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Generating and integrating biological
data to interpret genetics




The Mystery of Schizophrenia:
Inherited but Common

Families




Genetic risk for schizophrenia

* Common variants v e s |
1 1 A POLYGENIC THEORY OF SCHIZOPHRENIA ART‘ICL‘E
— Polygenic risk throughout the genome
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108 common risk loci for schizophrenia, but no single [~ - sé&zﬁmﬁm‘géiomﬁ‘edgenemm
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— Increased rate in SCZ vs. controls, but decreased ~ |icr7ers
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Strong association of de novo copy number mutations
with sporadic schizophrenia

— Implicate synaptic genes as a class

De novo CNV analysis implicates specific abnormalities -6 & Maria Kamyiorgou’
of in the p.

Rare loss-of-function variants in SETD1A are associated

* Rare variants
— Polygenic risk across large gene sets
— No single variant or gene definitively implicated
— 2016: after 20K exomes, now 1 gene SETD1A

with schizophrenia and developmental disorders ETICS r

« De novo variants

— Possibly slight increase in mutation rate, but significa
increase in synaptic (ARC, NMDAR) and FMRP targ( 5 tev o n Schacgives
genes S R

— More limited role than in autism or intellectual disability, e
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De novo mutations in schizophrenia

ARTICLE




Which genes are candidate for follow up
studies?

1. A proportion of SCZ risk variants lie within intergenic
regions and they are far away from coding genes

2. The associated region is often large and includes
multiple genes

18 —
16
14
T
312

B

- 20

rate (cM/Mb)

104400 104500 104800 105100 105200
Chromosome 10 (kb)




Which genes are candidate for follow up
studies?

A nronortion of SCZ risk variants lie W|th|n Intergenic
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CommonMind Consortium
Molecular maps of the brain

* RNA sequencing - Multiple regions (DLPFC, ACC, STG), isoforms
and splicing, homogenate and single cell

GENE . Long non-coding RNA
EXPRESSION . Long-read transcriptome sequencing
* RNA editing - microfluidic multiplex PCR and deep sequencing

« Common variant genotyping

GENETICS < Whole genome sequencing
* Mosaicism

» Histone modification - Chromatin Immunoprecitation (ChlP-seq):
H3K4me3, H3K27ac and others, pools of neuronal subtypes

EPIGENOME | Chromosome conformation capture (3C) genome-wide

PROFILING DNAse sequencing to identify open chromatin - Assay for
m@@l@@m transposase accessible chromatin (ATACseq), Self-transcribing
active regulatory region sequencing (STARR-seq)

PSD focused Liquid chromatography (LC)-selective reaction
PROTEOMICS monitoring (SRM)-mass spectrometry




CommonMind Consortium
Members

e Icahn School of Medicine at Mount Sinai

— Pamela Sklar, Joseph Buxbaum, Schahram Akbarian, Andrew Browne, Rai Chang, Alex
Charney, Genomics Core (Yumi Kasai, Violeta Capric), Menachem Fromer, Jessica Johnson,
Davy Kavanagh, Harry Haroutunian, Milind Mahajan, Dalila Pinto, Shaun Purcell, Panos
Roussos, Doug Ruderfer, Hardik Shah, Bin Zhang, Qingrun Zhang, Eric Schadt, Jun Zhu

« University of Pittsburg
— David Lewis, Bernie Devlin, Cong Lu, Bert Klei
« University of Pennsylvania
— Raquel Gur, Chang-Gyu Hahn
* Duke & University of North Carolina
— Gregory Crawford, Patrick Sullivan
« F Hoffman-La Roche Ltd
— Enrico Domenici, Laurent Essioux
« Takeda Pharmaceuticals Company Limited
— Keisuke Hirai
« Sage Bionetworks

— Lara Mangravite, Mette Peters, Solly Sieberts, Kristen Dang, Thanneer Perumal, Ben Logsdon,
Brian Bot, Mike Kellen

« NIMH
— Thomas Lehner, Robin Kramer, Barbara Lipska




Brain Banks and Sample Selection

« Schizophrenia,

schizoaffective disorder, A

Schizophrenia 195 734

« Generally older Mount Sinai Bipolar 24 62
population, case and (MSSM) Control 204 735
control ages comparable University of Schizophrenia 62 79.2

_ _ Pennsylvania Control 40 67.5

« Exclusions: ventilator Schizophrenia 61 47.7
near death, AD/PD by SERZenhena
pathology University of Control 61 48.9

Pittsburgh Bipolar 35 45.5

« Total phase 1 Bipolar control 35 464

- N=717 ' i
NIMH Human Brain SChIIBZi;Egrema 18298 i;é
« Replication and Extension Collection Core Control 251 34.6

— Microarray data from dbGAP
000979.v1.pl

Haroutounian, Lewis, Gur, Hahn, Lipska
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Where to get the data?




