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Addiction-associated genetic variants implicate cell type-
and region-specific cis-regulatory elements in addiction
neurobiology
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How do genetic variants influence the
predisposition to substance use disorders?

< Genetic variation across the human population >

High Disease Predisposition Low Disease Predisposition
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We use computational models and experimental genomic tools to
predict how a mutation is going to impact the neural circuit




Exploring genetic signal of substance use phenotypes.

1. Addiction GWAS encode cell type-specific reward pathways
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Interpreting multiple large, confident
addiction-associated risk loci

nature
geﬂetlcs https://doi.org/10.1 OSBI;54E15]:-1-BEE7-SS

Association studies of up to 1.2 million individuals
yield new insights into the genetic etiology of
tobacco and alcohol use

nature .
neurosciEnce https://doi.org/10.1038/541593-018-0206-1

Corrected: Author Correction

ARTICLES

GWAS of lifetime cannabis use reveals new risk
loci, genetic overlap with psychiatric traits, and a
 causal effect of schizophrenia liability

ARTICLES

nature
genetlcs https://doi.org,/10.1038/541588-018-0309-3

Genome-wide association analyses of risk tolerance
and risky behaviors in over 1 million individuals
identify hundreds of loci and shared genetic influences

Liu et al. Nat Genetics 2019; Pasman et al. Nat Neuroscience 2018; Linner et al. Nat Genetics 2019



LD score regression identifies cell type-specific
enhancers enriched in addiction-associated GWAS

GWAS Summary statistics LD score regression
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LD score regression identifies cell type-specific
enhancers enriched in addiction-associated GWAS

GWAS Summary statistics
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Addiction-associated GWAS variants enrich in
adult human atlas of NeuN+/- ATAC-seq peaks

Fullard et al. Brain Areas

AgeOfinitiation CigarettesPerDay | [SmokingCessation| | Smokinglnitiation DrinksPerWeek Cannabis RiskyBehavior
Hna : An : n : 0 : A ||na : 0 : A [N :
| | | | | | |
A A 1 [N 1 0 1 A |oa 1 0 Al naA |
| | | | | | |
i d 5 d (N ! i ' A ffpa ! i ‘A -
| | | | | | |
B : A : N : i : A A : A : [N :
| | | | | | |
| 3 | 2 | | | N | 1A | & |
| | | | | | |
| a | n | o! Alla | b oal 1A |
| | | | | | |
| | | | | | |
® ] s ] Iy ] T4 i ] 1A oh ]
| | | | | | |
| 4 | I | A | A | A | 4 |
| | | | | | |
| A [ | A | Al | lag | n A | & |
| | | | | | |
A : 1A : 0 : .| A : 0 : A ||oa : 1A :
| | | | | | |
nA | 1A | o 1A T oA 0 A 'S | i A
| | | | | | |
Ja | apg | A | a B | p A | Ap |
| | | | | | |
| | | | | | |
| Wi | * | > | * | i | I |
| | | | | | |
A | o | 1N | il | A A | n A | A |
1 1 1 1 1 1 1

0005101520 0005101520 0005101520 0005101520 0005101520 0005101520 0005101520
-log10(FDR)

@ NeuN- A NeuN+

Fullard et al., Genome Res 2018



Addiction-associated GWAS variants enrich in
adult human atlas of NeuN+/- ATAC-seq peaks

Fullard et al. Brain Areas GWAS LDSC- Enriched Areas Reward- Addiction Areas
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Fullard et al., Genome Res 2018; Volkow and Morales, Cell 2015



Celltype Cell Subtype

RiskyBehavior
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0o 1 2 3
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chromatin of human occipital cortex (scTHS-seq)

GWAS variants enrich for in single nucleus open
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Lake et al., Nat Biotech 2018



GWAS enrichment of macaque striatum cell type
markers identified by single-nucleus RNA-seq
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GWAS enrichment of macaque striatum cell type

markers identified by single-nucleus RNA-seq
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GWAS enrichment of macaque striatum cell type

markers identified by single-nucleus RNA-seq
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Cell type-specific cre mouse lines allow
for ATAC-seq of PV+ nuclei using INTACT

All Neurons PV+ neurons Tagged cells for isolation

Y Y Y Y

Cellular localization of

Sunl-GFP ATAC-seq ATAC-seq

A

Method adapted from Mo et al., Neuron, 2015
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Cactus, HAL, HALPER: Multi-Species Alignments maps
orthologous enhancer regions from mouse to hg38

e e
e —— ——+
~N

1 1

Cactus, HAL, Hickey et al., Bioinformatics 2013 HALPER, Irene Kaplow, Erin Zhang, Morgan Wirthlin



