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ABSTRACT

This work describes the application of unsupervised learning techniques for the categorization 
of breast cancer using the GBSG dataset. GMMs were applied to divide the data into four clusters 
in order to find latent group structures with the patients based on a lack of class labels. PCA was 
also applied to reduce dimensionality for display, collecting more than 95 % of the variation in 
the first two components. The cluster distribution showed that Cluster 0 and Cluster 1 had 223 
(~41,6 %) and 303 (~56,6 %) patients, respectively, whereas Cluster 2 and Cluster 3 had only 9 
(~1,7 %) and 13 (~2,4 %) patients. The ARI value of -0,0033 indicated little agreement between 
GMM clusters and the actual cancer state. In addition, a correlation heatmap showing strong 
positive connections of various clinical aspects allowed the identification of redundant variables. 
Although unsupervised clustering did not strongly agree with labeled classes, it returned useful 
information concerning data distribution and possible feature interactions. These results validate 
the use of GMM-based unsupervised learning in semi-supervised classification frameworks or 
preprocessing pipelines for predicting breast cancer.

Keywords: Breast Cancer Classification; Dimensionality Reduction; Variance Explained; Cluster 
Distribution; Semi-supervised Classification. 

INTRODUCTION
Breast cancer remains one of the most frequent and heterogeneous tumors among women 

worldwide. The heterogeneity of breast cancer significantly influences its diagnosis, prognosis, 
and therapy.(1) Precision medicine is a key issue in cancer because intratumor and intertumoral 
tumor heterogeneity complicates the search for reliable biomarkers and prognostic models.(1,2) 
Improvements in genomic technologies and molecular profiling have now allowed researchers 
to generate multigene prognostic tools offering improved patient stratification with respect to 
molecular subtypes.(2,3)

Conventional diagnostic techniques, such as IHC evaluation of HER2/neu status, PR, and 
ER, have been universally accepted as clinical standards.(4,5) Accordingly, the inconsistent 
interpretation and manipulation of samples intrinsic in previous approaches have shifted the 
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focus of researchers to transcriptomic and array-based technologies, which can evaluate more 
accurately.(6,7) Gene expression profiling can uncover both prognostic and predictive indicators, 
including but not limited to ESR1, HER2, and IGF1R, and gives far more detailed insights into 
molecular subtypes.(8,9) In some subtypes of breast cancer, high expression of these markers, 
especially IGF1R, was linked with limited concordance rates.(10,11,12)

Despite these successes, the translation of omics data into routine clinical practice still faces 
major challenges. The non-Gaussian nature of expression patterns in patient material significantly 
reduces classification performance, often causing bias or insufficiency when standard statistical 
methods are applied.(13,14) This has motivated a growing application of probabilistic modeling and 
machine learning to biomedical data. Gaussian Mixture Model represents a general probabilistic 
approach for identifying subpopulations in diverse datasets.(15,16,17,18) GMM has been successfully 
applied to speech recognition(15), super pixel segmentation in imaging(16), and more recently, 
clustering gene expression and proteomics data.(17,19,20)

In the context of cancer classification, GMM can identify unique molecular signatures and 
patient groups under the assumption that data points originate from a mixture of several 
Gaussian distributions. This model offers soft clustering, considering classification uncertainty 
and is useful in cases where class borders are not linearly separable.(19,20) Because of these 
characteristics, GMM is suitable for analyzing datasets related to breast cancer, which often 
contain high-dimensional, noisy, and overlapping features.

Moreover, the IGF pathway has been identified to play a significant role in breast cancer 
biology. High expression of IGF1R is linked with tumor proliferation, linked with limited response 
to therapy, and higher recurrence rates.(21,22,23,24) Targeted treatments using anti-IGF1R therapies 
are justified by the finding of its overexpressed mRNA as a potential biomarker for aggressive 
phenotypes.(22,23) Computational models that incorporate IGF pathway markers provide greater 
robustness in prognostic classification and allow for more personalized treatment stratification.
(25,26,27)

