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Abstract

Breast cancer is a heterogeneous disease whose molecular complexity complicates ther-
apeutic stratification. Although PAMS50 is a widely used molecular subtyping frame-
work, discrete subtype assignments may underrepresent transitional molecular states and
within-subtype heterogeneity relevant to treatment. This study develops a biologically
interpretable representation learning framework that projects bulk RNA-seq profiles into
nonlinear latent spaces and applies unsupervised hierarchical clustering, cross-validated
against k-means and Gaussian mixture models (GMMs), to investigate additional tumor
structure. The pipeline integrates a variational autoencoder (VAE), t-SNE/UMAP vi-
sualization, and functional (differential expression, pathway enrichment) and immune
(ESTIMATE, quanTIseq) characterization of the resulting clusters. From a source pool of
19,131 transcriptomic profiles, a primary analytical cohort of 8744 unique, non-duplicated,
PAMb50-labeled tumor and normal samples was used for VAE training and all downstream
analyses, without class balancing or oversampling. Across this primary cohort, tissue
of origin and malignant-versus-normal status—not PAMS50 subtype—consistently domi-
nated clustering structure across every representation (PCA-40; VAE Z = 10, 20,40) and
every clustering algorithm tested, a pattern reproduced even in the raw gene expression
space. Isolating the resulting 835-sample malignant subpopulation and reclustering it in
isolation revealed subtype-specific structure obscured at the whole-cohort level: Basal-like
disease separated cleanly under every representation, algorithm, and gene-panel size tested
(83-98% purity); Luminal A resolved into a distinct cluster plus a continuum bridging Lumi-
nal B; HER2-enriched concentrated but only inconsistently achieved cluster-majority status;
and Luminal B never achieved outright cluster majority under any configuration tested, be-
having as a shared boundary population rather than an independently separable subtype.
Among malignant-subset representations, VAE Z = 10 achieved the strongest internal
validation metrics, the highest concordance with PAM50 (Adjusted Rand Index = 0.377),
and—together with VAE Z = 40—a concordance index exceeding the PAM50-only base-
line (0.619 and 0.643 versus 0.606). Immune deconvolution showed that immune-hot and
immune-cold status cut across, rather than align with, PAMS50 boundaries, including a
regulatory T-cell/M1-macrophage-skewed HER2-enriched /Luminal B cluster and a CD8*-
poor, B-cell-skewed Basal-like cluster. Bootstrap resampling and gene-panel-size sensitivity
analyses confirmed that cluster stability tracked PAM50 purity, with Basal-like separation
robust across all conditions and the HER2/Luminal B boundary consistently the least
stable. These internally derived findings indicate that nonlinear representation learning
can recover biologically coherent structure that refines, rather than replaces, PAM50 classifi-
cation, though independent-cohort and spatial or single-cell validation are required before
clinical interpretation.
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1. Introduction

Breast cancer remains a leading cause of oncology-related mortality worldwide, pri-
marily due to its significant clinical and molecular heterogeneity [1]. In the past two decades,
the shift from histopathological classification to molecular profiling has transformed the un-
derstanding of breast tumor biology [2]. The foundational study by Perou et al. introduced
the concept of transcriptomic “molecular portraits,” demonstrating that breast tumors
segregate into distinct, reproducible intrinsic subtypes: Luminal A, Luminal B, HER2-
enriched, and Basal-like [2]. This finding established the basis for the clinical application of
expression-based diagnostics, leading to the development of the PAM50 supervised risk
predictor [3]. The PAM50 classifier employs a targeted 50-gene expression panel to assign
tumors to specific intrinsic subtypes, offering prognostic information on recurrence risk
and chemotherapy benefit beyond standard tumor staging [3,4]. Large-scale consortium
initiatives, particularly The Cancer Genome Atlas (TCGA) network, have validated these
principal axes of variation across multi-omics cohorts [5]. Subsequent efforts have provided
comprehensive molecular subtyping for specific phenotypes, such as triple-negative breast
cancer [6].

Although the PAMS50 framework has been extensively validated, several limitations
remain in breast cancer transcriptomic research. PAMS50 uses a centroid-based approach to
assign tumors to discrete categories [3,7]. A single-label assignment cannot fully represent
within-subtype heterogeneity, transitional molecular states, or multiphenotypic expression
gradients [8]. Patients sharing a PAMS50 label may nevertheless have different clinical
trajectories, immune microenvironment profiles, and therapeutic responses [8,9].

Second, classical unsupervised stratification approaches historically deployed to
explore this biological complexity remain technically constrained. A vast majority of
expression-based subtyping studies continue to rely heavily on linear dimensionality-
reduction methods, such as Principal Component Analysis (PCA), or apply clustering algo-
rithms directly within high-dimensional gene expression spaces [10,11]. High-dimensional
genomic matrices are notoriously noisy and subject to multi-center technical batch ef-
fects [12,13]. More importantly, linear mathematical transformations are inherently inca-
pable of capturing the complex, nonlinear gene-gene regulatory dependencies, feedback
loops, and epistatic interactions that dictate actual tumor biology [14]. This limitation is
compounded whenever the analyzed cohort spans multiple tissue types or a mixture of
malignant and non-malignant samples, since the largest axis of linear variance in such
a cohort need not coincide with the biological axis of interest. Consequently, classical
unsupervised methods frequently yield unstable or biologically ambiguous clusters that
lack translational value.

Third, deep representation learning methods can address some constraints of linear
models, but their application to breast cancer remains fragmented. Variational autoencoders
(VAEs) provide a probabilistic generative framework that compresses high-dimensional
transcriptomes into low-dimensional latent variables while regularizing the representation
through Kullback-Leibler Divergence (KLD) [15,16]. Way and Greene demonstrated that a
VAE trained on pan-cancer TCGA RNA-seq data could extract biologically relevant latent
features associated with known pathways [17]. Existing studies have largely focused on
representation learning, reconstruction, visualization, or subtype discovery; fewer have
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linked latent embeddings to a unified clinical, immunological, and functional characteriza-
tion workflow, and fewer still have subjected the resulting cluster structure to systematic
testing against resampling, model capacity, or feature-selection choices—despite clustering
solutions in high-dimensional genomic data being generally known to be sensitive to
exactly these choices [11,17-21].

Finally, the precise relationship between newly discovered deep learning clusters and
the surrounding tumor immune microenvironment (TIME) has not been comprehensively
explored through the lens of deep generative representations. Bulk tumor transcriptomic
data represent an integrated mixture of malignant cells, stromal elements, and infiltrating
immune cell types [22]. Algorithms such as ESTIMATE and CIBERSORT have enabled
investigators to infer cellular purity, stromal abundance, and detailed immune cell-type
proportions directly from bulk expression signatures [23,24]. While the configuration of
the immune landscape—particularly the distinction between “immune-hot” (highly infil-
trated) and “immune-cold” (deserted) phenotypes—is a critical determinant of survival
and response to modern immune checkpoint therapies, current classification models fail to
systematically link these microenvironmental landscapes with nonlinear transcriptomic rep-
resentations or to test whether immune-hot and immune-cold status track PAM50 subtype
boundaries at all [25,26]. This lack of integration limits both the biological interpretability
and translational utility of deep representation networks within modern precision oncology
workflows [27].

To bridge these interrelated gaps, this study proposes an integrative, biologically
interpretable unsupervised deep learning pipeline that unifies probabilistic deep genera-
tive modeling with robust downstream statistical, functional, and cellular deconvolution
workflows. Critically, this pipeline is applied in two stages. First, it is applied directly to a
primary analytical cohort spanning both malignant and non-malignant, multi-tissue-origin
samples to test whether unsupervised clustering of nonlinear latent representations re-
covers PAMS50 subtype structure under realistic cohort composition. Having found that it
instead recovers tissue of origin and malignancy status—a confound rather than a subtype
signal—the pipeline isolates the resulting malignant subpopulation and repeats the full
representation learning, clustering, and characterization workflow on this subset in isola-
tion, where genuine subtype-associated structure can be assessed without interference from
this larger, confounding axis of variation. The resulting subtype-level findings, together
with their biological, immune, and clinical correlates, are then subjected to a dedicated
multi-axis robustness analysis to establish which of them constitute stable, non-arbitrary
structure rather than artifacts of a single modeling choice.

The primary contributions of this work are summarized as follows:

* A Comprehensive, Cross-Validated Deep Generative Pipeline: We propose and vali-
date an integrated, unsupervised representation learning pipeline combining a varia-
tional autoencoder (VAE) architecture, nonlinear manifold visualization (t-SNE and
UMAP), hierarchical clustering cross-validated against k-means and Gaussian mixture
model clustering, and systematic functional and immune multi-omics characterization.

*  Resolution of a Confounding Tissue-of-Origin Signal: We demonstrate that unsu-
pervised clustering applied to a mixed malignant/non-malignant, multi-tissue-origin
cohort—across every representation and clustering algorithm tested, including the
raw gene expression space with no dimensionality reduction—consistently recovers
tissue of origin and malignancy status rather than PAM50 subtype, and we isolate
the resulting malignant subpopulation to reveal the subtype-associated structure this
confound otherwise obscures.

* A Precise, Cross-Algorithm Map of PAMS50 Subtype Separability: Within the isolated
malignant population, we characterize exactly which PAMS50 subtypes are, and are
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not, separable by unsupervised clustering: Basal-like disease separates cleanly under
every representation, algorithm, and gene-panel size tested; Luminal A resolves into
a distinct cluster and a continuum bridging Luminal B, HER2-enriched concentrates
but only inconsistently achieves cluster-majority status; and Luminal B never achieves
outright cluster majority under any tested configuration—evidence for a continuous
rather than strictly discrete boundary between these subtypes.

e  Characterization of Inmune Heterogeneity Crossing PAM50 Boundaries: We show
that immune-hot and immune-cold status do not align with PAMS50 subtype, includ-
ing a Luminal A population that splits into an immune/stromal-rich cluster and
immune-cold clusters, a Basal-like cluster that is immune-active yet CD8-poor and
B-cell-skewed, and a HER2-enriched /Luminal B bridging cluster with a regulatory
T-cell- and M1-macrophage-skewed profile suggestive of an immunosuppressive mi-
croenvironment.

* A Multi-Axis Robustness Framework: We subject the discovered clustering solution
to four complementary robustness analyses—bootstrap resampling stability, stability
of the primary-cohort clustering solution, sensitivity to latent space dimensionality;,
and sensitivity to highly variable gene-panel size—establishing which findings con-
stitute stable, non-arbitrary structure rather than artifacts of a single modeling or
feature-selection choice.

The remainder of this paper is structured as follows. Section 2 details our materials
and methods, outlining dataset harmonization, VAE model architecture selection, hierarchi-
cal clustering parameters, and downstream microenvironmental deconvolution protocols.
Section 3 contains our comprehensive experimental results, detailing model benchmarks,
survival metrics, and functional enrichment readouts. Section 4 presents a detailed discus-
sion of our findings, expanding on our structural contributions, biological interpretations,
and clinical translational value. Finally, Section 5 concludes this paper with an overview of
future research directions.

2. Materials and Methods

This paper describes an unsupervised deep learning pipeline for transcriptome-based
subtype discovery in breast cancer. The framework combines nonlinear latent representa-
tion learning through a variational autoencoder (VAE), hierarchical clustering for molecular
subtype discovery, and immune microenvironment characterization, evaluated through
a multi-tier internal biological and clinical analysis. Transcriptomic data were drawn
from harmonized public repositories and preprocessed into a standardized expression
matrix. The primary analytical cohort comprised 8744 unique, PAM50-labeled or con-
firmed normal-tissue samples; the VAE was trained directly on this real, non-duplicated
cohort and compressed each profile into a latent space across three bottleneck dimen-
sionalities (Z = 10, 20, 40), each benchmarked against a linear PCA baseline. Discovered
subtypes were then evaluated through internal geometric metrics, clinical concordance
scoring, Kaplan—Meier survival analysis, multivariate Cox modeling, differential expres-
sion, functional enrichment, and immune deconvolution—all performed on the unique,
non-duplicated sample cohort. Robustness of the clustering solution to resampling, la-
tent dimensionality, and feature-selection thresholds was additionally assessed through a
dedicated sensitivity analysis (Section 2.9).

2.1. Dataset Description and Preprocessing

We obtained transcriptomic data and corresponding metadata from the UCSC Xena
platform (https:/ /xenabrowser.net/ (accessed on 12 March 2026)). The total processed
pool contained 19,131 tumor and normal tissue profiles, with expression quantified as
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transcripts per million (TPM); this pool was not itself analyzed or reported on and served
only as the source from which the primary analytical cohort below was derived. Samples
were assigned a single label using the following priority order: GTEx-origin samples
were labeled Normal-GTEx; TARGET-origin samples were labeled TARGET_Outlier and
excluded as pediatric records (n = 734); samples with a metastatic sample-type annotation
were labeled Metastatic and excluded (n = 7), since metastatic-site expression profiles
are not comparable to primary-tumor or normal-tissue profiles and cannot be assigned
a PAM50 primary-tumor subtype; samples with a solid tissue normal annotation were
labeled Normal-TCGA; remaining samples with a non-missing PAM50Call_RNAseq values
were labeled with that subtype; and all remaining samples were labeled Unknown_Tumor
and excluded (n = 9646). This yielded a primary analytical cohort of 8744 unique, uniquely
labeled samples (Table 1), used throughout this study for VAE training and all downstream
biological and clinical characterizations.

Table 1. Primary analytical cohort (1 = 8744) and those excluded because of missing subtype labels,
pediatric origin, or metastatic sample type.

Category Subtype Origin Sample Count (1)
Included Normal-GTEx 7792
Included Normal-TCGA 113
Included Luminal A 420
Included Luminal B 192
Included HER2-enriched 66
Included Basal-like 139
Included Normal-like 22
Excluded Unknown_Tumor 9646
Excluded TARGET_Outlier (pediatric) 734
Excluded Metastatic 7
Total All Processed Samples 19,131

Dimensionality reduction of the original 60,499 gene features was performed through
a two-stage filtering strategy applied to the full 19,131-profile pool. First, genes with low
expression (TPM < 1 in more than 90% of samples) were removed. The remaining genes
were ranked by Median Absolute Deviation (MAD), and the 5000 most variable genes were
retained. The resulting matrix was standardized using z-score normalization, fitted across
the full pool. This standardized matrix was then subset to the 8744 samples comprising the
primary analytical cohort; all downstream model training, clustering, and characterization
used this 8744-sample matrix exclusively.

