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Machine learning for predicting breast cancer risk and outcomes: a scoping 
review
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Review Article

ABSTRACT
Breast cancer (BC) is the most frequently diagnosed malignancy worldwide and 
a leading cause of death in women. Machine learning (ML) enables data-driven risk 
stratification and outcome prediction, potentially improving screening, treatment 
choices, and overall care. This scoping review cataloged ML models used to predict 
BC risk and post-treatment outcomes. A PubMed search using MeSH terms (“breast 
neoplasms,” “breast cancer,” “machine learning,” and “predictive value of tests”) 
retrieved 44 records, with 9 added by manual searching; 24 studies were included. 
We excluded 29 reports limited to imaging/radiomics or biomolecular/omics, plus 
other ineligible items. Model usage among included studies: 13 random forest (RF); 
13 support vector machine; 7 decision tree; 5 k-nearest neighbors; 4 deep learning; 3 
naïve Bayes; 2 artificial neural networks. Average RF accuracy surpassed 90% in most 
reports, indicating RF is both common and consistently strong for predictive modeling, 
supporting targeted clinical translation.
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Artificial intelligence (AI) comprises computational 
methods designed to emulate human judgment 
and problem solving. Within AI, machine learning 
(ML), including deep learning (DL), learns patterns 
from data to generate predictions. In healthcare, its 
principal applications are oncology prognostication, 
encompassing overall survival, recurrence, treatment-
related toxicities, biomarker discovery, and tumor 
detection/classification.1

Breast cancer (BC) is the most prevalent 
malignancy among women and is a leading cause of 
cancer-related mortality owing to its high incidence. 
Marked inter-patient heterogeneity yields a wide 

variation in 5-year survival, and a large number of 
cancer deaths occur in low- and middle-income 
countries,2 where constrained resources limit 
access to optimal care. Accurate risk and survival 
predictions can inform therapeutic selection, 
prevent overtreatment, support clinical trial 
eligibility assessments, and improve cost efficiency. 
Numerous ML approaches have been evaluated for 
the diagnosis, risk stratification, recurrence, and 
symptom prediction. Although some investigations 
identify support vector machines (SVMs) as top 
performers on benchmark datasets, others report 
superior results for artificial neural networks (ANNs) 
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or random forests (RFs) models, and rigorous external 
validation and calibration remain limited.2–4

ML algorithms are generally categorized into three 
main types: (1) supervised learning, (2) unsupervised 
learning, and (3) reinforcement learning. This 
classification is primarily based on the nature of the 
desired output. In supervised learning, the algorithm 
is guided by a ‘teacher’ using labeled training data. 
Each input is paired with a corresponding output 
label, enabling the model to learn the underlying 
relationships and apply these learned patterns to 
classify or predict outcomes for new unseen data. 
In unsupervised learning, the examples provided 
are unlabeled, allowing the ML model to identify 
patterns within the data independently. Examples 
of unsupervised ML include self-organizing feature 
maps, hierarchical clustering, and k-means clustering 
algorithms. These methods create clusters from 
raw, unlabeled, or unclassified data. These clusters 
can later be used to develop classification schemes. 
Reinforcement learning is an ML technique in which an 
agent learns to make decisions by interacting with the 
environment, taking action, and receiving feedback 
in the form of rewards or penalties. The goal of the 

agent is to learn a policy that maximizes cumulative 
reward over time by exploring and exploiting its 
environment.

Considering the increasing significance of 
identifying prognostic factors and the expanding 
application of ML in predictive modeling, it is 
pertinent to review the existing studies focusing on 
ML approaches for predicting cancer incidence and 
prognosis. This study aimed to examine the prevailing 
trends in the types of ML algorithms employed, nature 
of integrated data sources, specific outcomes targeted 
for prediction, and overall predictive performance of 
ML models. Such an evaluation is necessary because 
consolidated evidence comparing the performances 
of different ML models in predicting BC risk and 
outcomes remains limited.

