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ABSTRACT

We employ a computationally intensive framework that integrates mathematical programming and
graph neural networks to elucidate functional phenotypic heterogeneity in disease by classifying
entire pathways under various conditions of interest. Our approach combines three distinct yet
seamlessly integrated modelling schemes: i) we first leverage Prior-Knowledge Networks (PKNs)
derived from comprehensive and established databases to reconstruct their topology using genomic
and transcriptomic data via mathematical programming optimization, ii) we apply causal learning via
Additive Noise Models (ANMSs) to further prune the optimized networks, and iii) we apply tailored
Graph Convolutional Networks (GCNs) to classify each network as a single data point at graph-level,
using Mode of Regulation (MoR) and gene activity profiles as node embeddings. These networks
may vary in their biological or molecular annotations, which serves as a labelling scheme for their
supervised classification. We demonstrate the framework in the DNA damage and repair pathway
using the TP53 regulon in a pancancer study, classifying Gene Regulatory Networks (GRNs) across
different 7P53 mutation types. This scalable approach enables the classification of diverse conditions
while addressing the multifactorial nature of diseases. It disentangles their polygenic complexity and
reveals new functional patterns through a causal representation.
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Introduction

The challenge of causal interpretation in medical sciences [45, 2, 44] and the necessity to utilize it in the light of
recent advances in high-throughput genomic and transcriptomic data and at the same time the wider availability of
computational resources and modelling approaches, marks a distinct gap in our understanding of disease [25, 15, 8, 55].
To address the gap, particularly in biological deregulation of genomic underpinnings, it is instrumental to elucidate how
signals propagate across molecules from root(s) to target(s). Genes and their proteins can be effectively captured in a
computational model by an artificial wiring system, resulting in network representations or graphs [48, 6, 5, 23, 1, 30].
These graphs contain nodes (genes in this context) and edges (interactions typically mapping an activating or inhibitory
effect) indicating the Mode of Regulation (MoR). Genes do not only interact in an bi-directional way but mainly in
symphony to express a particular phenotype, a cellular process carrying out specific biological tasks (such as DNA
damage and repair, proliferation, apoptosis, etc.). The importance of this mathematical language to communicate gene
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Figure 1: The developed framework workflow. Prior Knowledge Networks (PKNs) and omics-data are combined to
provide the input for optimization models to reconstruct gene regulatory networks across pathways of interest, in this
case the TP53 pathway and its regulon. These optimized networks are then annotated across conditions of interest, in
this example mutation types on the transcription factor 7P53. We then analyse the networks in two different ways: first
we extract unique signatures for each condition (mutation type) and compare them, using community detection and
betweenness centrality. We then use ANMs to prune edges that represent no causal effect so that we can then classify
the optimized networks using GCNs, leveraging enhanced structural learning. We use as labels the condition of interest
for each graph. Finally, the classifier can distinguish entire pathways as a single data point (graph level classification) to
denote diseases or states of diseases (onset, progression, severity etc.).

interactions is rooted in its ability to provide causal interpretation of the shared effects [41] by using directed acyclic
graphs (DAG).

Thus, a systems biology approach, using high-throughput data and advanced computational methods, is instrumental in
the illumination of the functional implications of different conditions that can map genotypes and transcriptomic data to
phenotypes in disease. In particular, graph-based models provide a natural representation of gene regulatory networks
(GRNs) [24, 12], enabling the integration of multi-dimensional data to capture structural and therefore functional
differences across layers such as gene activity profiles and regulatory direction. This line of work builds on two
primary blocks, incorporating two distinct and yet seamlessly integrated modelling schemes. The first one is based on
well-established Mixed-Integer Linear Programming (MILP) models [4] which we employ to i) map signalling amongst
involved genes and consistency rules and ii) reconstruct their topology and gene activity profiles for the pathway of
interest as a whole. These models are deterministic and global optimal, hence offering advantages in the optimization
of the networks. Furthermore, a plethora of network analysis metrics such as community detection, provide further
insight into disease states.
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When using the Prior Knowledge Networks (PKNs) from established sources, multiple levels of confidence can be used
(from very stringent to less stringent, A,B,C,D,E), symbolizing how confident we are that the target genes used are
actual targets or not. By using the less stringent approach, to include as many (initially) genes as possible, we then
seek to minimize the number of edges in our network topology by using causal learning constraint methods, such as
ANMs [60, 21]. These methods work independently and derive pruning based on simply the input of the full expression
matrix and the network itself. This adds an additional layer of confidence that our learned GRNs have causal structural
topologies. These pruned networks now serve as input to the subsequent deep learning module.

