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Abstract

Unsupervised hierarchical clustering of breast cancer glycogene expression data using the
Growing Hierarchical Self Organising Representation Map algorithm identified six subclasses.
These glycogene expression clusters (GEC) overlap with traditional markers such as PAM50
subtypes and the mRNA stemness index but provide improved prognostic stratification. Feature
discovery via Recursive Feature Elimination with Strikeout identified glycogenes that are
important predictors of each GEC. The results reveal that distinct glycogene signatures exist
within each GEC, which are associated with unique oncogenic functionalities. These glycogene
signatures covary with immune cell type abundance, which may point to context-specific
interplay between immunity and glycosylation. The functional aberrations in each GEC may be
targeted by specific drugs, offering a proof-of-concept for functionally informed, personalised
drug discovery. This study demonstrates how using glycogene expression in combination with
specific machine learning algorithms could be used as an approach for more personalised

cancer subtyping.

Introduction

Gene-expression based cancer subtyping inherently suffers from the curse of dimensionality,
where the sample size is several orders of magnitude smaller than the number of genes (1).

Artificial intelligence (Al) and machine learning (ML) algorithms are increasingly being used to



radically reduce the dimensions of gene sets and cluster the samples into clinically meaningful

classes.

As machine learning methods have advanced, undertaking breast cancer subtyping on the basis
of gene expression has become a reliable approach (2). Several gene expression procedures are
utilised in clinical settings for breast cancer subtype diagnostics, including the PAMS50 intrinsic
molecular subtyping technique (3, 4). The PAMS50 classes are well established and have been
used in an analysis of the stratification of cancer samples based on the degree of differentiation,
otherwise known as the mRNA stemness index (mRNAsi) (5). Despite these advances, a
biological description of patient prognosis and an understanding of the treatment regimen that
responds to the underlying biochemical fundamentals driving tumour progression, remains

unmet (6).

Glycosylation, a non-template driven, highly orchestrated post-translational modification, is
dysregulated in cancer (7, 8). The glycoconjugates that present themselves on the surface of
epithelial cells as signalling (9) and immune receptors (10), play various roles in tumorigenesis
(7, 11-13). The glycogenes that catalyse these reactions are located in specific areas along the
ER-Golgi complex, and their abundance and spatiotemporal location determine the nature of
protein and lipid glycosylation (14-16). Glycogene expression can classify different cancer types
and cluster breast cancer samples into clinically relevant groups (17). The pervasiveness of
glycosylation in cellular functionality and its correlation to hormonal and developmental
aberrations provides an opportunity for improved breast cancer subtyping. Because tumour
glycosylation patterns closely align with established classifiers like PAMS50 and stemness (18), a

glycosylation-based subtyping method could effectively complement current diagnostic tools.

The Growing Hierarchical Self-Organising Map (GHSORM) (19) was developed to identify
hierarchical class-representative structures in datasets such as breast cancer gene expression in
this study. The algorithm first performs dimensionality reduction using a Denoising Autoencoder
that ensures representative learning from high-dimensional data. Following this, the
representation layer is mapped onto a series of hierarchically structured Self-Organising Maps

(SOMs), each layer offering finer-grained resolution of the clustering space than the preceding



one. GHSORM outperforms more rudimentary clustering techniques such as k-means and

hierarchical clustering, particularly in cases where the data is hierarchical (19).

A rational explanation of ML-derived subtype models is essential for informing patient care
following diagnoses (20). While unsupervised methods such as GHSORM are useful to uncover
underlying data structures, they lack information regarding important genes or possible disease-
causing mechanisms. We combine our unsupervised clustering algorithm with an in-house
feature discovery technique based on the Random Forest algorithm (21), Recursive Feature
Elimination with Strikeout (RFES), to provide the rationale for clustering. Building on this,
biological knowledge and bioinformatics are applied to identify potential mechanisms

underlying the biology of disease clusters, as well as new targets for functional validation.

