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Genomic Privacy
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Annotating the

Human Genome:

Comparative
&
Functional
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Signal processing of raw
experimental data:

» Removing artefacts
» Normalization

» Window smoothing
Segmentation of processed
data into active regions:

» Binding sites
» Transcriptionally active
regions

Group active regions into
larger annotation blocks
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Large-scale sequence
similarity comparison

v

Identify large blocks of
repeated and deleted
sequence:

» Within the human
reference genome

» Within the human
population

» Between closely related
mammalian genomes

v

Identify smaller-scale
repeated blocks using
statistical models




Comparative Genomics:
Pseudogenes & Genome Remodeling

Non-allelic homologous recombination (NAHR) Ancestral State

@ Gene H H Gene

. The Genome Remodeling Process

Syntenic Ortholog AN R
""""""""""""""""" 4 \ =y
_________________________________________________ / \
1 / -\ .
! s Insertion Insertion
/ \ . .
= oy S
Gene = Dup. Gene - .  — 0y
L J . I ] 1 /N
Y duplicate I \ Deletion’ [ SR
Paralog ! N / 1,/ NG
/\ i \\ /, ”1, Insertlon:\
Gene |- [0 o Gene |- L 3
\ ' J | . /,’
family : Retro-eleme . , Inversion
I \ ’
1
1
1

/ \
N/ \
- g




-.!Ag VA

Ay
AN

VAR &
AAAY

AN YAONQONNANAOA
\SQQSI A ] Y, \ /,.,%,,f‘v ‘o) Z 4 i °
"~\\\\ : N X S A/ _
IR NN | i
W Functional
I
A Genome
v;y»,/';zf:f, 'y .
//,//,’ Annotation as
/l/ /‘//0'

| \INK
i
Networks:

kg

VAY

VAVAVAVAVA
OON

Comparing
SNSRI Proximal
)\)(\"‘:\\‘\'> i\ AR &
:///6\\‘;\\ ) ~ ' & .
Sa Distal

Networks

[ Gerstein et al. Nature (in press, '12) ]
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measured expression (log2)

Machine Learning Models from Genome Annotation

His. mods around TSS & TTS are clearly related to level of gene expression

START STOP

Early work in '09/'10
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Science 330:6012

Pearson's r=0.9 (p-value < 2.2x107'%)
RMSE=1.9

Classification: AUC = 0.95
Regression: r = 0.77 (RMSE = 2.3)
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predicted expression (log2)

[Encode Consortium, Nature ('12)]
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[Snyder et al. Genes & Dev. ('10)]

Zero level
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Characterizing Variants in the Genome

Identification of non-coding candidate drivers amongst somatic variants,
using genome annotation & patterns of natural variation
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Putting it all together in Neuro-genomics

Embed Gene Regulatory Network in deep neural network
Allows transcriptome (+other) imputation & trait prediction
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y: phenotypes

h: hidden units (e.g., circuits)

. intermediate phenotypes (e.g. expression,

enhancers)
Z: genotypes (e.g., SNPs)

Deep Boltzmann Machine Energy model:

p(x,y, h|z) « exp(—E(x,y,h|z))

[Wang et al. (‘18) Science]
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Putting it all together in Neurogenomics

» Allows prioritization of genes / modules through network
interpretation (using path tracing)
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[Wang et al. (‘18) Science]
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Biological Data Science:

Protecting Genomic Privacy

from linking attacks

Phenotype dataset
(Public)
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Predicting Important Residues at the Surface
via simulation,
to characterize deleterious variants
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Clarke*, Sethi*, et al (2016) Structure TR
Kumar, Clarke, Gerstein (2019) PNAS ‘
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Perspectives: Characterizing the Growth & Scaling
in Biomedical Data Science

OMICS
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Expansion Alignment algorithms scaling to keep
Technology 1 pace with data generation
Development
Time
[Sboner et al. (“11), Muir et al. (‘15) Genome Biology] [Navarro et al. GenomeBiol. (19, in press)]
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GersteinLab.org Overview

 Biological Knowledge
Representation

— Literature Mining
* Personal Genomics

— Calling variants,
particularly SVs

— Genomic Privacy
« Human Genome Annotation

- Machine learning
models,
esp. interpretable ones

- Pseudogenes &
Comparative Genomics

Disease Genomics
- Variant Interpretation
- Neurogenomics
— Cancer Genomics
Networks of Genes
Macromolecular Structures & Motions
— Simulation

Perspectives on Biomedical Data
Science

- Scaling

New Directions
- Wearables & Devices
- Image Processing
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