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EEXTENDED ABSTRACT

A. Introduction

Biomedical multilayer networks offer a wide range of 

possibilities for the interpretation of the molecular basis of 

diseases; a particularly challenging task in the case of rare 

diseases, where the number of cases is small in comparison 

with the size of the associated multi-omics datasets. In this 

work, we develop a dimensionality reduction methodology to 

identify the minimal set of genes that characterize disease 

subgroups based on their persistent association in the 

multilayer network at different levels of resolution. 

We apply this approach to the study of a cohort of patients 

affected by medulloblastoma, a childhood brain tumor, using 

proteogenomic data. Our approach is able to recapitulate 

known medulloblastoma subtypes (accuracy > 94%) and 

offers a clear characterization of the associated gene 

functions, with the downstream implications for diagnosis 

and therapeutic interventions.  

We verified the general applicability of our method by 

applying it to an independent dataset, achieving very high 

performances (accuracy > 98%). Overall, this approach opens 

the door to a new generation of multilayer-based methods 

able to overcome the specific dimensionality limitations of 

the rare disease datasets. 

B. Methods

1 – Multilayer Community Detection 

We constructed a multilayer gene network composed of 

five layers: Reactome [1], Recon3D Virtual Metabolic 

Human [2], BioGRID molecular interactions [3], KEGG 

BRITE “Target-based Classification of Compounds” [4] and 

Monarch Disease Ontology (MonDO) [5]. In our definition of 

multilayer network, interlayer edges connect a gene in one 

layer with the same gene, if it exists, in another layer.  

We performed a multilayer community trajectory analysis 

using the R package CmmD, that we implemented, and which 

depends on MolTi software [6]. 

By applying CmmD, it is possible to track different events 

throughout the process of community decomposition (Figure 

1A) and use it as features for gene clustering (Figure 1, B-D) 

or other machine learning tasks, such classification and 

prediction.  

The biomedical goal of the study is to identify the minimal 

number of genes that recapitulate the four established 

medulloblastoma subtypes (WNT, SHH, G3, and G4), 

confirmed in the original study by using bulk multi-omics 

data [7] (DNA methylation, RNA sequencing, proteomics 

and phosphoproteomics), that we use as the input data in our 

multilayer network based optimization procedure. 

Figure 1. Schematic representation of a multilayer community 

trajectory analysis. For a given set of genes, we identify the multilayer 

communities to which they belong in a range of modularity resolution (A). 

We then compute the pairwise Hamming distances of the trajectories of 
communities visited by each gene (B). The corresponding distance matrix 

(C) is represented in the form of a dendrogram (D) used for clustering 

analysis. 

2 – Identification of minimal set of genes that define 

medulloblastoma subgroups 

Identifying a minimal set of genes is crucial for both the 

definition of diagnostic signatures and the research on disease 

mechanisms. To achieve this goal, we performed a series of 

hierarchical clustering analyses (Ward’s linkage method) 

where the similarity between two patients (A and B) was 

measured as the Jaccard index (J) of sets of altered genes 

selected using two parameters, θ and λ: 

θ defines the maximum Hamming distance (Figure 1D) 

allowed to include genes in the analysis, λ defines the 

maximum number of them that must co-occur in the same 

communities along their trajectories. For instance, with θ = 2 

and λ = 4, patient similarity is computed using sets of at most 

four genes that did not belong to the same communities at 

most twice along their multilayer community trajectories. For 

each of these clustering analyses, we identified the optimal 

number of patient clusters using the partitioning around 

medoids (PAM) algorithm [8].  

Based on this approach, we formulated an optimization 

procedure to systematically evaluate values of θ and λ and 

identify the ones that maximize the accuracy of recapitulating 

patient stratification into the original four disease subtypes. 

C. Results

1 - Multilayer community trajectories recapitulate and 

explain medulloblastoma subgroups 

We achieved the highest accuracy (94.94%) with 5 

clusters, by selecting for each patient those genes that are 
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represented in the communities in sets of, at most, 6 (λ = 6), 

and that are always part of the same communities along their 

trajectories (θ = 0). Strikingly, such high accuracy indicates 

that only a small portion of the genes altered in a patient is 

sufficient to accomplish an accurate patient segregation. This 

observation implies that the selected genes are tightly 

associated and never leave the communities they belong to 

along their trajectories. The identified values of θ and λ, 

optimized on 35 patients, correspond to an average 

dimensionality reduction of 87.56 % (SD = 0.44) per patient.  

An important aspect of this result is that we identified 5 

clusters, indicating that subtler stratas may exist (Figure 2), a 

feature we furthermore explored by expanding our 

methodology to a second non-overlapping multi-omics 

medulloblastoma patient cohort [9]. In this second dataset, 

patients were originally grouped into 6 biomedical subgroups 

(WNT, SHHa, SHHb, G3a, G3b and G4). The results of our 

analysis of this cohort exhibit an even higher accuracy 

(98.29%) with optimized parameters λ = 3 and θ = 0, which 

corresponds to an average dimensionality reduction of 

92.83% (SD=0.578).  

Figure 2. Schematic representation of our dimensionality reduction 

optimization analysis. Optimizing the detection of co-existing community 

structures of the multilayer network at different values of resolution 
suggested an extra stratification level within the classical medulloblastoma 

subgrouping (conformed by the 4 groups showed in the figure), pointing to 

the possible existence of a finer patient classification. 

2- Provenance analysis of the identified gene

communities

Once we have been able to define the minimal set of genes 

that best define medulloblastoma subgroups, the high 

dimensionality reduction achieved allows for the detection of 

diagnostic signatures and the research on disease mechanisms 

underlying the associations identified through the multilayer 

network structure, via network enrichment analysis [10]. 

Overall, we found that the minimal set of genes found in all 

patients of WNT, SHH and G4 clusters are uniquely enriched 

in very specific associations in each layer, while G3-G4 and 

G3 clusters tend to display less specific enrichments (i.e. 

either several or none enriched associations). This reduction 

of enrichment specificity from WNT to G3 suggests an 

interesting parallel with the prognosis spectrum of the four 

classical subtypes, from best (WNT) to worst (G3) outcomes. 

D. Discussion

Molecular disease subtyping is a fundamental tool to 

achieve an effective patient stratification for clinical trials, 

preventive and therapeutic interventions. Rare diseases 

represent a challenging situation for any molecular analysis 

since they affect a small number of patients. 

Medulloblastoma is an illustrative example, with two 

subtypes being very well distinguishable (SHH and WNT 

groups) while two others are far less characterized (G3 and 

G4 groups).  

In our vision, a meaningful molecular subtyping of rare 

diseases can be achieved by leveraging the wealth of 

biomedical information that is available in public knowledge 

bases and that can be integrated in the form of a multilayer 

network. In this work in particular, we achieved patient 

stratification by means of structural features (multilayer 

community trajectories) extracted from a general-purpose 

multilayer network; representing a way to both identify the 

minimal set of genes that characterize the subgroups and, 

most importantly, to retrieve and analyze the multiple 

associations among the identified genes, enabling the reach of 

a high level of interpretation of the patient subgroups and the 

spectrum of prognosis that characterize them, from best 

(WNT) to worst (G3) outcomes. This way of accomplishing 

two objectives with one action constitutes the main 

achievement of our approach [11]. 
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