Results

Glycogene expression-based breast cancer subtype discovery with GHSORM
Six Glycogene Expression Clusters (GECs) were identified following the application of the
unsupervised GHSORM subtype discovery algorithm to the TCGA data (Figure 1A). The first SOM
layer immediately separates Basal from Luminal cancers, while the second layer offers a more
granular clustering scheme. The ideal number of clusters was determined through assessing the
hierarchical distance between neurons, analysing the homogeneity of glycogene expression
across clusters, and maximising patient survival stratification between GECs (Supplementary

Figure S1).

There are currently no existing standards for the hyperparameterisation of unsupervised
models, yet the process is highly subjective and has a significant impact on model performance
(18). Due to the clinical relevance of the PAMS50 subtypes, and the observed overlap between
PAMS50 subtype and glycogene expression (17), GHSORM was hyperparameterised by
maximising the Normalised Mutual Information (NMI) index (22) between GECs and PAM50
subtype (See Experimental Section). Through this approach, the best-performing GHSORM
model had a Normalised Mutual Information (NMI) index of 0.63. In contrast, the application of
static clustering techniques such as DASOM (23) and k-means clustering resulted in inferior

model performance (NMI = 0.41 and 0.23 respectively) (Supplementary Figure S2).



Due to the established connection between glycosylation and stemness (18), we investigated
whether the GECs stratified samples based on mRNAsi (5) (Figure 1B; Supplementary Table S1).
The interaction between GEC and PAM50-mRNAsi was significant for the LumA, LumB, and Basal
subtypes (chi-square p = 2.187e-07, 4.812e-07, and 4e-04, respectively), but was less significant
in the case of the HER2 subtype (chi-square p = 5e-02) and insignificant for the Normal-like
subtype as only one sample was high-stem (mRNAsi 0.5). Therefore, the distinction between

high and low mRNAsi was not further investigated for the HER2 and Normal-like subtypes.

A key metric of effective subtyping is the ability to stratify patient survival; in this regard, the
glycosylation-based approach outperformed both PAM50 and the PAM50-mRNAsi combination
(Figure 1C; Supplementary Figure $3). However, none of the approaches reached statistical
significance (p > 0.05). This is due to the exclusion of stage Ill and IV samples from the dataset.
When stage Il and IV samples are included, glycosylation-based clustering results in statistically
significant patient stratification (p = 0.01), while PAM50 and the combination of PAM50-mRNAsi
are less significant (p = 0.1 and 0.05, respectively) (Supplementary Figure S4). The decision to
remove stage Il and IV samples from the cohort was made to retain emphasis on the utility of

glycosylation-based subtyping in the early stages of breast cancer.

The existence of these GECs was validated in the METABRIC dataset by following the same
clustering procedure as for the TCGA dataset (See Experimental Section). By using the Jaccard
index to measure the similarity of the differential expression signature between the two
datasets, 5 of the 6 GECs could be found in METABRIC and corresponded with those discovered
in the TCGA. The reason for GEC6 missing in the METABRIC dataset was likely due to the small

number of Basal samples (n = 40) (Supplementary Figure S5).

Recursive Feature Elimination with Strikeout (RFES)
To determine which glycogenes significantly contribute to GEC classification, RFES was
developed. RFES iteratively removes unimportant genes from a Random Forest classification
model, terminating when model accuracy decreases s times. The introduction of the strikeout
parameter allows the accuracy to fluctuate, thereby increasing the flexibility of the model and

facilitating a more exhaustive search of the feature space.



Using RFES, 60 glycogenes were identified that could classify samples into GECs with 95.45%
accuracy using a 5-fold cross-validation approach (Supplementary Figure S6). The
glycosignature, defined as a subset from the 353 total GEGs, differs notably for each of the six
GECs (Figure 2A), and the top 20 glycogenes important for the classification of each GEC are
distinctly different (Figure 2B). Moreover, model performance remains consistent between

classes (Figure 2C).