Mouse genetic tools dissect inhibitory neuronal
enrichments using cell type-specific ATAC-seq
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LD block of Smoking Initiation SNPs within
SUFU gene (Suppressor of Fused)

ref SNPs [ I | | I 1 i mii il | @ Top lead SNP
A @ Lead SNPs
14+ @ Independent significant SNPs
5 Lead SNP rs11593710 o
o r2
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Chromosome 10

FUMA, Watanabe et al., Nat Com 2017; Liu et al, Nat Genetics 2019
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SUFU, rs10786689: Fine-mapping addiction loci
with cross-species cell-type specific epigenetics

Human NeuN+/NeuN- ATAC-seq Mapped mouse PV+/PV- ATAC-seq
OFC
rs10786689 —— VLPFC
] DLPFC rs10786689 \
: ACC y PV-negative CTX
INS :
PV-INTACT CTX
i [{]
: PV-negative M1-CTX
ITC
PV-INTACT M1-CTX
i PMC ;
PVC EXC-INTACT, Mo et al.
NAC PV-INTACT, Mo et al.
PUT VIP-INTACT, Mo et al.
— : Bulk Cortex
AN Bulk Striatum
HIPP
— Gene Track ] Gene Track
-
=
; A FE— : = LD Block e e ——— el AL
1pesneEh chr10 19259858 102.596 &b chrl0O 102,554 Kb

18
Fullard et al., Genome Res 2018, Mo et al., Neuron, 2015



Can we we predict the impact that the SNP is
going to have on PV enhancer function?

Active regulatory element

/ in PV+ neurons

OR

TCAGATTAGTTA... )

\ Active regulatory element
in PV- cells
Differential Prediction of
regions of open SVM Classifier regulatory activity

chromatin

19



LS-GKM predicts PV+/- enhancers

SVM Performance: ROC

1.0

.’ AUROC = 0.92

True Positive Rate
00 0.2 04 06 0.8

0.0

I | I |
02 04 06 08

False Positive Rate

1.0

Pfenning Validation Data

Mo et al. Data

LS-GKM: Ghandi, Lee et al., PLOS Comp Biol, 2014

Mo et al., Neuron, 2015

SVM Performance: PRC
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Recall
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1.0

Alyssa Lawler



SUFU, rs10786689: cell type-specific ML model
scores impact of SNP on PV-enhancer activity

CTAGGAAGTCCAGCCTTTG T TCTCCAGTGGCTCTTCCCTG -

CTAGGAAGTCCAGCCTTTG C TCTCCAGTGGCTCTTCCCTG mmmmmppy-

PV+ vs. PV- SNP score distribution

Frequency
2 =

_Iz [i] 2
gkmExplain SMP impact score
21



Frequency
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SUFU, rs10786689: cell type-specific ML model
scores impact of SNP on PV-enhancer activity

PV+ vs. PV- SNP score distribution

5 0 2
gkmExplain SMP impact score

PV specificity
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SUFU, rs10786689: cell type-specific ML model
scores impact of SNP on PV-enhancer activity

rs10786689 Reference Allele T

PV+ vs. PV- SNP score distrihuti-:.m J-cc . CTC .

e e C
| lCCTCQﬂ ll SOX4/11 motif
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o

PV specificity
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rs10786689 Alternate Allele C
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Alternate allele disrupts SOX4/11 motif
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gkmExplain SMP impact score

PV specificity
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©
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1 11 21 31 41
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Assessing ML models on SNP functional effects with MPRA

3. Validating ML SNP predictions

24



Lymphoblastoid cell lines (LCL)

* Human GM12878

* Mormon Utah mother (HapMap project)
* B-lymphocyte + Epstein-Barr Virus
* Benchmark for genomic assays & population genetics

* Mouse CH12.LX
* Immortalized B-cell lymphoma

* ENCODE DNase hypersensitivity
e Stam & Crawford labs (GM12878), Stam lab (CH12.LX)
» ATAC-seq pipeline (w/ DNase setting)

ENCODE project PMID: 22955616, 29126249,

Lymphoma


https://www.ncbi.nlm.nih.gov/pubmed/22955616
https://www.ncbi.nlm.nih.gov/pubmed/29126249

LCL for addiction genomics?

1. How well do ML methods A= 2 = h
predict enhancer activity? = | o s v
2. e Causal Variant
% :'."..‘:':Tr g
YT L AN
2. Do models from mouse LCL et e & RS

predict human SNP function?

3. How well do ML models

predict MPRA SNP function?
¥ g

Tewhey et al., Cell 2016




ML models for enhancer activity

Gapped k-mer SVM Convolutional Neural Network
Positive set Negative set GGTGGCAGAGCAAACGCAAACTAGGG
:z;tataa ;Zégcagcag
S oot Jiy e 7 7
i ! :  5conv layers
Compute kernel | 1 max pool & 1 dense layers

'

]jTrain SVM modeli]

!