2.2. Training and Analytical Pipelines

The VAE architecture was implemented using PyTorch (v2.13.0+cpu) and trained
directly on the primary analytical cohort of 8744 unique, non-duplicated samples—no class
balancing or oversampling was applied in the primary pipeline. A stratified 80%/20%
train/validation split (stratified by molecular or tissue label, fixed random seed = 42)
produced 6995 training and 1749 validation samples; the validation partition was used
solely to monitor convergence and drive early stopping, not as an external validation set.
Training used a mini-batch size of 64, the Adam optimizer, and up to 300 epochs with
early stopping (patience = 15 epochs on validation loss); weights from the best-performing
epoch were restored before the encoder was applied to the full 8744-sample cohort to
generate the latent representations used in all downstream analyses. Convergence was
monitored via the Evidence Lower Bound (ELBO), applied identically across all three latent
dimensionalities (Z = 10,20, 40) and the PCA-40 baseline.
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Malignant-only subset (1 = 835): the subset of the primary analytical cohort assigned
to the dominant malignant cluster by raw-feature-space hierarchical clustering (Section 3.4),
used to independently train a parallel set of VAE models restricted to this smaller, tumor-
enriched population. Because this subset is roughly one-tenth the size of the primary cohort,
the training protocol was adjusted to guard against overfitting: batch size was reduced
from 64 to 32, early-stopping patience was extended from 15 to 20 epochs (validation loss
on 167 held-out samples is noisier than on the primary cohort’s 1749), and L2 weight decay
(1 x 10~*) was added to the Adam optimizer. All other settings—optimizer, learning rate,
logvar clamping, and gradient clipping—were retained unchanged from the primary-cohort
protocol (Section 2.3). Because this subset’s Normal-TCGA representation reduces to a
single sample, the stratified split fell back to a plain random 80%/20% partition, producing
668 training and 167 validation samples.

2.3. Variational Autoencoder Architecture

Nonlinear transcriptomic features and tumor heterogeneity were modeled using
a variational autoencoder (VAE). The architecture was constructed in PyTorch using a
symmetric bottleneck layout. The encoder consists of two fully connected layers (5000 —
500 — 100 hidden units) with rectified linear unit (ReLU) activations and a dropout layer
(rate = 0.2) after the first hidden layer. To permit end-to-end backpropagation, the latent
vector was sampled via the reparameterization trick asz = y +0 ®¢, e ~ N(0,I) [15].
The decoder network mirrors the encoder geometry and concludes with a linear layer to
reconstruct continuous gene expression profiles. Models were evaluated across three latent
dimensionalities (Z = 10, 20, 40).

Models were trained directly on the primary analytical cohort (n = 8744), using the
sample-level stratified 80/20 train/validation split described in Section 2.2, the Adam
optimizer with a batch size of 64 and a learning rate of 1 x 1073, and early stopping (pa-
tience = 15 epochs on validation loss) for up to 300 epochs. To prevent the numerical
instability of unconstrained variance estimates—observed during development as intermit-
tent divergence of the reconstruction loss at higher latent dimensionalities—the encoder’s
log-variance output was clamped to [—10, 10] and gradients were clipped to a maximum
norm of 5.0 before each optimizer step; both are standard stabilization measures and do
not alter the loss function itself. The joint loss function combined Mean Squared Error
(MSE) for reconstruction accuracy and Kullback-Leibler Divergence (KLD) for latent space
regularization. Model weights from the epoch with the lowest validation loss were restored
before the trained encoder was applied to the full 8744-sample cohort to generate the latent
representations used in all downstream analyses. Optimization outcomes across the three
latent dimensionalities are detailed in Table 2.

Table 2. VAE optimization outcomes across latent dimensionalities for the primary analytical cohort
(n = 8744).

. Val. MSE Val. KLD
Latent Dim. (Z) Best Epoch Val. Total Loss (Fidelity) (Complexity)
Z =10 51 1177.48 1145.05 32.42
Z=20 87 1155.65 1109.35 46.30
Z =140 97 1160.12 1111.54 48.59

For the malignant-only subset (n = 835; Section 3.4), the same encoder—decoder ge-
ometry (5000 — 500 — 100 — Z) was retained for comparability, but regularization was
strengthened given the smaller training set: dropout after the first encoder layer was in-
creased from 0.2 to 0.3, and a second dropout layer (rate = 0.2) was added after the 100-unit
encoder layer, which the primary-cohort architecture did not include. The train/validation
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loss gap at the best epoch was computed for every latent dimensionality and flagged if it
exceeded 20% of the validation loss; no configuration exceeded this threshold (Section 3.1).

2.4. Dimensionality Reduction and Visualization

To evaluate the quality of the learned representations, VAE latent features across all
three dimensionalities (Z = 10, 20,40) were benchmarked against a linear PCA baseline,
computed on the same standardized 5000-gene matrix and retaining the top 40 principal
components to match the maximum latent capacity of the VAE configurations. For visual
assessment of cluster separation and global manifold structure, latent coordinates for
each representation were projected independently into two dimensions using t-SNE [28]
and UMAP [29]—the former emphasizing local neighborhood structure and subcluster
detail, the latter preserving the balance between local and global topology. Consistent
with their intended role, these projections were used strictly for visualization and were not
used for cluster assignment, which was performed separately on the native-dimensional
representations (Section 2.5).

t-SNE was run with a perplexity of 40 for the primary figures—perplexity governs the
effective number of neighbors contributing to each point’s local similarity structure, balanc-
ing sensitivity to fine local detail (low perplexity) against preservation of broader manifold
shape (high perplexity). To confirm that the resulting structure was not sensitive to this
choice, t-SNE was additionally run at perplexities of 30 and 50 for every representation; all
three settings produced consistent cluster topology. UMAP was run with n_neighbors = 30
and min_dist = 0.3. Both methods used a fixed random seed (42) for reproducibility.

Together, these projections provided the basis for evaluating how cleanly each ar-
chitecture separates healthy GTEXx tissue from malignant molecular subtypes, and how
compact the resulting clusters are across representations. To establish the biological inter-
pretability of these low-dimensional landscapes before structural clustering, downstream
differential expression testing was designated via the limma (v3.66.0) framework [30], while
multi-omics functional annotations were mapped using clusterProfiler (v4.18.4) [31].

2.5. Unsupervised Subtype Discovery and Validation

Hierarchical agglomerative clustering was performed independently on each of the
four representations under comparison—the PCA-40 baseline and the VAE latent spaces
at Z = 10, 20, and 40—computed on the primary analytical cohort (n = 8744). For every
representation, only the numeric latent or principal-component features were passed to
the clustering algorithm; the reference label column and sample identifier were explicitly
dropped, with the excluded columns printed and verified at runtime. This ensured that
cluster assignment could not be informed, directly or indirectly, by the PAM50/tissue labels
subsequently used for biological validation.

Euclidean distance and Ward’s linkage method [32] were used to minimize within-
cluster variance. The primary cluster resolution was set at k = 7 to match the number of
reference molecular/tissue groups and facilitate downstream comparison; because this
choice of k was informed by the reference partition, cluster stability was additionally
examined across k = 3 to k = 8.

Cluster quality was quantified using three internal validation metrics, computed
without reference to any label: the silhouette score (cohesion/separation), the Calinski-
Harabasz index (between-/within-cluster variance ratio), and the Davies—Bouldin index
(cluster overlap). To determine whether the resulting structure reflected Ward's specific
merge criterion or a more general property of each representation’s geometry, the same
k = 3-8 sweep was repeated using two alternative unsupervised algorithms on the identical
feature space: k-means (Lloyd’s algorithm, 10 restarts) and a full-covariance Gaussian
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mixture model fitted by expectation-maximization [32]. Agreement in the metric trend
across all three algorithms was taken as evidence that the reported differences between
representations reflect underlying geometric structure rather than the specific clustering
heuristic used.

Biological plausibility was assessed only after cluster assignment, never as an input
to it: at k = 7, the cluster labels produced by each of the three algorithms were cross-
tabulated against the reference PAMS50/tissue classes (Basal-like, HER2-enriched, Luminal
A, Luminal B, Normal-like, Normal-GTEx, Normal-TCGA) to characterize cluster composi-
tion and to quantify the purity of the malignant/PAMb50-associated population within its
dominant cluster.

Because clustering the primary cohort’s PCA-40 and VAE representations consistently
resolved tissue-of-origin and malignancy status rather than PAMS50 subtype structure
(Sections 3.1-3.3), a raw-feature-space hierarchical clustering (Euclidean distance, Ward'’s
linkage, applied directly to the standardized 5000-gene matrix with no PCA or VAE com-
pression) was additionally performed to test whether this reflected a property of the
representations themselves or of the transcriptome. The resulting dominant malignant
cluster (n = 835; Section 3.4) was extracted using only this unsupervised cluster assignment,
never the PAM50 reference label, and reclustered in isolation—first, directly on the raw
gene expression features (hierarchical, k-means, and Gaussian mixture model clustering,
k = 3-8; Section 3.4) and subsequently on a parallel set of PCA-40 and VAE (Z = 10, 20,
40) representations trained specifically on this malignant-only subset (Section 2.2) at the
biologically motivated resolution of k = 5 (Sections 3.4.1 and 3.4.2). The external validation
framework described in Section 2.6—PAMS50 concordance, clinical association, and survival
analysis—was applied to this malignant-only representation set using its hierarchical k = 5
cluster assignments, with results reported in Section 3.5.

2.6. Comparison with PAMb0 Subtypes and Clinical Variables

External cluster validity was quantified using the Adjusted Rand Index (ARI) and
Normalized Mutual Information (NMI). ARI measures agreement between unsupervised
assignments and PAMS50 labels beyond what would be expected by chance, while NMI
captures the degree of shared information between the two partitions.

To verify that unsupervised clusters represent biologically grounded patient popula-
tions, association analysis against key clinicopathological features was performed. Pear-
son’s chi-square tests were used for categorical variables (ER/PR/HER2 status and AJCC
stage), and the Kruskal-Wallis H test was applied to the continuous variable (age at diag-
nosis). Because the group variable has five levels, a generalized exact test was not available;
contingency tables with more than 20% of expected cell counts below 5 were flagged
accordingly (Section 3.5.2). All analyses were implemented via the SciPy library [21].

The clinical relevance of the discovered subtypes was assessed through a multi-tier
prognostic framework. Survival probabilities were estimated using Kaplan—-Meier anal-
ysis [33], with the log-rank test used to evaluate differences between clusters. Prognos-
tic accuracy was quantified using the concordance index (C-index) [34], allowing direct
comparison against the PAM50 standard [3]. A multivariate Cox proportional hazards
model [35], adjusting for age and AJCC stage, was used to determine whether the identified
clusters carry independent prognostic value beyond established clinical variables.

2.7. Differential Expression and Pathway Enrichment

Differential expression (DE) analysis was performed using the limma framework [30,36].
By contrasting each VAE-derived cluster against the remainder of the dataset (one-vs.-rest
approach), cluster-specific drivers were identified while avoiding the dilution inherent in
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pairwise comparisons. Genes were ranked by moderated t-statistic within each cluster,
and those meeting a dual threshold of magnitude (| log, FC| > 1) and statistical significance
(adjusted p-value < 0.05) were designated as cluster-specific driver genes; the ten highest-
ranked driver genes per cluster are reported in Supplementary Table 54.

To translate the driver-gene signatures into interpretable molecular programs, a three-
tier functional annotation strategy was implemented. Over-representation analysis (GO
Biological Process and KEGG) was conducted using clusterProfiler [31], applying a relaxed
significance threshold (adjusted p-value < 0.05, |log, FC| > 0.5) to accommodate the com-
paratively modest effect sizes expected when contrasting tumor subclusters against one
another rather than tumor against normal tissue; the full ranked term list was retained for
each cluster, with the top 20 terms reported regardless of whether they individually reached
corrected significance. Gene set enrichment analysis (GSEA) [37] against the MSigDB Hall-
mark collection [38] was conducted using the complete ranked gene list (by moderated
t-statistic) via fgsea to detect coordinated pathway-level shifts not captured by individual
gene-level thresholds. Functional interpretation was restricted to the VAE Z = 10 represen-
tation, established in Sections 3.4.1 and 3.5 as the strongest-performing malignant-subset
representation on mathematical, biological, and PAMS50-concordance grounds.

2.8. Immune Infiltration Analysis

Immune cell infiltration was estimated for each of the 835 malignant-subset samples
to characterize the tumor microenvironment underlying each transcriptomic cluster, since
PAMS50 classification does not itself model immune context and immune infiltration is an
established determinant of both prognosis and therapy response in breast cancer. Global
stromal and immune content was quantified using ESTIMATE (v1.0.13) [23], which derives
a stromal score and an immune score from single-sample gene set enrichment against
curated stromal- and immune-specific signatures, a combined ESTIMATE score, and a
derived tumor purity value via the platform-specific formula of Yoshihara et al. [23]. Be-
cause ESTIMATE's purity conversion is defined only for the Affymetrix platform, this
formula was applied to the RNA-seq-derived scores following common practice in the
absence of an RNA-seq-specific alternative; results should be interpreted with this caveat
in mind. ESTIMATE was run on the same 5000-gene expression panel used throughout
Sections 2.5-2.7, mapped from Ensembl identifiers to gene symbols; coverage of ESTI-
MATE'’s reference gene sets within this panel was 95 of 141 stromal signature genes (67.4%)
and 52 of 141 immune signature genes (36.9%), reflecting the panel’s fixed feature set rather
than full transcriptome-wide coverage.

Immune cell composition was further resolved using quanTIseq [39], implemented
via the immunedeconv package (v2.1.0) [40], which deconvolves ten immune cell types (B
cells, M1 and M2 macrophages, monocytes, neutrophils, NK cells, CD4+ non-regulatory
T cells, CD8+ T cells, regulatory T cells, and myeloid dendritic cells) plus an unclassified
residual category from bulk expression. quanTIseq was selected over CIBERSORT because
it requires no proprietary licensing (unlike CIBERSORT’s LM22 signature matrix) while
remaining methodologically comparable and is distributed within the same deconvolution
framework. Input expression values were converted from log, (TPM + 1) back to linear
TPM prior to deconvolution, as required by the method. Signature coverage within the
5000-gene panel was 70 of 138 TIL10 marker genes (50.7%); given this partial coverage,
quanTIseq’s residual “uncharacterized” category—which typically captures non-immune
content in bulk tissue—was negligible across all samples, indicating that the reported
cell-type fractions are best interpreted as relative proportions among the ten characterized
immune populations rather than as absolute shares of the tumor microenvironment.
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Differences in ESTIMATE scores, tumor purity, and quanTIseq cell-type fractions
across the five clusters were assessed using the Kruskal-Wallis test, followed by Dunn’s
post hoc test with Bonferroni correction for pairwise comparisons where the omnibus
test was significant; Dunn’s test was used in place of pairwise Wilcoxon tests because it
incorporates rank information from all five groups simultaneously rather than only the
pair under comparison, providing a more statistically appropriate post hoc procedure
following a Kruskal-Wallis omnibus result. Benjamini-Hochberg-adjusted p-values are
additionally reported alongside the Bonferroni-corrected values. Because several cell-type
fractions were zero-inflated and right-skewed, cluster-level summaries are reported as
medians rather than means unless otherwise noted, as mean values for these variables
were disproportionately influenced by a small number of high-expression outlier samples.
Clusters were classified as immune-hot or immune-cold according to their combined
ESTIMATE immune score and tumor purity relative to the cohort.