The immune landscape of GECs

Undertaking immune cell deconvolution using Cibersort revealed extensive variation of overall
immune infiltration across GECs, as indicated by Cibersort’s absolute score (Figure 3A).
Expectedly, overall immune infiltration and tumour purity show a strong negative correlation
across the GECs (Supplementary Figure S7), and tumour purity was strongly associated with
GEC (Anova p-value < 2e-16). Therefore, to quantify observed differences in relative immune
cell abundance (Figure 3B), CLR-normalised relative immune cell abundance was modelled as a
function of GEC, adjusting for tumour purity. Five immune cell types were significantly different
in one GEC compared to other GECs combined (adjusted p < 0.05). GEC4 was characterised by a
low abundance of MO macrophages, while GEC1 had a low abundance of M1 macrophages. M2
macrophages were most abundant in GEC2, and resting mast cells were present at low

abundance in GEC6 (Figure 3C).

The strong regulation of immune cells by glycosylation likely underpins the ability of glycogene
expression to produce breast cancer subtypes that vary in terms of immune infiltration, tumour
purity, and estimated abundance of immune cells. Thus, the covariation of glycogene paths and
relative immune cell abundance was investigated through Pearson correlation (Figure 3D).
Patterns of covariation differed by GEC. MO macrophage abundance in GEC4 negatively
correlated with N- and O-linked glycan degradation, a pattern not observed as strongly in other
GECs. Furthermore, resting mast cell abundance in the Basal clusters GEC5 and GEC6 exhibited
opposing correlations with 6-sulfated Sialyl Lewis X formation — positive in GEC5 and negative in

GEC6.



Gene regulatory network and drug discovery
The heterogeneity observed in breast cancer is indicative of a variety of tumorigenic
mechanisms, each likely accompanied by distinct glycosylation aberrations. To unpack this, a
gene regulatory network for breast cancer was constructed where regression modelling was
used to predict the expression of non-glycogenes from RFES-identified and differentially
expressed glycogene targets in each GEC (See Experimental Section). The ability of a glycogene
to accurately predict the expression of a non-glycogene may indicate a functional relationship
and presents a target for future research. Functional profiling of the non-glycogenes was

conducted to reveal potential associations for glycosylation in each GEC.

Different glycogenes are important predictors of gene expression in each GEC (Figure 5A), and
those genes have distinct functional roles (Figure 5B). In GEC1, the expression of
glycosaminoglycan biosynthesis genes such as CHST11 could predict the expression of immune-
related genes such as the T-cell surface glycoprotein CD5, SIGLEC7, and CD80. In GEC3, FUT8
could predict the expression of PEX12, a peroxisomal biogenesis factor. Glycogene expression
and relation to functional processes varies across GECs, suggesting that glycosylation may play

various roles in the tumorigenic process.

The major value of subtype discovery is to provide a clinically meaningful direction which results
in a treatment rationale that is unique and effective for each subtype. To identify potential
treatments for the GECs, Functional Representation of Gene Signatures (FRoGS) was utilised
(24). FRoGS works by predicting compound-target interactions based on the concordance
between gene signatures in a sample and the signatures a compound is known to inhibit.
Cancer drugs that show potential for repurposing were modelled for their ability to inhibit the
functional gene signatures predicted from glycogene expression in each GEC (Figure 5C). From
this modelling, Albendazole was predicted to be an effective treatment for GEC2, while

Clomifene may be effective for patients belonging to GECA4.

Discussion

Luminal and Basal cancers are known to be genetically distinct (25), and aberrant glycogene

signatures drive their separation in the first layer SOM (Figure 1A). GHSORM'’s probing of the



more subtle remaining differences gave rise to two Basal and two Luminal clusters which
emerged in the organisational hierarchy of the second layer SOM. Although the GECs overlap
with traditional classification by PAM50 and mRNAsi (Figure 1B; Table 1), the superior and
custom-designed clustering algorithm applied to glycogenes enables improved patient survival
stratification compared to these traditional approaches (Figure 1C, Supplementary Figure S3
and S4). The existence of comparable GECs in the METABRIC dataset show that these glycogene
signatures are stable and reproducible (Supplementary Figure S4), motivating further research

into glycogene-based cancer subtyping.

