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‘OMICS data

CHALLENGES

» Multiple sources of data
» High dimentionality

» Data heterogeneity



N<Kp
Feature selection
Sparse Logistic regression
0000
exp(X/ B)

P(Y; =1|X;) = VS.

1+ exp(X/ B)

(B) = 3" {yilog P(Yi = 1[X) + (1 — i) log[1 — P(Y; = 1X))] }
=i



Regularized classification
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Elastic net (Zou & Hastie, 2005), lasso (Tibshirani, 1986)



Regularized classification
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Network-based reqgularized classification
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Twin Networks Recovery (TWINER) penalty

Promotes the selection of similarly correlated nodes in two gene networks



Network-based reqgularized classification
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Network-based reqgularized classification

» New therapy vs. Drug repositioning (repurposing)



The breast and prostate cancer cases
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The breast and prostate cancer cases
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The glioblastoma case

Gliomas - the most common brain tumors

» Many subtypes (glioblastoma, the most aggressive)
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The glioblastoma case
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Glioblastoma (GBM)

Tracking intratumoral heterogeneity in 1) » Single-cell RNA-seq data (Darmanis et al.,, 2017)
glioblastoma via reqularized classification of » Four primary GBM patients

single-cell RNA-5eq data » 3,589 cell and 23,368 genes
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The glioblastoma case
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The glioblastoma case
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The glioblastoma case

Genes selected

CHCHDZ || SOX9 || PSAP || PREX1 || ABHDZ2 || BIN1
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Tumor invasion and progression
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Gliomas - the most common brain tumors

» Many subtypes (glioblastoma, the most aggressive)
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GOAL

|dentification of molecular biomarkers associated with tumor heterogeneity in gliomas,
aiming at improving patient diagnosis, prognosis, and therapeutic decisions.
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Differential gene expression

Gene module detection
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Cancer subtype identification
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