METHODS

We searched PubMed (Medical Literature Analysis 
and Retrieval System Online [MEDLINE]) from database 
inception to January 24, 2023, using a combination 
of Medical Subject Headings (MeSH) and free-text 
terms for BC, ML/AI, and prediction/prognosis. Core 

Figure 1. Preferred reporting items for 
systematic reviews and meta-analyses 
(PRISMA) 2020 flow diagram
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MeSH terms included “Breast Neoplasms,” “Machine 
Learning,” “Artificial Intelligence,” “Neural Networks 
(Computer),” “Deep Learning,” “Prognosis,” and 
“Treatment Outcome,” supplemented with title/
abstract synonyms (e.g., “random forest,” “support 
vector machine,” “XGBoost,” “risk stratification,” 
“recurrence,” “survival,” “toxicity,” “prediction 
model”). We also included the MeSH term “Predictive 
Value of Tests.” No language or date limitations were 
imposed during the search. Publications were selected 
for review if they used one or more ML methods, at least 
two risk factors, or an experimental or observational 
study design. Imaging or molecular-only studies were 
excluded from the analysis.

This scoping review adhered to the preferred 
reporting items for systematic reviews and meta-
analyses (PRISMA) 2020 reporting guidelines (with 
PRISMA-extension for scoping reviews elements where 
applicable). Figure 1 summarizes the study selection 
process, showing 15 records identified through 
database searching and 9 through manual searching, 
for a total of 24 studies included. We pre-specified the 
review and eligibility criteria (Population: BC; Index/
Intervention: ML models for risk and post-treatment 
outcomes; Outcomes: risk, survival, recurrence, 
toxicity, and others; Study design: original research) 
for this study. The largest database was searched 
(PubMed/MEDLINE and manual/reference checking). 
Two-stage screening (title/abstract, then full text) 
followed predefined criteria. We chart the algorithmic 
families (e.g., RF, SVM, ANN/DL), data sources, 
endpoints, performance metrics (area under the 
receiver operating characteristic [AUROC], accuracy, 
sensitivity, and others), and validation approaches 
(internal/external). Data items were screened and 
extracted, and both applicability and risk of bias (RoB) 
were evaluated using the checklist for critical appraisal 
and data extraction for systematic reviews of prediction 
modelling studies (CHARMS), with all processes 
conducted independently by the two reviewers (DA 
and SG).5 The reporting of this review was guided by the 
majority of the transparent reporting of a multivariable 
prediction model for individual prognosis or diagnosis 
(TRIPOD) checklist items.6

RESULTS

Table 1 summarizes the study characteristics and 
Table 2 presents the methodological assessment 

and model performance metrics. The assessment of 
model performance utilized a range of measures and 
was not consistently reported across the included 
studies.3,4,7–28 The results are summarized in Table 
2. The most frequently reported measure was the 
AUROC, with accuracy reported in 19 of the 24 studies 
(79%). When available, the supplementary materials 
provided by the corresponding authors were used 
for data extraction. If such materials were not 
provided, data were extracted solely from the text 
of the published article. Confidence intervals for the 
model performance measures have not always been 
reported.

We identified 15 studies through database 
searching and nine additional studies through manual 
searching, resulting in a total of 24 relevant studies. RF 
was used in 13 studies. SVM was applied in 13 studies, 
followed by decision tree (DT) in seven studies, the 
k-nearest neighbors (kNNs) algorithm in five, DL in 
four, naïve Bayes in three, and ANN in two. The average 
accuracy of RF reported in most studies exceeded 90% 
(Figure 2).

DISCUSSION

ML, a subfield of AI, leverages a range of statistical, 
probabilistic, and mathematical optimization 
techniques to “learn” from historical data. These 
methods enable systems to classify new inputs, 
recognize previously unseen patterns, and forecast 
emerging trends. Although ML shares certain 
similarities with traditional statistical approaches in 
terms of data analysis AND, OR, NOT interpretation, 
it extends beyond these by incorporating Boolean 
logic (e.g., AND, OR, NOT), causal reasoning (e.g., IF, 
THEN, ELSE), conditional probabilities (e.g., P[X|Y]), 
and nontraditional optimization strategies to model 
complex data relationships and perform pattern 
classification. While classical approaches, such as 
multivariable regression or correlation, often assume 
linearity and predictor independence, and thus may 
miss complex structures, ML models can flexibly 
accommodate nonlinear effects and interactions. 
When appropriately specified, classical models can 
address some of these features but typically require 
manual transformations and interaction terms.