The concordance between clusters in the METABRIC and TCGA datasets might be improved if
the same set of glycogenes were used to cluster both datasets (Table 1). Many glycogenes
critical to the clustering of the TCGA dataset, such as B3GNT5, CHST11, and ST6GAL2 were not
present in the METABRIC dataset. We made this experimental design choice to maximise the
information gain from the TCGA dataset, at the expense of concordance with the METABRIC

cohort, which contained fewer glycogenes.

One major barrier to the adoption of machine learning in clinical research is lack of model
explainability (26). RFES was therefore developed to identify glycogenes that contribute to
GHSORM’s clustering scheme (Supplementary Figure S6). Key considerations for RFES
performance were the maximisation of the model accuracy on an independent testing dataset,
minimisation of the per-class classification error, and minimisation of the number of genes in
the final model. Each GEC could be classified by a distinct set of glycogenes (Figure 2), providing
opportunities for glycogene-based breast cancer subtyping. Although beyond the scope of this
paper, follow-up mechanistic studies that investigate how these glycogenes are involved in
tumorigenesis in each subtype is critical to establish the feasibility of glycosylation-based

subtyping in clinical settings.

An important objective of this paper was to investigate the immune phenotypes associated with
each GEC. This is of particular interest given the tight integration between glycosylation and the
immune system (27). Unsurprisingly, tumour purity negatively correlated with immune

infiltration across the GECs (Supplementary Figure S7). After adjusting for tumour purity, the



degree of macrophage differentiation was different between GECs. Solid tumours are known to
be heavily infiltrated by macrophages, but their differentiation state depends on the tumour
microenvironment (28). Compared to the other GECs, GEC2 has a high abundance of M2
macrophages (Figure 3C), which are typically associated with adverse patient outcomes due to

their ability to promote immunosuppression and angiogenesis (29).

Interestingly, covariation patterns between glycosylation pathways and immune cell abundance
varied between the GECs (Figure 3D). This finding provides mechanistic clues about the context-
specific interplay between glycosylation and immune system regulation that could be further
investigated through functional validation. For example, the biosynthesis of 6-sulfated Sialyl
Lewis X structures showed a positive correlation with resting mast cells in GEC5, but a negative
correlation in GEC6, both Basal clusters. Mast cell activity is controlled via binding of Siglec-8 to
6-sulfated Sialyl Lewis X (30). This finding illustrates how glycosylation-based subtyping could
provide more information than PAM50 subtype alone, which is especially important given the

urgency of improved care for triple negative breast cancers (31).

In accordance with the proxy-hypothesis (32), we hypothesised that covarying expression
patterns between glycogenes and non-glycogenes represent functional networks that drive
tumorigenesis in a coordinated fashion. Functional profiling of the constructed gene regulatory
network showed distinct covarying patterns of glycogene expression between GECs (Figure 4A,
B). In GEC1, for example, expression of glycogenes involved in glycosaminoglycan synthesis and
degradation such as CHST11 predicted the expression of key immune modulators such as CD5,
CD80 and SIGLEC7. Although the exact mechanistic roles for glycosaminoglycans in immune
regulation is still unclear, significant effort is underway to disentangle these complex networks

(33).

Through a deep learning approach that predicts cancer treatment based on the functional
profile of cancer samples (24), potential drugs were identified for each GEC (Figure 4C). Based
on the model, Clomifene may be an effective drug against GEC4. Clomifene showed anti-
proliferative capacity and induced apoptosis in cancer cells (34). While further studies are

needed to validate these compounds as anti-cancer agents specific to each GEC, this analysis



provides a proof-of-concept showing how the integration of expression patterns and functional

profiling can be leveraged to discover potential drug candidates.

This study has limitations that must be acknowledged. The relationship between glycogene
expression and glycosylation is not yet well-established; therefore, we refrain from inferring the
glycomic state of the GECs. In addition, the samples used in this study are derived from bulk
tumour tissue and thus the specific cell types that contribute to the observed glycosylation
signatures are not known. Functional validation studies linking glycosylation to known

tumorigenic pathways are critical for translation of this work from theory to practice.