CommonMind Consortium:
A Data Source for the Study of Schizophrenia and Bipolar Disorder

Dorsolateral Prefrontal Cortex

Data Release:
Sage Bionetworks
Synapse Platform

COMMONMIND CONSORTIUM KNOWLEDGE PORTAL

« Committed to rapid public, pre-publication release of raw data,

followed by analyses, code etc

 Release 1. RNAseq from > 600 samples DLPFC and covariates
 Release 1.1: BAM files with alligned and unmapped reads, QC’d

and imputed genotype data

« January 2016: PsychENCODE NeuN+, NeuN-, DLPFC, ACC

ChiPSeq

« Summer 2016: methods, source code, clinical data for release 1
« Summer 2016: Anterior cingulate RNAseq

https://www.synapse.org/#!Synapse:syn2759792/wiki/6961 3
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CommonMind Consortium: .
A Data Source for the Study of Schizophrenia and Bipolar Disorder a a e e aS e .

Dorsolateral Prefrontal Cortex Anterior Cingulate Cortex -
Public Data Release Public Data a: S a e B I O n etWO rkS
MS! Penn Pitt  HBCC MS! Penn  Pitt  HBCC
Ay
= COMMONMIND
016 T8D

CONSORTIUM
KNOWLEDGE PORTAL

How to find and download a file

1. Browse content: Content of this portal may be browsed without
restrictions and browsing files does not require a Synapse account.

2. Register for a Synapse Account: In order to get access to the data
you must first register with Synapse.

3. Fulfill Data Use Terms: Access to Controlled data requires approval
by the NIMH Repository and Genomics Resources (NRGR).

4. Access Data: After approval by NRGR you will have permission to
access all Controlled data. Before downloading it you must agree to
acknowledge the consortium in publications and to an embargo on the
bipolar data (in effect until August 1, 2015). You must use this web
client to agree to these data use terms, even if you plan to download
data programmatically.

5. Locate Files for Download .
B0




CommonMind Data resides in Synapse.
Access is governed by NRGR.
FOLLOW THESE STEPS TO GAIN ACCESS:

STEP 1: Register for a Synapse account.

Synapse

STEP 2: Obtain a Synapse token - it will
appear in your email account.

STEP 3: Have all lab members obtain a
Synapse token.

STEP 4: Submit an application to NRGR that
includes tokens of all team members.

STEP 5: NRGR unlocks CMC data in Synapse
for all team members.

NRGR
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Aeposhory ¥
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mar
Ganome

NRGR

i 'H‘,.',;:irﬂ
Canomics

dae

Synapse

From our FAQs:

Why do | need approval from
the NIMH Repository and
Genomics Resources (NRGR)
to access Controlled
CommonMind data?

Access to CommonMind
data is monitored and
controlled by the NRGR in
compliance with NIH policy
for protection of human
research data.

AVOIDS dbGAP access
requests

Data will be available in
dbGAP soon




RNA-seq experiments + Genetics QC

doi: http://dx.doi.org/10.1101/052209
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MSSM Brain Bank Pitt Brain Bank Penn Brain Bank

-0.10

Single Site Processing
DNA and RNA isolation
Genotyping Ribozero and library preparation
RNA sequencing
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MAPPING, QC, AND
QUANTIFICATION

NORMALIZATION
AND ADJUSTMENT

ANALYSIS STRATEGY

MAPPING, QC, AND QUANTIFICATION

NORMALIZATION AND ADJUSTMENT

ANALYSIS STRATEGY

RAPID pipeline
Reads

Mapping
TopHat
Bowtie

BAM files
Mapped Paired-end Read

RNA-SeQC
UCSC transcripts

HTSeq
Ensembl transcripts

RNA-SeQC RESULTS

Median total reads (paired end)
Median mapped reads

Median rRNA rate

Median number exonic reads
Median number of genes detected

41,594,992
37,898,845

0.1% (0.1%-6.7%)
16,109,393
17,976 (UCSC)

