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Open Community Challenge Reveals Molecular Network Modules With Key Roles in Diseases
Sarvenaz Choobdar, Mehmet E. Ahsen, Jake Crawford, Mattia Tomasoni, David Lamparter, Junyuan Lin, Benjamin Hescott, Xiaozhe Hu, Johnathan Mercer, 

Ted Natoli, Rajiv Narayan, The DREAM Module Identification Challenge Consortium, Aravind Subramanian, Gustavo Stolovitzky, Zoltán Kutalik, Kasper Lage, 
Donna K. Slonim, Julio Saez-Rodriguez, Lenore J. Cowen, Sven Bergmann, and Daniel Marbach

The community contributed a collection of diverse human 
molecular networks for the challenge:

The Networks
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They were anonymized, mapping each gene to a unique ID:
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Teams were given two separate “subchallenges”:

Challenges
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We evaluated module predictions for trait associations using a 
compendium of 180 GWAS datasets.1

Evaluation

Figure 2

Figure 2: Assessment of module identification methods 
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Competing teams submitted 42 single-network methods (SC1) and 
33 multi-network methods (SC2), including methods from many 

different categories.
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Results

Overlap of trait-associated modules between methods
Within networks

Across networks
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Strong overlap

Strong overlap and sub-module

Sub-module

Weak overlap

Insignificant overlap

Type of overlap

Modules of methods X Y

Trait-associated modules were largely dissimilar between methods, 
even within the same network.

JAK-STAT inhibitors are currently in clinical trials for Crohn’s/UC.
(Green shading above represents a therapeutic target pathway)

Cij ∝ number of methods 
that put gene i and j 

together in same module
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Using the top 50% of submissions and clustering C with the 
top-performing method, this outperformed all individual 

submissions (overall results for SC1 shown):

= consensus predictions = random predictions
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We compared individual submissions with predictions based on 
a “consensus matrix”, constructed for each network by 

aggregating predictions from multiple teams.
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Figure 4

Figure 4: Overlap between modules associated with different traits and diseases
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Figure 6

Figure 6: Trait-modules comprising therapeutically relevant pathways.
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Most trait-associated modules and genes were only 
enriched for a small number of traits.
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Many trait-associated modules comprise biologically significant 
pathways. Example from consensus method predictions:

Interesting Modules

https://synapse.org
http://www.vital-it.ch
https://synapse.org
http://www.vital-it.ch