This research serves as a proof-of-concept, demonstrating that specialised machine learning
algorithms can be paired with aberrant glycogene expression to discover distinct cancer
subtypes. By linking molecular expression profiles with patient prognosis and tailored treatment
strategies, this approach establishes a robust framework for data-driven cancer subtype

discovery.

Materials and Methods
Data preparation
The TCGAbiolinks package (35) in R-4.4.1 (36) was used to download 1067 primary, untreated
breast cancer and 111 matched normal RNA-seq samples from female patients from The Cancer

Genome Atlas (https://www.cancer.gov/tcga). Ensemble IDs were converted to HGNC symbols

using the org.Hs.eg.db library (37), and in cases where duplicate symbols exist, the entry with
the highest mean expression samples was used. GE genes and pathways were obtained from
GlyocoEnzOnto (38). Tidyverse (39) and data.table (40) were instrumental in performing dataset

manipulation.

The mRNA stemness index (5) (mRNAsi) was obtained using the “TCGAanalyze_Stemness”
function and SC_PCBC_stemSig score from TCGAbiolinks (35). Samples were designated as Low

Stem (LS; mRNAsi < 0.5) or High Stem (HS; mRNAsi >=0.5).



Differential expression analysis was conducted using the DESeq2 (41) package and Log Fold
changes were obtained using the “apeglm” method (42). The variance stabilised data (using

only the intercept in the design matrix) was used for further analysis.

Sample selection and experimental setup

The Cancer Genome Atlas (TCGA) breast cancer dataset contains 1067 female treatment-naive
primary tumour RNA-seq samples. To ensure the applicability of our method to the stratification
of early breast tumours, only 785 Stage | and Il samples were used in this analysis (ntotal =785;

Niuma =406; Nume =139; NHer2 =57; Ngasal =155; Nnormal-like =28)

Evaluating the performance of unsupervised clustering models is challenging due to the lack of
a ground truth. Since previous research demonstrated overlap between glycogene expression
and PAMS50 subtype, GHSORM performance was evaluated by maximising the Normalised
Mutual Information (NMI) index between Glycogene Expression Clusters (GECs) and PAMS50
subtype.

To mitigate against the class bias caused by LumA overrepresentation, only 147 LumA samples
were included in the final dataset. This number of LumA samples were chosen as the average of
the two next-biggest subtype classes, Basal and LumB. To ensure an even distribution of LumA
samples in terms of glycogene expression, GHSORM was first run on the LumA samples only
(nLuma =406) to determine the number of LumA glycogene clusters (Supplementary Figure S8).
LumA samples in the final dataset were randomly and proportionally sampled from the 3
identified LumA glycogene clusters, yielding the final dataset (Ntotal =526; Ntuma =147; Npums =139;

NHer2 =57; NBasal =155; NNormal-like =28)

The METABRIC (43) dataset was used for validation of the GECs. To make the analysis
comparable, only stage | and Il primary tumours from female patients were included. PAM50
subtype information was obtained from CBioPortal (44, 45), and for samples that lacked a
PAMSO0 subtype tag, as well as for those designated claudin-low, the genefu algorithm was
used(46). A similar approach was followed to down-sample the LumA subtype (Supplementary
Figure S8), yielding the final METABRIC dataset (ntotal =189; Niuma =43; Niume =46; NHer2 =29; NBasal
=40; NNormal-like =31).



The Growing Hierarchical Self-Organising Map
We developed the Growing Hierarchical Self-Organising Representation Map (GHSORM)
specifically for the purpose of cancer subtype discovery (19). GHSORM relies on two
components: the Denoising Autoencoder (DA) and the Self-Organising Map (SOM). These
components can be combined in different ways to create several algorithmically similar models.
To find the optimal algorithmic structure and model hyperparameters, a brute-force grid search
approach was employed with the objective of maximising the Normalised Mutual Information
(NMI) between clusters, with PAM50 subtype as the class label. The best-performing model was
a Pre-Processor GHSORM in which one DA is shared between all SOM layers. All glycogenes with

a standard deviation (SD) > 0.5 across samples was used as input to GHSORM.

