that metastasis prediction is sometimes studied separately — e.g. models predicting site-specific
distant metastases (brain, bone, etc.) have been developed using competing-risk frameworks. In
summarize, the outcome range varies from locoregional recurrence to distant metastasis or any
relapse, and from binary classification (recurrence yes/no by a time point) to survival predictions
(hazard over time). The variability in these endpoints specifies the importance of clearly defining
the outcomes when comparing model performance.

4.4 Key Predictors and Feature Engineering Techniques

The key attributes that are crucial for the recurrence and metastasis model are the clinical features,
molecular markers, and derived factors, with careful feature extraction techniques to handle high-
dimensional data. On the clinical side, almost all models include classic prognostic factors: patient
age, tumor size, lymph node status, tumor grade, hormone receptor (ER/PR) status, HER2 status,
and sometimes Ki-67 index and treatment details [27]. These features are well-known from clinical
risk tools, and ML models often reaffirm their importance. For instance, an ensemble ML model in
2023 selected six top features — nodal positivity, ER status, Ki-67, lymphovascular invasion, tumor
size, and age — which align closely with traditional risk factors. Beyond these, therapy information
(e.g. type of surgery, endocrine or chemo administered) can improve predictions of recurrence
under specific treatments [28]. Some models for hormone receptor-positive disease include whether
endocrine therapy was given, since recurrence risk differs by therapy duration.

Molecular predictors have been extensively explored, especially gene expression signatures. High-
dimensional genomic data require feature reduction. Common approaches include univariate fil-
tering and regularized regression. The development of new gene signatures often involves: (1))
identify genes associated with recurrence via differential expression or Cox analysis, (2)) apply a
selection algorithm like LASSO or stepwise Cox. In one systematic approach, researchers screened
prognostic genes by GSEA and Cox, then applied a combination of 117 machine learning algo-
rithms under LOOCV to derive an optimal gene model. The winning model (Stepwise Cox +
Ridge regression) narrowed down to 55 genes, then to a final 12-gene signature. Regularization
techniques like LASSO (L1) are popular to avoid overfitting with many features. For example, an
MRI radiomics study used LASSO to select the most prognostic texture features from hundreds
extracted, yielding a 13-feature radiomic signature that was then used in a Cox model. Similarly,
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LASSO was used in a clinical ML study to whittle 16 variables down to the 6 most predictive. Other
feature selection methods include tree-based importance (for random forests), principal component
analysis (less common in recent works), and filter methods (e.g. selecting top features by univariate
p-value). Some deep learning models bypass manual selection by letting the network learn latent
features (as in autoencoders or CNN feature maps). An example is the use of CNNs on whole-slide
images: instead of pre-specifying image features, the model “learns” features from image pixels.
However, even in such cases, hybrid strategies exist —e.g. a 2023 multiple-instance learning model
for pathology first clustered image patches and then used attention networks to aggregate features
before combining with clinical data.

Hand-crafted features remain important for non-image data. Radiomics pipelines often extract
dozens of shapes, intensity, and texture descriptors from tumors on imaging. One radiomics study
predicting ER+/HER2- recurrence extracted features not only from the tumor region on MRI but
also from the peri-tumoral tissue, demonstrating that peritumoral texture contributes predictive sig-
nal [29]. For digital pathology, earlier studies have used color histogram and textural features from
H&E slides. Liu et al. [30], took this approach: they computed handcrafted color/texture metrics
from histology images and combined them with machine learning classifiers (like XGBoost and
RF) to predict recurrence/metastasis. This yielded decent accuracy (reportedly outperforming some
deep learning while keeping computational cost low), illustrating that classical feature engineering
still has a role, especially when data are limited.

Class Imbalance in recurrence data (often <30% of patients recur) has prompted techniques like
resampling. Synthetic Minority Oversampling Technique (SMOTE) and its variants have been
employed to generate additional minority-class examples. In one 2025 microbiome study, only 8
of 96 patients had recurrence/metastasis; SMOTE was crucial to train models, and a leave-one-out
cross-validation was used alongside to maximize use of scarce events. Likewise, the 2023 clinical
model with 75 recurrence events vs 1056 non-events applied a hybrid SMOTE-ENN method to both
oversample and clean the majority class. This helped prevent the model from simply predicting “no
recurrence” for all cases.