In light of the aforementioned findings, this study utilizes publically accessible clinical data 
for unsupervised clustering of breast cancer patients through a Gaussian Mixture Model. We 
then investigate the concordance of these clusters with established clinical markers and the 
potential of GMM to uncover subgroup patterns not readily evident from the dataset. Further, 
we apply correlation analysis to evaluate clinical parameter interdependencies and their utility 
with regard to patient stratification. The results of this investigation contribute to research 
directed at combining precision oncology with artificial intelligence to improve breast cancer 
management. The results of this study indicated that Gaussian Mixture Models has both potential 
and constraints concerning unsupervised classification of breast cancer patients. Observed 
clustering showed linked with limited concordance with clinical outcomes despite distinct 
categories, underlining the challenge of relying on unsupervised learning alone for diagnostic 
purposes. Among other findings, the research made the important discovery of patterns of 
correlations and redundancies among clinical attributes, indicating that unsupervised methods 
might still prove useful for preprocessing, data exploration, and dimensionality reduction in 
subsequent modeling with predictive intent. These implications reflect the potential of GMM 
as a supporting tool in precision oncology, in which complex, high-dimensional datasets require 
techniques capable of uncovering hidden structures less accessible or apparent to conventional 
statistical methods.
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Future studies should focus on enhancing the interpretability and clinical utility of 
unsupervised clusters to further advance this work. This can be done by incorporating GMM into 
semi-supervised or weakly supervised approaches where cluster development is informed by 
a small amount of labeled data, coupled with the evaluation of GMM-defined clusters against 
known biomarkers such as ER, PR, HER2, and IGF1R expression. Identification of subgroups 
would also be strengthened by utilizing robust cluster validity metrics (BIC, AIC, silhouette 
scores) and testing mixture models that relax the Gaussian assumption. These methodological 
improvements would extend the translational impact of computational results through a closer 
correspondence with clinical relevance. Looking forward, the extension of this approach toward 
multi-omics integration, including transcriptomic, proteomic, and genomic data, represents an 
exciting direction for subgroup discovery based upon biological rationale. Hybrid methods that 
combine GMMs with deep learning-based frameworks, including variational autoencoders, can 
uncover nonlinear relationships that are often missed by conventional methods. Additionally, 
the application of these algorithms to longitudinal data extends insights into temporal aspects 
of treatment response and disease progression, while external replication across other cohorts 
increases generalizability. Finally, integrating GMM-based clustering into clinical decision support 
systems has the potential to transform unsupervised learning findings into actionable information 
that may enable personalized treatment approaches and serve the broader goals of precision 
medicine.

METHOD
Dataset

The dataset used in this investigation came from a publicly accessible repository, “Breast 
Cancer Dataset Used (Royston and Altman),” available on Kaggle. It provides clinically relevant 
data from the German Breast Cancer investigation Group, GBSG.(27) This dataset includes complete 
data from 686 female patients with primary breast cancer. Due to the highly clinically significant 
and well-documented nature of this data, it was first utilized in research related to survival 
analysis and later formed part of several study initiatives.

Only baseline clinical variables were considered for the purpose of unsupervised clustering 
and feature connection analysis. The dataset includes a range of prognostic indicators, which 
include tumor size, number of positive lymph nodes, menopausal status, use of hormone therapy, 
age at diagnosis, and levels of progesterone and estrogen receptors. The characteristics chosen 
are those that are known to be helpful in classifying breast cancer risk and developing treatment 
strategies. For the only purpose of concentrating on data-driven grouping without supervision, 
outcome labels such as survival time and event incidence were left out.

Data cleaning was done to exclude identifiers like patient IDs and any time-to-event columns 
prior to modeling. The features were then standardized using standard z-score scaling in order 
to ensure that each variable contributed equally during a distance-based clustering calculation. 
This preprocessing step is particularly critical in Gaussian Mixture Models, because feature scaling 
strongly effects the shape and direction of the learnt distributions.