2.9. Robustness Analyses

To evaluate whether the clustering solutions and their biological and clinical associa-
tions reported above reflect stable, non-arbitrary structure rather than artifacts of a single
analytical choice, four complementary robustness analyses were performed. First, cluster
stability of the malignant-subset flagship solution (VAE Z = 10, hierarchical clustering,
k =5, n = 835) was assessed via bootstrap subsampling: fifty resamples, each retaining a
random 85% of the 835 samples, were independently reclustered using the identical Ward
linkage protocol, and agreement between each resampled partition and the original cluster
assignments was quantified using the Jaccard similarity index [41] via the clusterboot
function of the fpc package in R, with resampled clusters matched to their correspond-
ing original cluster by maximum sample overlap. Mean Jaccard values above 0.85 were
interpreted as highly stable, 0.60-0.85 as moderately stable, and below 0.60 as unstable,
following the conventional thresholds proposed by Hennig (2007).

Second, an equivalent stability check was applied to the clustering solution obtained
on the primary analytical cohort (n = 8744) prior to the pivot to the malignant-only subset
(Section 3.4), to assess whether the whole-cohort failure to recover PAM50 subtype structure,
rather than tissue of origin, is itself a stable, reproducible finding across resampling. Third,
sensitivity of the malignant-subset clustering solution to latent space dimensionality was
assessed by comparing internal validation metrics and survival/clinical concordance across
four representations—PCA-40 and VAE latent spaces at Z = 10, 20, and 40—clustered
under the identical hierarchical (Ward), k = 5 protocol (Sections 3.4.1, 3.5 and 3.5.2).

Fourth, sensitivity to the size of the highly variable gene panel used to construct the
malignant-subset input matrix was assessed by reconstructing the panel at two additional
sizes (3000 and 10,000 genes, versus the 5000-gene panel used throughout), retraining
the VAE at Z = 10, and re-evaluating cluster—PAM50 concordance at each size. External
validation of the discovered subtypes on an independent breast cancer cohort was not
performed, as no publicly available dataset meeting this study’s inclusion criteria (matched
RNA-seq expression, PAM50 subtype calls, and survival follow-up) was identified; this is
noted as a limitation in the Section 4.

3. Results

Performance was assessed across mathematical, biological, clinical, and immune
microenvironmental dimensions using a hierarchical validation framework, applied to the
primary analytical cohort of 8744 real, non-duplicated samples. The configuration that
achieves the highest biological concordance, microenvironmental resolution, and prognostic
discrimination is reported in the corresponding subsections, following clustering and
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survival re-evaluation on this cohort. Robustness of these findings to resampling, latent
dimensionality, and gene-panel size was assessed separately (Section 3.8).

3.1. VAE Configuration and Convergence

All three VAE architectures (Z = 10, 20, 40), trained directly on the 8744-sample
primary analytical cohort, converged smoothly under early stopping, with none of the
training instability observed during development at higher latent dimensionalities prior
to the log-variance clamping and gradient-clipping measures described in Section 2.3.
As shown in Figure 1, all three configurations show a rapid initial decline in training and
validation loss followed by a long, stable plateau; early stopping (patience = 15 epochs)
triggered at epochs 66 (Z = 10), 102 (Z = 20), and 112 (Z = 40), with the best-performing
weights—from epochs 51, 87, and 97, respectively—restored for downstream use.
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Figure 1. Training convergence of the VAE models trained directly on the primary analytical cohort
(n = 8744; real, non-duplicated samples), across latent dimensionalities VAE Z = 10, 20, and 40. Early
stopping (patience = 15 epochs) determined training duration for each configuration; the dashed line
marks the best-validation-loss epoch, whose weights were restored for downstream use.

Comparative analysis of the best-epoch metrics (Table 2) shows that Z = 20 achieved
both the lowest overall validation loss (1155.65) and the lowest reconstruction error
(MSE = 1109.35) among the three configurations, followed closely by Z = 40 (validation
loss =1160.12; MSE = 1111.54), with Z = 10 clearly highest on both measures (valida-
tion loss = 1177.48; MSE = 1145.05). The Z = 10 model retained the lowest KLD (32.42),
consistent with its more constrained bottleneck limiting latent complexity—although this
constraint did not translate into a reconstruction advantage. The Z = 40 model’s larger
capacity increased KLD (48.59) without improving on Z = 20’s reconstruction fidelity,
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suggesting the additional latent dimensions beyond Z = 20 captured comparatively little
further structure in this cohort. Because training-loss trade-offs alone do not establish
which latent dimensionality is most biologically informative, we deferred any designation
of an optimal configuration to the clustering concordance and survival analyses below.

To test whether the latent space compression benefits observed for the whole cohort
also held once the dominant tissue-of-origin signal was removed, the same three VAE archi-
tectures were independently retrained on the malignant-only subset (1 = 835; Section 3.4),
using the modified protocol. All three configurations converged smoothly, as shown in
Figure 2, with no overfitting flagged at any latent dimensionality (training/validation gap
8.3%, 10.8%, and 12.9% of validation loss for Z = 10, 20, and 40, respectively—all under
the 20% threshold, although widening steadily with latent capacity). Unlike the primary
cohort, where Z = 20 achieved the lowest validation loss (Table 2), this subset showed the
opposite ordering: Z = 10 achieved both the lowest validation loss (1506.98) and the lowest
reconstruction error (MSE = 1480.75), with validation loss and KLD rising monotonically as
latent capacity increased (Table 3). Reconstruction fidelity continued to improve marginally
with capacity (MSE fell from 1480.75 to 1475.41 between Z = 10 and 40), but this gain was
consistently outweighed by rising KLD, so total loss was minimized at the smallest latent
dimensionality tested—a reversal that parallels the clustering-quality result for this same
subset, where VAE Z = 10 also outperformed the wider configurations on every internal
validation metric.
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Figure 2. Training convergence of the VAE models trained on the malignant-only subset (1 = 835;
Section 3.4), across latent dimensionalities VAE Z = 10, 20, and 40. Early stopping (patience = 20
epochs) determined training duration for each configuration; the dashed line marks the best-
validation-loss epoch, whose weights were restored for downstream use.
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Table 3. VAE optimization outcomes across latent dimensionalities for the malignant-only subset
(n = 835).

. Val. MSE Val. KLD
Latent Dim. (Z) Best Epoch Val. Total Loss (Fidelity) (Complexity)
Z=10 29 1506.98 1480.75 26.22
Z =20 42 1510.58 1476.28 34.30
Z =40 56 1513.25 1475.41 37.84

3.2. Manifold Topology and Subtype Resolution

Two-dimensional UMAP projections, computed independently for each representa-
tion, provided a qualitative benchmark for the manifold structure recovered by the VAE
relative to the linear PCA baseline, as shown in Figure 3. Across all four representations,
Normal-GTEx samples separated into numerous distinct, well-isolated islands rather than
forming a single mass—consistent with Normal-GTEx spanning multiple normal tissue
types beyond breast, each retaining its own characteristic transcriptomic signature. The con-
sistent recovery of this tissue-of-origin structure across every representation, including
the linear PCA baseline, indicates that the projections captured a genuine biological signal
rather than a representation-specific artifact.
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Figure 3. UMAP projections of the real 8744-sample cohort, colored by tissue origin and PAMS50
molecular subtype, for (a) PCA-40, (b) VAE Z = 10, (c) VAE Z = 20, and (d) VAE Z = 40.
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Tumor and Normal-TCGA samples occupy a region clearly set apart from the Normal-
GTEXx field in every representation. In the three VAE configurations, this region forms
a single contiguous cluster, with Normal-TCGA samples forming a distinguishable tail
extending from, but continuous with, the tumor mass. In the PCA baseline, by contrast, this
region splits into two disconnected islands: a main cluster containing Luminal A, Luminal
B, HER2-enriched, and most Normal-TCGA samples, and a fully separate island composed
almost entirely of Basal-like tumors, indicating that, by simple visual separation, linear PCA
isolates the Basal-like subtype more sharply than any of the three VAE configurations, where
Basal-like samples instead sit at the periphery of, and remain contiguous with, the main
tumor cluster. Within the main tumor cluster in all four representations, Luminal A and
Luminal B samples remain substantially intermixed, with no representation producing
a clean visual separation between them; the PAM50 Normal-like class is too sparsely
represented in this cohort for its arrangement to be assessed visually.

This broader tissue-of-origin and tumor-region separation was consistent when re-
examined using t-SNE instead of UMAP (Figure S1) and when t-SNE was re-run at perplex-
ities of 30, 40, and 50 (Figure S2)—the latter check showing that both the coarse manifold
structure and the finer Basal-like connectivity pattern for each representation held stably
across the perplexity range. The finer-grained question of exactly how sharply Basal-
like tumors separate from the rest of the tumor cluster, however, was not stable across
dimensionality-reduction algorithms—the disconnected Basal-like island visible in the
PCA-UMAP projection was not reproduced in the corresponding t-SNE projection, where
it instead formed a connected peninsula, while the VAE projections showed the reverse
pattern between the two methods. This instability is itself informative: it indicates that
subcluster-level separation in a 2D projection is sensitive to the specific algorithm used
and should not be over-interpreted, reinforcing that the quantitative cluster-validity and
PAMS50-concordance analyses in Sections 3.3 and 3.4, rather than this figure, are what
should be relied on to assess how well each representation actually separates Basal-like
tumors from the rest.

3.3. Comparative Internal Validation and Clustering Structure

Table 4 reports internal validation metrics at k = 7 for all four representations under
all three clustering algorithms. Among representations, PCA-40 achieved the strongest
internal geometry (highest silhouette and Calinski-Harabasz, lowest Davies—Bouldin),
followed in order by VAE Z = 10, Z = 20, and Z = 40—a ranking that held consistently
under hierarchical clustering, k-means, and GMM (full k = 3-8 hierarchical results are
shown in Table S1), indicating that internal cluster tightness degrades monotonically as the
VAE bottleneck widens, independent of which clustering algorithm is applied.

Table 4. Internal validation metrics at k = 7 for the primary analytical cohort (n = 8744).

Model Silhouette Score (1) Calinski—-Harabasz (1) Davies-Bouldin (])

PCA-40 0.2904 1992.2788 1.3445
Z =10 0.1749 931.6753 1.7737
Z =20 0.1189 578.4487 2.4245
Z =40 0.0982 479.7356 2.4126

1, higher values indicate better clustering; |, lower values indicate better clustering.

Biological composition told a more consistent story than the internal metrics alone
would suggest (Table S2). Under Ward’s hierarchical clustering, three of the four represen-
tations isolated an essentially pure malignant/PAMb50-associated cluster: PCA-40 (99.8%
pure, 2 stray Normal-TCGA samples out of 837), VAE Z = 10 (100% pure, 0 stray samples
out of 830), and VAE Z = 20 (99.8% pure, 2 stray samples out of 834). VAE Z = 40 was
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the exception, with 119 stray samples—the large majority being Normal-GTEx rather than
Normal-TCGA—diluting purity to 87.5% (of 953 samples).

Across algorithms, hierarchical clustering produced the cleanest malignant-cluster
boundary for three of the four representations. PCA-40 (99.8%) and VAE Z = 10/20
(100%/99.8%) all exceeded their k-means counterparts (90.2%, 89.3%, and 88.1%) and
GMM counterparts (87.6%, 88.1%, and 87.9%). VAE Z = 40 reversed this ordering: k-means
(89.5%) modestly outperformed hierarchical clustering (87.5%), with GMM again weakest
(84.8%). In every case, the admixture into the malignant cluster came almost entirely
from Normal-TCGA (bona fide solid-tissue-normal samples transcriptionally closest to
tumor) rather than Normal-GTEx—except for VAE Z = 40 under hierarchical clustering,
where GTEx contamination dominated instead. Full cluster-composition crosstabs for all
representation—algorithm combinations are provided in Table S3.

Irrespective of representation or algorithm, no configuration fragmented the
malignant/PAM50-associated cluster into subtype-resolved subclusters at k = 7: Basal-like,
HER?2-enriched, Luminal A, Luminal B, and Normal-like samples consistently co-occurred
within the same cluster. Rather than separating PAMS50 subtypes from one another, all
three algorithms and all four representations consistently resolved the same larger-scale
structure first—tissue of origin and malignant-versus-normal status.

3.4. Malignant-Only Clustering: Isolating Subtype Structure from Tissue of Origin

Section 3.3 established that none of the four representations fragmented the
malignant/PAMb50-associated cluster into subtype-resolved subclusters at any tested k;
all four consistently resolved tissue-of-origin and malignant-versus-normal status first,
with PAMS50 subtypes remaining co-located within a single cluster. To rule out the pos-
sibility that this pattern reflects an artifact of dimensionality reduction, rather than an
intrinsic property of the transcriptome itself, hierarchical clustering was additionally ap-
plied directly to the standardized 5000-gene matrix, with no PCA or VAE compression.
This raw-feature-space clustering reproduced the identical pattern: a single, high-purity
malignant cluster (99.9% pure, 834/835 samples) in which all five PAMS50-associated classes
co-occurred. These findings confirm that the tissue-of-origin/malignancy axis dominates
the transcriptome’s variance structure independently of representation, and that none of
the methods tested so far was masking a latent subtype signal, as shown in Figure 4.

Biological Subtype Distribution Across Clusters
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2500
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Figure 4. Biological subtype distribution across clusters (k = 7) from hierarchical clustering of the
standardized 8744-sample x 5000-gene matrix.
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This raised a distinct question: does subtype-specific structure genuinely not exist in
this cohort, or is it present but obscured by the much larger tissue-of-origin and malignancy
signal? To address this question without introducing label-based supervision, the 835 sam-
ples assigned by the raw-feature hierarchical clustering to its dominant malignant cluster
were extracted using only the unsupervised cluster assignment, without reference to the
PAMS50 labels, and reclustered in isolation on the same standardized 5000-gene feature set.
Hierarchical clustering (Ward), k-means, and Gaussian mixture model (GMM) clustering
were evaluated across k = 3 to k = 8.

Silhouette score peaked sharply at k = 3 (0.0798) and then decreased by approximately
an order of magnitude for every k from 4 to 8 (0.0023-0.0058), with no secondary peak
across the evaluated range (Table 5). The Calinski-Harabasz index declined monotonically
from 51.63 at k = 3 to 25.44 at k = 8, while the Davies—Bouldin index, for which lower
values indicate better separation, was lowest at k = 3 (3.51) and worsened at every subse-
quent value of k (4.06—4.64). Thus, all three internal validation metrics converged on the
same result: k = 3 represented the strongest mathematically supported partition of this
population. Increasing k beyond 3 progressively reduced internal cluster cohesion and
separation rather than revealing additional structure.

Table 5. Internal validation metrics (hierarchical, Ward linkage) across k = 3 to k = 8 for the
malignant-only subset (n = 835).

k Silhouette (1) Calinski—-Harabasz (1) Davies—-Bouldin ({)
3 0.0798 51.6252 3.5121
4 0.0049 42.0772 4.0700
5 0.0039 36.0080 4.1205
6 0.0058 31.6343 4.0600
7 0.0023 28.0300 4.3778
8 0.0050 25.4401 4.6416

1, higher values indicate better clustering; |, lower values indicate better clustering.