Y

Sample by read count matrix

\

Data Normalization
Voom normalization

Filter out genes with low expression (retain 16,423 genes with 1 CPM in at least 50% individuals)

v

Covariate Evaluation and Choice (Figure S4)

v

Covariates with ancestry

v

No surrogate variables used

Voom normalization
of expression and
adjustment for covariates

v

Covariates without ancestry

A

Surrogate variable application

Voom normalization
of expression and
adjustment for covariates

v

Covariates with ancestry

v

No surrogate variables used

Voom normalization
of expression and
adjustment for covariates

v

A

v

Limma
voom-normalized
gene expression matrix
voom precision weights matrix

v

Differential Expression

v

Genetic Overlap
GWAS, CNV - INRICH
De novo mutations - DNENRICH
Rare variants - PLINK/Seq and SMP

Matrix eQTL
Regression with ancestry

v

eQTLs

v

Refining GWAS signals
Sherlock
Regulatory Trait Concordance (RTC)

WGCNA
pair-wise gene correlation
selection of exponent (beta)

Control-only
Coexpression
Networks

v

Genetic Overlap
GWAS, CNV - INRICH
De novo mutations - DNENRICH
Rare variants - PLINK/Seq and SMP

v

Differential Connectivity




Variables in DE model

fraction of variance explained by each covariate

e e

RIN+RIN?

Library Batch
Institution

Diagnosis

Age

Ancestry
Postmortem Interval
Sex

All known covariates

0.1030
0.0660
0.0293
0.0281
0.0070
0.0059
0.0026
0.0009
0.4206

Bert Klei
Bernie Devlin
Menachem Fromer ;



Distribution of Biological Covariates

CMC HBCC

Sex Age at Death Post-mortem Interval
Age at Death Post-mortem Interval
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Hierarchical clustering of the final
cohort

DLPFC ENSEMBL DxSCZ [N = 693 DE genes]

Dx
= SCZ
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Controls 279 | = Femal
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QTL resource
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Solveig Sieberts
Panos Roussos
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Interpreting genetics:
N CMC

Genetic variants alter SCZ risk (SNPs)
Genetic variants control gene expression (eQTLs)
Hypothesis:
If a risk variant also causes gene expression changes then we have identified
a potentially causal biological mechanism

RISK SNPS eQTLS INTERSECT
PGC CMC gene Statistical
SCZ2: expression method
+ m " PHENOTYPIC
108 eQTLs from Sherlock VALIDATION
regions 467 post-
with >300 mortem frontal
genes cortices Edwin Oh

Mahsa Parvisi
Patrick Sullivan
Nico Katsanis




Can we identify for a single time point and tissue,
Instance where the disease associated GWAS
SNP Is convincingly associated with an expression
change

MethOd: Shel"IOCk . - Gene-only Disease-on ly
ed assac! associations associ s have
ease reduce score

AN
w
8a
1/3§
w
&
1

Independent eQTL (LD block,alleSNPs 17
associated with a gene within <500kb) Significance |

Disease Association

Single Bayes factor calculated per block, Significance
likelihood of observed GWAS and eQTL :S‘N; . o o om e o
P values %lnder model where they mediate He, AJHG, 2013
risk relative to the null

N e e |

Combined into a per gene score, p values
estimated by permutation
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Sherlock —log10(p) of gene

Manhattan Plot

12,367 Ensembl genes with one or more eQTL with PGC
SCZ2 GWAS data

Bonferroni corrected for all genes

84 genes in 30 regions passed the statistical threshold
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Genomic position of gene (mid—point)
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Sherlock alone provides insufficient

evidence for some locl

SRR, serine racemase 2 <
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T = SCZ risk

http://browser.1000genomes.org/lHomo_sapiens/UserData/Haploview
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http://browser.1000genomes.org/Homo_sapiens/UserData/Haploview

SRR haplotypes and associated

traits
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SCZ GWAS -log10(p)