Feature integration is very important aspect and most of the powerful models tend to fuse multiple
feature types (clinical, genomic, imaging) to capture tumor heterogeneity. A recent tri-omics model
for invasive ductal carcinoma is illustrative: it combined (a) WSI image features, (b) a set of gene
expression features related to cancer-associated fibroblasts (CAFs), and (¢) a clinical feature (lymph
node status). The integrated Cox model significantly outperformed single-modality models (AUC
0.897 for the fused model vs ~0.77 for single WSI or gene signature). Similarly, the HER2+ CNN
by Yang et al. [26], merged image-based deep features with patient data, and the MRI-based MDL
model merged learned MRI features with clinicopathologic inputs. These examples highlight that
feature engineering often extends to deciding how to combine disparate features (e.g. concatenating
feature vectors vs. late fusion of model predictions). In summary, researchers employ a variety of
techniques — from classical statistical selection to modern deep feature learning — to distill predictive
signals from high-dimensional data, while handling challenges like multicollinearity, small event
counts, and heterogeneity of data types.
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4.5 Validation Practices and Performance Metrics

Since models can cause overfitting in complex datasets, therefore model validation is very important
in the prediction models. Internally, most studies perform some form of cross-validation or train-
test split. K-fold cross-validation (often 5- or 10-fold) on the training cohort is standard for tuning
models. For example, the ensemble model by Wang ef al. [6], used a 70/30 train-test split with
10-fold cross-validation on the training portion for feature selection and model tuning. Many deep
learning efforts also set aside an internal validation set (e.g. 70/15/15 train-val-test split) to monitor
performance during training and avoid overfitting. External validation on independent cohorts has
been reported in a minority of studies, but it’s becoming more common. The 2023 systematic review
noted only 7 of 23 models had external validation. Recent examples of external testing include:
validating a HER2+ histopathology model on TCGA slides (independent set of 123 patients), testing
a radiomics signature trained in China on two external cohorts in the U.S. (achieving significant
prognosis stratification in each), and evaluating a logistic model on a temporally separate patient
group. Such external tests are critical to gauge generalizability across different populations or
imaging protocols. Cross-cohort validation using public datasets is also seen — e.g. gene signature
studies often train on METABRIC and test on multiple GEO cohorts. In one case, a model was
trained on one hospital’s data and tested on another’s data from the same period, simulating a multi-
center scenario.

Performance metrics vary with the prediction task. For binary recurrence classification within a
fixed time frame, the area under the ROC curve (AUC) is frequently reported. Many recent models
achieve AUCs in the 0.75-0.85 range on held-out data, indicating good discrimination. For instance,
an ensemble model reached AUC 0.817 on its test set; a blood microbiome RF model achieved AUC
0.94 in cross-validation (though based on very few events). Time-to-event predictions are often
evaluated by the concordance index (C-index), which generalizes AUC to censored survival data.
External C-indices around 0.70-0.80 have been reported for integrated models. The multimodal
MRI deep learning model attained a C-index of 0.803 in an independent test cohort, compared to
~0.89 in internal validation. Another pathology clinical model for HER2+ cases showed C-index
~0.73 on TCGA, close to its ~0.76 internal result. These indicate moderate to strong prognostic
power (for reference, traditional clinical models often have C-index ~0.6—0.7). It’s notable that
deep learning and ensemble models have matched or exceeded earlier models; the review found the
maximum AUCs reported were 0.94 for both a deep learning and an ensemble method.

Beyond AUC/C-index, other metrics appear in some studies. Accuracy, sensitivity, and specificity
are occasionally given for classification models, but they are less informative for imbalanced data.
Precision, recall, F1-score, and Matthews correlation coefficient (MCC) were reported in the mi-
crobiome study, for example, to account for imbalance. Calibration of predictions has garnered
attention in studies that produce absolute risk scores. Nomogram-based studies typically present
calibration plots to show agreement between predicted and observed recurrence probabilities. For
instance, a 2022 competing-risks nomogram was calibrated and even deployed as an online calcu-
lator for user testing. However, not all ML papers report calibration; many focus on discrimination
ability alone. A few works also use decision curve analysis to evaluate clinical utility at different
threshold probabilities (especially when proposing a model for decision support, to compare net
benefit with standard strategies).
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Comparisons against standard clinical predictors or existing tools are important for context. Some
studies compare their model’s AUC or hazard ratios to those from the likes of Adjuvant [31]. Online
or the Nottingham Prognostic Index. Others directly evaluate against genomic assays: for example,
radiomics studies used Oncotype DX recurrence score as a benchmark. One MRI radiomics analysis
achieved an AUC ~0.78 in classifying patients above vs. below an Oncotype RS threshold of 25,
suggesting imaging could approximate genomic risk stratification. Another deep learning model
explicitly reported its performance in subgroups and noted it provided better recurrence risk strati-
fication than the 21-gene test for certain patient subsets. Such comparisons help establish whether
new ML models offer incremental value over existing prognostic indices.