This modelling scheme based on GCNs [26, 9, 16, 58], represents a cutting-edge class of neural networks specifically
derived for graph-based structured data, where other approaches of neural networks cannot be applied, making them
ideal for interrogating GRNs. These models have become a key approach in analysing graph-structured data, enabling
the extraction of meaningful patterns from complex networks. In [31] deep learning has been successfully used to
identify resistance to therapy p53 pathway mediated mechanisms and related combinatorial targets for lung cancer.
In [32], a Recurrent Neural Network (RNN) has been employed to illuminate p53 temporal interaction dynamics.
Furthermore, a Graph Neural Network approach has been utilized in [56] to predict protein stability change upon
mutation in genes.

We apply the developed framework in cancer, particularly because of its entwined causality of genomic nature,
therefore making it ideal for demonstration. Cancer onset and its rapid progression is a result of pervasive biological
deregulation taking place across a plethora of cellular processes [17, 34, 18, 19]. As aberrant gene expression drives
oncogenic processes and initiates a multitude of neoplastic diseases [36], the master regulators of the genome, known
as Transcription Factors (TF) [28, 59, 40], dictate the gene activity profile of many downstream targets, known as their
regulon. Across these approximately 1,600 DNA-binding TFs [43], their intricate dynamics are paramount in furthering
our understanding of gene expression programs, transcription and post-transcriptional regulation in disease. Their
perturbations in cancer emanating from stress conditions such as mutations, irradiation, hypoxia [57, 7] or drug effects
and other stimuli, are pivotal in determining a cascade of processes underlying disease onset, progression and prognosis.
Particularly somatic mutations [50], can alter the functional form of proteins and their ability to dock and perform
cellular tasks, leading to abnormal states. Among these transcription factors, TP53 [49, 38, 42] stands out due to its
widespread impact in multiple types of cancer [20, 35], influencing crucial pathways for cell cycle control, apoptosis,
and DNA repair, thus widely known as the Guardian of the Genome [29].

Somatic mutations in 7P53, manifest as heterogeneous effects on downstream gene expression [10, 27] and can be
used as annotated conditions of interest in the developed pipeline. Besides mutations, any external stimuli that can be
described as a perturbing effect could be utilized, such as hypoxia and irradiation, as demonstrated in [51], or drug
effects. TP53 is a major transcription factor involved in cellular defences against cancer and is inactivated in nearly all
tumours, with mutations in 7P53 occurring in approximately 50% of human cancers. Tumour suppressors like 7P53
typically experience loss-of-function mutations. Unlike other tumour suppressors, 7P53 mutations are predominantly
missense variants concentrated in the DNA-binding domain (DBD). TP53’s diverse mutation landscape is a result
of its structural fragility, evolutionary compromises, and intrinsic mutability. Most mutations lead to loss of tumour-
suppressive function, with additional dominant-negative or aggregation-related effects exacerbating tumorigenesis.
While some mutations exhibit neomorphic effects, these are often secondary to the primary loss of p53 function [22].

This functional heterogeneity poses a significant challenge for understanding mutation-specific effects, requiring the
dissection of the molecular mechanisms driving distinct regulatory states. Analysis of the functional implications
in TP53 states support that Wild-Type (WT) status enhances both innate and adaptive immunity by promoting pro-
inflammatory cytokine secretion, activating the cGAS-STING pathway and regulating antigen presentation via MHC-I,
influencing immune checkpoint pathways [11]. On the other hand, 7P53 mutations can create an immunosuppressive
tumour micro-environment (TME) with altered cytokine and chemokine production that recruits immunosuppressive
cells like myeloid-derived suppressor cells (MDSCs) and M2 macrophages and induction of chronic inflammation
via NF-xB and other signalling pathways, fostering tumour progression [11]. Additionally, further investigation of
TP53 mutations reveals their impact on tumour suppressing ability, and shows that [39] non-functional mutations are
associated with destabilization of p53’s DNA-binding domain (DBD) and oligomerization domain (OD) and at the
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same time, destabilization effects suggest a potential therapeutic strategy to restore p53 function by inducting again
stabilization. Specifically missense 7P53 mutations can be predicted with extremely high accuracy [3], suggesting the
heterogeneity across missense mutations themselves each contributing to varying functional effects on p53 activity,
whilst Hotspot mutations were strongly associated with loss of function. These approaches, while providing inference
in p53’s functionality based on variant classifications, lack the ability to map this effect in the TFs downstream
transcriptional regulation, uncover the causality and provide a holistic understanding of the regulatory landscape.