8

6

4

2

0

Correlation between GWAS signals
and eQTL signals

SRR
SNPs=1172

eSNPs=582
N

o
°
®
°
. °
%
o.. P ° @

.‘. o .’.“'

°

0 10 20 30 40~—50—60

eQTL -log10(p)

GWAS SNPs are associated with
expression changes

But, best eQTLs are not
associated with SCZ

Thus, disease association in a
region can “‘predispose” to
having decreased expression,
even it not causally related to
the disease
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Additional post-Sherlock filtering

FURIN
SNPs=575
eSNPs=98
N -
I
= I .
| oo
0 o | . 52"'.
o] :
L
4% 'y
Al J ‘f"b.. ‘ °
Nl s Thr i
> 4 6 8 10 12

eQTL -log10(p)

Filtered out:

* Genes with poor correlation

* Genes where second gene in locus had a significant
isoform

* Genes where the locus had additional subthreshold
genes

* Only trans eQTL support

Results:

5 loci with single gene

FURIN; proprotein convertase family protein
SNAP9 |; synaptosomal-associated protein of 91 kDa
CLCN3; voltage-gated chloride channel 3

TSNARE; t-SNARE domain containing |

CNTN4; contactin 4

25




eQTL association profile
FURIN Locus FURIN

Sherlock
Gene Symbol -log10(p)
o FURIN  6.39
. sFES 0332 ® PGC SCZ2 GWAS
VPS33B 0.12 ®
. ° %8 9 SO FURIN
e nnnneas [ SRR ————neanas R J-e-1-=-=-1--| Ceiling
10 o I o | |threshold ] ]
c | [} - | | | |
. - (] Iy [ [ c e L]
2 27 r, nos o I o 5 i
g | L | o § 4.50- : Age of Death
2°1. At - R .. |scz 8 . I 100
I 1o Lo o I | GWAS 3 . 80
— o ! 1 v o | > i 60
& - b i ! I ! ~ \ I 40
| 1 [ I
9 | [ .| I IJ:'_' 4.25-
Q7 1o \ I o 20
i _ el Dx
aq eQTL % z « Control
: 3 : ! . AFF
kel i 2 = SCZ
| 4.00- =
8 °1. 110 1 L 1 < L] = g
2 SCZ GWAS chr15:91416560-91429040 . 4 f
v A
c o [ [ [ 1
O o9 1 A 1 | ' ' ' ' \
® ol | [ . 1 1 0.0 0.5 1.0 1.5 2.0
O g- 1 1 1 (I 1
g - G allele dosage
@ RLBP1 RHCGPEX11AZNF710 NGRNCRTC3 FURIN sv28 SLCO3A1 rs4702 [G/A] eQTL (B = -0.071, p = 4.5 x 10-13)
ABHD2 POLG KIF7 AP3S2 IDH2 IQGAP1 FES VPS33B PGC2 GWAS SCZ (B=0.078, p=2.3x 107%)
ENSGOOOOOZS§571 F_’L|N1 ENSGOOQ00228998 &M FECCD1
FANCI TICRRC150r138  ZNF774 MAN2A2 PRC1
MIR9-3 WDR93 ENSG00000259291  UNC45A
MESP1  SEMA4B HDDC3
MESP2 MIR5094 CIB1
ANPEP MIR3174 GDPGP1
Ci50r38-AP3S2 TTLL12 GABARAPL: ~ WEXpressed gene, with eQTL
= = m Expressed gene, no eQTL
MIR5009 ENSG00000261147 0 Subthreshold expression, no eQTL
90,000,000 ' 91,000,000 ' 92,000,000
Chromosome 15 (bp) 26




Functional?
Relevant?