Figure 8.1 shows a heatmap of the Pearson correlation coefficients between the clinical 
attributes in the breast cancer data. High positive correlation between age and menopausal 
status (r = 0,76) indicates older patients tend to be post-menopausal. Moderate correlations 
are seen between estrogen receptor (ER) and progesterone receptor (PGR) levels (r = 0,39), 
which is due to their common hormonal origin. Most other features exhibit weak or negligible 
correlations, indicating they contribute uniquely to the data structure.
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Figure 8.1. Correlation Matrix of Clinical Features

Clustering with Gaussian Mixture Models 
Gaussian Mixture Models (GMM) are probabilistic models that are used to represent normally 

distributed subpopulations inside the overall population. This approach assumes that the data is 
generated from a mixture of K Gaussian distributions, each one defined by its specific mean and 
covariance matrix. The probability density function of the GMM is given by:

where  are the mixing coefficients such that , and 
 denotes the multivariate Gaussian distribution for the -th component with mean 

 and covariance .

The multivariate Gaussian distribution is defined as:
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To optimize the parameters , the Expectation-Maximization (EM) algorithm 
is applied. In the Expectation step (E-step), the responsibilities  for each data point 

 belonging to component  are computed as:

In the Maximization step (M-step), parameters are updated using the responsibilities 
computed:

This process continues until convergence, usually by having the change in log-likelihood 
reduced to some limit set in advance. The log-likelihood of the observed data given the 
parameters is defined as:

The final output assigns each sample to the cluster with the highest posterior probability. 
GMM’s soft clustering capability makes it suitable for medical data, where boundaries between 
classes are not always discrete. The number of components K was empirically set to four to 
reflect potential subtypes in the clinical dataset. Dimensionality reduction using Principal 
Component Analysis (PCA) was applied to project the results in 2D space for visual inspection of 
cluster separability.(29,30,31,32,33)

RESULT
Figure 2 show PCA Projection This scatter plot is visualizing the result of Gaussian Mixture 

Model clustering projected onto two principal components. Each point on the plot represents a 
patient, colored by the cluster label assigned to it. As is clear, clusters 0 and 1 appear to make 
up the majority of the data, but what is perhaps even more interesting is that clusters 2 and 3 
seem to stand out more in their distribution, potentially indicating distinct clinical subgroups.
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Figure 8.2.  GMM Clustering (4 Classes) - PCA Projection

Figure 3 shows the boxplot patient age is distributed across the four GMM clusters. Cluster 
0 has lower standardized age values, indicating younger patients, while Clusters 1 and 3 have 
higher medians. This difference may point to various biological profiles or diagnosis stages among 
age groups.

Figure 8.3. Age Distribution by GMM Cluster

Figure 8.4 present of the tumor size distribution in each cluster. While Cluster 2 has significantly 
larger values for tumor sizes than the rest, it might represent the advanced stage of cancer. 
Clusters 0, 1, and 3 have relatively small and similar tumor sizes.
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Figure 8.4. Tumor Size Distribution by GMM Cluster

Figure 8.5 illustrates the distribution of positive lymph nodes in GMM-defined clusters, a key 
indicator of the progression of breast cancer. The highest lymph node involvement is in Cluster 
2, indicating a subgroup with more severe disease and higher metastatic potential. Low lymph 
node presence in Cluster 3 suggests a less aggressive clinical phenotype. Clusters 0 and 1 exhibit 
moderate involvement with less distributions.

Figure 8.5. Number of Lymph Nodes by GMM Cluster
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Figure 8.6 expression this case of PGR levels is being contrasted between clusters. Cluster 3 
has the highest PGR values, which are associated with hormone-responsive phenotypes of breast 
cancer. Clusters 0 and 1 have lower values that might be representative of hormone-insensitive 
cases.

Figure 8.6. Progesterone Receptor (PGR) Levels by GMM Cluster

Figure 8.7 illustrates ER expression by clusters. Again, Cluster 3 expresses high ER, as expected 
to confirm its likely classification as hormone sensitive. Clusters 0, 1, and 2 express very low ER 
levels, suggesting other underlying tumor biology.