In summary, rigorous validation is very important, internal cross-validation is very common, but
external validation is also increasingly performed (though still not universal). Performance is typ-
ically reported in terms of AUC for classification or C-index for survival, with the best models
achieving ~0.8—0.9 on validation data. Careful reporting of calibration and comparisons to current
standards are emerging practices to demonstrate that high accuracy can translate into meaningful
clinical predictions.

4.6 Transparency and Reproducibility Considerations

A major problem in the healthcare domain is to ensure that most of the ML models should be clear,
easy to understand and reusable [32]. But most of the machine learning models are essentially
“black boxes,” which can be difficult to be trusted and used by the doctors. To counter this,
recent studies have incorporated interpretability techniques. Feature importance and SHAP values
(Shapley Additive Explanations) is one of the most primitive approaches for tree-based or ensemble
models. For example, the 2023 ensemble model used SHAP to explain the contribution of each
of the six key features to an individual patient’s recurrence risk. SHAP aimed to bridge the gap
between the predicted outcomes of the model and clinical judgement by integrating both global
and patient-specific explanations. In that study, higher Ki-67 and positive lymph nodes had large
positive SHAP values for recurrence, aligning with known risk factors, which lent credibility to
the model’s decisions. Some deep learning efforts use visual interpretability: CNNs on pathology
images might highlight regions most indicative of recurrence (e.g. via attention maps), although
such methods were not always reported in detail.

There is another way to promote transparency and that is by building simpler models from complex
models. Many authors have converted their models into nomograms or online risk evaluators for the
ease of use like implementing a web-based calculator from their competing-risks model for node-
positive patients. Similarly, in 2021 one of the works provided a nomogram based on an ensemble of
J48 decision tree and Naive Bayes. These allow end-users to input patient characteristics and obtain
recurrence risk estimates without needing to understand the underlying ML mechanics. While
nomograms are inherently interpretable (linear point-based systems), they often approximate more
complex models and may lose some accuracy in favor of clarity.

Reproducibility is aided by the use of public data and code sharing, but there are gaps. Studies
leveraging TCGA, METABRIC, and GEO are inherently more reproducible because others can
access these data and validate the findings. Indeed, one 2025 study explicitly cited that unlike many
previous signatures that failed on independent data, their signature-maintained performance across

5035



https://www.oajaiml.com/ | February 2026 Charanpreet Kaur and Rosy Madaan

METABRIC, GEO, and TCGA, suggesting robust methodology and avoiding overfit to a single
cohort. However, a large number of models are developed on single-institution datasets that are not
publicly available (often due to patient privacy). The lack of open-source breast recurrence datasets
was noted as an impediment to model development and validation. This also hinders reproducibility
of results — independent researchers cannot easily verify findings or test the model on new patients.
There are encouraging signs: a few authors have released their trained models or provided web
interfaces, and journals/conferences are starting to expect code or model sharing as supplementary
material. For instance, three ML models in the recent review were accessible online for validation
by others.

Generalizability is another aspect of reproducibility — whether a model built in one setting works
in another. As discussed, external validations across cohorts (e.g. testing a model on TCGA or
a different hospital’s data) are the acid test. Many ML models have shown performance drop-
offs when applied to new data (due to population differences or technical batch effects). The
interpretability tools can sometimes reveal why — e.g. a model might overly rely on a feature that
is recorded differently elsewhere. One study found their model’s performance dipped on a new
cohort because one predictor (histologic grade) was pathologically assessed with different criteria;
re-calibrating that feature’s contribution improved transferability. This shows how important it is
to clearly communicate model characteristics and coefficients so that other people can change their
models as and when required.

Two important parameters of transparency are fairness and inclusiveness. The 2023 systematic
review pointed out that many models overlooked certain patient groups — notably, almost all were
trained on data from North American, European, or East Asian patients, with very few including
African or Middle Eastern populations. Because of these limitations, the models may not work for
populations that aren’t well-represented. To make the model more generalizable, different datasets
need to be explored and combined. Also, the methods like transfer learning or federated learning
can to be used.

In conclusion, although initial efforts were concentrated on pure predictive performance, but newer
research focus on the importance of interpretability (SHAP values, nomograms), open data, and
validation on independent cohorts to guarantee that models are both accurate and transparent. There
is increasing recognition that a slightly less complex model that clinicians trust and can reproduce
a more accurate black-box model.