27



Modeling neuropsychiatric disorders
-16p11.2 exemplar

chrié (pl1.2) [Tesis-s W T FVIEN BOBSU {112 -«@EXTTRWN o> 1 BEH]

BOLA2
GIYD2
SULT1A4
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C16o0rf53
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16q21

[ 22 CeElY | EE
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0.5

KCTD13 mRNA

0
Q.
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o
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2
T 4,000
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*kk
I I ]

kctd13 MO  Control  KCTD13
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mHistone H3
BTUNEL aokk

kctd13 MO Control KCTD13
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Golzio et al. Nature 2012
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Modeling neuroanatomical changes

A Control furin MO TSNARE1 CNTN4 SNAPI1 CLCN3
overexpression led to ‘
. B 100000 T 100000 100000 * 100000 T 100000
decreased head size e Tl o e g el o
<E 60000 I 60000 +— 60000 60000 60000
§ 40000 40000 40000 40000 +— 40000
. c -
Phosphohistone 3 # .
staining primarily
shows decreased .
proliferation g o =y Ea B
o E S
TUNEL staining
shows higher Edwin Oh
. gl i Patrick Sullivan
e - Nico Katsanis

200ng 200ng 29




Decreased FURIN expression decreases neural
migration In forebrain NPCs

Induced Pluripotent hiPSCNPCs
ORE srenucells NPC Specification 3
@ OOA‘”KCN\\(Q = = ‘ andPattLing) g J gieflfjer:)ematliation hiPSC neurons
Ty =
Skin biops ,/ ggg
Fibroblasts e hicl
@ vehicle
48 hours 600 - m ShRNA-FURIN
5 ™
< w :
< 3]
v = XX¥
hd S €400 ]
@) e
— o S
E s %%
hiPSC forebrain NPCs o 2 .2 ]
) 4
(1. . C3 > ©
100 =200 1
c = O)
iel < .f_U ~
2 T =
o 801 < S
S (a'ss o
% 60 — 0 : .
2 = c1 o a3
% 401 - E hiPSC forebrain NPCs
o KKK

Aaron Topol
Kristen Brennand -,
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Differential expression
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Many genes differentially expressed in DLPFC...

n,estimate: 44% of genes are differentially expressed
R Analyzed:

7 16,423 Ensembl genes
(CPM > [ in at > 50% of 592 samples)

3000

. X

§ 258 SCZ vs. 279
‘6 N controls

Ry

1000
|

W Menachem Fromer

[ I I I I |
0.0 0.2 0.4 0.6 0.8 1.0

Storey and Tibshirani, PNAS, 2003

Case vs. Control p-value Mostafavi, Mol Psych, 2014 -




But with small effect sizes

Differentially Expressed Genes at FDR < 5% = 693
Upregulated = 332
Downregulated = 36|

Estimate 40-45% nominally differentially expressed
Average fold change = 1.09 (range 1.03-1.33)

30

5%)
20

10

Number of DE genes (FDR <
-10

[ I I I I I
1.05 1.10 1.15 1.20 1.25 1.30

RNA-seq fold-change
A
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Independent samples

NIMH HBCC samples: llluminaHT-12_V4 Beadchips

Pearson correlation
R =0.58

t—statistic [HBCC: none]

|31 SCZ and 176 control I I | | | |
-6 4 2 0 p) 4
t—statistic [CMC: none]

Counts

89
84
78
72
67
62
56
50
45
40
34
28
23
18
12
6
1

Panos Roussos
Robin Kramer
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Additional analyses found In
supplement

« Evaluation of 5’ to 3' RNA read coverage using mRIN (Feng et
al 2015)

« Technical validation by gPCR for select genes
« Isoform level analyses

« Cross-validation using 80/20 splits of the data for differential
expression and WGCNA

« Effects of age on differential expression

« Effects of medication on differential expression including
unpublished RNA sequencing data from mice and macaques
treated with haldol

« Cell Type Deconvolution
« Correlation of CMC data with two prior meta-analytic studies

 Theoretical treatment of expectation with respect to effect
likely to result from allele frequency differences observed

between cases and controls
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Cell fractions appear balanced
between cases and controls

Neuron Astrocyte  Oligodendrocyte Other cells CIBERSORT to deconvolve the
1? ? a mixture based on 11,992 genes from

o

the Zhang matrix of mouse cell-

bbb o0 o specific expression

- 5 CIBERSORT to deconvolve the
Esti(":nﬂted o ? ? mixture based on 415 human cell-
Fracetion ] $ $ specific markers (markers estimated

8
. C

4 T ? CellMix package, Isfit option, using
. $ $ g } 11,992 genes from the Zhang

o T matrix

Scz Control Scz Control Scz Control Scz Control Bert Klel

Bernie Devlin

Cell Marker lists from Zhang et al | Neurosci. 2014 34:11929-47 Andrew Browne

Analyses using CIBERSORT Newman et al. Nature Methods 12:453 Menachem Fromer
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Co-expression networks
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Exploring gene expression by
welghted gene co-expression network
analysis (WGCNA)

