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Summary

Tumor purity and cell composition, though often are latent or noisily
estimated are important confounders leading to critically reduced
ability to distinguish true.

As we show, based on multiple cancer multiple data collected by
The Cancer Genome Atlas (TCGA) without accounting for them
eQTL analysis (performed using MatrixEQTL[1] software) produces
massive 90% of local and even higher proportion of distant
associations between gene expression and methylation.

We suggest a method allowing to significantly reduce impact of
such latent confounders [2].

Data used

Cancer type: Data type:
- Breast (presented) - Somatic copy number aberration
- Colon (SCNA)
- Glioblastoma -  DNA methylation
- Leukemia (m-values - logit transformed)
- Lower-grade glioma - Gene expression
- Prostate (log transformed gene counts)

General model considerations

Transformed m-values and log transformed normalized gene counts
provide a reasonable distributional assumption for linear model to
be used.

Batch effects are quire big, so we routinely incorporate covariates
account for the effects of tissue sites, plates as well as demographic
covariates.

Sample selection
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For this analysis we declare Caucasian and select a subset of
samples with both PC depicted in figure (B) less than O.

PCA on SCNA
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PCA on Methylation
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PCA on Gene expression
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breast cancer subtypes have a strong influence all the above types of data

Methylation vs SCNA Local false-positive reduction

Thus we need to adjust for purity confounding after which we observe

In following slides figure (B) shows results after adding genotype PC most of significant p-values disappearing completely or much weaker
and tumor subtypes compared with (A) when those are not included
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Conditional associations
Gene eXprESSK)n VS SC NA To distinguish between two possible hypotheses of relationship

between SCNA (C), gene expression (E) and methylation (M) we are
considering:
@C->E->Mvs(b)C->M->E
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. 20500+ 150400 = 1000 - T0am . 2050+ 1040 = 105 = D . (a) SCNA Is associated with gene expression, gene expression Is associated
o / ; ,/ with methylation at CpG islands located around promoter regions, and thus
of | 2| . | SCNA is often associated with methylation at CpG islands i.e. E Is a
2| : ” - 2 - EEER mediator between C and M
§ ;, g / - :,' ; gl (b) Suggesting that methylation M is a mediator.
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PC from correlated methylation-expression (ME) pairs

Contrasting E-C analysis to M-C analysis in the above plots we see
(A) [60,70) * [70,80) *[80,100) * [100,Inf) B) that conditioning on those principal components reduces association
Eﬁi?iﬁﬁﬁ' aﬁiﬁﬁ@ﬁﬁﬁ T strength to much higher degree for M-C model whereas for E-C
S A T 3 e SR . model for most of the tests association strength stays similar.
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’ We consider these results to be evidence of C->E->M model
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