4.7 Clinical Utility and Translational Relevance

Ultimately, the value of recurrence risk models lies in their ability to impact clinical decision-
making and patient outcomes. Many publications now discuss how their model could be used in
practice — though true clinical translation is still limited. One major potential use is personalizing
adjuvant therapy decisions. By identifying patients at high risk of recurrence, oncologists can
recommend more aggressive treatments (e.g. chemotherapy, extended endocrine therapy), while
low-risk patients might safely avoid overtreatment. This is the rationale behind genomic assays
like Oncotype DX, and ML models aim to provide similar or improved stratification. For example,
an Al model that predicts distant relapse risk in HR+ breast cancer could guide whether to add
chemotherapy on top of endocrine therapy. A recent study introduced an explainable ensemble
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model explicitly as a clinical decision support tool (CDSS): it provided individualized risk scores
along with explanations, so that high-risk patients might be considered for additional therapy and
low-risk patients spared unnecessary chemo. The authors note that prospective multi-center trials
are needed before deployment, but they envision integration of such a model into tumor boards and
treatment planning.

Another area of utility is patient counseling and follow-up planning. Knowing a patient’s recurrence
risk can inform surveillance intensity (e.g. frequency of imaging follow-ups) and lifestyle or pre-
ventive interventions. Nomogram tools, for instance, can be used in clinic to discuss an individual’s
percentage risk of recurrence at 5 or 10 years and thereby motivate adherence to adjuvant therapy or
risk-reducing measures. If a model is interpretable (showing, say, that the patient’s large tumor size
and lymph node involvement drive their risk), it can facilitate a conversation about why extended
therapy is recommended.

Some ML models are targeting specific clinical gaps. The radiomics approaches that correlate
with Oncotype DX aim to provide a cheaper, non-invasive alternative to expensive gene tests. If
MRI or mammogram-based models can reliably predict which patients have a high genomic risk
of recurrence, then resource-limited settings or patients who cannot afford genomic testing might
still get risk stratification [33]. One multicenter radiomics signature indeed showed promise in
prognosticating relapse-free survival and even predicting response to neoadjuvant chemotherapy
(pCR) when combined with clinical factors. This suggests ML models might expand utility beyond
recurrence risk to related outcomes like treatment response, further personalizing therapy selection.

Despite these potential benefits, gaps to clinical adoption remain. Few models have undergone
prospective validation. Most are retrospective and would need testing on prospective cohorts or in
clinical trials to prove that using the model improves decision-making or patient outcomes. There
is also the question of integration into clinical workflow: tools must be user-friendly (hence interest
in web calculators or EHR integration) and provide results in real-time. Some advanced techniques
(e.g. those requiring analysis of WSIs or complex MRI radiomics) may require the use of some
specialised and automated software tools that might not be available in all hospitals.

Regulatory and ethical considerations also very important in the healthcare sector. If any model
directly affects the treatment decisions of the disease, it may need regulatory approval and generally
requires substantial proof of safety and efficacy. So far, no ML-based recurrence predictor has
reached the level of regulatory-approved tool or guideline-recommended test, unlike Oncotype or
MammaPrint which went through extensive validation. There are many positive signs where several
institutions are testing Al-driven risk assessments in tumor boards to determine if they agree with
the conclusions or outcomes of doctors.

Decision-curve evaluations in several studies suggest that employing a machine learning model
would enhance the net benefit (detecting more recurrences for a specified false-positive rate) relative
to treat-all or treat-none approaches. For instance, a 2022 study showed that their model’s decision
curve was the deciding factor to use a high Ki-67 alone on chemotherapy. This type of study is very
useful as to how it helps patients, which might be convincing to doctors as well.

To summarize, these models are very useful for translation because they provide more accurate,
personalized care by grouping the patients by risk factors, regulating the strength of adjuvant medi-
cation, customizing follow-up and treatments, and replacing expensive diagnostics and clinical tests.
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But to make this potential a reality, requires more validation, integration into workflows, and proof
that model-guided decisions can enhance patient outcomes (for example, by avoiding therapies,
clinical trial endpoints can be used like fewer recurrences or improved quality of life).

TABLE 1 shows the characteristics of the studies that were included in the systematic review, in
line with the PRISMA 2020 reporting standards. It shows the different kinds of data, the predictor
variables, the sources of data, the ranges of sample sizes, feature engineering and selection methods
and modeling techniques used to figure out how likely breast cancer can relapse and spread. The
performance measures and result outcomes were also included in the summary.

