Supplementary Text 1: Pseudocode for GHSORM algorithm

Algorithm: Growing Hierarchical Self-Organising Representation Map (kHSORM)

INPUT:
X raw € R*(n=d) - Raw input dataset (n samples, d features)
n_init - Initial learning rate
o_init - Initial neighborhood radius
min_nodes - Minimum nodes per SOM layer
max_nodes - Maximum nodes per SOM layer

growth_threshold - Threshold for node splitting

OuTRUT:

Hierarchical cluster structure with multi-level representations

FUNCTION TrainDenoisingAutoencoder(X_raw, noise_level, epochs):
// Initialize DA weights
W enc < Randomlnitialize(weights_encoder)

W dec < Randomlnitialize(weights_decoder)

FOR epoch =1 T0 epochs:
FOR each mini-batch Bin X_raw:
// Corruption step - add noise to input

X corrupted «— AddNoise(B, noise_level)



// Forward pass through encoder

H encoded < Encoder(X_corrupted, W_enc)

// Forward pass through decoder (reconstruction)

X reconstructed < Decoder(H_encoded, W_dec)

// Compute reconstruction loss

Loss «— Reconstructionloss(B, X_reconstructed)

// Backpropagation to update weights
UpdateWeights(W enc, W_dec. Loss, learning_rate)

RETURN W enc, W_dec

FUNCTION ExtractRepresentations(X_raw, W_enc):
// Use trained encoder to extract robust feature representations

X processed <— Encoder(X_raw, W _enc)

RETURN X processed



CLASS SOMNode:
Attributes:
weight_vector € R"m - Node weights (m = encoded dimension)
children(] - List of child nodes (for hierarchy)
data_points[] - Samples assigned to this node

activation_count - Number of activations

METHODS:
UpdateWeights(input, neighborhood_strength):
// Standard SOM weight update with neighborhood function
FOR each neighbor n in GetNeighbors(self, o):
strength < NeighborhoodFunction(distance to_cmu, o)

n.weight_vector «— n.weight_vector + n x strength = (input - n.weight vectar)

FUNCTION InitializeRootSOM(X_processed, min_nodes):
// Create initial SOM layer with minimum nodes

root_layer < New SOMLayer()

FOR i =170 min_nodes:
node < New SOMNode(weight_dimension = X_processed.shape(l])
nodeweight vector «— RandomSamplefrom(X_processed)

root_|ayer.AddNode(node)

RETURN root_layer



FUNCTION FindBestMatchinglnit(layer, input):
// Find node with minimum distance to input

min_distance «— oa

bmu <« NULL

FOR each node in layer.nodes:
distance < EFuclideanDistance(input, node.weight_vectar)
IF distance < min_distance:
min_distance « distance

bmu « node

RETURN bmu

FUNCTION UpdateNodeAndNeighbors(layer, input, bmu, n, o):
// Update BMU and its neighbors using Gaussian neighborhood function

FOR each node in layer.nodes:
distance < EuclideanDistance(bmu.position, node.position)

neighborhood_strength «<— exp(-distance? / (2 x 62))

IF neighborhood strength > threshald:

node.llpdateWeights(input, n x neighborhood_strength)

FUNCTION CheckGrowthCondition(layer):
// Determine if layer needs to grow based on quantization error

total_error « [0

FOR each data_paint in layer.data_points:
bmu < FindBestMatchinglnit(layer, data_point)

error «— FuclideanDistance(data_point, bmu.weight vectar)



total_error < total_error + error?

avg_error «— total_error / length(layer.data_points)

RETURN avg_error > growth_threshold

FUNCTION SplitNode(layer, node_to_split):
// Create new nodes by splitting an existing node
new_node_| < New SOMNode()
new_node_2 <— New SOMNade()

// Initialize weights with small perturbation from parent
new node_|.weight vector < node_to_splitweight vector + &

new node Zweight vector < node_to_splitweight vector + €,

layer AddNodes(new node | new_node_2)

// Reassign data points to nearest of the three nodes
FOR each point in node_to_split.data_points:
closest «— FindClosestNode([node_to_split, new node |, new_node_2], paint)

closest.AddDataPoint(point)

FUNCTION GrowLayer(layer, X_processed _subset):
// Expand layer by adding nodes until convergence or max reached

WHILE length(layer.nodes) < max_nodes AND CheckGrowthCondition(layer):

// Find node with highest quantization error (candidate for splitting)

worst_node < FindHighestErrorNode(layer)



IF worst_node is not NULL:

SplitNode(layer, worst_nade)

// Reorganize data points in affected region

ReassignDataPoints(layer, X_processed subset)

FUNCTION CreateHierarchicallayer(parent layer, X_processed):

// Create child layer for sub-clustering of parent nodes

child_layer «— New SOMLayer()

FOR each node in parent_layer.nodes:
IF length(node.data_paints) > min_samples for_subclustering:
// Extract subset belonging to this parent node

subset «<— node.data_points

// Initialize small SOM for this subset

sub_som < InitializeRootSOM(subset, min_nodes_per_child)

// Grow the sub-SOM

Growlayer(sub_som, subset)

// Link child layer to parent node
node.children.Add(sub_som)

RETURN child_layer



FUNCTION GHSORM(X_raw, config):
// Configuration parameters
noise_level < config.noise_level
da_epochs < config.da_epochs
min_nodes «— config.min_nodes
max_nodes < config.max_nodes
growth_threshold < config.growth_threshold
hierarchy_depth <— config.hierarchy_depth

// STEP I: Preprocess with Denoising Autoencoder
PRINT "Training Denaising Autoencoder..."