However, the accuracy of ML models is not 
universally guaranteed. Similar to conventional 
analytical methods, a comprehensive understanding of 
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Table 2. Model performance indicators

First author, year ML model AUROC (%) Sensitivity 
(%)

Specificity 
(%)

Accuracy 
(%)

Precision 
(%)

F1 score 
(%)

Ding,7 2013 SVM NA 97.7 85.7 91.8 NA NA

Montazeri,4 2016

-	Naïve Bayes
-	Trees RF
-	1-nearest neighbor
-	AdaBoost
-	SVM
-	Radial basis function 

network
-	MLP

95
98
89
95
82
95

96

64
80

100
68
65
67

79

98
98
78
96
98
98

99

95
97
81
94
95
95

97

94
96
91
94
94
95

95

NA

Whitney,10 2018

-	RF
-	Neural network
-	SVM
-	Linear discriminant 

analysis

78
73
83
81

NA NA 76 (SVM) NA NA

Kim,11 2019

Azure ML (2 class 
decision forest, 2 class 
decision jungle, 2 class 
bayes point machine, 2 
class SVM, and 2 class 

neural network)

91.7 17 96 88 25 NA

Lindsay,14 2019
- RF
- LR
- DT

78.1
71.0
73

NA NA NA NA NA

Ganggayah,8 2019

- DT
- RF
- Neural network
- Extreme boost
- LR
- SVM

72
86
84
87
85
85

82
83
83
84
82
81

75
81
79
75
78
84

79
82
82
81
81
81

91
93
93
89
92
95

NA

Wu,24 2019 DT NA 79.4 NA 74.1 NA 77.4

Akselrod-Ballin,16 2019 Combination of ML 
and DL 91 87 77.3 NA NA NA

Xu,9 2019

- Logistic
- DT
- Forest
- Gradient boosting
- GBM

71
9

71
73
70

NA NA

73
74
73
73
72

57
56

100
55
50

21
38
6

10
4

Kim,17 2020 SVM NA 92 97 96 NA NA

Nicolò,18 2020

-	Mechanistic model
-	Random survival 

forest
-	RF
-	LR
-	kNN
-	Gradient boosting
-	SVM
-	Cox regression

73
73

75
75
62
71
64
71

75
64

71
42
2

11
9

66

67
70

66
87

100
98
95
73

68
69

66
83
91
90
87
72

NA

30
28

28
31
5

17
11
31

Boeri,3 2020 - ANN
- SVM

91
89

35
41

98
99

96
96 NA NA

Hou,25 2020

- XGBoost
- RF
- Deep neural network
- LR

74
72
72
63

65
65
64
49

68
67
67
66

67
66
66
57

NA NA

Table continued on next page
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First author, year ML model AUROC  
(%)

Sensitivity 
(%)

Specificity 
(%)

Accuracy 
(%)

Precision 
(%)

F1 score 
(%)

Mosayebi,19 2020

- RF
- LVQ
- Bayesian
- C5.0 (DT)
- MLP
- KPCA-SVM
- SVM

72
63
69
76
62
77
74

76
65
57
86
50
83
78

68
68
72
77
74
74
69

71
66
65
81
61
78
72

NA

72
63
69
76
62
77
74

Liu,21 2020 LASSO and SVM-RFE

74.8 (3-year OS), 
75.2 (5-year OS), 
and 77.1 (10-year 

OS)