Table 1: Characteristics of Included Studies: Data Sources, Predictors, Modeling Approaches, and

Outcome Definitions

Data Typical Typical Sample Feature Modeling Typical  Outcome
Category  Predictors / Data Size Engineering & Approaches Perfor-  Framing
Features Sources Range  Selection mance
Techniques Metrics
Clinical &  Age, tumor size, Institutional ~500to Manual feature Cox PH, C-index, Recurrence
Registry nodal status, cohorts; >10,000 selection; univariate competing-risks AUC, HRs (binary),
Data grade, SEER-type filtering; LASSO;  Cox, logistic DEFS,
ER/PR/HER2, registries stepwise regression; regression; DMES,
Ki-67, LVI, tree-based SVM, RF, metastasis
treatment details importance XGBoost
Molecular/  Gene expression TCGA, ~500to Differential Cox/ C-index, REFS,
Genomic (immune genes, METABRIC, ~2,000  expression; Cox LASSO-Cox; AUC DMES,
Data proliferation, GEO screening; GSEA; ML ensembles relapse
CAF markers), LASSO/ elastic net;
mutations ridge regression
Radiological Shape, intensity, MRI, mam- ~400to ROI segmentation; Cox + AUC, DFS, re-
Imaging texture, wavelet mography ~1,200 radiomic extraction; radiomics; C-index  currence,
(Radiomics) features; (multi- LASSO feature SVM; RF; metastasis
peritumoral center) reduction; z-score ~ XGBoost; DL
features normalization hybrids
Pathology  Cellular Institutional ~100 to Hand-crafted color/ RF/ XGBoost AUC Recurrence,
Imaging morphology, pathology; >1,000 texture features; (hand-crafted); metastasis,
(WSI) tissue TCGA MIL patch CNNs (ResNet/ genomic
architecture, slides clustering; attention Xception); MIL proxies
color/ texture pooling DL
patterns
Emerging  ctDNA, blood Blood-based <100to Normalization; RF; ML AUC Recurrence
Biomarkers microbiome taxa assays ~500 feature filtering; classifiers /
(ctDNA, SMOTE for metastasis
microbiome) imbalance
Multimodal Clinical + Clinical + ~500to Feature Ensemble ML; AUC, DFS,
/ Hybrid genomic + omics; ~2,000  concatenation; DL fusion; Cox C-index = DMFS,
Data imaging features imaging + late-fusion hybrids recurrence
clinical ensembles; stacked

generalization
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4.8 Trends, Gaps, and Future Directions

Trends over 2019-2024: The literature review showed a clear trend towards multi-modal modeling
— that combined the clinical, imaging, pathologic, and genomic data for a more holistic prediction
of the disease. Early ML models often used only clinical features or a single genomic signature,
but newer models integrated data types (for example, merging WSI features with gene expression
and clinical data for a tri-omics model that markedly improved AUC). It was also observed that
there was a trend focussing on subpopulations (HER2-positive, triple-negative, low-stage, etc.) to
tailor models to more homogeneous groups, which can boost performance within those groups [34].
Deep learning has become very important in this area, especially with the increased availability of
computing power and data — pathology image analysis and radiomics feature learning benefit from
CNNs and attention mechanisms as seen in multiple 2021-2023 studies. Another trend that was
seen was the support for external validation and multi-center studies, indicating maturation of the
field. By 2024, multi-center radiomics and international collaborations (e.g. the AURORA project
in metastasis research, etc.) were seen, whereas earlier studies were often single-institution based.

Current gaps: One of the most important gaps was the limited diversity of data — models were
trained largely on Western or East-Asian cohorts that may not be generalized globally [35]. There
was a need for including patients of African ancestry and other underrepresented groups, as identi-
fied as one of the gaps in the study. Another gap was that the most models did not incorporate time-
varying factors or dynamic data; nearly all use baseline characteristics at diagnosis/surgery. But risk
can evolve (e.g. new comorbidities, response to therapy). Future models might utilize longitudinal
data (e.g. how quickly a tumor marker falls with treatment, or serial imaging changes) to update
recurrence risk in real time. Additionally, while many studies mention outcome “metastasis,”
relatively few specifically tackle the question of site-specific metastasis prediction (brain vs bone
etc.), which could be clinically relevant for surveillance strategies. One 2023 paper did address
site-specific distant metastasis using competing risks, but this remains a niche.