This study builds on these computational innovations to explore the regulatory impact of somatic mutations in TFs,
focusing on TP53 as a paradigm. By reconstructing and optimizing GRNs from the Cancer Cell Line Encyclopedia
(CCLE) [53] dataset, we aim to elucidate mutation-driven differences in regulatory architecture. The integration of
graph-based classification and network-level analyses allows us to answer if somatic mutations alter regulatory networks
to a detectable degree, by finding a classification boundary. The insights gained not only advance our understanding of
transcription factor biology but also hold potential for identifying novel therapeutic targets and biomarkers entwined to
precision oncology, and expand further outside of our case study to disease in general.

Results

Models from CCLE were collected (n = 1618) incorporating either mutant/WT TP53. The DoroThEA [14] regulon was
extracted for this transcription factor using OmniPathR [54] and accounting only for signed and directed edges. This
amounted to approximately 200 downstream targets with all confidence levels included, to remain less stringent and
allow the optimization prune as appropriate to minimize the mismatch between the expression matrix and the prior
knowledge network in terms of its initial topological features and orientation. The CARNIVAL [33] pipeline was
used to reconstruct the networks using the normalized enrichment score and the deleterious function of mutation as a
perturbing event on 7P53 being the master node in all networks, and the downstream targets following below. This
mathematical programming optimization package allows for single sample reconstruction of networks and proves to be
ideal in this line of work, as each network is depicting exactly one CCLE model carrying a single 7P53 mutation.

We first sought to explore heterogeneity found in the expression profile of the regulon, and although this has been
previously explored [51] in previous versions of the CCLE dataset, we re-iterated for consistency. We extracted all cell
line samples carrying a single 7P53 mutation and combined the expression levels of its regulon with the mutational
profiles and other molecular information such as cancer type, protein change, hotspot and deleterious function of the
mutation each time. We then stratified the expression levels of the regulon per mutation type and performed a dual
hierarchical clustering of Z-standardized transformed expression levels to understand whether either cell-lines, or gene
targets of TP53 cluster together in a consistent pattern, Figure 7. No pattern was observed across either WT or mutated
samples, emphasizing the transcriptional divergence of TP53 and the potential functional implications being inseparable
by isolated expression analysis. Transcription factor activation is well known to be observable only in the gene activity
profile of the regulon, not in its own expression level.

We utilize the deleterious function of 7P53 mutations to model its perturbing effect in the network each time. As
deleterious we consider the effect of rendering dysfunctional the resulting protein p53, and so, a deleterious mutation
would implicitly mean that TP53 is deactivated , or in a similar fashion activated if it’s not identified as deleterious.
This perturbing effect is used as an input in the CARNIVAL pipeline. The computational analysis provides insights
into the classification and expression patterns of 7P53 related mutations across various cell lines. Figure 10 shows
the expression levels of TP53 across mutant (and stratified across deleterious function of mutation) and WT models
(cell-lines). Statistically significant (p < 2.2e — 16, Wilcoxon and T-tests) higher expression is observed across
deleterious and mutant models versus non-deleterious mutation cell-lines. WT samples exhibit similar expression levels
to the high mutant deleterious models, again confirming that expression levels for 7P53 transcription factors are not
representative of status (active/inactivated). Figure 11 shows the violin plot of 7P53 expression stratified by mutation
type and WT samples included, and significant differences across the means of the variants.
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Optimized network analysis reveals functional differences across condition of interest

The backbone prior knowledge network as extracted from OmniPathR contains approximately 40k interactions. This
graph serves as the building block for every CCLE model being re-optimized as a single gene regulatory network, each
time using as input the expression of this single CCLE model. In essence, we reconstruct as many gene regulatory
networks as cell-lines, or CCLE samples, contain expression and mutation data available to characterize TP53 status,
both in terms of expression but also in the deleterious function of the mutation, each time defining the perturbing effect.