Because Ward’s linkage nests cleanly across k (each additional k corresponds to a split
of one previously defined cluster), comparing the biological subtype distributions across
k = 3 through k = 8 revealed a specific order in which subtype-specific structure emerged.
Basal-like separated first at k = 3, followed by the emergence of a distinct Luminal A cluster
at k = 4, while HER2-enriched finally acquired its own dominant cluster at k = 5. Critically,
the subsequent split at k = 6 did not reveal additional subtype-specific structure; instead, it
simply divided the already-resolved Basal-like cluster into two Basal-like subgroups. Thus,
k = 5 represents the most efficient biological resolution within the evaluated range: it is
the smallest k at which three of the five reference subtypes each form a dominant cluster
of their own, immediately before additional splits begin to re-partition structure that has
already been resolved rather than revealing new subtype-specific organization.

The k = 5 hierarchical clustering solution (Table 6) makes this pattern concrete.
Cluster 1 was 92.8% Basal-like (128/138), capturing 92.1% of all Basal-like samples in
the subset. Cluster 3 was 89.6% Luminal A (129/144), capturing 30.8% of all Luminal A
samples. HER2-enriched constituted the majority of Cluster 4, accounting for 52.9% of
the cluster (37/70) and representing the only cluster across the entire k-sweep in which
HER2-enriched constituted the plurality; it captured 56.1% of all HER2-enriched samples.

The remaining two clusters (Clusters 2 and 5) contained the unresolved Lumi-
nal A/Luminal B continuum. Luminal B never became the majority component of any
cluster across the evaluated solutions; its highest within-cluster proportion was 39.7%
in Cluster 2, where it remained second to Luminal A. Thus, k = 5 yielded three clearly
interpretable subtype-dominant clusters and two clusters that retained the biologically
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unresolved Luminal A/Luminal B continuum. Rather than forcing an artificial partition,
this solution preserved the distinction between subtype structure that was clearly sup-
ported by the data and biological variation that did not separate sufficiently to justify an
independent cluster.

Internal metrics and biological distributions both derive from the same clustering
algorithm, so agreement between them alone does not establish that the observed structure
is genuine; it could instead reflect an artifact of Ward’s particular merge criterion. To address
this concern, two structurally distinct clustering algorithms, k-means (centroid-based
partitioning) and a Gaussian mixture model (GMM; probabilistic mixture model), were
applied to the identical feature space at the identical k. This tests whether the same biological
structure reappears independently of the clustering algorithm; agreement across all three
methods provides stronger evidence that the observed pattern is a property of the data
rather than a method-specific artifact.

Table 6. Biological subtype distribution across clusters at k = 5 for the malignant-only subset
(n = 835), under three clustering algorithms.

Method Cluster Basal-like = HER2-enr Luminal A Luminal B Normal-like Normal-TCGA
1 128 0 0 1 8 1
2 0 8 112 79 0 0
Hierarchical 3 0 2 129 8 5 0
4 5 37 7 20 1 0
5 6 19 171 84 4 0
0 133 0 0 0 2 0
1 0 3 165 58 0 0
k-means 2 3 60 15 65 1 0
3 3 1 166 7 13 1
4 0 2 73 62 2 0
0 0 4 54 49 2 0
1 3 55 17 69 1 0
GMM 2 0 3 144 60 0 0
3 135 1 0 0 3 0
4 1 3 204 14 12 1

At k = 5, k-means assigned 98.5% of Cluster 0 (133/135) to the Basal-like subtype,
capturing 95.7% of all Basal-like samples and producing a result at least as clean as the
hierarchical solution. Clusters 1 and 3 were both Luminal A-dominant, with purities of
73.0% and 86.9%, respectively, and together captured 79.0% of all Luminal A samples,
providing more complete Luminal A resolution than hierarchical clustering. Cluster 2
captured 90.9% of all HER2-enriched samples (60/66) in a single cluster, although Luminal B
constituted the plurality of that cluster (45.1%), compared with 41.7% for HER2-enriched.
Thus, k-means concentrated HER2-enriched samples even more tightly than hierarchical
clustering, but did not produce a HER2-enriched-majority cluster. Luminal B again did not
dominate any cluster; its highest within-cluster proportion was 45.1%, where it remained
closely associated with HER2-enriched samples.

Atk =5, GMM assigned 97.1% of Cluster 3 (135/139) to Basal-like, capturing 97.1% of
all Basal-like samples and closely matching the k-means and hierarchical results. Clusters 2
and 4 were both Luminal A-dominant, with purities of 69.6% and 86.8%, respectively,
and together captured 83.1% of all Luminal A samples. This was consistent with the
stronger Luminal A resolution observed under k-means compared with hierarchical clus-
tering. Cluster 1 captured 83.3% of all HER2-enriched samples (55/66) in a single cluster;
however, Luminal B constituted the plurality of this cluster (47.6%) rather than HER2-
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enriched (37.9%). Luminal B therefore again failed to form a majority cluster, instead
remaining closely associated with HER2-enriched samples.

All three algorithms, evaluated at the same biologically selected k = 5, agreed on every
substantive finding. Basal-like separated cleanly and consistently, with 92-98% cluster
purity and 92-97% sample capture across the three methods. Luminal A showed partial but
reproducible resolution, forming one or two reasonably pure clusters, with more complete
resolution under k-means and GMM than under hierarchical clustering. HER2-enriched
consistently concentrated within a single cluster, becoming the majority component only
under hierarchical clustering and remaining associated with Luminal B under k-means
and GMM. Luminal B never formed the dominant component of any cluster under any
algorithm at this k or at any other tested value.

Thus, the finding is not that clustering fails to recover PAM50 structure. Rather, the re-
sults provide a precise, cross-algorithm-validated description of which subtypes separate
robustly and which remain unresolved. The consistent separation of Basal-like, partial
resolution of Luminal A, concentration of HER2-enriched alongside Luminal B, and persis-
tent lack of an independent Luminal B cluster indicate that the observed subtype structure
is reproducible across fundamentally different clustering paradigms rather than being a
method-specific artifact. This pattern is consistent with the independently documented
degree of transcriptomic distinctiveness among the PAMS50 subtypes.

3.4.1. Malignant-Only Representation Learning: PCA-40 and VAE Reclustering

Section 3.4 established, using the raw standardized 5000-gene feature space, that
Basal-like separates cleanly under every algorithm tested, HER2-enriched concentrates but
only becomes a cluster’s majority under hierarchical clustering (52.9% purity), Luminal A
resolves only partially (best capture, 30.8%), and Luminal B never leads any cluster at
any k or under any algorithm. Because this study’s central methodological contribution is
nonlinear representation learning via a VAE, the natural next test is whether compressing
this same 835-sample malignant-only population through PCA-40 and VAE (Z = 10, 20,
40) models, refit specifically on these samples rather than reused from the whole-cohort
models, improves subtype resolution beyond what the raw gene space achieved. All four
representations were clustered independently using the same hierarchical (Ward), k-means,
and GMM protocol as in Section 3.4, across k = 3 to k = 8.

Table 7 reports internal validation metrics for all four malignant-subset-specific repre-
sentations under hierarchical clustering, held at k = 5 to match the biologically motivated
resolution already established in Section 3.4, for a direct comparison. VAE Z = 10 outper-
forms every other representation on all three metrics simultaneously: the highest silhouette
(0.1401, vs. 0.0880 for PCA-40, 0.0750 for VAE Z = 20, and 0.0892 for VAE Z = 40), the high-
est Calinski-Harabasz (109.81, vs. 85.58, 77.44, and 70.34, respectively), and the lowest
Davies—Bouldin (1.85, vs. 2.34, 2.13, and 2.56, respectively). Because all three metrics agree
without exception at this shared k, VAE Z = 10 is the strongest-performing representation
among the four malignant-subset representations—a reversal of the primary-cohort ranking
(Table 4; Section 3.3), where PCA-40 led on every metric. This mirrors the training-loss
result in Section 3.1, where VAE Z = 10 also achieved the lowest validation loss on this
same subset: once separated from the dominant tissue-of-origin signal, the malignant-only
population appears better served by a more constrained latent space than the broader,
tissue-diverse primary cohort.
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Table 7. Internal validation metrics (hierarchical, Ward linkage, k = 5) for all four malignant-subset-
specific representations (1 = 835).

Model Silhouette (1) Calinski—-Harabasz (1) Davies—Bouldin ()
PCA-40 0.0880 85.5786 2.3398
VAEZ =10 0.1401 109.8056 1.8538
VAE Z =20 0.0750 77.4355 2.1251
VAE Z = 40 0.0892 70.3447 2.5605

1, higher values indicate better clustering; |, lower values indicate better clustering.

Table 8 reports the full biological subtype distribution at k = 5 under hierarchical
clustering for each representation. Basal-like separates cleanly under every representation
(83.4-95.2% purity, 85.6-96.4% capture), confirming this subtype’s separation is a property
of the underlying biology rather than any particular representation. HER2-enriched shows
the sharpest representation-dependence of any subtype: VAE Z = 20 achieves 72.9% purity
(43/59, Cluster 1)—the cleanest HER2-enriched resolution obtained anywhere in this study;,
exceeding both the raw gene result (52.9%; Section 3.4) and PCA-40 (57.3%). VAE Z = 10
and VAE Z = 40, by contrast, both lose HER2-enriched’s cluster-majority status entirely: in
each, the HER2-heavy cluster’s plurality shifts to Luminal B (42.0% versus 36.2% for VAE
Z = 10; 40.5% versus 37.4% for VAE Z = 40), though HER2-enriched capture remains high
in both (75.8% and 92.4%, respectively). Luminal A achieves its best resolution anywhere in
this study under VAE Z = 10 (85.2% purity, 67.1% capture, Cluster 2)—more than double
the raw gene capture of 30.8%—with VAE Z = 40 also improving substantially on the
raw gene and PCA-40 results (84.1% purity, 56.8% capture). Luminal B never becomes a
cluster’s majority under hierarchical clustering in any of the four representations at k = 5;
its closest approach is a narrow plurality over HER2-enriched in VAE Z = 10 (42.0% versus
36.2%) and VAE Z = 40 (40.5% versus 37.4%), in both cases within a cluster that remains a
near-even split between the two subtypes rather than a clean Luminal B resolution.

Table 8. Biological subtype distribution across clusters at k = 5 for all four malignant-subset-specific
representations (n = 835), hierarchical clustering.

Model Cluster Basal-like HER2-Enriched Luminal A Luminal B Normal-like Normal-TCGA
1 134 1 1 1 9 1
2 0 1 180 7 5 0
PCA-40 3 5 43 7 17 3 0
4 0 0 30 14 0 0
5 0 21 201 153 1 0
1 121 5 0 0 9 1
2 1 2 281 40 6 0
VAEZ =10 3 16 50 13 58 1 0
4 1 4 53 46 0 0
5 0 5 72 48 2 0
1 7 43 1 8 0 0
2 121 6 5 8 5 0
VAEZ =20 3 1 10 131 118 0 0
4 1 2 117 29 5 0
5 9 5 165 29 8 1
1 5 61 30 66 1 0
2 119 1 0 0 5 0
VAEZ =40 3 5 2 238 28 9 1
4 3 0 63 50 0 0
5 7 2 88 48 3 0
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Across both criteria, VAE Z = 10 ranks first overall for this malignant-only population:
it is the unambiguous mathematical leader at k = 5 (Table 7), and it yields the single largest
biological gain of any representation tested, more than doubling Luminal A’s capture
relative to the raw gene result (67.1% versus 30.8%). VAE Z = 20 ranks second: it does not
lead on the internal validation metrics, and its HER2-enriched capture (65.2%) is lower than
VAE Z = 10’s (75.8%), but it earns this position for what happens inside the HER2-enriched
cluster itself. VAE Z = 20’s HER2-heavy cluster (n = 59) is 72.9% HER2-enriched—a
genuine majority, and the only cluster across the raw genes, PCA-40, and all three VAE
configurations tested in this study where HER2-enriched purity exceeds 70%. VAE Z = 10’s
HER2-heavy cluster, by contrast, is more than twice the size (n = 138) and captures more
HER2-enriched samples in absolute terms (50 versus 43), but Luminal B is actually the
larger group within it (58 versus 50; 42.0% versus 36.2%), so despite the higher raw count
that cluster cannot be read as “the HER2-enriched cluster” the way VAE Z = 20’s can. This
is why VAE Z = 20 is retained as the second-ranked representation rather than discarded: it
is the only configuration in which HER2-enriched, rather than another subtype, is actually
the majority inside its own cluster. Neither representation, nor any other tested in this study,
resolves Luminal B into its own cluster under hierarchical clustering at this k—consistent
with the raw gene finding in Section 3.4 that Luminal B’s separation is the weakest point of
PAMS50 subtype structure in this cohort, independent of representation.

3.4.2. Cross-Algorithm Validation of the VAE Z = 10 and VAE Z = 20 Ranking

The ranking established above rests on hierarchical clustering alone, which is this
study’s primary algorithm. To test how much of that ranking is a property of the data
rather than of hierarchical clustering specifically, VAE Z = 10 and VAE Z = 20 were each
reclustered with k-means and GMM at the same k = 5, and their internal metrics and
biological subtype distributions were compared against the hierarchical results, as shown
in Tables 8-10.

Table 9. Internal validation metrics at k = 5 for VAE Z = 10 and VAE Z = 20, compared across all
three clustering algorithms (n = 835).

. . Calinski— Davies—Bouldin
Model Algorithm  Silhouette (1) Harabasz (1) W)
Hierarchical 0.1401 109.8056 1.8538
VAEZ =10 k-means 0.1307 131.6492 1.7730
GMM 0.0887 103.4481 2.1996
Hierarchical 0.0750 77.4355 2.1251
VAE Z =20 k-means 0.1338 103.0694 1.9208
GMM 0.1110 92.8105 2.1716

1, higher values indicate better clustering; |, lower values indicate better clustering.

Table 9 compares VAE Z = 10 and VAE Z = 20 at k = 5 across all three algorithms.
Under hierarchical clustering, VAE Z = 10 performs best across all three metrics (Table 7).
Under k-means, the picture is mixed: VAE Z = 20 has the higher silhouette (0.1338 versus
0.1307), but VAE Z = 10 has the higher Calinski-Harabasz (131.65 versus 103.07) and the
lower Davies—-Bouldin (1.7730 versus 1.9208)—with two of the three metrics favoring VAE
Z = 10. Under GMM,, the split reverses direction: VAE Z = 20 has the higher silhouette
(0.1110 versus 0.0887) and the lower Davies—Bouldin (2.1716 versus 2.1996), while VAE
Z = 10 keeps the higher Calinski-Harabasz (103.45 versus 92.81)—with two of the three
metrics favoring VAE Z = 20. VAE Z = 10’s mathematical advantage is therefore strongest
and most consistent under the primary algorithm, and narrows to a near-even split once
k-means and GMM are included.
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Table 10. Biological subtype distribution across clusters at k = 5 for VAE Z = 10 and VAE Z = 20
under k-means and GMM clustering (1 = 835).