Interpretability vs. performance: There is still a tension between using the most complex model
for maximum accuracy and using simpler, more interpretable models. As a result, a gap exists
in user-centered design — we need models that physicians will actually use. Future work may
focus on hybrid models that are inherently interpretable (such as rule-based ML or generalized
additive models) while still capturing nonlinear interactions. Some of the work done by the authors
in artificial intelligence could be applied here, so that the doctors can predict risk factors along with
explanations in plain language (e.g. “because of high Ki-67 and 4 positive nodes, patient is high
risk™).

Reproducibility and standards: The medical field would benefit from standardized benchmarks
and open challenges. For example, common datasets could be established for model comparisons
similar to how ImageNet drove computer vision. This is happening slowly: a Kaggle or DREAM
challenge on breast cancer prediction could lead to greater transparency along with external valida-
tion by several teams. If there aren’t any guidelines like these, any study may report a high AUC
on its own data without a way to directly compare models. The recent systematic review attempted
to benchmark models, finding that deep learning and ensembles achieved top performance but also
noting many studies had methodological biases.
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The summary of the literature review according to the work published by different authors has been
shown in TABLE 2. Also, TABLE 2 has some entries that are study of clusters/trends that are
representing parameter-level synthesis instead of showing one paper per row.

Table 2: Summary of Systematic Literature Review and Parameter-Level

Synthesis
S.No. Study Geography Modality Endpoint Modeling  Validation Main Key analytic notes
(Author, / Data (how family metrics  (bias / limitations /
Year) Source framed) reported strengths)
Type
1 Nicolo et al., Multicohort Clinical ~Time-to- Mechanistic IV + Time-to-  Strong framing for
2020 [36] clinical distant + ML/ cohort event time-to-event;
(secondary) metastatic survival tests perfor- mechanistic
relapse mance assumptions need
calibration
2 Dasgupta Canada/ QUS Recurrence  Radiomics + IV (often AUC/ Imaging
etal., 2021 international radiomics after NAT ML +EVin C-index harmonization critical;
[5] cohorts (time-to- QUS (varies)  event-rate constraints
event) literature) common
3 Yangetal., Secondary Clinical/l Recurrence Ensemble + IV (CV) Accuracy/ Illustrates imbalance
2021 [26] dataset tabular  (classifica-  cost- sensitivity handling; risk of
tion) sensitive etc. optimistic CV if
leakage
4 Liu et al., Multi-site /  Histopath Recurrence + ML on IV (some AUC Feature engineering
2022 [12] pathology (H&E)  metastasis texture/ EV) sensitive to staining/
risk color + scanner shift
fusion
5 Wang etal., Secondary MRIra- Prognostic  Radiomics + IV AUC/ Multimodal boosts
2022 [6] MRI cohorts diomics/ surrogate DL + C-index  discrimination but
DL (DFS/RFS) nomogram increases deployment
burden
6 Lee et al., South Korea MRI LRR (time- ML v AUC/ Large N improves
2023 [37] single-center radiomics to-event / radiomics C-index  stability; needs EV
risk) across scanners
7 Gonzélez- EHR Clinical + 5-year ML IV (and/ or AUC Demonstrates value of
Castro et al., (structured + NLP recurrence  (XGBoost EV de- unstructured EHR;
2023 [3] unstruc- (binary) etc.) pending) label definition critical
tured)
8 Zuo et al., Secondary  Clinical/ Recurrence ML model IV AUC/ Benchmark-style
2023 [38] health data  tabular  prediction comparison Accuracy comparison; quality
depends on proper
tuning & splits
9 Sukhadia Clinical Clinical Distant ML IV/EV AUC/ Highlights role of
etal., 2023  cohorts recurrence (varies)  C-index  baseline survival
[39] models vs ML
value-add
10 Shineretal., Multi- Clinical Site-specific ML + v AUC (site- Novel “where
2023 [40] institutional DM statistical specific)  metastasis occurs”
clinical framing; class

imbalance by site
Continued on next page
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11

