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Abstract: Breast cancer is a heterogeneous disease with distinct molecular subtypes that require precise
classification for personalized treatment strategies. This study proposes an integrative methodology
combining unsupervised and supervised learning techniques (hybrid learning) to classify breast
cancer subtypes using gene expression data from the Gene Expression Omnibus (GEO) repository.
Hierarchical clustering is employed as an exploratory unsupervised approach, using both Euclidean
distance and Pearson correlation to reveal intrinsic data structures. For supervised classification,
four machine learning models—Logistic Regression, Support Vector Machine (SVM), Random Forest,
and Multilayer Perceptron (MLP)—are applied. These models are further optimized via the Optuna
framework to enhance performance through hyperparameter tuning. SHAP values are used to assess
the importance of features, contributing to model interpretability. The results show that supervised
and unsupervised approaches are complementary, offering both accuracy and insight into subtype
differentiation. Notably, models optimized by Optuna significantly outperformed non-optimized
counterparts. The findings emphasize the potential of combined methodologies in supporting early
and accurate diagnosis of breast cancer subtypes.

Keywords: hierarchial clustering; machine learning; breast cancer subtypes; gene expression data;
optimization of hyperparameters

1. Introduction
Breast cancer is the most frequently diagnosed malignancy among women worldwide and

remains a leading cause of cancer-related mortality. According to the World Health Organization
(WHO) 1, more than 2.3 million new cases and 670,000 deaths were recorded globally in 2022 alone [31].
The disease is known for its biological complexity and heterogeneity, which complicates diagnosis
and treatment planning. Among the several known molecular subtypes of breast cancer—including
Luminal A, Luminal B, HER2-enriched, Basal-like, and Normal-like—each presents distinct gene
expression profiles and clinical behaviors [22]. Accurate classification of these subtypes is vital for
effective prognosis and therapeutic decision-making, for selecting the most effective treatment and
predicting patient outcomes.

With the advent of advanced genomic sequencing technologies, gene expression profiling has
emerged as an important analytical tool for improving cancer subtype classification. However, the
high dimensionality and inherent noise in gene expression data still pose difficulties for computational
analysis. Traditional classification approaches commonly rely on supervised learning methods [15,
24,29,32], but the intrinsic complexity of gene expression data suggests that unsupervised techniques

1 https://www.who.int/news-room/fact-sheets/detail/breast-cancer
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may offer additional relationships, and interpretations. In this context, Hierarchical clustering [16] is
particularly useful for grouping samples based on similarities in gene expression profiles.

Machine learning techniques offer robust solutions to these challenges by identifying patterns
and relationships within complex datasets. Supervised models such as Logistic Regression, Support
Vector Machines (SVM), Random Forest, and Multilayer Perceptrons (MLP) [1] have shown high
accuracy in subtype classification tasks. At the same time, unsupervised methods like hierarchical
clustering can uncover latent structures and validate groupings without prior labeling, providing
valuable complementary insights.

Furthermore, hyperparameter tuning is essential for optimizing the performance of machine
learning models. Automated frameworks such as Optuna [3] employ advanced search strategies to
identify optimal model configurations. In addition, explainable AI tools like SHAP (SHapley Additive
exPlanations) [19] have become critical for interpreting model predictions and understanding the
influence of specific genes on subtype classification.

In this context, this study presents an integrative pipeline that combines unsupervised and
supervised learning methods, in a hybrid approach, to classify breast cancer subtypes using data
from the Gene Expression Omnibus (GEO) 2. By incorporating PCA for dimensionality reduction,
Optuna for hyperparameter optimization, and SHAP for feature interpretation, both accurate and
interpretable classification results are provided. The proposed framework contributes to the ongoing
efforts in precision oncology by providing tools that enhance diagnostic reliability and therapeutic
decision-making.

The main contributions include the following: a comparative study of hierarchical clustering
using different similarity metrics; application of four machine learning algorithms with and without
hyperparameter tuning; and Use of SHAP to interpret model predictions and assess feature relevance.
In this way, this study provides a robust framework and a hybrid appoach for the effective classification
and interpretation of breast cancer subtypes using gene expression data.

2. Related Work
Numerous studies have used machine learning for breast cancer classification, showing high

accuracy, especially with models such as SVM and Random Forest. Parallelly, unsupervised clustering
methods, particularly hierarchical clustering with Pearson correlation, have revealed hidden biological
structures in gene expression data.