NA NA NA NA NA

Lou,20 2020

-	ANN
-	kNN
-	SVM
-	NBC
-	COX proportional-

hazards model

97
61
82
50
10

88
46
70

100
20.9

95
76
94
0
6

94
67
89
19
5

NA NA

Chen,22 2020
Autoencoder 

unsupervised learning 
technique

69 (1-year OS), 70 
(3-year OS), and 73 

(5-year OS)
NA NA NA NA NA

Pellegrini,23 2021 CVN 63 80 84 NA NA NA

Naji,26 2021

- SVM
- RF
- LR
- C4.5 (DT)
- kNN

96
96
94
94
95

99
98
99
97
96

NA

98
99
95
98
94

97
97
95
96
95

98
97
97
96
95

Zhu,12 2021 DL 66 NA NA NA NA NA
Pawloski,13 2022 RF NA 48.3 96.3 NA NA NA

Saleh,28 2022

-	DT
-	kNN
-	Naïve Bayes
-	RF
-	SVM

NA NA NA

94.24
89.85
80.74
96.57
93.74

94.48
90.63
81.22
96.72
93.98

94.4
89.51
79.85
96.45
93.68

Rabiei,27 2022

-	RF
-	Gradient boosting 

tree
-	MLP

53
59

56

93
63

78

83
87

85

79
62

71

NA NA

Wu,24 2023

-	Naïve Bayes
-	Linear discriminant 

analysis
-	Quadratic 

discriminant analysis
-	kNN
-	SVM
-	Classification and 

regression trees
-	RF
-	Multivariate adaptive 

regression splines
-	LR
-	XGBoost

80.5
81.3

77.8

76.2
77.9
79.3

81.0
83.1

81.5
75.0

71.6
66.5

62.5

59.6
69.2
70.2

76.3
73.7

73.7
67.7

74.9
80.6

79.1

80.7
79.0
74.8

70.1
77.2

74.0
72.4

74.1
77.1

75.0

75.4
76.6
73.6

71.7
76.4

73.9
71.3

NA

57.9
59.1

55.5

54.7
59.6
57.0

57.3
60.8

58.5
53.9

ANN=artificial neural network; AUROC=area under the receiver operating characteristic; CVN=coherent voting network; DL=deep learning; 
DT=decision tree; GBM=gradient boosting machine; kNN=k-nearest neighbor; KPCA=kernel principal component analysis; LASSO=least absolute 
shrinkage and selector operation; LR=logistic regression; LVQ=learning vector quantization; ML=machine learning; MLP=multilayer perceptron; 
NA=not available; NBC=naïve Bayes classifier; OS=overall survival; RF=random forest; RFE=recursive feature elimination; SVM=support vector 
machine; XGBoost=extreme gradient boosting

Table 2. (Continued)
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the fundamental problems and constraints inherent in 
data is critical for achieving reliable and meaningful ML 
outcomes. Equally important is a clear understanding 
of the assumptions and limitations of the selected 
algorithm. Therefore, careful design, accurate 
implementation, and rigorous validation are likely 
to produce reliable and accurate results. Naturally, 
the quality of the input data directly influences the 
reliability of the output, underscoring the principle 
of “garbage in, garbage out.” Additionally, when the 
number of predictor variables exceeds the number of 
observations, there is an increased risk of overfitting, 
whereby the model captures noise rather than the 
underlying patterns in the data. This type of error is 
not exclusive to ML, but can occur in conventional 
statistical models. A common solution to address 
overfitting is to either reduce the number of variables 
(features) or increase the size of the training dataset. 
The widely accepted rule of thumb suggests that the 
sample-to-variables ratio should exceed 5:1. In addition 
to the sample size, the diversity and representativeness 
of the training data were equally critical. Excessive 
training on a small homogeneous dataset may result 
in overfitting, wherein the model performs well on 
training data but poorly on unseen data, analogous 
to a person trained narrowly on a single task who 
struggles when confronted with novel situations. In 
some cases, conventional statistical methods may 
outperform ML models. This may arise from inaccurate 
initial assumptions such as the presumption of variable 
interdependence or linearity, which may not hold 

true for a given dataset. Importantly, this should not 
be viewed as a shortcoming of ML itself but rather 
as a reflection of data suitability, emphasizing the 
importance of selecting an appropriate analytical 
method for a specific problem.

Similarly, not all ML algorithms exhibit equal 
performance across different problem domains. 
Certain algorithms are better suited to specific task 
types, whereas others may be more effective in 
alternative contexts. For example, some ML methods 
demonstrate robust performance in biological 
applications, whereas others are less appropriate 
for such domains. Consequently, selecting the most 
suitable algorithm for a given research question is not 
always straightforward. To account for this variability, 
it is advisable to apply multiple ML algorithms during 
the analysis of training datasets to ensure a more 
comprehensive and reliable evaluation.