Model Algorithm  Cluster Basal-like HER2-Enriched Luminal A Luminal B Normal-like Normal-TCGA
0 15 2 169 8 14 1
1 17 54 11 52 1 0
k-means 2 0 10 180 86 0 0
3 0 0 59 46 2 0
4 107 0 0 0 1 0
VAE Z =10
0 0 2 49 39 2 0
1 1 2 191 16 9 0
GMM 2 3 55 85 59 2 0
3 0 5 94 78 0 0
4 135 2 0 0 5 1
0 122 0 0 0 2 0
1 2 3 60 67 0 0
k-means 2 9 2 214 16 16 1
3 0 1 117 44 0 0
4 6 60 28 65 0 0
VAE Z =20
0 2 1 61 54 0 0
1 1 2 200 13 9 0
GMM 2 131 0 0 0 3 1
3 0 3 112 30 2 0
4 5 60 46 95 4 0

Basal-like and Luminal A both reproduce well under the alternative algorithms for
both representations, confirming that these two results are properties of the data rather
than artifacts of hierarchical clustering. Basal-like remains a clean, near-exclusive cluster
majority in every case: 89.0% purity and 87.1% capture for VAE Z = 10 and 83.4% pu-
rity and 87.1% capture for VAE Z = 20 under hierarchical (Table 8); 99.1%/77.0% and
98.4%/87.8%, respectively, under k-means; and 94.4%/97.1% and 97.0%/94.2%, respec-
tively, under GMM. Luminal A likewise keeps a majority cluster under every algorithm for
both models, with capture generally improving under the alternative algorithms relative to
hierarchical—for example, VAE Z = 10 reaches 83.3% combined Luminal A capture under
k-means (Clusters 0 and 2, 169/419 and 180/419) and VAE Z = 20 reaches 79.0% combined
capture under k-means (Clusters 2 and 3, 214/419 and 117/419).

HER?2-enriched is where the two representations diverge most sharply once k-means
and GMM are brought in. VAE Z = 20’s clean 72.9% HER2-enriched cluster majority
(Table 8) is specific to hierarchical clustering and does not reproduce under either alterna-
tive algorithm: under k-means, the equivalent cluster (n = 159) becomes Luminal B-led
instead (40.9% Luminal B versus 37.7% HER2-enriched), and under GMM the same reversal
occurs in its equivalent cluster (n = 210; 45.2% Luminal B versus 28.6% HER2-enriched).
In both cases, HER2-enriched capture inside that cluster stays high—60 of the cohort’s 66
HER?2-enriched samples (90.9%) are still concentrated there—so the algorithm keeps finding
the same group of samples, but no longer returns HER2-enriched as that cluster’s dominant
label. VAE Z = 10 never achieves even a plurality for HER2-enriched under any of its
three algorithms: Luminal B leads its HER2-heavy cluster under hierarchical (42.0% versus
36.2%, Table 8), HER2-enriched only barely edges Luminal B under k-means (40.0% versus
38.5%, Cluster 1, capturing 54 of 66 HER2-enriched samples), and Luminal A leads outright
under GMM (41.7% versus 27.0% HER2-enriched, Cluster 2, which still captures 55 of 66).
Taken together, VAE Z = 20’s HER2-enriched result is real but algorithm-dependent rather
than a robust, cross-algorithm finding, while VAE Z = 10 does not produce a comparable
HER2-enriched signal under any algorithm tested.

A new result appears only under k-means: VAE Z = 20’s Cluster 1 (n = 132) is 50.8%
Luminal B (67/132)—an outright cluster majority. This is the only instance, across every
representation, algorithm, and k tested in this study, in which Luminal B leads a cluster
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outright rather than only a plurality. It does not reproduce under hierarchical or GMM
for the same representation, nor does it appear for VAE Z = 10 under any algorithm, so
it is reported here as an isolated, algorithm-specific observation rather than a validated
resolution of Luminal B.

Cross-algorithm validation qualifies, rather than reverses, the ranking established
under hierarchical clustering. VAE Z = 10’s mathematical lead is unanimous under the
primary algorithm but narrows to a near-even 2-1 split under each alternative algorithm,
so it should be read as the stronger representation on balance rather than a lead confirmed
by every method. Basal-like and Luminal A resolution are robust findings that hold
under all three algorithms for both representations. VAE Z = 20’s HER2-enriched cluster
majority, by contrast, is specific to hierarchical clustering: k-means and GMM keep the same
samples concentrated together (90.9% capture in both) but relabel the cluster’s majority as
Luminal B, and VAE Z = 10 never produces a comparable HER2-enriched signal under
any algorithm. The one Luminal B majority observed anywhere in this study—VAE Z = 20
under k-means—is similarly algorithm-specific and does not reproduce elsewhere. Taken
together, these results support retaining VAE Z = 10 as the primary malignant-subset
representation and VAE Z = 20 as a secondary representation whose HER2-enriched
resolution, while genuine under this study’s primary clustering algorithm, should be
reported as algorithm-dependent rather than as a fully consistent result.

3.5. Relationship to PAM50 and Clinical Features

Table 11 reports the Adjusted Rand Index and Normalized Mutual Information be-
tween each malignant-subset representation’s hierarchical clustering (k = 5) and the PAM50
reference labels.

Table 11. PAM50 concordance (ARI, NMI) for all four malignant-subset-specific representations,
hierarchical clustering (k = 5, n = 835).

Model ARI NMI

PCA-40 0.3122 0.4524
VAE Z =10 0.3767 0.3962
VAE Z =20 0.2435 0.3448
VAE Z = 40 0.3034 0.3716

VAE Z = 10 achieves the highest ARI of the four representations (0.3767), the strongest
pairwise agreement with PAM50 of any malignant-subset model—consistent with its sta-
tus as the strongest-performing representation mathematically and biologically already
established in Section 3.4.1. PCA-40, however, achieves the highest NMI (0.4524) despite a
lower ARI than VAE Z = 10 (0.3122 versus 0.3767): PCA-40 preserves more of PAM50’s
global information structure, but its cluster boundaries are comparatively less discrete,
consistent with the mixed, near-even Luminal A /Luminal B cluster already identified in
Section 3.4.1 (Cluster 5: 53.5% Luminal A, 40.7% Luminal B). All four values are well above
the value of 0 expected under random labeling, confirming that clustering on these repre-
sentations recovers genuine subtype-associated structure rather than noise, but the absolute
magnitudes (ARI 0.24-0.38, NMI 0.34-0.45) are moderate rather than high—appropriately
so, since the malignant-only subset was constructed specifically to strip out the domi-
nant tissue-of-origin signal that drives higher concordance in the whole-cohort analysis
(Section 3.4), leaving only the comparatively subtler inter-subtype transcriptomic differ-
ences for the clustering to recover in an unsupervised manner.

Notably, VAE Z = 20 has the lowest ARI (0.2435) and lowest NMI (0.3448) of all four
representations, despite being retained in Section 3.4.2 as the secondary representation.
This is not a contradiction: ARI and NMI are aggregate measures across all clusters and all
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subtypes, whereas VAE Z = 20’s value lies in one specific, narrow signal—its unusually
clean HER2-enriched cluster (72.9% purity, Section 3.4.1)—which a global concordance
statistic does not specifically reward and which is diluted in the average by VAE Z = 20’s
comparatively weaker performance elsewhere (Section 3.4.1, Cluster 3: 50.4% Luminal
A, 45.4% Luminal B, its largest cluster). This reinforces the primary/secondary framing
already established: VAE Z = 10 is the stronger representation on overall concordance
with PAMS50, while VAE Z = 20’s value is confined to a specific subtype resolution rather
than broad agreement.

3.5.1. Refinement of PAMS50 and Biological Bridging

The k = 5 contingency tables presented in Section 3.4.1 (Table 8) were examined for
two specific patterns: subtypes resolved into more than one biologically interpretable
cluster (refinement), and clusters not dominated by any single subtype but instead shared
between two (bridging).

Refinement of the Luminal A subtype was observed under every representation tested
(Table 8). Rather than occupying a single cluster, Luminal A samples were distributed
across one predominantly pure cluster and one or more clusters co-dominated by Luminal
B, a pattern that recurred independently across all four representations. Under VAE Z = 10,
67.1% of Luminal A samples were captured by a single 85.2%-pure cluster (Cluster 2), while
the remaining samples were distributed across two smaller clusters in which Luminal A
remained the plurality but Luminal B constituted a substantial fraction (Clusters 4 and
5;51.0% and 56.7% Luminal A, respectively). A comparable pattern was observed under
VAE Z = 40, where 56.8% of Luminal A samples were captured by an 84.1%-pure cluster
(Cluster 3), with the remainder again distributed across mixed Luminal A/Luminal B
clusters. The split was most pronounced under PCA-40, where Luminal A divided almost
evenly between a pure cluster (Cluster 2; 93.3% purity, 43.0% capture) and a large mixed
cluster of comparable size (Cluster 5; 53.5% Luminal A, 40.7% Luminal B, 48.0% capture).
Because this bipartite structure recurred across independent representations rather than a
single model, it is unlikely to reflect a representation-specific artifact; it instead suggests the
presence of at least two transcriptomically distinguishable populations within the Luminal
A subtype as currently defined by PAM50, one more distinct from Luminal B and one
considerably closer to it.

Several clusters in Table 8 were not dominated by a single PAM50 subtype but were
instead shared approximately equally between two subtypes, consistent with a transitional
population rather than a misclassification. The clearest example occurred under VAE
Z = 20, where the largest cluster (Cluster 3; n = 260) divided almost evenly between
Luminal A (50.4%) and Luminal B (45.4%), with negligible representation of any other
subtype. A structurally similar cluster was observed under VAE Z = 10 (Cluster 3;
n = 138), in which HER2-enriched (36.2%) and Luminal B (42.0%) were jointly dominant;
this is the same cluster discussed in Section 3.4.2, where it accounted for VAE Z = 10’s
inability to resolve a distinct HER2-enriched cluster. Under PCA-40, the largest cluster
overall (Cluster 5; n = 376) similarly mixed Luminal A (53.5%) and Luminal B (40.7%),
but at a substantially larger scale, capturing close to half of all Luminal A and Luminal B
samples in the cohort within a single, comparatively unresolved cluster. Across all four
representations, the recurring bridge was specifically between Luminal A and Luminal
B, with VAE Z = 10 additionally producing a HER2-enriched /Luminal B bridge; no
cluster spanned three or more subtypes at k = 5. Basal-like was not represented in any
mixed cluster under any representation, consistent with the raw gene finding reported
in Section 3.4, and further supporting Basal-like as the most transcriptomically distinct
subtype in this cohort independent of representation.
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3.5.2. Statistical Significance Analysis

Table 12 reports the chi-square and Kruskal-Wallis statistics and associated p-values
for the association between hierarchical cluster assignment (k = 5) and each clini-
cal/demographic variable, across all four malignant-subset representations. Because de-
grees of freedom differ across variables (df = 4 for ER, PR, and HER? status and for the
Kruskal-Wallis test on age; df = 12 for AJCC stage), the chi-square/ H statistic is comparable
across models only within the same variable; comparisons across variables rely on the
p-value alone.

Table 12. Clinical and demographic association between hierarchical clusters (k = 5) and patient-level
variables for all four malignant-subset representations (x? test, df = 4 for ER/PR/HER2 status and
df =12 for AJCC stage; Kruskal-Wallis H test df = 4 for age).

Model ER x2 ER p PR x? PR p HER2 2 HER2 p AJCC %2 AJCCp Age H Agep

PCA-40 470.88 133 x 107100 33819 6.21 x 10772 87.46 455 x 10718 29.84 296x107% 3858 850x 108
VAEZ =10 431.17 5.11x107%% 33600 1.85x107! 109.05 1.16 x 1022 36.45 275%x107% 2051 396x107*
VAEZ =20 41611 9.17x107% 29134 8.00 x 10~%2 83.44 324x10°Y  2265a 3.08x10"2 2388 844x107°
VAEZ =40 387.89 115x10°% 29401 2.13 x 1072 124.00 748 10720 39.00a 1.05x107* 2940 6.48 x 107

a: Expected cell counts sparse (25% of cells < 5).

ER, PR, and HER2 status were significantly associated with cluster assignment for
all four representations (p = 3.24 x 10717 to 1.33 x 1071%; Table 12), consistent with
these receptor statuses defining the PAM50 subtypes against which the clusters were
validated in Section 3.5. VAE Z = 20 showed the lowest chi-square statistic among the four
representations for both ER (416.11) and PR (291.34), consistent with its weaker ARI/NMI
concordance reported in Section 3.5. HER2 status was most strongly associated with cluster
assignment under VAE Z = 40 (x? = 124.00), followed by VAE Z = 10 (109.05), PCA-40
(87.46), and VAE Z = 20 (83.44).

AJCC stage was significantly associated with cluster assignment for all four represen-
tations, though less strongly than receptor status (p = 1.05 x 10~# to 3.08 x 10~2; Table 12).
VAE Z = 20 produced both the weakest association (p = 0.0308) and the only result
affected by sparse expected cell counts (25% of cells < 5); this result should be interpreted
with that limitation noted.

Age at diagnosis differed significantly across clusters for all four representations
(p < 4 x107% Table 12). The association was strongest under PCA-40 (H = 38.58,
p = 8.50 x 10~8) and weakest under VAE Z = 10 (H = 20.51, p = 3.96 x 107%); this
ordering does not correspond to the models’ relative ranking on PAM50 concordance
(Section 3.5).

To assess whether the malignant-subset clusters carry prognostic information beyond
PAMS50 subtyping, overall survival was analyzed for all four representations using the
Cluster_Hier_k5 assignments (Table 13). For each representation, a multivariate log-rank
test compared survival across the five clusters, a Cox proportional hazards model based on
cluster identity alone was compared to an equivalent PAM50-only model on the identical
sample subset via the concordance index (C-index), and a nested likelihood ratio test
evaluated whether cluster membership remained prognostic after adjusting for age and
AJCC stage.
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Table 13. Survival analysis: log-rank test, concordance index (vs. PAM50), and age/stage-adjusted
independent-marker test for the four malignant-subset representations (hierarchical clustering, k = 5).

Model n (Survival)

Log-Rank x>

C-Index
(AI Clusters)

C-Index
(PAM50)

Adjusted LR
Xaf =4

Adjusted LR Independent

Log-Rank p » Marker

n (Adjusted)

PCA-40

VAEZ =10
VAEZ =20
VAE Z = 40

790
790
790
790

4.86
9.67
5.48
15.58

0.302
0.046
0.242
0.0036

0.562
0.619
0.539
0.643

0.606
0.606
0.606
0.606

740
740
740
740

223
512
2.49
3.81

0.693 No
0.275 No
0.646 No
0.433 No

(a) VAE Z=10

The four representations separated into two groups. VAE Z = 10 (log-rank p = 0.046)
and VAE Z = 40 (log-rank p = 0.0036) produced clusters with significantly different sur-
vival curves, whereas PCA-40 (p = 0.302) and VAE Z = 20 (p = 0.242) did not. These same
two representations were also the only ones whose cluster-only C-index (0.619 and 0.643,
respectively) exceeded the PAM50-only C-index computed on the identical 790-sample sub-
set (0.606), indicating that cluster membership ranks patient survival marginally better than
PAMS50 subtype alone. Figure 5 shows the corresponding Kaplan-Meier curves. For VAE
Z = 10 (Figure 5a), Cluster 3 shows the earliest and most sustained decline in survival
probability, while Clusters 1, 2, and 5 retain the highest survival probability through most of
the follow-up period. For VAE Z = 40 (Figure 5b), Cluster 1 is the clearest poor-prognosis
group, declining steadily to approximately 0.20 by day 4400, while Clusters 3 and 5 remain
the highest-surviving groups, plateauing near 0.39-0.43.