Progress in computational methodologies, including machine learning and deep learning, has
significantly advanced the analysis of complex biological datasets [15,24,29,32]. Hierarchical clustering,
in particular, has proven effective in capturing tumor heterogeneity by unveiling latent structures
within gene expression profiles. Approaches such as clustering algorithms, neural networks, and
supervised classification techniques have been extensively utilized to elucidate molecular signatures
implicated in breast cancer [11,18,30].

Gene expression analysis has proven to be a powerful tool in identifying molecular patterns asso-
ciated with different types of diseases, especially tumors. The use of Naive Bayes and KNN classifiers
for breast cancer categorization is discussed in [2]. In this paper, a comparative analysis between these
two approaches is proposed in order to evaluate their accuracy through cross-validation. The results
reveal a superior accuracy of 97.51% for KNN and 96.19% for Naive Bayes. Following this line of
investigation on algorithm performance and accuracy, [29] employs Decision Trees, Random Forest,
KNN, and Logistic Regression in a Wisconsin dataset. Their results indicate that KNN outperforms
Logistic Regression, Random Forest, and Decision Tree in terms of precision and recall, while Logistic
Regression achieves the lowest false positive rate.

An application of machine learning and deep learning methods is presented in [30] to a multiclass
classification of genes associated with breast cancer, considering gene expression datasets. In addition,

2 https://www.ncbi.nlm.nih.gov/geo/
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an evaluation of the predictive performance of these methods is developed. Moreover, interpretability
in classification models has been improved through features selection and relevance analysis tools
such as SHAP, facilitating the identification of critical biomarkers associated with different subtypes of
breast cancer [19].

In addition to traditional approaches, more recent techniques have imployed autoencoders for
dimensionality reduction in conjunction with latent space-based clustering algorithms. These advanced
frameworks have provided high precision in classifying tumor subtypes using DNA methylation data,
achieving remarkable performance in breast tissue analysis [4].

Interpretability has gained attention with tools like SHAP [19], which decompose predictions into
individual feature contributions, aiding in biomarker discovery. Despite these developments, a gap is
still identified in effectively integrating unsupervised clustering with optimized supervised learning
strategies. The present study aims to address this limitation by incorporating hierarchical clustering
into a machine learning pipeline, enhancing model performance through hyperparameter tuning with
Optuna and improving transparency and interpretability based on SHAP analysis.

Finally, the problems are complex, demanding hybrid systems capable of integrating different
approaches, since all methods have inherent limitations, which can be mitigated or even eliminated
by the hybrid combination of algorithms. The context of developing hybrid algorithms emerges as
a promising solution, taking advantage of the potential and particularities of different techniques
(such as optimization and supervised and unsupervised machine learning) to create more robust,
efficient solutions with advances in research, under different paradigms to face complex challenges, as
highlighted by [5].

3. Materials and Methods
This section provides a comprehensive overview of the dataset employed in the present study,

including the number of samples and features (columns) and data preprocessing steps taken prior to
analysis.

Following the dataset description, the methodological framework adopted for breast cancer sub-
type classification is described and illustrated, for both supervised and unsupervised machine learning
strategies, along with a description of the specific algorithms implemented, their configurations, and
the evaluation metrics applied to assess their performance.

By combining both learning machine approaches, this study aims to explore the potential ad-
vantages of each in capturing distinct patterns and improving the accuracy and interpretability of
cancer subtype classification, within a data-driven philosophy applied to health and cancer biology
knowledge.

3.1. GEO Dataset Description

The Gene Expression Omnibus (GEO) is a well established public repository that aggregates large-
scale gene expression datasets. This platform hosts data generated through array-based expression
profiling, with specific selection protocols to identify samples associated with breast cancer. These
datasets originate from collaborative research initiatives aimed at mapping genomic variations linked
to different cancer types. The GEO data are authentic and openly accessible, enabling researchers
worldwide to leverage them for various scientific investigations.

In this study, data extraction was conducted using the GEOparse library in Python, which
facilitated structured access to the dataset. After retrieval, the information underwent a merging and
reorganization process to ensure consistency across columns and prepare the dataset for subsequent
analysis.

The dataset used in this study encompassing 508 breast cancer samples and 22,283 gene expression
features. Subtypes include Luminal A, Luminal B, HER2-enriched, Basal-like, and Normal-like The
next phase involved data preprocessing. This included evaluating and handling missing values,
identifying outliers, and correcting values outside expected intervals. Normalization procedures were
applied to avoid skewed influence from features with extreme values, thereby ensuring balanced
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representation across variables. Such preprocessing steps prepares the dataset for reliable machine
learning modeling and classification, as shown in Figure 1.