12

13

14

15

16

17

18

19

20

21

22

23
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Zhao etal.,, Registry/ Clinical DM risk ML +
2023 [41] SEER-type registry (male BC)  nomogram
Zhong et al., Registry/ Clinical Bone XGBoost
2023 [42] SEER-type registry metastasis
diagnosis +
survival
Murata et al., Clinical Clinical DM after Statistical
2023 [43] recurrence isolated LRR model
cohort
Suetal., International/ WSI Predict Deep
2023 public (H&E)  genomic RS learning
(BCR-Net)  cohorts proxy
[44] (Oncotype-
like)
Howard et al., Multicohort WSI+  Prognostic/ DL
2023 [45] clinical  therapy multimodal
benefit
signals
Hamedi et al., Literature =~ Multi Survival/ Multiple
2024 [46] synthesis recurrence
modeling
Liuetal, Secondary  Clinical/ Recurrence  Explainable
2024 clinical tabular  (classifica-  ensemble
(Heliyon) dataset tion)
[30]
Tan et al., China Clinical + DM ML
2024 [17] clinical ultra- prediction
sound
Ahmad S. et China Blood DM Al/ ML
al., 2022 [25] clinical biomark- prediction
ers/histology
You et al., Multi-cohort MRI Prognosis/  Radiomics +
2024 [47] radiomics recurrence  transfer
+ biology risk
Xiong et al., China Multi- DFS Radiomics +
2024 [48] clinical modal (includes ML
radiomics LRR/ DM/
death)
Qietal., 2024 Review Multi- Prognosis/  Multi
(Radiomics  (global) imaging recurrence
review) [49] themes
Jiang etal.,, Review Pathology Prognosis/ DL
2024 (global) DL metastasis
(histopath DL themes

review) [35]

v

v

v

1A%

IV/EV

(reported)

v

v

v

vV +
Cross-
cohort

v

AUC

AUC +
survival
metrics

AUC/
C-index

AUC/
accuracy

AUC/
C-index

AUC

AUC/
Accuracy

Accuracy/
AUC

AUC/
C-index

C-index/
AUC

Registry endpoints
may be proxies; still
useful for population
risk

Strong scale; label/
proxy issues + missing
therapy detail

Focused use-case
(post-LRR); selection
bias likely

Predicts “assay proxy”
not direct recurrence;
still clinically relevant
surrogate

Better confounding
control when trial-like
cohorts used

Confirms recurring
gaps: EV scarcity,
calibration
underreporting

Good explainability;
needs calibration + EV
to claim clinical utility

“Low-cost features”
trend; watch for
leakage via
post-diagnosis labs
Outperforms
CNN-GRU and
CNN-LSTM, rich
image data, strong
performance
Stronger “transfer”
focus; still needs
prospective
deployment
Endpoint composite
improves events but
reduces interpretability
of “recurrence”
Highlights:
harmonization, EV,
calibration, reporting
standards

Notes foundation
models + domain shift
as central issues for
prognosis
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24

25

26

27

28

29

30

31

32

33

34

35

Emily et al.,
2024 [10]

Ye et al.,
2020 [14]

(2019-2024)
Imaging
radiomics
prognosis
cluster
(2019-2024)
EHR + NLP
recurrence
cluster
(2019-2024)
WSI/ DL
recurrence-
surrogates
cluster
(2019-2024)
Multi-modal
fusion trend

(2019-2024)
Metastasis
site
prediction
trend
(2019-2024)
Registry-
based DM
prediction
(2019-2024)
Calibration
underreport-
ing
(2019-2024)
External
validation
scarcity
(2019-2024)
Outcome
definition
heterogeneity
(2019-2024)
Class
imbalance
handling
variability

Secondary
clinical

Registry/
clinical

Global

Global

Global

Global

Global

Global

Global

Global

Global

Global

Survival
(DFS/
RFS-type)

Clinical

Bone
metastasis
risk

MRI/ US/ DFS/
Mammo recurrence/
radiomics prognosis

Clinical

Clinical+ 5y recurrence

text

Pathology RS proxy /
risk
stratification

Clinical+ DFS/ DMFS/

imaging/ recurrence

omics

Clinical  Site-specific
DM

Registry DM at
diagnosis /
DM risk

— LRR vs
distant vs
composite
DFS

— Recurrence
rare

Cox vs
survival RF

Nomogram/
statistical

Radiomics +
ML

ML

DL

Fusion DL/

ML

ML

ML/
nomograms

SMOTE/
weights

Charanpreet Kaur and Rosy Madaan

v C-index/
AUC

v AUC

Mostly IV AUC/
C-index

IV>EV AUC

IV (some AUC

EV)

v AUC/
C-index

v AUC

v AUC

— Brier/
slope rare

EV un- —

common

v Accuracy/
AUC

Good “ML vs
classical” comparison;
still depends on
endpoint quality
Nomogram
interpretable; registry
confounding remains
Common pattern: high
AUC internally; EV
drop under domain
shift

Stronger real-world
signal; hardest part is
label correctness

Surrogate endpoints
useful; must avoid
overclaiming
“recurrence
prediction”