All initial prior-knowledge networks extracted from OmniPathR including all downstream identified signed and directed
interactions with TP53, have been reconstructed using the full expression matrix from CCLE and TP53 perturbation
from the deleterious function of mutation each time (deleterious:inactive). For WT samples we consider 7P53 functional
and active. We used CARNIVAL to optimally reconstruct the networks, which then served as an input of training
graphs for the GCN classifier. The network analysis we performed included two parts: i) community detection, and
ii) centrality analysis per identified hub and extraction of unified signatures across each mutation type (See Methods).
Figure 2 shows a hierarchical dual clustering with the regulon target genes on the x-axis and the mutation types plus
WT samples as different categories on the y-axis. The genes can be absent (white), activated (blue) and inactive (red) ,
across each mutation type / WT samples. We can observe high dissimilarity between the extracted signatures, with
WT and missense being closer to each other across the rest of the signatures. Figure 8 depicts the intersections of the
signatures ordered by frequency across all mutation types, demonstrating the high degree of heterogeneity across the
signatures with minimum overlaps in the genes and their associated states.

GCN learning shows classifiable at graph-level networks based on condition of interest (mutation type)

The confusion matrix, Figure 9, reveals the classification performance for different mutation types, with strong accuracy
in predicting WT (wild-type) and missense_variant classes, indicated by the high diagonal values (146 and 171,
respectively). However, notable misclassification occurs for stop_gained and frameshift_variant, suggesting
overlaps in their prediction boundaries. Figure 4 shows the Receiver Operating Characteristic (ROC) curve for the
multi-label classifier across all variants and WT samples. We observe that generally the classifier performs sufficiently
well to differentiate across samples with strong presence in the training data, whilst struggling to separate cases low in
incidence. In CCLE, the vast majority of samples as also evident in Figure 7, belong to either missense or WT samples.
For these two categories respectively the ROC is relatively quite strong (0.92 and 0.81). Scatter plots were generated for
the true and predicted class Figure 5, and the classification accuracy (blue:correct, red:misclassified). Figure 3, shows
an interactive plot generated by the platform. Here, the user can select each data point and bring up the optimized
network corresponding to this data point, with its graph representation, showing both the directionality of interactions
and the activity profile (indicating gene activity status, with blue denoting activation and red denoting inactivity).

Discussion

This study combines various methods and models for the analysis of pathway heterogeneity and its association with
disease states and conditions of interest. We combined a mathematical programming approach with a deep learning
model to facilitate the generation and classification of gene regulatory networks that map to a specific biological
mechanism, in this case the regulon of TP53 as a pathway of transcriptional regulation in DNA repair and response
to DNA damage. Our first step was to collect a near optimal representation of the regulon, using DoRothEA, which
included approximately 200 genes. Then, we extracted a basis gene regulatory Prior Knowledge Network (PKN) from
OmniPathR to map the expression levels of the regulon and reconstruct its topology and gene activities using the
mRNA sequencing from CCLE, for each sample/CCLE model that carried a single 7P53 mutation. This resulted into
approximately 1,600 base networks which then we restructured via mathematical programming optimization using
CARNIVAL. This suite allows us to optimize per sample, given perturbations of transcription factors and in this case
we used the deleterious function of mutation to indicate TP53 status, or WT being active. The optimized networks were
then used as a training dataset for a Graph Convolutional Network which attempted to classify them across the type of
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Figure 2: Plotting the gene signatures extracted from the community detection analysis across each mutation type
and WT, and showing gene activity each time. All networks carrying the same 7P53 mutation were stratified into
groups. Community detection was performed for each group, and a centrality (maximum) score was used to identify
one representative gene per community. The overlap of these sets across the same mutation type or WT each time, is
the set shown for each mutation type/WT here respectively. The heatmap shows clustered gene status, with genes on the
y-axis and samples (or conditions) on the x-axis. Colour Scheme: Blue: Indicates upregulated genes. Red: Indicates
downregulated genes. White: Represents absence.
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TP53 mutation. The trained classifier was able to differentiate mainly between WT and missense mutations, given the
class imbalance in the dataset for the remaining MT variants.