Given the high-dimensional nature of gene expression data—where the number of features
often exceeds the number of observations—dimensionality reduction was an essential step to make
the machine learning methods feasible. To address this, Principal Component Analysis (PCA) was
employed. PCA transforms the original feature space into a new set of uncorrelated components
that retain the majority of the variance in the data. This technique not only reduces computational
complexity, but also aids in uncovering hidden structure and relationships among variables, enhancing
both model performance and interpretability.

After applying the PCA method, the dataset presents 508 samples and 260 features, enabling
the application of machine learning methods, as illustrated in Figure 1. In addition, in this work,
the principal components preserved approximately 80% of the original variance, ensuring that most
relevant information was maintained, reducing dimensionality, and providing improved performance
of the learning methods without loss of relevant information.

Figure 1. Preprocessing and preparation of the dataset for classification and clustering methods

3.2. Unsupervised Approach: Hierarchical Clustering

Hierarchical clustering was applied using two distance metrics: Euclidean and Pearson correlation
[12,28]. The clustering structure was visualized using dendrograms. The Mojena stopping rule was
adopted to determine the optimal number of clusters based on agglomeration coefficients, with a
scaling constant of 1.25. Pearson correlation, while more sensitive to subtle trends, yielded lower
cluster purity, whereas the Euclidean distance produced clearer subtype separation [12].

Hierarchical clustering was applied in this study to explore underlying structures in gene ex-
pression data, as shown in Figure 2. To measure the similarity between samples, both Euclidean
distance and Pearson correlation were employed as dissimilarity metrics [28]. The clustering outcomes
were represented through dendrograms, which illustrate how individual samples or clusters merge at
successive levels of similarity.
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Figure 2. Workflow of the unsupervised approach: Hierarchial Clustering

To define the most suitable number of clusters, the Mojena stopping rule was adopted [12]. This
statistical technique analyzes the agglomeration coefficients (also known as fusion levels), derived
from the hierarchical merging steps displayed in the dendrogram [21]. According to the Mojena
criterion, the optimal number of clusters is established at the point j (where j = 1, . . . , N − 2) that
satisfies the inequality αj+1 > ᾱ + ksα. Here, αj+1 denotes the agglomeration coefficient in step j + 1, ᾱ

is the mean of the agglomeration coefficients and sα is their unbiased standard deviation. The constant
k is a scaling factor, set to 1.25 in this analysis as recommended in the literature [20].

Furthermore, to assess the composition of the resulting clusters, a frequency distribution matrix
was constructed to verify how the known breast cancer subtypes were distributed among the identified
clusters, making it possible to determine which subtypes are prevalent in each group.

3.3. Supervised Learning Approaches

In this work, a set of supervised machine learning algorithms was applied to perform the classifi-
cation of breast cancer subtypes based on gene expression profiles, as shown in Figure 3. The selected
models included Support Vector Machines (SVM), Logistic Regression (LR), Random Forest (RF), and
Multilayer Perceptrons (MLP). These techniques were chosen for their proven effectiveness in handling
high-dimensional biological data, particularly in cancer genomics, as evidenced in various previous
studies [1,7,8,17,23].
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Figure 3. Workflow of the supervised approach: Machine Leaning Methods

The Support Vector Machine is a widely adopted algorithm designed to identify an optimal deci-
sion boundary—or hyperplane—that best separates data classes within a multidimensional space [1].
To handle non-linearly separable data, SVM leverages kernel functions such as linear, polynomial, and
radial basis function (RBF) kernels [7]. These kernels project the data into higher-dimensional spaces,
where class separation becomes more tractable. Moreover, SVM includes regularization mechanisms
that help mitigate overfitting, which is especially beneficial in gene expression analysis.

Logistic Regression is a classical statistical approach commonly used for binary and multiclass
classification problems [17]. It models the probability of a class label using a logistic function, which
transforms a linear combination of input variables into a bounded probability score. Owing to its
simplicity and interpretability, Logistic Regression often serves as a baseline model in biomedical data
analysis and remains useful in structured data environments.