At the encoder end, glycogene expression input features were corrupted by addition of
Gaussian noise with a standard deviation of 0.2. The contribution of the corrupted input feature
to the hidden layer was neuron and is defined by weights, W and biasing parameters, b. A
hyperbolic tangent function, f, is applied to these that give the activation of the hidden

neurons.
y=f(Wx + b)
(1)

At the decoder end (the output layer) the samples’ reconstructed features, X, are generated.
This is done via a set of parameters biasing the neurons, b, in the network’s layers
accompanying the weights, W. A hyperbolic tangent function, f, is once again applied to

regulate of the contribution of the representation layer, y.
xX=f(Wy + b)
(2)

This procedure of learning features from artificially corrupted input data enables dimensionality

reduction while still preserving the structure of the input data space.



The hidden representation layer is then mapped onto a SOM. Training the SOM involves an
ordering and a convergence phase, which were implemented using one and ten epochs of

samples respectively, according to the following cost function:

E
K(W,b,U) = mdinz hao 1y — v, 112

e=1
(3)

Where E is the total number of SOM neurons and ue represents their codebook vectors. The

neighbourhood function, hge, controls the surface elasticity of the neuron lattice.

Self-Organising Map growth and depth in the GHSORM algorithm are controlled by the user-

provided parameters t1 and 12 according to the following equations:
mqe(® < queg(a)parent
(4)
qe. @ < 1,qe;,
(5)

Where mge represents mean quantisation error, ge is quantisation error, and § is the index of
the neuron of the parent map o. This resulted in a GHSORM model that promoted architectural
depth over the size of individual SOMs in the model. The Pre-Processor GHSORM, wherein all
SOMs in the model share a DA, was used because this resulted in maximal Normalised Mutual
Information between clusters. GHSORM parameters used in this study can be found in Table 1.

Pseudocode describing the GHSORM algorithm can be found as Supplementary Text 1.

The aweSOM (47) and Kohonen (48) R-packages were used to visualise GHSORM output.
Hierarchical superclass clustering of the SOM codebook vectors was performed to determine

which SOM neurons belonged in a GEC.



The optimal number of superclasses was determined through visually assessing the hierarchical
distance between neurons, analysing the homogeneity of glycogene expression across clusters,

and maximising patient survival stratification between GECs.

Validation of GECs using the METABRIC dataset

To compare the GECs identified in TCGA and METABRIC, differential gene expression was
performed as for each GEC against the other GECs combined. Glycogenes were extracted, and
their regulation was determined (Log2FoldChange > 0 and p-adjusted < 0.1 = upregulated;
Log2FoldChange < 0 and p-adjusted < 0.1 = downregulated). The Jaccard index between GECs
was computed based on whether the glycogenes were regulated in the same direction in both

datasets.

Recursive Feature Elimination with Strikeout (RFES)
To identify the minimum set of glycogenes that can classify the GECs with high accuracy, a
Recursive Feature Elimination with Strikeout (RFES) feature discovery wrapper was designed
around the Random Forest algorithm. The process commenced with the complete set of 353
glycogenes. In every iteration, unimportant glycogenes were eliminated until model accuracy
decreased s times. This strikeout parameter, inspired by the tuning step in the
RandomForestSRC framework (49), introduces flexibility into the model by providing a tolerance
in the accuracy search such that a decrease in improvement is allowed s times before
termination. This allows the accuracy to fluctuate prior to locating the ideal gene set

(Supplementary Figure S9).

RFES was run using the RandomForest algorithm (50) in the caret (51, 52) package. The model
was trained on 80% of the data using a 5-fold cross validation approach and tested on the
remaining 20%. Values of ntree included 300, 500, and 1000, and an mtry from 1 to 40 was

used. Computational time was measured with the tictoc R-package (53).