Although this pipeline of methodological steps was demonstrated via the specific transcription factor and dataset, any
different pathway (collection of interacting genes to perform a specific biological function of interest or suspected
phenotypic diversity that links to disease states) can be used, assuming the availability of data (initial PKN, expression
data) and the assumption that the condition of interest and the disease under investigation emanate from genomic causes
primarily. The novelty of the approach lies in the fact that the resulting pathway variants are classified as a whole,
or at graph-level, based on their genomic and topological characteristics : the GCN takes into account the Mode of
Regulation (MoR), thus the type of interaction between the nodes (genes) as inhibition or activation but also the gene
activity profile of the pathway (the gene statuses, up or down, of all nodes in the pathway). Although the proposed
framework was demonstrated in an application for cancer, similar approaches can be used in other diseases too, to
investigate a genotype-to-phenotype relationship of disease states and molecular data , thus not compromising the
general utility and applicability of the proposed framework.

Additionally, given that networks exhibit significant flexibility of data representation and allow the incorporation
of further genomic and transcriptomic or other (imaging) data, this framework paves the way for further expansion
and inclusion of multi-modal datasets, assembling more detailed networks by the embedding of additional features
as annotated states. In this case, features such as protein change, tissue origin, cancer type, gender, age, hotspot or
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Figure 3: Top left: PCA scatter plot of the node embeddings depict prediction accuracy, with correctly classified graphs
in blue and misclassified graphs in red. Right: PCA scatter plots of the node embeddings predictions with different
colour annotation for the classified labels. The graph is interactive and the user can select in real-time each data point
and bring forward as shown the actual graph behind each data point with the gene activity profile mapped as different
colours (Lavender activated, Light-Rose inactive), along with all molecular features annotated such as true mutation
type, cancer site, protein change, deleterious and hotspot.

deleterious function of mutation have been annotated on each network, as seen in figure 3 network, as a single identifier
of the network itself. This simple approach is quite effective in expanding the array of features (clinical, molecular, etc.)
used to annotate the networks, allowing straightforward change of the classification labeling scheme used in the GCN
step. For instance, one can easily generate labels for each network based on different delimiters (e.g. protein change)
and then re-train the classifier based on the new labeling scheme. The code and the implementation itself have been
tailored exactly for this type of experimentation in a modular way, allowing the GCN training and classification steps to
be completely detached from the optimization step, so that it does not require repetition of GRN reconstruction.

While our study demonstrates the potential of integrating mathematical programming and GCNs in pathway analysis,
several limitations must be considered. The size of the pathways that can be re-optimized per condition may not scale
yet to thousands of genes (we used a few hundred in this use case in CCLE), and it might also pose questions about
the validity of incorporating so many genes in a pathway without a bona fide knowledge of the underlying biological
ground truth. Additionally, many methods exist in constructing GRNS from omics data, so future work could include a
comparison of GCN classification by altering the method that reconstructs and optimizes the input GRN dataset.

To conclude, this line of work provides a computational basis of causal inference in the endeavour of identifying
phenotypic diversity directly linked to disease states (for example mutations, severity, onset, progression, metastasis for
cancer etc.) thus proving valuable in our attempt to disentangle the complex molecular and biological underpinnings of
disease using networks and machine learning/optimization, successfully applied herein in cancer as a demonstrating
paradigm.
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Methods

The pipeline of the platform demonstrating the array of methods, software and packages utilized can be seen in Figure
1. Data was collected from DepMap CCLE and mutation and expression profiles were extracted for T7P53.

Network Reconstruction Framework

A regulatory network is a collection of genes and their interactions; a gene can up-regulate or down-regulate other
genes, and this interaction is depicted using graph theory and edges connecting nodes in a network. Each GRN was
represented as an undirected weighted graph G = (V, E'), where V represents genes (nodes) and E represents regulatory
interactions (edges). Node attributes included gene expression and mutation status, while edge weights corresponded to
the strength of regulatory interactions.