Random Forest, an ensemble-based algorithm, operates by constructing a collection of decision
trees—each trained on random subsets of features and data samples [8]. The final classification is
determined by majority voting among all trees, a strategy that enhances generalization and reduces
model variance. Its robustness and ability to capture non-linear patterns make it well-suited for
complex datasets like gene expression matrices. Multilayer Perceptron (MLP), a form of feedforward
artificial neural network, was also used in this study [14]. The MLP architecture consists of input,
hidden, and output layers, with fully connected neurons across adjacent layers. Training is carried
out through the backpropagation algorithm, which iteratively updates model weights to minimize
classification error using gradient descent. MLPs are known for their ability to model intricate,
non-linear relationships, especially when multiple hidden layers are included.

Each of these models offers distinct strengths and their performances were systematically com-
pared in the context of classifying breast cancer subtypes using transcriptomic data. To enhance the
performance of these models, hyperparameter tuning was conducted using the Optuna framework
[3]. This library facilitates efficient exploration of the hyperparameter search space by employing the
Tree-structured Parzen Estimator (TPE) algorithm [6]. For each algorithm, a specific set of parameters
was optimized: the regularization term in Logistic Regression and SVM, the number and depth of
trees in Random Forest, and architecture-related parameters for MLP, such as the number of hidden
layers, neurons per layer, learning rate, and dropout rate. The optimization process aimed to maxi-
mize performance metrics like accuracy and F1-score during cross-validation. Figure 3 illustrates the
methodological path of the supervised methods approach, which will be compared with the process of
optimizing the hyperparameters of the models.
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Furthermore, to interpret the models’ decisions and assess feature relevance, SHAP (SHapley
Additive exPlanations) analysis was performed [19]. Based on concepts from cooperative game theory,
SHAP provides a consistent framework to measure the impact of each input feature on the model’s
output, even for complex, nonlinear models. It assigns each feature a contribution value, known as
a SHAP value, that reflects its marginal effect on the prediction outcome. This allows for a detailed
understanding of which genes or components influence classification outcomes most significantly.

In this study, SHAP values were obtained for the principal components derived from PCA.
This approach enabled the identification of the most influential components across different models,
highlighting the biological relevance of certain gene clusters in subtype discrimination. Despite
differences in modeling strategies, some principal components were consistently deemed relevant,
underscoring their potential role as key biomarkers in breast cancer classification.

3.4. Evaluation Metrics

In order to train the models and assess their effectiveness, the dataset was partitioned into two
subsets: 80% of the data was reserved for training purposes, while the remaining 20% was designated
for testing. This split adheres to the commonly used Pareto distribution. Following this partition, a 10-
fold cross-validation procedure was employed to ensure a more robust and generalizable evaluation of
model performance [1]. This technique involves dividing the training set into ten equal parts, iteratively
training the model on nine parts while validating it on the remaining one. After all iterations, the
evaluation metrics obtained in each fold were averaged, providing a more stable estimate of the
predictive model capacity on new data.

Model performance was examined through standard evaluation tools, such as the confusion
matrix, overall accuracy, and cross-validation scores [1,7], adding Recall, Precision and F1-score. All
computational experiments were conducted using Python version 3.11, selected for its performance
and versatility in data analysis tasks. Statistical analyses were performed at a significance level of 5%,
ensuring consistency with conventional thresholds for hypothesis testing.

4. Results and Discussion
This section presents the results of hierarchical clustering and machine learning methods, includ-

ing a comparative analysis of classification models with and without hyperparameter optimization
using the model parameter tuning in Optuna library.

4.1. Unsupervised Learning

Table 1 presents the results of hierarchical clustering using Euclidean distance (on the left) and
Pearson correlation (on the right). The metrics indicate that clustering based on Pearson correlation
provides slightly better performance compared to the Euclidean distance.
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Table 1. Results of hierarchical clustering using Euclidean distance (on the left) and Pearson correlation (on the
right)

The results indicate that hierarchical clustering with both Euclidean distance and Pearson cor-
relation did not produce well-separated clusters, as evident from the overlapping groups in the
dendrograms presented in Figure 4, for Euclidean distance, and Figure 5, for Pearson Correlation. In
these dendrograms, the number of clusters is defined by the Mojena method, as described in Section
2.2. Using k = 1.25, the Mojena method identified 23 clusters based on Euclidean distance and 24
clusters based on Pearson correlation.