W enc, W dec « TrainDennisingAutoencoder(X_raw, noise_level, da_epochs)

PRINT "Extracting robust feature representations.."

X processed < ExtractRepresentations(X_raw, W_enc)

// STEP Z: Initialize root SOM layer
PRINT "Initializing hierarchical SOM structure.."

current_layer < InitializeRootSOM(X_processed, min_nodes)
// STEP 3: Train and grow root layer

PRINT "Growing root SOM layer.."

Growlayer(current_layer, X processed)

// STEP 4: Create hierarchical sub-layers recursively



FOR depth = | TO hierarchy depth - I:
PRINT "Creating hierarchical level”, depth + |

new_layers « (]

FOR each node in current_layer.nodes:
IF length(node.data_paints) > min_samples_for_subclustering:
// Create sub-layer for this cluster
sub_layer < InitializeRootSOM(node.data_points, min_nodes)

Growlayer(sub_layer, node.data_paints)

// Store hierarchical relationship
node.children.Add(sub_layer)
new_layers.Add(sub_layer)

current_layer < Combinelayers(new layers)

// STEP &: Return complete hierarchical structure
RETURN current_layer

FUNCTION NodeActivationMaximisation(layer, target_node):
// Generate visual representation of what activates a specific node

// (As mentioned in the paper for digit visualization)

Initialize random input | € R"m



FOR iteration = 1 TO max_iterations:
Compute gradient VI Loss(target_node.activation(l))

lpdate | « | + learning_rate x VI

Apply constraints to keep | within valid range

RETURN | (visual representation of node's receptive field)

FUNCTION ExtractClusterHierarchy(root_layer):
// Traverse and extract hierarchical cluster structure

hierarchy «<— New TreeStructure()

Function Traverse(node, parent_cluster):

cluster_id < GeneratellniquelD()

FOR each child_som in node.children:
FOR each child node in child_som.nodes:
sub_cluster_id < GeneratellniquelD()
AddToHierarchy(hierarchy, cluster id, sub_cluster id)

Traverse(child_node, sub_cluster id)

Traverse(root_|ayer, root_cluster)

RETURN hierarchy



Supplementary Figures
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Figure S1: Determination of ideal number of clusters in the TCGA dataset. (A) Self-
Organising Maps produced by GHSORM. Pie charts represent distribution of PAM50
subtypes and mRNAsi in each SOM node, and samples that cluster in a single node share
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similar glycogene expression signatures. Clusters are denoted by background colours.
Accompanying dendrograms show the distance between SOM nodes and were used to
determine which SOM nodes should be grouped into GECs. The first SOM map is situated
in the middle of (A). In the cases where the second layer SOM map was splitinto two GECs
(top and bottom left), the red blocks in the dendrograms show how the SOM nodes were
split. In the alternative cases where the second layer SOM map was not splitinto two GECs
(top and bottom right), the red blocks are absent. Although the maximum distance
between SOM nodes of the map that becomes GEC4 (top right) is high (1.4), splitting this
SOM map into two GECs (GEC4.1 and GEC4.2) did not make sense, as (B) glycogene
expression was very similar between these two sample groups. (C) Additionally, splitting
GECA4 did not result in improved patient survival stratification.



Figure S2: Glycogene expression-based clustering of the TCGA dataset using (A) K-means
clustering (NMI=0.41) and (B) DASOM (NMI =0.23). In (A), clusters are indicated by
coloured dots representing individual samples, whereas in (B), clusters are shown by
background colouring of the SOM map, reflecting grouping of samples by their best-
matching units.
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Figure S3: Kaplan-Meier plots showing patient survival stratification by (A) PAM50 subtype
and (B) the combination of PAM50 subtype and mRNAsi. P-values were determined by the
Log-rank test.
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Figure S4: Kaplan-Meier plots showing patient survival stratification by (A) PAM50 subtype
and (B) the combination of PAM50 subtype and mRNAsi, including stage Il and IV samples.
P-values were determined by the Log-rank test.
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Figure S5: Validation of the GECs in the METABRIC cohort. (A) Glycogene Expression
Clusters (GECs) identified by GSHORM in the METABRIC cohort. Pie charts represent
distribution of PAM50 subtypes 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) Similarity between the TCGA and METABRIC datasets
was computed using the Jaccard index. Red blocks indicate strong overlaps between TCGA
(columns) and METABRIC (rows) GECs. (C) Heatmap showing glycogene expression in the
GECs of the TCGA and METABRIC cohorts. (D) Patient survival stratification in METABRIC
GEC:s. (E) Distribution of PAM50 and mRNAsi in the METABRIC GECs.
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Figure S6: Variable importance of the top 60 glycogenes per GEC in the best-performing

RFES model.
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Figure S7: Pearson correlation between Cibersort estimated absolute immune score and
tumour purity.
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Figure S8: Luminal A GECs identified by running GHSORM on the Luminal A samples in the
(A) TCGA and (B) METABRIC cohorts.
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Figure S9: Accuracy fluctuation in the RFES model prior to finding the ideal gene set.