Reconstructing a network amounts to the change of topology that corresponds to a particular sample (usually a full
transcriptomic sequence, or else, the expression of all genes for a particular patient) so that the gene activity profiles
represented by the network better fit the experimental data, than the prior knowledge. This Prior Knowledge Network
(PKN) can be obtained in many different ways by combining information from multiple sources.

Given the large number of the reconstructed networks (~ 1600), it proved challenging to find an optimal way of
visualising in a succinct way the structural differences of these networks, rendering the need for a compression method
imperative. Our approach hence employed community detection and betweenness centrality measures to map each
of these networks to a signature. We first applied an InfoMap community detection algorithm [47, 46] to split each
network into tightly connected hubs/communities of nodes. We then applied betweeness centrality for each of these
hubs separately, and the highest scoring genes were collected to a single signature. As these signatures differ even
across networks carrying the same type of TP53 mutation, we took their intersection to form a unique for the mutation
type signature. For each different mutation type a new signature hence was derived. This approach differs from [51]
not only in the community detection algorithm used, but also since we now included the states of the genes (up/down)
and incorporated the information in the signatures. The resulting heatmap showing each signature per mutation type,
and the states of the included genes per signature can be seen in Figure 2. Collectively, these signatures convey a clear
message: only missense mutations exhibit high similarity with WT samples. The rest of the variants project similarities
across themselves but not with either missense, or WT samples.

Gene expression data and mutation profiles were merged and obtained from the Cancer Cell Line Encyclopedia
(CCLE), alongside prior knowledge of TF-target interactions from public databases jointly processed and combined in
DoRothEA. GRN reconstruction was formulated as a mixed-integer linear programming (MILP) problem as defined in
[33]. Mixed-Integer Linear Programming (MILP) is an NP-hard special case of the general Linear Programming (LP)
model [52], where one imposes integrality constraints for a subset of the variables:

min 'z

subject to  Ax =b (MILP)
Ty € R+, xr € ZT

Tz
Ty
serves as a mathematical way of mapping the prediction of link activation or removal as a binary variable. The objective
function minimizes the mismatch between the experimental data (mRNA expression) and what the PKN implies for the
status of each gene in the network, thus restructuring its topology, composure and directionality (MoR) to minimize loss.
The main body of the constraints included encoding simple consistency rules, e.g. if A activates (via MoR) B and A is
active then B should be active. For a more detailed description of the model see [33]. A sparsity constraint was imposed
to limit the number of edges, ensuring biologically plausible networks.Constraints ensured that reconstructed edges
aligned with known TF-target interactions. The MILP problem was solved using commercial solvers (IBM CPLEX).

where A € R™ * ™ (¢,x) € R", b € R™, T denotes transposition and x = . The integrality of the constraints
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To further refine the reconstructed networks, we employ ANMs to identify and remove non-causal edges. Given one
node causally influences another, this influence can be modelled with an additive noise term. For a causal edge, the
expression levels of the target are modelled as a function of the input plus some noise. If the noise is not independent
of the input, it suggests the edge can be removed. We fit a simple linear regression model Y = ax + b, calculate the
residuals Y — Y, where Y is the predicted value from the regression and then calculate the correlation coefficient
between the residuals and X. If the absolute correlation is greater than a threshold, the edge is removed.

Community Detection to extract mutation type gene signatures

Community detection [37] methods aim to disentangle the complexity and topology of networks, giving insights to
tightly connected communities or hubs. Biologically, these hubs may give insight to phenotypes, identifying at the
same time key node (gene) players in the network. To identify mutation-specific differences in the reconstructed
regulatory networks, community detection analyses were performed using the Edge Betweenness clustering algorithm.
Each identified hub was assessed for its key gene(s) in terms of (max) betweenness centrality score. All top centrality
genes (per hub) with their associated state (up/down) were collected and intersected across all networks annotated as
carrying the same 7P53 mutation type, thus generating a unique (master) signature per mutation type. Figure 2 shows
the heatmap visualization of these master signatures and figure 6 shows both the optimized reconstructed GRN (B)
for a given sample and its dissected community detection version (A). These signatures not only possess functional
implications but also provide a way to summarize the topology of the networks carrying the same 7P53 mutation type.