(b) VAE Z=40

Survival Curves: VAE Z=10
Log-rank p = 0.046
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Figure 5. Kaplan-Meier overall survival curves by hierarchical cluster (k = 5) for the two malignant-
subset representations whose concordance index exceeded PAM50’s: (a) VAE Z = 10 (log-rank
p = 0.046); (b) VAE Z = 40 (log-rank p = 0.0036).

Despite this univariate signal, none of the four representations reached significance
on the age- and stage-adjusted likelihood ratio test (Independent Marker = No for all;
Table 13); VAE Z = 10 came closest (adjusted LR p = 0.275), followed by VAE Z = 40
(p = 0.433). This does not contradict the log-rank and C-index findings above, but reflects
a difference in statistical stringency: the log-rank test and C-index comparison ask whether
cluster membership is associated with survival at all, which VAE Z = 10 and VAE Z = 40
answer affirmatively, whereas the adjusted test asks the stricter question of whether cluster
membership adds prognostic information beyond age and stage, evaluated jointly across
four correlated cluster-indicator coefficients. At the available sample size (740 patients
with complete age, stage, and survival data), an effect of this magnitude does not clear
that higher bar. Taken together, these results indicate that VAE Z = 10 and VAE Z = 40
capture a genuine, moderate survival signal that modestly outperforms PAMS50 in ranking
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patient risk, but do not yet establish the unsupervised subtypes as independent prognostic
markers distinct from established clinicopathological staging—consistent with the strong
concordance between these clusters and stage/receptor status already reported in Table 12.

3.6. Biological Pathways Defining Each Cluster

Differential expression analysis identified cluster-specific driver genes for each of
the five VAE Z = 10 (hierarchical, k = 5) clusters via a one-vs.-rest comparison against
all other malignant-subset samples; the ten highest-ranked driver genes per cluster are
reported in Supplementary Table S6. Table 14 summarizes the resulting provisional clus-
ter identities. Four of the five clusters showed a single coherent direction of change
among their driver genes. Cluster 1 was defined by coordinated down-regulation of
core luminal-differentiation genes (FOXA1, GATA3, AR, TFF3, AGR2), consistent with
its unmixed, non-luminal composition reported in Table 8. Cluster 2—the 85.2%-pure
Luminal A population identified in Section 3.4.1—showed coordinated up-regulation of
extracellular-matrix and stromal genes (LAMA2, COL14A1, ECM2, SPARCLI). Cluster 3,
the HER2-enriched /Luminal B bridging cluster described in Section 3.4.2, showed down-
regulation of luminal-lineage-restricted genes (CBLC, LINC00472). Cluster 5, the Luminal-
B-adjacent Luminal A subset discussed in Section 3.5.1, showed the inverse pattern of
Cluster 2: down-regulation of stromal/fibroblast-receptor genes (PDGFRA, DDR2, CAV2).
Cluster 4 was the only cluster without a single dominant direction, combining up-regulated
neuroendocrine-associated genes (CPLX2, MYT1) with down-regulation of the luminal
epithelial marker KRT7. These gene-level patterns were tested formally against estab-
lished biological pathways using over-representation and gene set enrichment analysis,
reported below.

Table 14. Provisional biological identity of each VAE Z = 10 cluster (hierarchical, k = 5), based on
cluster-specific driver genes (Supplementary Table S4).

Cluster n  Provisional Identity Anchor Genes PAMS50 Tie (Table 8)
o . FOXA1 |, GATA3 |, AR |, .

1 136  Loss of luminal identity TFF3 |, AGR2 | Basal-like
Stromal/ECM-relative LAMA? 1, COL14A1 1, ECM2 1, . o

2 330 signature SPARCLI 1 Luminal A (85.2% pure)

3 138 Reduced luminal-lineage CBLC |, LINC00472 | HER?—ennched/ Luminal
markers B bridge
Neuroendocrine-leaning, loss of .

4 104 Turminal eytokeratin CPLX2 1, MYT1 1, KRT7 | Not yet resolved—pending

5 127 Reduced stromal signal; higher PDGFRA |, DDR2 |, CAV? | Luminal A

cellularity

(Luminal-B-adjacent)

Formal over-representation and gene set enrichment analysis refined these provisional
identities. Table 15 and Figure 6 summarize the refined biological programs across all
five clusters. GSEA against the Hallmark collection provided a directionally resolved
picture that over-representation testing alone could not: Cluster 1 combined strong pro-
liferation (E2F_TARGETS, G2M_CHECKPOINT, MITOTIC_SPINDLE all significantly up-regulated)
with loss of estrogen and androgen signaling (ESTROGEN_RESPONSE_EARLY/LATE, ANDRO-
GEN_RESPONSE all down-regulated) and activated immune signaling (ALLOGRAFT_REJECTION,
IL6_JAK_STAT3_SIGNALING, TNFA_SIGNALING_VIA_NFKB, INTERFERON_GAMMA_RESPONSE all
up-regulated), consistent with the established immunogenicity of Basal-like disease. Clus-
ter 2 showed the inverse proliferative profile (MITOTIC_SPINDLE, MYC_TARGETS_V1/V2
all significantly down-regulated) alongside up-regulated EMT and stromal programs
(EPITHELIAL_MESENCHYMAL _TRANSITION, ADIPOGENESIS, MYOGENESIS) and modest estro-
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gen signaling, consistent with a low-proliferation Luminal A phenotype. Cluster 3
showed the strongest combined signature of the five clusters, with very high prolifer-
ation (G2M_CHECKPOINT, E2F_TARGETS, MITOTIC_SPINDLE) and broad immune activation
(ALLOGRAFT_REJECTION, INTERFERON _GAMMA_RESPONSE, INTERFERON_ALPHA_RESPONSE,
COMPLEMENT), a signature that over-representation analysis alone failed to detect (zero
significant GO or KEGG terms), underscoring the value of the rank-based GSEA ap-
proach. Cluster 4, previously unresolved by driver-gene inspection alone, resolved into
a high-proliferation, strongly estrogen-signaling cluster (ESTROGEN_RESPONSE_EARLY and
LATE both up-regulated, alongside E2F_TARGETS and G2M_CHECKPOINT) that was compre-
hensively immune-cold (ALLOGRAFT_REJECTION, INTERFERON _GAMMA_RESPONSE, INFLAMMA-
TORY_RESPONSE, COMPLEMENT all down-regulated), representing the high-proliferation coun-
terpart to Cluster 2’s low-proliferation luminal profile. Cluster 5’s initial over-representation re-
sult (adaptive immune response, p = 2.9 x 10~#") proved, on directional inspection via GSEA,
to reflect significantly reduced rather than elevated immune signaling (ALLOGRAFT_REJECTION,
INTERFERON_GAMMA_RESPONSE, INFLAMMATORY_RESPONSE all down-regulated), together with
reduced EMT and no significant proliferation signal in either direction, identifying it as a
comparatively immune-quiescent cluster.

Hallmark Gene Set Enrichment by Cluster
(VAE Z=10, Hierarchical k=5)
EPITHELIAL MESENCHYMAL TRANSITION
ADIPOGENESIS
ANGIOGENESIS
EMT/Stromal

MYOGENESIS
APICAL JUNCTION

COAGULATION

ANDROGEN RESPONSE

ESTROGEN RESPONSE EARLY . Hormone
ESTROGEN RESPONSE LATE
ALLOGRAFT REJECTION o .
INTERFERON GAMMA RESPONSE [ ] ] —log10(padj)
TNFA SIGNALING VIA NFKB ¢ 0
INFLAMMATORY RESPONSE @
Immune . 20
IL6 JAK STAT3 SIGNALING
COMPLEMENT
INTERFERON ALPHA RESPONSE NES
IL2 STAT5 SIGNALING - 2
SPERMATOGENESIS 0
UV RESPONSE DN -2
KRAS SIGNALING UP - -4
APOPTOSIS Metabolic/Other
PEROXISOME
GLYCOLYSIS
HYPOXIA
MITOTIC SPINDLE ) . [ ]
MTORC1 SIGNALING [ ]
MYC TARGETS V1
Proliferation
MYC TARGETS V2
E2F TARGETS [ ] . [ ]
G2M CHECKPOINT [ ) . [ )
Cluster1  Cluster2 Cluster3  Cluster4  Cluster 5

Figure 6. Hallmark gene set enrichment (GSEA) across the five VAE Z = 10 malignant-subset clusters
(hierarchical, k = 5), grouped by biological theme. Dot color indicates normalized enrichment score
(NES; red = up-regulated in that cluster relative to the rest, blue = down-regulated); dot size indicates
statistical significance (— log;, adjusted p-value). Only Hallmark gene sets reaching significance
(adjusted p < 0.05) in at least one cluster are shown.
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DNA repair pathways (HALLMARK_DNA_REPAIR) showed no significant enrichment in
either direction in any of the five clusters, indicating that DNA repair capacity does not dis-
tinguish these transcriptomic subgroups at the malignant-subset resolution examined here.

These results directly address whether Basal-like-enriched clusters show immune
activation and whether luminal-associated clusters separate by proliferative state. Both
patterns held: Cluster 1 (Basal-like) and Cluster 3 (HER2-enriched/Luminal B bridge)
were the two most immune-active clusters, consistent with the established immunogenic-
ity of non-luminal, high-grade breast cancer; and the two luminal-associated clusters
separated cleanly by proliferative state, with Cluster 2 low-proliferation and Cluster 4
high-proliferation despite both retaining active estrogen signaling.

Table 15. Refined biological programs per VAE Z = 10 cluster (hierarchical, k = 5), based on
GO/KEGG over-representation and Hallmark GSEA.

Cluster n

Proliferation

Hormone/ER Signaling Immune Signaling EMT/Stromal Refined Identity

1 136 High

Basal-like: proliferative,
immune-active,
hormone-null

Lost Activated —

2 330 Low

Low-proliferation

Modest, present — Up Luminal A

3 138

Very high

HER2-
enriched/Luminal B:
most proliferative
and immunogenic

Lost Strongly activated —

4 104 High

High-proliferation,
ER-active, immune-cold
luminal-like

Strong (early + late) Cold Reduced

5 127  Not significant — Cold

Immune-quiescent,

Reduced  ithelial

3.7. Immune Landscape of Discovered Subtypes

ESTIMATE and quanTIseq revealed a clear division in absolute immune infiltration
among the five VAE Z = 10 clusters, orthogonal to the differential expression-based enrich-
ment analysis of Section 3.6. Immune score, ESTIMATE score, stromal score, and tumor
purity all differed significantly across clusters (Kruskal-Wallis, all p < 5 x 10~2!; Table 16),
separating Clusters 1, 2, and 3 as an immune/stromal-rich group from Clusters 4 and 5,
which showed markedly lower immune infiltration and the highest tumor purity of the
five clusters (medians 0.794 and 0.787, versus 0.746-0.751 in Clusters 1-3).

Table 16. Inmune and stromal composition per VAE Z = 10 cluster (hierarchical, k = 5), based on
ESTIMATE and quanTIseq (median values; n = 835).

Cluster n g;xgosidenhty Immune Score  Stromal Score  Tumor Purity = CD8+ T Cells Tregs NKCells Immune Character
1 136  Basal-like (89.0%) 4493 286.8 0.751 0.0006 0.026 0 Hot; B-cell/leukocyte-
skewed, CD8-poor
2 330  Luminal A (85.2%) 286.1 521.9 0.746 0.0262 0.096 0 Hot; stromal-dominant
HER2- Hot;
3 138  enriched/Luminal B 382.8 458.9 0.746 0.0051 0.121 0 regulatory/myeloid-
bridge skewed
. . Cold; residual
4 104 Luminal A/B mixed 17.1 316.1 0.794 0.0232 0.082 0.060 N .
cytotoxic/innate signal
5 127 Luminal A/B mixed 106.1 288.2 0.787 0.0308 0.101 0.063 Cold; highest residual

CD8+/NK of all clusters
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Full Kruskal-Wallis and Dunn’s post hoc pairwise results for all fifteen variables
tested—including the four variables (B cells, CD8+ T cells, M2 macrophages, myeloid
dendritic cells) and one constant variable (monocyte) that did not survive Bonferroni-
corrected pairwise comparison despite nominal omnibus significance in two cases—are
reported in Supplementary Table S5.

NK-cell infiltration (H = 130.8, p = 2.7 x 10~%’) and neutrophil fraction (H = 34.9,
p = 4.9 x 10~7) both differed in the opposite direction, with Clusters 4 and 5 showing the
higher values, indicating that low-infiltration clusters are not uniformly depleted of every
immune population.

The three immune-rich clusters diverged sharply in composition once mapped onto
their PAMS50 identities (Tables 8 and 14). Cluster 1, the 89.0%-pure Basal-like cluster already
identified by GSEA as immune-active (Section 3.6), showed the highest median immune
score of all five clusters (449.3)—confirming that activation by an independent, composition-
based method—but its infiltrate was essentially devoid of CD8+ T cells (median 0.0006,
the lowest of any cluster) and had the lowest regulatory T-cell fraction of the cohort
(median 0.026), with the highest B-cell fraction (median 0.291) of the five clusters. This
indicates that Cluster 1’s immune activation, consistent with the Hallmark interferon and
inflammatory signaling identified in Section 3.6, is not accompanied by a corresponding
cytotoxic T-cell compartment, distinguishing a transcriptionally inflamed but T-cell-poor
Basal-like phenotype from a canonical CD8-infiltrated “hot” tumor. Cluster 3, the HER2-
enriched/Luminal B bridging cluster identified by GSEA as the most proliferative and
immunogenic of the five (Section 3.6), had the second-highest immune score (median
382.8) alongside the highest regulatory T-cell fraction of any cluster (median 0.121) and
the lowest CD8+ T-cell fraction among the three immune-rich clusters (median 0.0051),
together with elevated M1 macrophages (median 0.186, the highest of any cluster). This
composition points to a regulatory- and myeloid-skewed immune infiltrate rather than a
cytotoxic one, suggesting that Cluster 3’s strong immune transcriptional signature may
reflect an immunosuppressive rather than antitumor-active microenvironment. Cluster
2, the 85.2%-pure Luminal A cluster that showed no significant Hallmark immune signal
in either direction in Section 3.6, nonetheless had the highest stromal score of all five
clusters (median 521.9) and a moderate immune score (median 286.1)—indicating that
Cluster 2 is not immune-cold, but that its microenvironment is stromal-dominant rather
than lymphocyte-driven, consistent with its up-regulated extracellular-matrix and stromal
driver genes (Section 3.6). This is a notable finding given that Luminal A disease is
conventionally regarded as the least immunologically active PAMS50 subtype.