To avoid a decline in Random Forest classification accuracy due to class imbalanced data,
majority classes (n > 88) were randomly undersampled and minority classes (n < 88) were
artificially inflated with RACOG (54). RFES with this sampling approach was benchmarked

against three commonly used feature discovery algorithms: Recursive Feature Elimination (RFE),



Simulated Annealing (SA), and Genetic Algorithms (GA) (52). RFES performed the best, although
it ran significantly slower than the other algorithms. This is in part because the RFES algorithm
repeats feature discovery three times to avoid inherent algorithmic randomness and produce

stable feature sets (Supplementary Table S2).
The RFES algorithm proceeds as follows:
s and Accuracymax are initialised to 0.

The feature importance for each gene across all GECs in datatrain is obtained using the varlmp
function from the caret package(51, 52), and the maximum variable importance, as Mean

Decrease in Accuracy (MDA) for each gene (j) across the GECs (m) is recorded.
MDA max = max(MDAj,, MDA; 5, ..., MDA; )

(6)

The first quantile (Qz) is found from the maximum VI across all features, where p is the total

number of features.
Q: = Quantiley5(MDA1 maxs MDAy 1maxs s MDAy max)
(7)
The features (F) are retained if they have a maximum MDA greater than the first quantile.
F = (| MDAjmax > Q1)
(8)

Using this feature set £ the model is run again and the accuracy of the model on datatrin and

datatest are recorded as follows:



True Positives + True Negatives

Accuracy =
Y True Positives + True Negatives + False Positives + False Negatives

(9)

If Accuracyiest (model accuracy on datatest) is greater than Accuracymex then Accuracymax =

Accuracyiest, else s is incremented by 1. This is repeated until s > strikeout.
Repeat the procedure rpt times and record the most accurate model for each repeat.

An important note is that datatest does not include artificial samples from the RACOG, such that

the accuracy of the model is only evaluated on real samples.

Immune cell deconvolution
The online version of Cibersort (55) was used in relative mode for immune cell deconvolution,
utilising the LM22 signature matrix file and the TMM-normalised counts as input. Batch
correction was enabled, quantile normalisation was disabled, and 1000 permutations were used
for significance analysis. Only the 252 samples with a p-value < 0.05 were utilised in the
analysis. To determine immune abundance differences between GECs, compositional
CIBERSORT data was CLR normalised (56) and modelled using a linear model, adjusting for

tumour purity.

ssGSEA (57) was employed with the GSVA package (58) to calculate glycosylation pathway
scores for the investigation of correlations between glycosylation pathways and estimated
relative immune cell abundance in each GEC. Only cells with significantly different abundances
according to the linear model (p-adjusted < 0.05) were included, and only correlations
coefficients > 0.4 are depicted in the figure. Additionally, redundant glycopaths were removed
from the figure. Refer to Supplementary Table S3 for the correlation matrix showing all

glycopaths.

Gene regulatory network
Arboreto (59) was used for the construction of a gene regulatory network, using the vst-
normalised count matrix as input. The 60 GE genes identified by RFES as important were used as

the target genes (Supplementary Table S$4), and the expression of the remainder of the genes



with a SD > 0.5 was predicted. Arboreto produces a list of weights representing the importance
of a target gene in predicting the expression of a non-target gene. High weights are potentially

indicative of a functional relationship between the two genes.

For each GEC, truly upregulated —as compared to normal tissue and to all other clusters (p-adj <
0.05; LFC > 0) — GEs (RFES importance value > 50) and non-target genes and their weights were
extracted from the Arboreto output. The non-target genes with a weight > 5 were subjected to
over-representation analysis with ClusterProfiler (60, 61) using all the input genes as the
background. Pathways with a p-value < 0.05 were considered significant and the combined

functional analysis across all GECs was used as input to Cytoscape (62).

Functional Representation of Gene Signature (FRoOGS)
FRoGS (24) was implemented to perform drug target prediction. To train gene embeddings and
generate signature embeddings for each GEC, the ClusterProfiler (60, 61) results from the
Arboreto (59) functional analysis was used as input. Those embeddings were then used to
predict compound targets from the L1000 gene signatures for each GEC, using 60 epochs. Only
the MCF7 breast cancer cell line was used. The ReDO_DB database (63) was used to obtain a list
of compounds that have shown potential as repurposed cancer treatments, and only those
compounds were used for further analysis. As output, FRoGS generates files containing a list of
target genes ranked by their predicted scores for each compound. For each GEC, compounds
were ranked based on the mean predicted scores of the genes, and compounds with a mean

score > 0.96 were included in the visualisation.