Graph Convolutional Network Model to learn entire GRNs

We implemented GCNs to classify graph data based on node features and structural information. The model was
developed using the PyTorch Geometric framework [13] and consisted of three GraphConv layers, followed by a
global pooling layer and a fully connected linear layer for classification. Below, we describe the key components of the
model and the data preparation pipeline. The GCN is defined mathematically as follows:

* Input: Each graph G = (V, E) consists of nodes V' and edges F. Node features are represented by a matrix
X € RIVIXdn where dj, is the dimension of the initial node embeddings.

* Convolutional Layers: The model employs three GraphConv layers, which iteratively update node em-
beddings. Let H) = [hgl), hél), RPN h(l)] € RNV*4 represent the node embeddings at layer [, where N is
the number of nodes and d; is the dimensionality of the embeddings at that layer. Each GraphConv layer
updates the embeddings as:

W+ o [ 3 1 woRo
Y dyd, R
ueN (v)
where:
- N(v) is the set of neighbours of node v,
- d, and d,, are the degrees of nodes v and u, respectively,
— W is the learnable weight matrix for layer [,
— o(-) is the ReLU activation function.
This process is repeated for three layers to capture both local and higher-order structural information.
* Global Pooling: Node embeddings H(®) are aggregated into a graph-level embedding g using global mean
pooling:
g= global_mean_pool(H(B), batch),
where bat ch maps nodes to their respective graphs in batched inputs.
* Fully Connected Layer: The pooled embedding g is passed through a linear layer for classification:
z = Wing + biin,

where Wy, and by, are learnable parameters.
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The model is trained using a cross-entropy loss function:

where:

e N is the number of training samples,
¢ (' is the number of classes,
o yi(c) is the true label for class ¢ of sample i,

g)i(c) is the predicted probability for class c.

Graphs were represented using the GraphML format and processed using the i graph library. For each graph:

* Node Features: Node features were extracted from graph properties, including:

1. Betweenness centrality,

2. Community membership identified using the Infomap algorithm,

3. In-degree and out-degree,

4. Node colors representing gene activation states

5. Edge type or, Mode of Regulation (MoR), -1,1 for inhibitory edges or activating each time

These features were standardized using StandardScaler.

* Edge Representation: Edges were represented as an adjacency list and converted to a PyTorch
Geometric edge_index tensor.

The GNN was trained for a fixed number of epochs (300) using the Adam optimizer with a learning rate of 0. 005.
Dropout regularization (p = 0.5) was applied to prevent overfitting, batch-size and hidden network dimesions were
setto 16, 32 respectively. Train-to-test ratio was 0.5.

Materials & Data

Code

All associated code with this line of work can be found in the repository https://github.com/harrytr/
HarmonizeR, where we built a Shiny R application (HarmonizeR) with user interface to facilitate reproducibility of
our experiments.

Genomic and Transcriptomic Data

Data have been collected from DepMap 24Q2 https://depmap.org/portal/data_page/?tab=
currentRelease, using

* OmicsExpressionProteinCodingGenesTPMLogp1BatchCorrected.csv
* OmicsSomaticMutations.csv

¢ OmicsCNGene.csv

Data from DoroThEA was collected using OmniPathR (using import of DoroThEA interactions command for human
organism) and extracting only directed and signed edges.
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Figure 4: ROC curve for our Graph-Neural network classifier across all different classes each time. We can see that
the classifier performs very well on the majority of the classes involved, specifically the WT and missense samples in
abundance. The lower classification performance is attributed to the limited number of training samples for the less
prevalent classes.
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Figure 5: PCA 2-D scatter plots of the node embeddings with different colour annotation for the classified labels,
correspondingly. The bottom figure shows the distribution of the embeddings from the graph neural network output as
predicted classes and the top shows the true labels of the graphs. High loadings for the first two principal components
can be justified by the small number of embeddings initially used (gene status, community id, in-out degrees, mode of
regulation).
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Communities of optimized network for:: missense_variant_p.G154V_isDeleterious_5_ NCIH446_LUNG_Lung Adult_Male_Metastatic::TP53

B)