Figure 4. Dendrogram - Euclidean Distance
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Figure 5. Dendrogram - Pearson Correlation

In the Euclidean distance dendrogram (Figure 4), a more fragmented tree structure with a wide
range of linkage heights can be observed. The branches are highly irregular, suggesting that the
Euclidean metric may be overly sensitive to the absolute magnitudes of expression levels. This can
result in clustering based more on overall intensity than on the shape or trend of gene expression
profiles. Consequently, the clusters appear to be less biologically meaningful, and the separation
between them is not well defined.

In contrast, the Pearson correlation dendrogram (Figure 5) shows a more balanced tree structure,
with clearer and more symmetrical clusters. Since Pearson correlation evaluates the similarity in
expression patterns regardless of scale, it captures relationships between genes or samples based
on co-expression trends rather than absolute differences. This method produces clusters that are
potentially more consistent with underlying biological patterns, although separation between clusters
is still limited, due to the inherent noise and complexity of gene expression data.

Following the Mojena criterion, 43 clusters were produced using Euclidean distance and 38
clusters with Pearson correlation. These results reflect the different behaviors of distance measures
in capturing structures in high-dimensional gene expression data. Therefore, Pearson correlation
provides better cluster coherence in this context, even though neither method achieves high cluster
separability.

To assess the composition of the resulting clusters, a frequency distribution matrix was constructed,
visualized by the heatmap in Figure 6, of the frequency distribution matrix for Pearson correlation
(red) and Euclidean distance (blue), respectively. Which allows visualizing how the known subtypes
of breast cancer were distributed among the identified clusters, making it possible to determine which
subtypes were predominant in each group.
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Figure 6. Heatmap of the frequency distribution matrix for Pearson correlation and Euclidean distance,

Euclidean distance, which measures similarity considering the absolute magnitude of differences
between gene expression values, presents strong concentrations of high frequencies in some clus-
ters. However, Pearson’s correlation, which measures similarity considering relative trends between
genes, presents more concentrated and less diffuse high frequencies, proving to be a more promising
application for distinguishing between breast cancer subtypes using the dataset from GEO.

4.2. Supervised Learning

In this section, the results of the applied supervision learning models are presented on the dataset
obtained from the GEO repository. The analysis emphasizes a comparison of model performance
based on statistical evaluation metrics. Additionally, the results are evaluated both before and after
the implementation of hyperparameter tuning, allowing a clearer understanding of the impact of
optimization on model effectiveness.

Due to the high dimensionality of the original data, Principal Component Analysis (PCA) was
applied to reduce the number of features, obtaining a transformed dataset with 260 components. It
is worth noting that each sample corresponds to an individual biological observation, whereas the
features reflect gene expression levels.

Table 2 presents the numerical results for key statistical metrics, including precision, recall, F1-
score and accuracy [1]. It also includes the results obtained from 10-fold cross-validation, based on the
classification models (Logistic Regression, SVM, Randon Forest and MLP) evaluated with their default
parameter configurations, as follows. For Logistic Regression, the maximum number of iterations was
set to 6500 to ensure proper convergence. The SVM model was implemented using the RBF kernel
without further parameter adjustments, while the Random Forest algorithm was executed using its
default settings. The MLP model was structured with 4 hidden layers containing 100, 75, 50, and
25 neurons, respectively, employing ReLU activation functions in the hidden layers and a softmax
function in the output layer. Training was conducted for up to 500 iterations using the Adam optimizer.
To maintain class balance across folds, stratified cross-validation was performed using StratifiedKFold
with 10 folds.
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Table 2. Supervised classification models performance

In order to complement the evaluation of model performance, confusion matrices are presented
in Figure 7. A concentration of high values along the main diagonal suggests that most predictions
matched the actual class labels in the test dataset. The class labels follow the order: 0 for LumA, 1 for
Normal, 2 for Basal, 3 for LumB, and 4 for Her2.

Figure 7. Confusion matrix

The analysis of the confusion matrix revealed some difficulty in classifying the ’Normal’ class,
which can be attributed to the fact that this class has a smaller number of samples than the others. This
inequality in the amount of data makes it more difficult for the models to capture the specific patterns
of each class, resulting in incorrect classifications.

The application of hyperparameter optimization of the models is necessary to improve the
performance of the classification of breast cancer subtypes. Table 3 presents the results obtained after
the optimization process, which consists of the process of tuning the hyperparameters of the classifiers,
using the Optuna library.
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Table 3. Supervised classification models performance with hyperparameters optimization

For the Logistic Regression model, hyperparameter tuning resulted in an optimal value of C =

0.0137, with the solver set to newton-cg. The Support Vector Machine (SVM) model showed the best
performance with C = 83.57, using the RBF kernel. Regarding the Random Forest classifier, the optimal
configuration included 182 trees, a maximum depth of 46, and a minimum of 3 samples required to
split an internal node.