Other software packages
Survival was analysed using and the survival (64), GGally (65), and survminer (66) R packages.
Heatmaps were drawn using ComplexHeatmap (67). Dendsort (68) and circlize (69) were used
for hierarchical clustering of heatmap rows and columns, and generation of colour vectors
respectively. Circlize (69) was also used to construct the chord diagram. Rstatix was used for
statistical testing(70). The pROC package was used to construct Receiver Operating
Characteristic curves curves (71). Functional analysis and pathway enrichment was performed

using the Gene Ontology database(72, 73), except in the case of glycosylation pathways, which



were obtained from GlycoEnzOnto (38). The Reactome (74, 75) and Genecards (76, 77)
databases were frequently used to look up gene function. Figures were compiled with
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Figure legends

Figure 1: Unsupervised glycogene-based subtype discovery. (A) Glycogene Expression Clusters
(GECs) identified by GSHORM. Pie charts represent distribution of PAM50 subtypes and mRNAsi
in each Self-Organising Map (SOM) node, and samples that cluster in a single node share similar
glycogene expression signatures. Clusters are denoted by background colours. (B) Proportion of
PAMS50 subtype and mRNAsi in each cluster. (C) Kaplan Meier plot of patient survival between

the GECs. Significance is analysed with the Log rank test.

Figure 2: Supervised feature discovery with RFES. (A) Expression of the 60 glycogenes from the
best-performing RFES model. (B) Variable importance for the top 20 most important genes in
each GEC. (C) Receiver Operating Characteristics curve showing performance of the classifier for

each cluster.

Figure 3: Immune infiltration and cell abundance across GECs. (A) Cibersort-estimated absolute
immune score (Kruskal-Wallis p < 6.8e-11). (B) Barplot of average estimated cell proportions in
each GEC. (C) Relative abundance of immune cell types in one GEC compared to the other GECs
combined. Only significant immune cell type-GEC combinations are shown (p-adjusted < 0.05
after adjusting for tumour purity). (D) Pearson correlation coefficients between glycosylation
pathways and estimated immune cell abundance for significant immune cell types as identified

in (C).

Figure 4: Association of differentially glycogenes with biological pathways and drugs
candidates. (A) Heatmap showing the importance of glycogenes to predict the expression of
non-glycogenes in each cluster. The normalised weight is represented as the mean weight of all
the non-glycogenes predicted by a specific glycogene, multiplied by the number of non-

glycogenes that the glycogene could predict. The values were square root transformed to ease



visualisation. (B) Functional enrichment of the non-glycogenes predicted in each GEC. (C) Drug

candidates that inhibit the functional signatures within each GEC.

Tables

Table 1: GHSORM parameters that were used in this study.

TCGA Luminal A | METABRIC TCGA (n=526) | METABRIC (n =
samples (n = Luminal A 189)
406) samples (n =
136)
Number of 277 395 353 277
glycogenes used in
input layer (SD >
0.5)
Representation 250 250 250 250
layer size
Number of epochs | 1000000 1000000 1000000 100000
for denoising
autoencoder
SOM initial 0.7 0.7 0.7 0.8
learning rate
SOM final learning | 0.01 0.01 0.01 0.01
rate
T 0.1 0.1 0.4 0.5
T 0.1 0.1 0.05 0.01




Supplementary Table S1: Composition of GECs by PAM50 and mRNAsi.

Supplementary Table S2: RFES performance compared to other commonly used feature

discovery wrappers.

Supplementary Table S3: Correlation between glycopaths and immune cell type abundance.

Only entries with Pearson coefficient > 0.4 are shown.

Supplementary Table S4: Variable importance of the 60 glycogenes in the best-performing RFES

model.
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