Classify/score
new sequences

[ sigmoid

—

0: not enhancer 1: Enhancer

Ghandi, Lee et al., PIOS Comp Bio 2014; Lee, D. Bioinformatics 2016



Positives & Negatives

* Positive set
 DNA-seq open chromatin peaks
* Train 167bp enhancer sequences
e Summit centered—most informative

* Negative set
 GC & repeat matched genomic sequences

* Parameter tuning
e Learning rate, convolution filter size, k-mer length



Which ML methods are better?

Top models trained within each sample, ranked by F1-score.

Human Mouse
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How well does model trained in {Species X}
predict test set from {Species Y}?

LS

Cross-species prediction w/ top 5 models

Human test set Mouse test set
w/ Mouse Model w/ Human Model
0.75
o0 . o
0.74 4 L -
O *
3
o 0.737 : ° Pa—
@ . #
LL . L
0.72 - s
0.71 4

CNN SVM CNN SVM
ML Model



GM12878 SNP-MPRA design

D Insertion of GFP E Transfection A Ss00n :
Distribution of Expression and Allelic Skew

A
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™ | mRNA tag counts

Count
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~30,000 SNP pairs tested Many sequences ~842 SNPs are expression
in 180bp MPRA increase GFP expression modulating variants (emVAR)
log2(RNA/DNA) Alt allele vs. Ref allele

Allele Skew: log_(alt allele/ref allele)

Expression

Tewhey et al., Cell 2016, from figures 1, 3, 4



Both models make similar enhancer
activity predictions

Enhancer prediction of SNP alleles

GM12878

CH12.LX

CNN score

-10 4

2 2
SVM score
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200
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GM12878 models learn different
sequences of enhancers from CH12.LX

“clusterl”
\Enhancer prediction of SNP alleles
CNN SVM

o

o count
7))

: 5
§ 25
o

-10

"cluster2”



GM12878 models learn different
sequences of enhancers from CH12.LX

Enhancer prediction of SNP alleles

CNN SVM

cluster

clusterl
cluster2

GM12878 score

.10 5 0 5 2 1 0 1 2 3
CH12.LX score



Do models predict enhancer activity?
log2FC(RNA/DNA

MPRA log2(RNA/DNA)
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Both species predict cluster 1 SNP
enhancer activity well

N
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GM12878 models poorly predicts
enhancer activity of cluster 2 SNPs

MPRA log2(RNA/DNA)
o = N w B (62 ] = N w LS a

Other cluster prediction vs. MPRA

CNN SVM

o

et =

e ns - N

L el . oo

PR - e ~

Tag TN |, 0]
eiE e

O

T

l_\

N

-

X

-5.0

-2.5

0.0 2.5 4 3 2
Predicted Enhancer Score

count
12



Both models predict similar SNP effects

SNP predictions of all ref alleles

GM12878 CH12.LX
o °]
@)
o
2 . cluster
= o o clusterl
@) e cCluster2
S @ o NA
D 2- :
go]

-10 5 0 5 10 10 -5 0 5 10
delta SVM score

CNN: score,;, — score
SVM: w/ deltaSVM method



Do ML models predict allelic skew?

ML SNP impact prediction vs. MPRA allelic skew, clusterl

CNN SVM
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Fine-tune CNN regression models

CNNongZFC mod'el'to CNN-skew model to predict

predict MRPA activity SNP impact on MPRA activity
GGTGGCAGAGCAAACGCAAACTAGGG GGTGGCAACAGG{A/T}CAGCAAACTAGGG

4/\
Ref: A allele Alt: T allele
L] I HiE | i |
5 conv layers : 5 conv layers

[ ] _— ] — ]

1 max pool & 1 dense layers ‘Combine-> 2 dense Iayers(

RNA
DNA

[ linear = MPRA log,

[ linear = Alt log,FC - Ref log,FC

Frozen Learnable

Param Param Split Tewhey MPRA SNPs 50/50 for training & testing.




Fine-tuned regression models predict
enhancer activity better than classifiers

MPRA log2(RNA/DNA)

SVM CNN CNN-log2fc
5 - " p=0.189 p =0.246
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Fine-tuned regression models aren’t
great at predicting allelic skew either

Allelic Skew (Alt/Ref)

o

1
H
1

o

!
’_\
1

ML SNP impact prediction vs. MPRA allelic skew
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Conclusions

1. Addiction-associated GWAS SNPs encode the
reward epigenome

2. Addiction-associated variants enrich for human,
macaque, and mouse cell type-specific enhancers

3. ML models trained on mouse cell-type specific
epigenomes may infer enhancer activity at SNPs
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