After tuning the hyperparameters, the MLP model was configured with two hidden layers
containing 27 and 110 neurons, respectively. The activation function used was logistic, the solver was
set to sgd, and the initial learning rate was defined as 0.0059. Moreover, the regularization parameter
was set to α = 3.86 × 10−5. Once again, Cross-validation for the Logistic Regression, SVM, Random
Forest, and MLP models was performed using StratifiedKFold with 10 folds.

The Confusion Matrix with optimization of hyperparameter values can be seen in Figure 8. As
before, the classes in the confusion matrix are ordered as: LumA (0), Normal(1), Basal(2), Lum(3) e
Her2(4).
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Figure 8. Confusion matrix

For the SVM model, the initial accuracy was 0.7647, which slightly improved to 0.7745 after
hyperparameter tuning. Although the gain was modest, it indicates that the adjustments performed by
Optuna contributed positively to the model’s performance. In contrast, Logistic Regression maintained
an accuracy of 0.8039 both before and after optimization, suggesting that the model was already well
adjusted.

The MLP neural network initially achieved an accuracy of 0.6863 without tuning. After applying
Optuna, its accuracy increased significantly to 0.8039, surpassing the results of the other classifiers.
On the other hand, the Random Forest model experienced a slight decline in accuracy, from 0.7005
to 0.6961 after optimization. This drop may be explained by the inherent robustness of the model,
which can make it less responsive to hyperparameter adjustments. It is also possible that the parameter
search space defined for optimization did not effectively capture configurations that could enhance the
performance of the models.

4.3. Feature Importance

Figure 9 illustrates the importance values of the input variables for the data from the GEO
repository, initially without the optimization of the hyperparameters of the classification models: (a)
SVM, (b) Logistic Regression, (c) Random Forest and (d) MLP, with the analysis of the importance
of the attributes performed using the SHAP library [19]. The dimensionality reduction by the PCA
method was also performed previously, and the representations show the contribution of each of the
principal components to the prediction of each sample.
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Figure 9. Feature importance analysis - without Optuna

The analysis of variable importance using SHAP provided additional information on which
principal components had the most significant impact on the classifiers’ predictions. Without hyperpa-
rameter optimization, principal components 1 and 2 emerged as the most relevant across all models,
suggesting that they capture fundamental information for data variation.

Similarly, using hyperparameter optimization of classification models with the Optuna library,
Figure 10 presents the contributions of the input variables to the optimized classifiers: (a) SVM, (b)
Logistic Regression, (c) Random Forest and (d) MLP. The optimization process further refined the
identification of relevant variables, with some variables showing higher consistency across different
models, suggesting a positive impact on the performance of the classifiers.
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Figure 10. Feature importance analysis - with Optuna

After implementing Optuna, a remarkable stability in the important variables across models can
be observed. This continuity suggests that, while hyperparameter optimization is generally beneficial,
the underlying variables that impact predictions remain consistent across the GEO data, demonstrating
robust structure in the relationships between features and classes.

5. Conclusion
The classification of breast cancer subtypes using an integrative unsupervised and supervised

learning approach offers a promising way to improve the effectiveness and accuracy of diagnostic and
treatment practices.

In addition to a machine learning approach, this work contributes to the accurate classification of
the most aggressive breast cancer subtypes (LumA and LumB), as demonstrated in confusion matrices.
The hybrid (supervised and unsupervised) approach proposed in this work has the potential to provide
a more comprehensive understanding of breast cancer subtypes, increase classification accuracy, and
support robust predictive models. By combining both learning approaches, we can improve and
evolve analytical methods in real-world data analysis.

Advances resulting from these efforts have the potential to improve the care of patients affected
by breast tumors, representing an important step toward a future with better clinical outcomes and
quality of life for those affected by this condition.
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For future work, imaging data can be incorporated to enrich the analysis and improve model
performance, based on a metadata framework and Universal Learning Machine (ULM) models. The
integration of imaging data with gene expression profiles would allow considering multimodal
metadata, combining heterogeneous data acquisition sources. In this case, Hybrid Learning Model
(HLM) methods can reveal patterns that are not detectable when using a single data type, contributing
to deeper insights in precision oncology.
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