The popularity of RF across the included studies 
likely reflects the practical advantages of tabular 
clinical data: strong out-of-the-box discrimination 
with minimal preprocessing, the ability to learn 
nonlinear effects and high-order interactions, built-in 
internal error estimation (out-of-bag), and accessible 
variable importance summaries that facilitate clinical 
interpretation and feature selection. Nevertheless, 
the prevalence of use should not be conflated with 
superiority; model selection should prioritize external 
validation, calibration, and clinical utility rather than 
the popularity of the algorithm. RFs combine many 
weakly correlated DTs via bagging and random feature 
subsampling, reducing variance, and often yielding 
strong performance with minimal tuning across 
heterogeneous tabular datasets. In this review, RF 
was found to be among the most frequently applied 
and best-performing algorithms for BC prediction and 
prognosis. This observation is consistent with previous 
studies reporting that ensemble tree-based methods 
demonstrate strong performance in heterogeneous 
clinical datasets.⁴,⁷,¹⁴,²⁶,²⁸ However, no algorithm is 
universally optimal across problem spaces; neither 
RF nor SVM can be assumed to be superior a priori. 
Performance depends on the data-generating process, 
feature representation, and objective and should be 
verified (ideally with external validation) in the target 
cohort.

High area under the curve (AUC) does not 
guarantee usefulness at the bedside. There are 
still multiple stages ahead, and decisions should be 
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Figure 2. The mean AUROC value from 24 studies relevant 
to this review. AUROC=area under the receiver operating 
characteristic; ANN=artificial neural network; DL=deep 
learning; DT=decision tree; kNN=k-nearest neighbor; 
RF=random forest; SVM=support vector machine
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guided by calibrated risk estimates and net benefits at 
clinically relevant thresholds. Decision curve analysis 
(DCA) quantifies benefit-harm trade-offs and should 
accompany discrimination and calibration reporting to 
support triage and treatment decisions. Poor calibration 
can negate clinical value, even when discrimination is 
good. Thus, AUC quantifies discrimination, whereas 
DCA quantifies the net clinical benefit at actionable 
thresholds; reporting both (with calibration) provides 
a complete assessment of predictive performance and 
decision impact.

A DT is a structured model, represented as a 
flowchart, composed of decision nodes and outcome 
branches that systematically guide the decision-making 
process to achieve a specific objective. It organizes 
complex decisions into a sequence of logical steps, 
thereby enabling clear and interpretable predictions. 
Although widely adopted in contemporary ML, DTs 
have longstanding historical roots and remain integral 
to various diagnostic and decision support protocols 
(Figure 3). 

DTs are employed for data classification, wherein 
the terminal nodes (leaves) represent class labels, and 
the internal branches correspond to combinations 
of features that lead to these classifications. The 
construction of a DT involves recursively partitioning 
labeled training data into subsets based on numerical 
or logical criteria and continuing this process 
until further splitting is not feasible or a definitive 

classification is reached. DTs offer several advantages: 
they are interpretable, easy to visualize, require 
minimal preprocessing, can handle diverse data types 
(numerical, nominal, and categorical), generate stable 
classifications, and can be validated using statistical 
methods. However, compared to ANNs, DTs generally 
demonstrate reduced effectiveness in classifying 
highly complex data patterns. In the reviewed 
literature, Saleh et al14 applied five ML models to 
identify key variables associated with BC diagnosis 
using the Wisconsin Diagnostic Breast Cancer (WDBC) 
dataset. According to their performance evaluation, 
the DT algorithm ranked third in terms of accuracy, 
followed by SVM and RF.

RF is an ensemble-based ML algorithm that 
builds a collection of DTs during the training phase 
and aggregates their outputs to produce a final 
prediction using majority voting for classification 
tasks or averaging for regression tasks. The algorithm 
introduces stochasticity through two mechanisms: (1) 
bootstrap sampling of the training data (i.e., drawing 
subsets with replacement), and (2) random selection 
of feature subsets at each node split within individual 
trees. This ensemble approach leverages the strengths 
of multiple uncorrelated DTs, thereby reducing 
overfitting, increasing generalizability, and improving 
overall predictive performance and robustness. The 
RF can handle high-dimensional data, accommodate 
both numerical and categorical variables, and provide 
estimates of feature importance, making it widely 
applicable across various domains in classification and 
regression problems. Montazeri et al4 demonstrated 
that the tree RF model, which is a rule-based 
classification algorithm, achieved the highest level of 
accuracy among the models tested. Consequently, 
this model is recommended as a valuable tool for 
predicting BC survival and for supporting medical 
decision-making.