Clusters 4 and 5—both predominantly Luminal A /B-mixed populations (Table 8) and
independently flagged as immune-cold or immune-quiescent by GSEA (Section 3.6)—were
confirmed as the two lowest-infiltration clusters by ESTIMATE, cross-validating the
pathway-level finding with an entirely independent, composition-based method. Nei-
ther cluster was uniformly immune-depleted, however: Cluster 4 retained a measurable
CD8+ T-cell fraction (median 0.023) and NK-cell fraction (median 0.060) despite its immune
score being the lowest of the cohort by a wide margin (median 17.1), while Cluster 5 showed
the highest CD8+ T-cell fraction (median 0.031) and highest NK-cell fraction (median 0.063)
of all five clusters despite its own low overall infiltration (immune score median 106.1).
This suggests that the residual immune content in these otherwise immune-cold, high-
tumor-purity clusters is preferentially cytotoxic/innate in character rather than regulatory
or humoral, in contrast to the B cell- and Treg-dominated profiles of Clusters 1 and 3.

These results address both interpretive questions posed for this analysis. Basal-like
disease (Cluster 1) and the HER2-enriched /Luminal B bridge (Cluster 3) are indeed the
two most immune-infiltrated clusters, consistent with the established immunogenicity of
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non-luminal, high-grade breast cancer, but each achieves this through a distinct compo-
sitional route—B-cell /leukocyte-dominant and CD8-poor in Cluster 1, versus regulatory
T-cell- and M1-macrophage-dominant in Cluster 3—rather than a shared cytotoxic profile.
More notably, high immune infiltration was not confined to a single PAM50 background:
Cluster 2 (85.2% Luminal A) is immune/stromal-rich, while Clusters 4 and 5—both also
predominantly Luminal A /B-mixed populations—are immune-cold, demonstrating that
immune-hot and immune-cold subclusters can co-exist within nominally the same PAMS50
subtype. This heterogeneity, invisible to PAMS50 classification alone, is summarized in
Table 16 and Figures 7 and 8.

Immune Score and Cell-Type Fraction Distributions by Cluster
VAE Z=10, Hierarchical k=5, malignant-subset (n=835)

B cell
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Figure 7. Distributions of ESTIMATE scores, tumor purity, and quanTIseq immune cell-type fractions
by cluster (box plots), VAE Z = 10, hierarchical k = 5, malignant subset (1 = 835). Boxes show
the interquartile range, the horizontal line within each box marks the median, whiskers extend to
the most extreme values within 1.5 times the interquartile range, and dots indicate outliers. Colors
distinguish the five clusters.
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Mean Immune Score / Cell-Type Fraction by Cluster (z-scored per variable)
VAE Z=10, Hierarchical k=5, malignant-subset (n=835)
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Figure 8. Mean immune score and cell-type fraction per cluster, z-scored per variable across clusters,
VAE Z = 10, hierarchical k = 5, malignant subset (1 = 835). Because means are sensitive to a small
number of high-infiltration outlier samples, some rows (e.g., CD8™ T cells and NK cells in Cluster
1) differ from the median-based summaries in Table 16 and Section 3.7; medians are the primary
summary statistic (Section 2.8). Monocyte is not shown because its value was zero in all samples.

3.8. Robustness and Validation

Cluster stability of the malignant-subset flagship solution (VAE Z = 10, hierarchical,
k = 5) was assessed via bootstrap subsampling (Table 17). The Basal-like-dominant Cluster
1 (89.0% purity, Table 8) and Luminal A-dominant Cluster 2 (85.2% purity) both achieved
moderate-to-high stability under Hennig’s (2007) [42] thresholds (mean Jaccard = 0.731
and 0.631, respectively), with Cluster 1 rarely dissolving under resampling (dissolved in
2 of 50 resamples, cleanly recovered in 29). By contrast, Clusters 3, 4, and 5—the HER2-
enriched/Luminal B bridge and the two Luminal A /B-mixed populations (Table 8)—all
fell below the conventional 0.60 stability threshold (mean Jaccard = 0.456, 0.456, and 0.383,
respectively), with Cluster 5 dissolving in 43 of 50 resamples. This pattern closely tracks
PAMS50 purity: the two subtype-pure clusters are also the two most resampling-stable, while
instability concentrates specifically in the clusters occupying the biologically continuous
HER?2/luminal boundary rather than being distributed uniformly across the five-cluster
solution, consistent with genuine biological continuity at this subtype interface rather than
a clustering artifact.

Table 17. Bootstrap cluster stability (50 resamples, 85% subsampling) for the VAE Z = 10, hierarchical
k = 5 malignant-subset solution (n = 835).

Cluster n Mean Jaccard Times Dissolved Times Recovered
1 136 0.731 2 29
2 330 0.631 9 6
3 138 0.456 29 1
4 104 0.456 29 0
5 127 0.383 43 1
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Sensitivity to latent space dimensionality was assessed previously rather than repeated
here (Section 3.4.1, Table 7; Section 3.5.2, Table 13): VAE Z = 10 was the unambiguous
mathematical optimum among the four malignant-subset representations, outperforming
PCA-40 and VAE Z = 20/40 on all three internal validation metrics simultaneously
(Table 7), and was one of only two representations—alongside VAE Z = 40—to produce
clusters with both a significant log-rank survival separation and a cluster-only C-index
exceeding the PAM50-only baseline (Table 13). Together, these results indicate that the
choice of VAE Z = 10 as the flagship representation reflects a systematic, multi-criteria
optimum rather than an arbitrary or post hoc selection.

Sensitivity of the malignant-subset clustering solution to the size of the highly variable
gene input panel was assessed by reselecting the two-criterion gene panel (low-expression
filter, MAD-based variance ranking; Section 2.2) at 3000 and 10,000 genes, retraining the
VAE at Z = 10 on each panel using the identical architecture and training protocol as the
reported 5000-gene model, and reclustering with hierarchical (Ward) k = 5 (Table 18).

Table 18. PAM50 concordance (Adjusted Rand Index, Normalized Mutual Information) for the VAE
Z = 10, hierarchical k = 5 malignant-subset solution across three gene-panel sizes (1 = 835).

Panel Size n ARI NMI
3000 genes 835 0.315 0.401
5000 genes (reported) 835 0.377 0.396
10,000 genes 835 0.262 0.314

Overall PAM50 concordance was comparable between the 3000-gene and 5000-gene
panels (ARI = 0.315 vs. 0.377; NMI = 0.401 vs. 0.396, marginally higher at 3000 genes) but
declined at 10,000 genes (ARI = 0.262; NMI = 0.314), indicating that expanding the gene
panel beyond the reported 5000-gene threshold introduces additional, less informative
variance that dilutes rather than sharpens subtype-relevant structure—consistent with
the latent-dimensionality result in Section 3.4.1 (Table 7), where expanding VAE capac-
ity beyond Z = 10 similarly degraded internal cluster validation metrics on this same
malignant-subset population.

The central biological conclusions held at every panel size tested. Basal-like dis-
ease separated into a distinct, high-purity cluster regardless of gene-panel size (89.0% at
5000 genes; 94.2% at 3000 genes; 95.2% at 10,000 genes), confirming that this subtype’s
separability reflects underlying tumor biology rather than a specific feature-selection thresh-
old. Luminal A also consistently resolved into a cluster-level majority at every panel size,
though its purity and cluster size varied (85.2% at 5000 genes [n = 330]; 86.7% at 3000 genes
[n = 278]; a more diffuse 66.9% at 10,000 genes in a considerably larger, less-resolved cluster
[n = 423])—this tendency of the 10,000-gene panel to merge rather than separate luminal
samples is the primary driver of its lower overall concordance. HER2-enriched disease,
consistent with the results reported throughout this study, never achieved cluster-majority
status at any panel size, instead forming a mixed HER2/Luminal B cluster in all three cases
(Supplementary Table S6)—the same cluster identified as the least stable under bootstrap
resampling in the preceding stability analysis (Cluster 3, Table 17), providing convergent
evidence from two independent robustness analyses that the HER2/Luminal B boundary
in this cohort reflects genuine, continuous biological overlap rather than an artifact of either
resampling or feature selection.

Full per-cluster PAM50 contingency tables for the 3000- and 10,000-gene panels are
reported in Supplementary Table S6.

Stability of the primary analytical cohort’s clustering solution (Section 3.3) was as-
sessed by an equivalent bootstrap procedure applied at the whole-cohort level: fifty resam-
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ples, each retaining a random 85% (n = 7432) of the 8744-sample cohort, were indepen-
dently reclustered under the identical hierarchical (Ward), k = 7 protocol, and ARI/NMI
were computed against PAM50 subtype identity, restricted to the 839 samples with a true
subtype call. Reference ARI/NMI on the full, non-resampled cohort were near zero for
every representation (ARI 0.008-0.013, NMI 0.024-0.038; Supplementary Table S7), directly
corroborating Section 3.3’s finding on a single-run basis.

The bootstrap procedure confirms this null result is reproducible on average for
every representation (mean ARI 0.006-0.027, far below the malignant-subset’s moderate
concordance, Table 11), but this reproducibility was not uniform. The raw 5000-gene space,
PCA-40, and VAE Z = 10 produced a uniformly near-zero result with no exceptions across
all 50 resamples (sd 0.0035-0.0044; maximum ARI < 0.016 in every case). VAE Z = 20
and VAE Z = 40, by contrast, each produced a small number of resamples that departed
sharply from this pattern: 3 of 50 for VAE Z = 20 and 1 of 50 for VAE Z = 40 yielded
ARI of 0.308-0.331 (NMI 0.432-0.472)—roughly thirty times the representation’s typical
value—driving up both the mean and, especially, the standard deviation for these two
representations. Because these excursions occur in only a small minority of resamples and
do not reproduce in the reference full-sample clustering, they most plausibly reflect an
occasional alternative dendrogram-level partition available to Ward'’s linkage in these wider,
less-compressed latent spaces under specific bootstrap draws, rather than a consistently
recoverable subtype signal masked in the full cohort. This does not overturn Section 3.3s
conclusion that no representation reliably resolves PAM50 subtype structure at the whole-
cohort level; it adds a further, whole-cohort-level line of evidence that VAE Z = 10
produces a more stable, reproducible clustering solution under resampling than the wider
VAE bottlenecks—extending to the primary cohort the same Z = 10 stability advantage
already established for the malignant subset (Sections 3.1 and 3.4.1). Full per-resample
bootstrap values are reported in Supplementary Table S7.

4. Discussion

The two-tier structure of this analysis reveals that the largest single axis of transcrip-
tomic variation in this cohort is not PAM50 molecular subtype but tissue of origin and
malignant-versus-normal status. This signal proved remarkably robust: it dominated
every representation tested (PCA-40 and all three VAE bottlenecks, Table 4) and every
clustering algorithm (hierarchical, k-means, and GMM, Section 3.3), and it persisted even
when dimensionality reduction was removed entirely and clustering was applied directly
to the raw 5000-gene matrix (Section 3.4)—consistent with the scale of transcriptomic sepa-
ration originally documented between breast tumor and normal tissue and among tissue
types more broadly [2,5]. Notably, where the malignant cluster’s boundary blurred at all,
the admixture came almost exclusively from Normal-TCGA rather than Normal-GTEx sam-
ples (Section 3.3)—solid-tissue-normal specimens drawn from cancer patients rather than
healthy donors and therefore the tissue type transcriptionally closest to tumor, plausibly
reflecting subtle field-level molecular alterations in histologically normal tissue adjacent
to a malignancy [43]. This supports this study’s central pivot—isolating a malignant-only
subset before searching for subtype structure—as having targeted a genuine biological
confound rather than a modeling artifact.

Once the tissue-of-origin axis was removed by restricting analysis to the 835-sample
malignant subset, the representation ranking inverted. PCA-40 led on every internal valida-
tion metric for the whole cohort (Table 4), but VAE Z = 10 led on every internal validation
metric for the malignant subset (Table 7). This inversion is consistent with the broader
finding that nonlinear representation learning offers its clearest advantage once the coarsest
axes of variation have been removed and the remaining signal is subtler and more entan-
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gled [17,20]—a large, tissue-diverse cohort dominated by one comparatively coarse signal is
well served by a simple linear projection, whereas a smaller, more homogeneous population
benefits from a more constrained, nonlinear latent space regularized by a Kullback-Leibler
penalty [15,42]. The malignant-subset training dynamics reproduced this same reversal
independently: Z = 20 minimized validation loss for the whole cohort (Table 2), but Z = 10
minimized it for the malignant subset (Table 3), with loss rising monotonically as latent
capacity increased—the expected behavior of a variational bottleneck once its capacity
begins to exceed what the underlying signal requires [15,42].

VAE Z = 10’s status as the flagship malignant-subset representation rests on con-
vergence across four independent criteria rather than a single favorable metric: it mini-
mized training loss (Section 3.1), performed best on all three internal validation metrics
simultaneously (Table 7), achieved the highest ARI against PAMS50 of any representation
(Table 11), and was one of only two representations—alongside Z = 40—to produce clus-
ters with both significant log-rank survival separation and a C-index exceeding PAMS50
(Table 13), consistent with recent benchmarking work showing that learned latent repre-
sentations can modestly outperform simpler baselines on survival endpoints derived from
bulk RNA-seq [20]. At the same time, PCA-40 achieved the highest NMI despite a lower
ARI than VAE Z = 10 (Table 11)—a divergence consistent with the documented tendency
of geometric and information-theoretic cluster-validity metrics to decouple from one an-
other, and from downstream biological utility, in high-dimensional genomic embedding
spaces [44]. This argues for reporting multiple complementary validity metrics jointly,
as done throughout this study, rather than reducing cluster validity to a single number.

The malignant-subset clustering results are best read as a precise map of which PAM50
subtypes are, and are not, separable in unsupervised bulk transcriptomic space, rather
than a simple pass/fail verdict on clustering. Basal-like disease was the one subtype that
separated cleanly under every condition tested in this study—every representation, every
clustering algorithm, and every gene-panel size (83-98% purity across Tables 6, 8, and 10;
89-95% across the three gene-panel sizes in Table 18)—corroborating the well-established
transcriptomic distinctiveness of Basal-like/triple-negative disease relative to hormone-
receptor-driven subtypes [6]. Luminal A showed a consistent bipartite structure across
all four representations (Section 3.5.1): a substantial, comparatively pure cluster together
with one or more clusters in which Luminal A remained the plurality but Luminal B
made up a large minority. Because this same bipartite pattern recurred independently
under PCA, VAE Z = 10, and VAE Z = 40, it is unlikely to be a representation-specific
artifact, and instead aligns with prior clinical observations that patients sharing a single
PAMS50 label can nonetheless follow divergent molecular and clinical trajectories [8,9],
and with the more general view of intrinsic-subtype boundaries as continuous rather than
strictly discrete [9,10]. HER2-enriched disease told a more fragile story, concentrating
into a single cluster under every representation but only becoming that cluster’s outright
majority under one specific combination (VAE Z = 20 with hierarchical clustering, 72.9%
purity, Table 8) that did not reproduce under k-means or GMM (Section 3.4.2). Luminal B,
meanwhile, never achieved outright majority status in a single cluster anywhere in this
study—not under any of four representations, three clustering algorithms, six values of
k, or three gene-panel sizes (Tables 6, 8, 10 and 18)—a consistent negative result in line
with known difficulties in resolving closely related molecular states through unsupervised
clustering even when real biological differences exist [11]. Taken together, these findings
indicate that, within unsupervised bulk transcriptomic space, Luminal B behaves not as an
independently separable entity but as a shared boundary population bridging Luminal A
and HER2-enriched, reinforced independently by the robustness analyses discussed below.
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Differential expression and pathway analysis (Section 3.6) gave the statistically defined
VAE Z = 10 clusters coherent, directionally resolved biological identities (Tables 14 and 15)
using established differential expression and enrichment frameworks [30,31,36]. GSEA was
decisive where over-representation testing was not: Cluster 3, the HER2-enriched /Luminal
B bridge, showed the strongest combined proliferative and immune signature of the five
clusters under GSEA despite returning zero significant GO or KEGG terms, underscoring
the value of rank-based enrichment testing when individual gene-level effect sizes are
modest. A biologically notable secondary axis emerged within luminal-associated disease:
Cluster 2 and Cluster 4 both retained active estrogen signaling yet separated cleanly by
proliferative state (Table 15), consistent with proliferation being an established, partially
independent determinant of prognosis and therapeutic behavior within hormone-receptor-
positive disease [4,7]. Hallmark DNA repair pathways showed no significant enrichment in
either direction in any cluster, indicating that DNA repair capacity is not a distinguishing
axis among these five transcriptomic subgroups at the resolution examined here.