Langfelder and Horvath, 2008

|. Define __MC_ HBCC

e+ 5 i d 3 e P R Sl RN : : : :
correlation between TR S TR Gt R i i = A et
all gene pairs. R T o s 3 (e v AP R e ot MG sk 2 bl 8- BELIA

i Kt
A i
2. Cluster into ‘- sl b
modules. it

Differences? ,
Cell Types? SCZ- . . A scz
Genetics?

Off diagonal = Between modules

Panos Roussos i



A single module of ~1400 genes
that IS Most relevant
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A single module of ~1400 genes
that 1Is most relevant

Neuronal
Proteome

O

o
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[

Neuronal
Proteome

SCZ Genetics

§ WAS
& .,

Microglia
FMRP targets

Oligos (Myelin)
Endotheliel
ARC

Oligos (New)

Astrocyte
OPC
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Genes and connections

[ DEG GWAS
C ® ® NMDA CNV
B, DR & Fe ® ® mGIURS de novo
Q;\ " > —7 5 oo;'gg’ M2c module is enriched for
®\ si'l‘?f?f;i’*‘/} _ P 3 EPMK:oW"“‘” multiple categories,

Huwey X RN smam”eg’ including axon guidance,
g o e postsynaptic membrane,
- SSE ) oy transmission across

@ mst;fo;z. / : 7 Mycep,

\@ chemical synapses, and
voltage-gated potassium
channel complexes
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PsychENCODE




PsychEncode Consortium

Nature Neuroscience 2015 18:1707

Schizophrenia

Non-human

PRINCIPAL INVESTIGATORS

Schahram Akbarian
Gregory Crawford
Stella Dracheva
Peggy Farnham
Mark Gerstein

Angus Nairn
Mette Peters
Dalila Pinto
Nenad Sestan
Pamela Sklar

rimate B_ipolar
bran SRSt Daniel Geschwind ~ Matthew State
Andrew Jaffe Patrick Sullivan
James Knowles FloraVaccarino
i it Chunyu Liu Sherman Weissman
SEEns giorgeEs Jonathan Mill Zhipeng Weng
Kevin White
RNAseq ~1,000 samples
ChipSeq

Open chromatin (ATAC-seq)

First data released January 2016

Chromosomal loop mapping
Methylation by bisulfite sequencing and

NOMe-seq
Microwesterns

www.synapse.org/pec

https://www.synapse.org/#!Synapse:syn4921369
A




EpiMap Project

NIMH Human Brain Collection Samples

H3K27a

/.

p 3;"':'{/.’ [
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A

| Brain dissection |

H3K4me3
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samples:
A chance to explore interindividual and
cell-type differences in epigenetic

40 000 Peaks H3K4mp rOfI I eS "A‘Q‘:' H3K27ac §§E§ESH3K27ac
~1.6% found only in neurons La NeuN- = NeuN+ HaK27ac

N
= N
A t’ = NeuN+ H3K4me3
(o)) = N
N

o o

0.10
|

2

100,000 peaks H3K27ac
~8% found only in neurons .

0.05
|

H3K4me3 — NeuN-

A A
Y H3K4me3 — NeuN+
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0.05  0.00

| |
>
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>

>

>

S 7 A,“-:eéo H3K27ac
Eoé ® NeuN+
B ACC N e
W DLPFC S . . . . . .
-0.12 -0.10 -0.08 —-0.06 -0.04 -0.02 0.00
E NeuN+
O NeuN- Pl
B H3K4me3 . .
O H3K27ac Davy Kavanagh Kiran Girdhar
B Input Yan Jiang Gabriel Hoffman

Marija Kandakovic Schahram Akbarian
Menachem Fromer
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Conclusions

 CommonMind: building large resources of
molecular data from human brains

 eQTL can provide functional clues as to
how SCZ risk variants mediate risk
— 5 strong candidates for causal genes within

GWAS loci, 3 of which have a brain phenotype in
zebrafish

» Consistent with genetic polygenicity, many
genes are slightly disrupted in DLPFC for
SCZ
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