Naïve Bayes is a probabilistic ML algorithm that 
utilizes Bayes’ theorem to perform classification tasks 
under the assumption of conditional independence 
among features. This “naïve” assumption simplifies 
computation but is often violated in practical 
applications. Despite this limitation, the naïve Bayes 
remains a robust and computationally efficient 
classifier that is widely applied in domains such as 
text categorization and medical diagnosis. In a study 
by Montazeri et al,4 a hybrid predictive model was 
developed by integrating rule-based strategies with 

Figure 3. An example of a simple DT used in the diagnosis 
and treatment of BC. The DT is formulated based on expert 
assessment. A similar tree structure can be generated by ML. 
BC=breast cancer; DT=decision tree; ML=machine learning; 
RT=radiotherapy
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multiple ML techniques including naïve Bayes and RF to 
estimate BC survival outcomes. Their findings revealed 
that, while achieving a high accuracy of 95%, it was 
marginally outperformed by the RF model.

The kNN algorithm classifies a data point based 
on the classes of its k closest neighbors within 
the dataset. As a supervised ML technique, kNN is 
applicable to both classification and regression tasks. 
For each new input, the algorithm calculates the 
distance between the test point and all data points 
in the training set, and selects the k closest instances 
to inform the prediction. Features exhibiting greater 
variability contributed more significantly to distance 
calculation. In a study conducted by Lou et al,20 kNN 
was used to predict BC recurrence within a 10-year 
period after surgery. This study compared several 
ML models and found that kNN ranked third in terms 
of predictive accuracy. Consistent with previous 
research, the tumor stage was confirmed to be a 
strong predictor of recurrence. However, this study 
also identified additional variables, such as surgeon 
and hospital volumes as significant predictors, 
underscoring the potential of ML to reveal novel 
prognostic factors beyond those typically captured by 
conventional statistical models.

SVM is a well-established supervised ML algorithm, 
although its application in cancer prediction and 
prognosis studies remains relatively limited compared 

to other models. SVM operates by identifying the 
optimal hyperplane that best separates data points 
from different classes, thereby maximizing the margin 
between them. For example, in a dataset in which 
tumor volume is plotted against the number of axillary 
lymph node metastases in patients with BC, SVM can 
be utilized to distinguish between individuals with 
favorable and poor prognoses (Figure 4). In addition 
to classification tasks, SVM is widely applied to model 
numerical (continuous) data in regression contexts, 
particularly in biomedical research, where high-
dimensional datasets are common.

This illustration clearly demonstrates that the two 
data groups can be separated effectively. The SVM 
algorithm functions by identifying the optimal decision 
boundary, referred to as a hyperplane, that maximally 
distinguishes between two clusters. When additional 
data points are plotted for variables, such as tumor 
volume, the slope of this boundary tends to decrease, 
resulting in a flatter orientation. As more features 
are incorporated into the model, the dimensionality 
of the separation increases and the classification is 
determined by a multidimensional hyperplane. This 
hyperplane is constructed based on a subset of critical 
data points from each class, called ‘support vectors’, 
which play a pivotal role in defining the margin. The 
primary objective of the SVM algorithm is to establish 
a hyperplane that maximizes the margin between 
the two classes, thereby enhancing classification 
accuracy and generalizability. In a study utilizing the 
WDBC dataset, Naji et al26 employed five different ML 
algorithms to predict BC diagnoses and outcomes and 
reported that the SVM demonstrated a performance 
comparable to that of the RF algorithm.

ANNs have demonstrated substantial capabilities 
in addressing a wide array of classification and 
pattern recognition tasks. A notable strength of 
ANNs lies in their ability to perform diverse statistical 
analyses, including linear, logistic, and nonlinear 
regression, as well as to execute logical functions 
such as AND, OR, XOR, NOT, and IF-THEN, which 
support their classification performance. ANNs are 
inspired by the human brain and comprise numerous 
interconnected processing units (neurons) linked via 
weighted pathways, analogous to biological axons. 
These connection weights are adaptively modified 
through iterative training, thereby simulating the 
learning processes of biological neural systems. 
Information within a network is propagated through 

Figure 4. A simplified illustration of how support vector 
machine (SVM) can differentiate between two prognostic 
outcomes based on a data distribution. In this simple case, 
the SVM identifies a hyperplane (a line) that maximizes the 
separation between the two clusters
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multiple hidden layers, each of which incrementally 
transforms the input before forwarding it to the 
next stage. To fulfill the mathematical requirements 
of these operations, both the input and output data 
were represented as vectors of numerical values. In 
the study reviewed herein, Lou et al20 assessed the 
predictive accuracy of various models in forecasting 
BC recurrence over a 10-year postoperative period and 
concluded that ANNs achieved the highest accuracy 
among the evaluated ML approaches.

