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Using ENCODE Data for Cancer Genomics

- BMR Correction:

LARVA/MOAT/NIMBUS

Parametric models explicitly modeling
genomic covariates

Many ENCODE covariates useful in accurately
estimating background mutation rate

 Network Rewiring in Cancer

Large-scale ENCODE chip-seq data in certain
cell lines highlights TFs changing targets
greatly in oncogenesis. (Focus on CML)

TopicNet LDA approach (from text-mining)

finds regulators that greatly change their gene
communities

« RADAR Variant Prioritization

Prioritizes germline & somatic variants based
on post-transcriptional regulome using
ENCODE eCLIP

Incorporates new features related to RNA sec.
struc & tissue specific effects

 Requlatory

Drivers of Differential Expression

Highlighting regulators in terms of their power
to drive differential expression.

Relationship of this to network hierarchy &
RBP-TF cross talk

Example of MYC & SUB1
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Mutation recurrence

Bio-qeuieisien sain}os = @

oo o> oo o> oo o>
J

T wa>._. Jasue) rd wa>._. Jasue) € adA] J90ue)



Mutation recurrence

T wa>._. Jasue)

rd wa>._. Jasue)

6.10°(eUI9}SI99) S8IN}IDT = 9

A

|

- |

|

I
(2]
— | C
1.9
(@)]
I ©
=t | —
- = o
12
——— ®
o
o
- 13
| <
(O]
I's

—

——— =

ool o>
J

€ adA] J90ue)



Bio-qeuie}sion sain}os = £

Late replicated regions

—
——+
soooeoeeesessesd

|
00 ST

|

|

"

|

|

1 T

1 i

I T

| | |
I v v

ne - - -
|

L]

Noncoding
annotations .

Early replicated regions

|
T

PRI,

J J J

T adA] Jaoue) Z 9dA] J1aoue) € adA] J90ue)




violation of the constant mutation rate assumption
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[Lochovsky et al. NAR (*15); Zhang et al. biorxiv + BMC Bioinfo ('20), in press]

mutation rate changes across tumor

within one tumor type

> mutation rate changes across patients

within one tumor type
within one patient

mutation rate changes across regions

within one tumor type
within one patient

mutation rate changes with many covariates

inappropriate models

Bad data fitting

Inaccurate burden test results



Correlation Observed vs Predicted
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Cancer Somatic Mutation Modeling

PARAMETRIC MODELS
(LARVA/NIMBUS)

Model 1: Constant Background
Mutation Rate (Model from
Previous Work)

x; + Binomial(n;,p)

Model 2: Varying Mutation Rate
with Covariate Correction (Beta Binom.)

x; + Binomial(n;,p;)

Di ¢ Beta(u|RL-,a|RL~)

,u|Rl-, 0|RL- : constant within the same
covariate rank

Model 3: Varying Mutation Rate
with Covariate Correction (Neg. Binom.)

|pi~Pois(p;)

pi~gamma(y;, ;)
log(u;) ~Bo + P1vy + -+ Brvk

» Suppose there are L genome

elements. For element /, define:
— n;: total number of nucleotides

— x;: the number of mutations within the
element

— p: the mutation rate
— R; & vy : covariates

» Non-parametric model is useful

when covariate data is missing for
the studied annotations
+ Also sidesteps issue of properly
identifying and modeling every
relevant covariate
(possibly hundreds)

[Zhang et al. biorxiv + BMC Bioinfo. ('20); Lochovsky et al. NAR ('15)]

Assume constant background
mutation rate in local regions.

Model 3a: Random
Permutation of Input

Annotations
Shuffle annotations within local

region to assess background
mutation rate.

Model 3b: Random
Permutation of Input Variants
Shuffle variants within local
region to assess background
mutation rate.

[Lochovsky et al. Bioinformatics (‘17)]
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LARVA/NIMBUS Model Comparison

« Comparison of mutation count frequency implied by the binomial model (model 1) and the
beta-binomial model (model 2) relative to the empirical distribution

» The beta-binomial/negative binomial distribution is significantly better, especially for
accurately modeling the over-dispersion of the empirical distribution
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LARVA/NIMBUS Results: Reducing P-value inflation
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[Zhang et al. biorxiv + BMC Bioinfo. (‘20); Lochovsky et al. NAR (*15)]
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Simplifying Network Rewiring

From TF — gene (109%50,000)
toTF — pathway (109x50)

109 Transcription Factors (TF)
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[Zhang et al. (‘20), biorxiv + Nat. Comm. (in press)]

Cell cycle pathway p53 signaling pathway



TopicNet: Measuring transcriptional regulatory
network change using LDA
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Co-binding of RBPs form biologically relevant complexes

Literature supported RBP complexes
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RADAR Scores enriched in COSMIC genes and recurrently mutated regions
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Aggregative Target Exp.
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Top Layer: Master regulators, regulating
others more than being regulated

Target Expression _ _ _ — _ _ ) _ _— I L] L] I I L] L] ] I
Correlation

\ Bottom Layer: follower regulators, being
regulated more than regulating others

Target Expression
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How much power each regulator has in
driving tumor-normal differential expressions

TF-RBP crosstalk
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gene at different levels Post-transcription Bon | Bon | AMAA
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[Zhang et al. ('19), biorxiv.org]
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finds regulators that greatly change their gene
communities

« RADAR Variant Prioritization

Prioritizes germline & somatic variants based
on post-transcriptional regulome using
ENCODE eCLIP

Incorporates new features related to RNA sec.
struc & tissue specific effects

* Regulatory

Drivers of Differential Expression

Highlighting regulators in terms of their power
to drive differential expression.

Relationship of this to network hierarchy &
RBP-TF cross talk

Example of MYC & SUB1
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Info about this talk
No Conflicts

Unless explicitly listed here. There are no conflicts of interest relevant to the material in this talk

General PERMISSIONS

This Presentation is copyright Mark Gerstein, Yale University, 2017.
. Please read permissions statement at

sites.gersteinlab.org/Permissions

. Basically, feel free to use slides & images in the talk with PROPER acknowledgement (via
citation to relevant papers or website link). Paper references in the talk were mostly from
Papers.GersteinLab.org.

PHOTOS & IMAGES

For thoughts on the source and permissions of many of the photos and clipped images in this
presentation see streams.gerstein.info . In particular, many of the images have particular EXIF
tags, such as kwpotppt , that can be easily queried from flickr, viz:
flickr.com/photos/mbgmbg/tags/kwpotppt
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