Figure 8.7. Estrogen Receptor (ER) Levels by GMM Cluster

CONCLUSIONS
GMM has been applied to clinical data to categorize patients with PBC based on a variety 
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of biological and prognostic factors. For instance, the model can be extended to incorporate 
features such as tumor size, pS2 protein, hormone receptor levels (ER, PgR), age, and 
menopausal status. GMM is naturally probabilistic, allowing the identification of subgroups 
with overlapping features that might be more difficult to identify with hard clustering, such as 
K-means. The method enables photomapping, a process by which diverse symptoms are divided 
into more homogeneous subtypes, by modeling the data distribution as a mixture of Gaussians. 
This may have the potential to inform personalized treatment decisions. Apart from numerical 
clinical data, GMM is applied to imaging for the classification of breast cancer. For instance, 
in the pre-processing step of histopathological image analysis, GMM is used to differentiate 
between foreground and background regions in order to segment out tissue portions. A two-
component GMM efficiently models pixel intensity distributions, enabling accurate tissue 
segmentation prior to comprehensive feature extraction using CNNs such as VGG16(28,29,30) and 
dimensionality reduction using Principal Component Analysis. This segmentation enhances 
the quality and clarity of subsequent clustering and classification tasks by helping to isolate 
regions of interest. However, despite these advantages, the effectiveness of GMM is extremely 
dependent upon judicious choice of the number of clusters and scrupulous handling of its 
vulnerability to outliers and non-Gaussian data distributions. High-dimensional or extensive 
datasets pose a computing challenge because the model requires computationally expensive 
iterative parameter estimation. In cases where asymmetries and skewed distributions cannot 
be modeled correctly due to violation of the Gaussian assumption, other models have been 
explored, for example, Libby-Novick Beta Mixture Models. Moreover, GMM has been compared 
with many clustering approaches: while K-means remains one of the most frequent methods in 
clinical applications due to its simplicity, Gaussian Mixture Models offer greater flexibility by 
modeling probabilistic membership in nuancing subgroup boundaries. GMM has been employed 
in a number of studies on cluster validation techniques (ClValid or OptCluster) which evaluate 
cluster validity and determine an appropriate number of clusters, thereby ensuring that the 
identified patient subgroups are clinically significant.

Recommendation and Future direction
Although there was little agreement with real clinical outcomes, the present study 

demonstrated that GMMs are capable of uncovering hidden subgroup structures in breast 
cancer. On the basis of these findings, future investigations should proceed with the systematic 
refinement of the clustering process using sophisticated methods of dimensionality reduction 
such as UMAP or autoencoders to reduce redundancy and enhance separability. Additionally, 
robust model selection criteria-eg, BIC, AIC, silhouette scores-can be applied to determine 
the optimal number of clusters. Furthermore, considering mixture models that go beyond the 
Gaussian assumption, such as Dirichlet Process Mixture Models or Beta Mixtures, may enhance 
adaptability to the non-Gaussian distributions often found in biomedical datasets. Another 
important suggestion is to enhance the clinical interpretability of clusters. While hidden 
structures could be identified through unsupervised learning, their deployment in clinical 
practice rests on the degree to which they correlate with biological markers and prognostic 
factors. Cluster relevance may thus be validated by integrating GMM results with established 
markers such as ER, PR, HER2 and IGF1R expression. Moreover, embedding GMM findings within 
semi-supervised or weakly supervised learning frameworks-where a small amount of labelled 
data guides the clustering procedure-may enhance conformity to known diagnostic categories 
while preserving the flexibility of unsupervised discovery. Several interesting avenues of further 
study appear. Firstly, the application of this approach to the integration of multi-omics data-
genomics, proteomics and transcriptomics-may enhance the biological basis of the subtypes 
which have already been identified. Secondly, in order to capture nonlinear feature interactions 
and enhance subgroup resolution, hybrid deep learning-GMM models-such as variational 
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autoencoder clustering-should be explored. Thirdly, the application of these methods to long-
term patient data may reveal trends in the course of illness and the dynamics of treatment 
response, and cross-cohort validation across diverse demographics will enhance generalisability. 
Finally, integration of GMM-based clustering into AI-driven clinical decision support systems may 
enable personalised therapy recommendations, thereby transforming unsupervised learning 
insights into useful precision oncology tools.
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