DL is an advanced subset of ANNs. Traditional 
ANN architectures are characterized by one or 
two hidden layers, and are predominantly applied 
within the framework of supervised ML. By 
contrast, DL distinguishes itself by incorporating 
a deeper architecture comprising multiple hidden 
layers, enabling it to handle both supervised and 
unsupervised ML tasks. DL has been predominantly 
employed in classification and segmentation tasks, 
particularly in medical imaging. However, their 
application in predicting post-radiotherapy outcomes 
remains relatively limited. In a study conducted by Zhu 
et al,12 the predictive value of combining C-statistics 
with DL was explored to assess BC risk. This study 
compared cohorts based on the availability of both 
mammographic imaging data and clinical risk factors, 
with clinical data alone. The findings demonstrated 
that integrating DL-based analysis of mammographic 
abnormalities with clinical risk factors significantly 
improved risk prediction in patients with radiographic 
abnormalities.

Prior reviews in BC prediction typically report 
that tree ensembles and SVMs dominate on 
structured/tabular clinical data, whereas DL is more 
prevalent in imaging-centric tasks; across reviews, 
consistent gaps include limited external validation 
and sparse calibration/utility reporting. Our results 
are concordant with these patterns and reinforce 
the need for standardized reporting and decision-
analytic evaluations. Our findings showed that RF 
appeared most frequently and often with strong 
accuracy, which aligns with its variance reduction 
design and suitability for mixed clinical predictors. 
However, frequency is an ecosystem signal (e.g., ease 
of implementation, sensible defaults), not a proof of 
universal optimality, and conclusions should emphasize 
like-for-like comparisons of shared endpoints and 
externally validated, well-calibrated models rather 
than algorithm labels. Nonetheless, consistent with 

its ensemble architecture, RF has demonstrated 
promising performance in predicting BC survival and 
performing treatment-related analyses, although its 
applicability remains dependent on local calibration 
and threshold selection.

We limited the search to PubMed (MEDLINE) 
because of its focus on biomedical literature and 
resource constraints, which may have missed 
engineering/technical publications (Excerpta Medica 
Database, Scopus, or Institute of Electrical and 
Electronics Engineers/Association for Computing 
Machinery) and gray literature. The PRISMA extension 
for scoping reviews emphasizes transparent, 
comprehensive multisource strategies; hence, the 
review is vulnerable to selection bias and may miss 
gray literature and non-indexed studies. Across the 
studies, common weaknesses included reliance on 
internal validation, limited calibration reporting, 
heterogeneous endpoints and time horizons, small 
event counts, and inconsistent adherence to reporting 
standards. Researchers should register protocols 
and search multiple databases, report according to 
TRIPOD/TRIPOD+AI, extract and compare models 
using CHARMS, assess the RoB and applicability with 
the prediction model RoB assessment tool, prioritize 
external (temporal/geographic) validation with full 
calibration reporting and DCA, test transportability, 
and update models for local use where needed.5,6

ML models, which represent the processes of 
knowledge extraction from data and the discovery 
of hidden relationships (correlations), have been 
increasingly applied in healthcare in recent years to 
predict disease outcomes. Numerous prognostic 
models have been developed to predict BC outcomes 
after surgery, including those that estimate the risk 
of recurrence within 10 years postoperatively, each 
with its own strengths and limitations. Given the rapid 
expansion of real-world data, the identification of 
widely adopted and highly accurate predictive models 
for assessing BC risk and posttreatment outcomes is of 
critical importance.

This review found that RF was the most 
frequently utilized ML algorithm for predicting 
cancer incidence and prognosis, and was consistently 
associated with high predictive performance across 
studies. Ensemble-based approaches are commonly 
applied to heterogeneous clinical datasets 
and have demonstrated robust classification 
capabilities. These findings suggest that RF is a 
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practical and reliable method for cancer prediction. 
Future research should emphasize standardized 
reporting, external validation, and methodological 
transparency to improve the reproducibility and 
clinical applicability.
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