Best discrimination
often from fusion;
worst reproducibility
if pipelines opaque
Valuable for
surveillance planning;
rare-class imbalance
dominates errors

Scale advantage;
therapy/ context
missing —
confounding risk
Field gap: high AUC
# usable risk without
calibration

Primary blocker for
clinical translation in
recurrence/ DM
models

Prevents
meta-benchmarking;
must standardize
recurrence taxonomy
Resampling inflates
internal metrics if
leakage; must use
nested CV/ strict splits
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36

37

38

39

40

(2019-2024) Global — — DL v — Explanations often

Interpretabil- technical; rarely linked

ity gap in to actionable clinical

DL features

(2019-2024) Global — — — — DCA/net Even strong models

Clinical benefit rarely show decision

utility rare impact —

evaluation “research-only” status

rare

(2019-2024) Global — — — — — Code/ model sharing

Reproducibil- inconsistent; hampers

ity artifacts independent

limited verification

(2019-2024) Global Clinical/  TNBC/ ML/DL v AUC/ Better within-subtype

Subtype- imaging HER2/ HR+ C-index  performance; poorer

specific DFS/ RFS Cross-pop

modeling transportability

rising

(2019-2024) Global — — — — — Clear pathway:

Best-practice standardized endpoints

direction + EV + calibration +
TRIPOD-AI style
reporting

5. FUTURE SCOPE

To address the gaps as discussed, several directions stand out that have been pointed out as follows:

* Multi-center prospective trials: Validating Al models in a prospective setting (e.g. using

the model to guide therapy in one arm vs. standard care in another) would provide highest-
quality evidence. This could show if model-informed decisions truly reduce recurrence or
avoid unnecessary treatment.

Integration of novel omics: Beyond gene expression, other omics (proteomics, epigenetics,
microbiome as early work suggests) could enhance predictions. Multi-omics could unveil
new predictors like immune microenvironment signatures, circulating tumor DNA levels, etc.,
which might predict metastasis earlier than traditional factors [50].

Federated learning and privacy-preserving Al: Given data-sharing challenges, algorithms
that train on distributed data without centralizing it could allow learning from vastly larger
datasets (from different hospitals/countries) while respecting privacy. This can improve model
robustness and generalizability.

Personalized treatment effect prediction: A complementary angle to recurrence risk is
predicting which specific therapy will best reduce that risk for a given patient (treatment
benefit prediction). Some recent work is moving toward combining prognostic modeling with
predictive modeling of drug benefit. For instance, an Al might predict both the baseline risk
and how much that risk would drop if the patient receives chemotherapy or a CDK4/6 inhibitor.
This would be immensely useful for personalized therapy selection.
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* Clinical workflow integration: Future research might also focus on the development of a
software that will integrate into pathology or radiology workflows to automatically output
the risk scores when a new slide or scan is read. This will require robust automation and
user interface design to ensure that the output is accessible and arrives in time for treatment
planning.

6. CONCLUSION

In conclusion, the past five years have seen significant advances in machine learning and statis-
tical models for breast cancer recurrence and metastasis risk prediction. Models have become
increasingly comprehensive (integrating multi-source data) and accurate (with AUC/C-index often
>0.8), and researchers are paying more attention to validation, interpretability, and clinical utility.
Still, to transition from research to routine patient care, further work is needed to fill the data
gaps, ensure models are transparent and equitable, and demonstrate improved patient outcomes.
Clinical and registry-based datasets are still the most common sources. The research studies have
consistently found that established prognostic factors like tumor size, lymph node status, hormone
receptor status, HER2 status, Ki-67, and treatment-related variables are the best predictors. Public
databases like TCGA and METABRIC have made it feasible to generate biologically accurate pre-
dictive signatures. This was made possible by regularization-based feature selection, that helps keep
the track of high-dimensional data. Imaging-based methods, like radiomics and digital pathology,
have made modeling even more complex, especially when combined with the clinical variables.
There has been a clear shift in methodology from traditional statistical survival models to machine
learning, ensemble, and deep learning techniques. Multimodal fusion models often do a better
job of separating different groups. But these improvements are not without their problems, such as
different definitions of outcomes, limited external validation, and less clear meaning. It is important
to deal with these problems in order to make predictive models more useful and easier to use in
clinical settings. The trajectory is promising — these predictive tools are steadily moving toward
fulfilling the goals of precision oncology by enabling clinicians to identify high-risk patients more
reliably and tailor treatments to prevent recurrence, ultimately improving survival and quality of
life for breast cancer survivors.
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