Figure 6: Community detection edge betweenness centrality (A-left) applied to the optimized GRN (B-right) to dissect
the graph to hubs denoted by different colour. The annotation (top label) carries all molecular and mutation information
to characterize this sample/network, such that it was a missense mutation in lung cancer from an adult male with
deleterious effect. The GRN shows the transcription factor (star) connected with its regulon and genes are either
up-regulated (Lavender) or down-regulated (Light Rose). The GCN learns this whole GRN as a single data point and
is able to then, given as an input a graph likes this, predict the mutation type for the transcription factor, or any other
feature of interest we can extract from the annotation of the sample.
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Figure 7: Z-normalized levels of expression for the regulon (set of target genes) of transcription factor TP53, as columns
are depicted in this heatmap plot and samples (i.e. unique mutation of 7P53 per sample as rows. We stratify the
samples/rows in the TP53 mutation type using a coloured legend. We can see that missense mutations are prevalent, but
WT samples are also dominant. Approximately 1600 samples are included in this figure, pancancer from CCLE 24Q2.
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Figure 8: Description: The UpSet plot shows intersections between different mutation types, summarizing the overlap
of these different mutation types. Components: Bottom Left: Horizontal bar plot shows the set size (number of
mutations in each mutation type). For instance, “missense variant” is the largest set. Top Panel: Vertical bars indicate
the intersection size; the number of genes shared across specific mutation combinations. Matrix (Bottom): Black dots
and lines indicate which sets (mutation types) intersect. Key Insights: “Missense variant” is the most frequent mutation
category. Smaller intersections highlight rare combinations of mutations shared between multiple types.
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Figure 9: Confusion Matrix for the multi-label classifier built on GCNs. The classifier, as expected given the class
imbalance and the availability of different types of mutations for 7P53 detects very well missense and WT samples (the
most prevalent ones, as also seen in 7) and poorly for other types such as stop_gained.
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Figure 10: Deleterious function of mutation stratified across mutated samples and contrasted with controls (WT). We
observe a statistically significant difference in the means of log2 normalized expression for 7P53 for the deleterious
mutations against non-deleterious, and higher than WT expression.

19


https://doi.org/10.1101/2024.12.28.630070
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.28.630070; this version posted January 27, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC-ND 4.0 International license.

Learning the functional heterogeneity of pathways RESEARCH ARTICLE

Violin and boxplots of WT vesus Mutant expression levels and types for TP53 in all cell lines
(source data-sets: DepMap Public 24Q2)

Kruskal-Wallis, p < 2.2e-16
20- Anova, p < 2.2e-16

Variant_Classification

B frameshift_variant
inframe_deletion
inframe_insertion
missense_variant

Ed missense_variant&spl

% splice_acceptor_vari

_.
a

splice_donor_variant
splice_region_varian
stop_gained
H stop_gained&frameshi
E stop_gained&protein_

stop_gained&splice_r
W

Expression (log2 values)
o

o
&
e

0,
c IS IS c & © < IS 3 S c \ -
© =1 = © o3 > © = c k) D @Q ;
e 5 £ L « 5 ® £ ¢ = 8
g o % g b= 5 > >‘ g < o Q
£ - T P £ s 2
| ] o5 o3
= ) | b © o) o o 8— 5] 3 S
s g ¢ ¢z 3 8 £ % £ % % 38
) © S o © © S o c < £
E = £ 2 2 o o o © g S
© = £ £ © o o 3] = = |
— 9] = = = I o o
2 % o Q 8‘ o o
E @ @ = ® [

TP53 WT/MT Classification in all_cell_lines

Figure 11: Description: A violin and boxplot analysis compares the expression levels of the TP53 gene across different
mutation types in various cell lines. Axes: Y-axis: Expression values (log2 scale). X-axis: Mutation classifications
(e.g., frameshift variant, missense variant, splice variants, WT). Key Observations: WT (wild-type) TP53 has a lower
variance in expression. Mutant categories (e.g., “frameshift variant,” “splice donor variant”) show differing expression
patterns. The Kruskal-Wallis and ANOVA tests indicate a highly significant difference in expression values across
groups (p < 2.2e-16). Purpose: This plot helps assess how specific TP53 mutations influence gene expression and
highlights significant expression differences between WT and mutant TP53 groups.
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