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Fig 1 Bladder cancer statistics from Cancer Research UK \ /
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expression and are prioritised in the edge pruning strategy

Fig 2 Network pipeline based on PGCNA[2]. The network is constructed from the 5,000 most variable genes,

I_e | d en vs StOC h a St | C B | OC k M Od e I (S B M ) which include 324 TFs, taken from 88 non-cancerous samples. The tumour dataset comprises 408 samples.

A) Selective edge pruning B) Number of communities C) SBM performance (Entropy) D) Leiden performance (Modularity)
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Fig 3 A series of networks : : : : e -
5 e wh o In Fig 3 A) the selective pruning accentuates the role of TF in the o The number of communities increases SBM[2, 7] tends to find more
were generated where . , , . : : :
selected genes (TF and networks with little benefit of allowing more than 6 edges for the TFs. communities while Leiden([3] less (Fig 3 B)
control) have a minimum o TF does not seem to help community detection more than random o Performance of both algorithms declines proportional to the number
degree from 3-15. For each genes of edges permitted for TF (see Fig 3 C, D)
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different sets of 324 non-TF

genes randomly selected for e Networks overview
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reveals more communities
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Fig 5 MIBC subtypes comparison between the network approach, the Fig 6 MIBC Subtypes survival comparison for the © Integrat.e the ”_npaCt of gen.e mutations into the network plpell.ne
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O Whlle the netWOrk apprOaCh reveals SUbtypeS that dlffer from those IdentIfIEd by Standard methOdS, the [1] A. G. Robertson et al., “Comprehensive Molecular Characterization of Muscle-Invasive Bladder Cancer”, Cell, vol. 171, no. 3, pp. 540-556.e25. [2] Care, Matthew, et
.. . . . al. 2019. ‘Parsimonious Gene Correlation Network Analysis (PGCNA): A Tool to Define Modular Gene Co-Expression for Refined Molecular Stratification in Cancer’. NPJ
variation in the number Of TFs doeS not dlreCtly Inﬂuence the SuU btypes Of MlBC Systems Biology and Applications 5 (April): 13. [3] Peixoto, Tiago P. 2019. ‘Bayesian Stochastic Blockmodeling’. Advances in Network Clustering and Blockmodeling.
. . ) . . Wiley.[4] T t al. 2019. ‘From Louvain to Leiden: G teeing Well-C ted C ities’. Scientific Reports 9 (1): 5233 [5] K tal. 2020. ‘A C
O Slgnlflca nt SU rV|Va| d|fference Of the MIBC SUbtypeS denved from the netWOrk W|th TF=6 and SBM Moleglcularzjalgfsﬁi;tion of M{’JC;rcrI]e-(I)rlljvaasir\l/eoBIaeddeézrl1 Calrj'::rea: I?L?rg;g)earew Ur:lrc;;]f/c; (4)?21232;3.?;] Bglf:r, Siinoer?g,set al. Gamma PregzzfsuTnleR:currence-Freoenzﬁgsus

Basal/Squamous Muscle-Invasive Bladder Cancer Survival and Better Targeted Strategies for Immune Checkpoint Blocking.” [7] Peixoto, Tiago P. 2014. ‘The Graph-Tool
Python Library’.