The immune microenvironment findings (Section 3.7) demonstrate that immune-hot
and immune-cold status cuts across, rather than aligns with, PAM50 subtype bound-
aries [25,26]. Most notably, the two Luminal A-associated clusters diverged sharply: Cluster
2 was immune/stromal-rich while Clusters 4 and 5 were the cohort’s two lowest-infiltration,
highest-purity clusters—directly challenging the conventional assumption that Luminal A
disease is uniformly immune-quiescent, and closely paralleling a recent multi-center find-
ing that immune “crossover” profiles, rather than PAMS50 label alone, stratify recurrence
risk within nominally low-risk luminal breast cancer [45]. The composition of infiltration,
not merely its magnitude, also diverged in clinically relevant ways. The Basal-like cluster
carried the highest immune score in the cohort yet was nearly devoid of CD8+ T cells and
was B-cell/leukocyte-skewed instead, while the HER2-enriched /Luminal B bridge cluster
(Cluster 3) carried the second-highest immune score alongside the highest regulatory T-cell
fraction and elevated M1 macrophages—a regulatory- and myeloid-skewed composition
consistent with evidence that CD25-high effector regulatory T cells, specifically, rather
than immune infiltration in aggregate, are associated with resistance to PD-1 blockade in
breast cancer [46]. Because CD8+ infiltration, rather than aggregate immune score, is more
directly linked to checkpoint-inhibitor response [25,27], these compositional distinctions
are of direct translational interest, but remain hypothesis-generating: bulk RNA-seq decon-
volution, as already noted in Section 3.7, cannot resolve regulatory T-cell activation state
(e.g., CD25/PD-1 co-expression) or establish a direct mechanistic basis for immunosuppres-
sion; such mechanistic interference would require the kind of paired human-tissue and
functional validation used in [46] before any therapeutic inference is drawn.

The survival results warrant a similarly measured interpretation. VAE Z = 10 and
Z = 40 produced clusters with significant log-rank separation and a C-index modestly
exceeding the PAMS50-only baseline (0.619 and 0.643 versus 0.606, Table 13) [33,34], consis-
tent with reports that learned representations can offer incremental prognostic value over
baseline molecular classifiers on survival endpoints [20]. Neither representation, however,
remained significant on the age- and stage-adjusted independent-marker test [35] (Table 13),
and both cluster assignments were already strongly associated with ER, PR, HER? status,
and AJCC stage (Table 12). Taken together, these results indicate that the discovered clusters
substantially recapitulate—and modestly sharpen—established clinicopathological risk
factors [3,4,7], rather than constituting a wholly independent new prognostic axis at the
sample sizes available here. The appropriate framing is therefore refinement of existing
subtype-based risk stratification, not its replacement.

The robustness analyses (Section 3.8) converge on the same conclusion through three
structurally different types of perturbation. Bootstrap resampling of the malignant-subset
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solution (Table 17), following the cluster-stability framework of Hennig [41], showed that
stability tracks PAM50 purity almost exactly: the Basal-like- and Luminal A-dominant
clusters were moderately to highly stable, while the HER2-enriched /Luminal B bridge and
the two Luminal A/B-mixed clusters all fell below the conventional stability threshold.
Reconstructing the gene panel at 3000 and 10,000 genes and repeating the full pipeline
(Table 18) reproduced this same pattern from an entirely different angle: Basal-like
separated cleanly at every panel size, while HER2-enriched consistently re-formed the
same HER2-enriched/Luminal B bridge identified as the least stable cluster under re-
sampling. Two independent perturbations therefore point to the same conclusion: the
HER2-enriched/Luminal B boundary reflects genuine, continuous biological overlap in
this cohort [11], not an artifact of sample selection, feature-selection threshold, or any single
modeling choice. The primary-cohort bootstrap stability check (Supplementary Table S7)
provides exactly this third line of evidence, with an instructive nuance. Across all fifty
resamples, mean ARI against PAMS50 subtype remained far below even the malignant
subset’s moderate concordance (0.006-0.027 versus 0.24-0.38, Table 11) for every represen-
tation, confirming that the whole-cohort failure to resolve subtype structure at k = 7 is not
an artifact of the single run reported in Section 3.3. This stability was itself representation-
dependent, however: the raw gene space, PCA-40, and VAE Z = 10 produced a uniformly
near-zero result with no exceptions across 50 resamples, while VAE Z = 20 and Z = 40 each
produced a small number of resamples (3/50 and 1/50, respectively) in which ARI jumped
to 0.31-0.33—an occasional non-reproducing departure from the otherwise consistent null
result. Rather than complicating the pivot rationale, this adds a further, independent line
of evidence for VAE Z = 10’s relative advantage: its whole-cohort clustering solution is not
only null with respect to subtype recovery, as expected, but the most stably null of the three
fully consistent representations—mirroring the same Z = 10 stability advantage already
established within the malignant subset (Sections 3.1 and 3.4.1).

Beyond these specific biological and clinical findings, this study’s integrated, multi-
algorithm design proved substantively necessary rather than redundant. Cross-algorithm
validation was what revealed that VAE Z = 20’s HER2-enriched cluster majority is real but
fragile—a conclusion invisible from hierarchical clustering alone (Section 3.4.2). Pairing
rank-based GSEA with conventional over-representation testing was what recovered Clus-
ter 3’s strongest combined proliferative and immune signature of the five clusters, a signal
that over-representation analysis alone missed entirely (Section 3.6). And pairing two inde-
pendent immune deconvolution methods—pathway-level GSEA and composition-based
ESTIMATE/quanTIseq—was what let the immune-cold designation of Clusters 4 and 5 be
confirmed by an entirely separate analytical route rather than resting on a single method’s
assumptions (Section 3.7). In each case, a single-method pipeline would have produced a
less complete or actively misleading picture; the comprehensiveness of the framework is
therefore itself a finding, not merely a methodological convenience.

Several limitations qualify these findings. No independent external cohort was avail-
able that met this study’s inclusion criteria, so every result reported here is internal to
this dataset; external validation, ideally in a cohort such as METABRIC, is necessary
before translation to practice, in line with recommended validation pathways for transcrip-
tomic classifiers and emerging Al-based diagnostic tools in breast cancer [3,47]. Immune
characterization relies entirely on bulk transcriptomic deconvolution [23,24]; as noted in
Sections 2.8 and 3.7, this cannot establish cellular co-localization or confirm an immuno-
suppressive mechanism, and future work should pursue single-cell or spatial resolution of
the kind that has recently clarified analogous immune niches in breast carcinoma [10,46].
Similarly, the differential expression and functional enrichment results in Section 3.6 are not
statistically independent of the expression data used to define the clusters themselves, since
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both clustering and cluster characterization operate on the same underlying transcriptomic
measurements; as with any post hoc characterization of unsupervised structure, these
results should be interpreted as descriptive of the discovered clusters rather than as an
independent statistical confirmation of their biological reality. Survival analyses were
retrospective, and the cluster-membership signal did not survive adjustment for age and
stage at the available sample size—a negative result reported transparently rather than
omitted. The primary cohort is heavily dominated by Normal-GTEx samples, and platform,
tissue procurement, and batch differences between TCGA and GTEx may contribute to
part of the tissue-of-origin separation reported in Sections 3.2 and 3.3, independent of
any genuine biological signal—a well-documented risk whenever samples from different
processing pipelines or repositories are analyzed jointly [12,13].

5. Conclusions

This study presents a two-stage representation learning framework that combines a
variational autoencoder (VAE), nonlinear visualization (t-SNE and UMAP), multi-algorithm
unsupervised clustering (hierarchical, k-means, and Gaussian mixture models), and multi-
layer functional, clinical, and immune characterization, applied first to a primary analytical
cohort of 8744 real, non-duplicated PAM50-labeled and normal-tissue samples and subse-
quently to an isolated malignant subpopulation extracted from it.

Across the primary cohort, tissue of origin and malignant-versus-normal status—not
PAMS50 molecular subtype—consistently dominated clustering structure across every rep-
resentation and every clustering algorithm tested, including the raw gene expression space
with no dimensionality reduction. Isolating the resulting 835-sample malignant subset
and reclustering it in isolation revealed genuine subtype-specific structure that had been
obscured at the whole-cohort level. Among the malignant-subset representations, VAE
Z =10 achieved the strongest internal validation metrics, the highest concordance with
PAMS50 (Adjusted Rand Index = 0.377), and—together with VAE Z = 40—a concordance in-
dex modestly exceeding the PAM50-only baseline (0.619 and 0.643 versus 0.606). Basal-like
disease separated cleanly under every representation, clustering algorithm, and gene-panel
size tested; Luminal A resolved into a distinct cluster and a continuum bridging Lumi-
nal B; HER2-enriched samples concentrated into a single cluster but only inconsistently
achieved cluster-majority status; and Luminal B never achieved an outright cluster ma-
jority under any configuration tested, behaving as a shared boundary population rather
than an independently separable subtype. Immune deconvolution further showed that
immune-hot and immune-cold status cuts across, rather than aligns with, PAM50 subtype
boundaries, including a regulatory T-cell-skewed and M1-macrophage-skewed HER2-
enriched/Luminal B bridging cluster and a CD8-poor, B-cell-skewed Basal-like cluster.
Bootstrap resampling and gene-panel-size sensitivity analyses confirmed that cluster stabil-
ity tracked PAMS50 purity, with Basal-like separation robust across every condition tested
and the HER2-enriched /Luminal B boundary consistently the least stable.

These findings support the use of nonlinear representation learning as a research tool
for refining, rather than replacing, PAM50-based molecular subtyping, revealing biologi-
cally coherent structure—particularly at the HER2-enriched /Luminal B boundary—that
a discrete categorical framework does not capture. However, the cross-sectional, single-
cohort, bulk-transcriptomic design of this study cannot establish external generalizability,
cellular co-localization or mechanism within the immune microenvironment, or clinical
actionability, and the discovered clusters did not constitute an independent prognostic
marker beyond established clinicopathological staging at the sample sizes available here.
External cohorts, patient-level validation, and spatial or single-cell assays are needed before
this framework can inform risk stratification or treatment selection.
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Future work will focus on several distinct directions:

1.  Cross-Platform Generalizability: Evaluation of the pipeline, including the malignant-
subset isolation step, on additional independent breast cancer transcriptomic cohorts,
including METABRIC and GEO-hosted datasets, to assess whether the reported
subtype-separability pattern and the HER2-enriched /Luminal B boundary reproduce
outside this cohort.

2. Multi-Omics Integration: Incorporating complementary data streams, including
DNA methylation, copy number variation (CNV), and proteomic profiles, within the
VAE architecture to capture multilayered molecular heterogeneity beyond the tran-
scriptome, particularly at the unresolved HER2-enriched /Luminal B boundary.

3. Prospective Clinical Validation: Evaluating the VAE Z = 10 malignant-subset repre-
sentation in prospectively specified, independent treatment cohorts with sufficient
sample size to test cluster membership as an independent prognostic marker beyond
stage and receptor status.

4.  Spatial and Single-Cell Resolution: Extending the pipeline to single-cell RNA se-
quencing (scRNA-seq) and spatial transcriptomics to establish whether the regulatory
T-cell/M1-macrophage-skewed and B-cell-skewed immune profiles identified here
reflect genuine cellular co-localization and an immunosuppressive mechanism, rather
than bulk-deconvolution-derived composition alone.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390 /biomedinformatics6050086/s1, Figure S1: t-SNE projections
of the primary analytical cohort (perplexity = 40); Figure S2: Perplexity-stability analysis of the
t-SNE projections (perplexity = 30, 40 and 50); Table S1: Internal validation metrics across k = 3-8,
hierarchical clustering, by representation; Table S2: Malignant/PAMS50-associated cluster purity at
k =7, across representations and clustering algorithms; Table S3: Full biological subtype distribution
at k =7, all representations and algorithms; Table S4: Top 10 driver genes per VAE Z = 10 cluster;
Table S5: Full Kruskal-Wallis and Dunn’s post hoc test results for ESTIMATE scores and quanTIseq
immune cell-type fractions; Table S6: Per-cluster PAMS50 subtype contingency tables for the 3000- and
10,000-gene panels; Table S7: Bootstrap stability of the primary analytical cohort’s clustering solution.
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Abbreviations

The following abbreviations are used in this manuscript:

AJCC American Joint Committee on Cancer

ARI Adjusted Rand Index

CH Index Calinski-Harabasz Index

CIBERSORT  Cell-type Identification By Estimating Relative Subsets Of RNA Transcripts

C-Index Concordance Index
CNV Copy Number Variation
DB Davies—-Bouldin Index
DE Differential Expression
ELBO Evidence Lower Bound
EMT Epithelial-to-Mesenchymal Transition
ER Estrogen Receptor
ESTIMATE  Estimation of STromal and Immune cells in MAlignant Tumors using Expression data
GMM Gaussian Mixture Model
GO Gene Ontology
GSEA Gene Set Enrichment Analysis
GTEXx Genotype-Tissue Expression
HER2 Human Epidermal Growth Factor Receptor 2
KEGG Kyoto Encyclopedia of Genes and Genomes
KLD Kullback-Leibler Divergence
LR Likelihood Ratio
MAD Median Absolute Deviation
MSE Mean Squared Error
NES Normalized Enrichment Score
NMI Normalized Mutual Information
PAMS50 Prediction Analysis of Microarray 50
PCA Principal Component Analysis
PR Progesterone Receptor
quanTIseq Quantification of the Tumor Immune contexture from RNA-seq data
ReLU Rectified Linear Unit
scRNA-seq  Single-cell RNA sequencing
TARGET Therapeutically Applicable Research to Generate Effective Treatments
TCGA The Cancer Genome Atlas
TIME Tumor Immune Microenvironment
TPM Transcripts Per Million
t-SNE t-Distributed Stochastic Neighbor Embedding
UMAP Uniform Manifold Approximation and Projection
VAE Variational Autoencoder
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