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Abstract

 

Although

 

sequencing

 

costs

 

have

 

steadily

 

decreased

 

with

 

advances

 

in

 

technology,

 

they

 

remain

 

high

 

for

 

large

 

scale

 

studies.

 

The

 

design

 

of

 

traditional

 

individual-disease

 

sequencing

 

studies

 

is

 

either

 

case

 

only

 

or

 

cases

 

with

 

relatively

 

few

 

controls,

 

resulting

 

in

 

potential loss

 

of

 

statistical

 

power

 

for

 

discovery

 

of

 

disease

 

associated

 

genes.

 

Here

 

we

 

show

 

that

 

for

 

a

 

given

 

number

 

of

 

sequenced

 

cases,

 

a

 

large

 

control

 

sample

 

size

 

is

 

critical

 

to

 

maximize

 

power

 

for

 

rare

 

variant

 

burden

 

analysis.

 

Furthermore,

 

we

 

have

 

developed

 

an

 

end-to-end

 

workflow

 

based

 

tool

 

(CoCoRV-nf)

 

to

 

facilitate

 

the

 

use

 

of

 

external

 

biobank

 

sequence

 

resources

 

as

 

controls.

 

The

 

modules

 

include

 

consistent

 

variant

 

QC,

 

variant

 

annotation,

 

ancestry

 

population

 

prediction,

 

and

 

gene

 

based

 

burden

 

analysis

 

using

 

summary

 

genotype

 

information,

 

and

 

combined

 

analysis

 

from

 

multiple

 

independent results.

 

The

 

tool

 

supports

 

exomes

 

and

 

genomes

 

from

 

gnomAD

 

and

 

All

 

of

 

Us

 

as

 

controls

 

with

 

preprocessed

 

datasets.

 

We

 

apply

 

the

 

tool

 

in

 

two

 

rare

 

neurological

 

diseases: amyotrophic

 

lateral

 

sclerosis

 

and

 

neuroblastoma.

 

For

 

each

 

disease,

 

two

 

case

 

cohorts

 

are

 

paired

 

with

 

gnomAD

 

and

 

All

 

of

 

Us

 

data,

 

respectively,

 

followed

 

by

 

a

 

combined

 

analysis.

 

Not

 

only

 

did

 

we

 

recapture

 

known

 

genes,

 

but

 

also,

 

we

 

identified

 

new

 

candidate

 

genes

 

for

 

both

 

diseases.

 

By

 

leveraging

 

multiple

 

large

 

external

 

biobank

 

sequence

 

data,

 

we

 

demonstrate

 

the

 

feasibility

 

of

 

using

 

our

 

tool

 

to

 

maximize

 

statistical

 

power

 

to

 

identify

 

new

 

disease

 

predisposition

 

genes.

 

Graphical

 

abstract

 

Keywords

 

rare

 

variant

 

burden

 

analysis,

 

predisposition

 

genes,

 

external

 

controls,

 

biobank

 

sequence

 

resources
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Introduction

 

Whole

 

exome

 

sequencing

 

(WES)

 

and

 

whole

 

genome

 

sequencing

 

(WGS)

 

provide

 

an

 

unprecedented

 

opportunity to

 

identify

 

rare

 

germline

 

pathogenic

 

variants

 

that

 

predispose

 

to

 

diseases

 

and

 

traits,

 

which

 

cannot

 

be

 

tagged

 

by

 

previous

 

genotyping

 

arrays

 

[

 

1,

 

2].

 

In

 

order

 

to

 

discover

 

predisposition

 

genes

 

with

 

rare

 

pathogenic

 

germline

 

variants,

 

the

 

sample

 

sizes

 

of

 

both

 

cases

 

and

 

controls

 

are

 

critical

 

to

 

ensuring

 

adequate

 

statistical

 

power.

 

Due

 

to

 

high

 

cost,

 

for

 

studies

 

of

 

individual

 

diseases,

 

sequencing

 

is

 

often

 

performed

 

only

 

for

 

cases

 

or

 

cases

 

together

 

with

 

a

 

relatively small

 

number

 

of

 

controls.

 

This

 

design

 

substantially

 

reduces

 

the

 

statistical

 

power

 

in

 

gene

 

based

 

rare

 

variant

 

association

 

analysis.

 

Therefore,

 

strategic

 

investment

 

in

 

building

 

large

 

biobank

 

level

 

datasets

 

has

 

been

 

initiated, including

 

gnomAD

 

[

 

3,

 

4],

 

UK

 

Biobank

 

[

 

5],

 

and

 

All

 

of

 

Us

 

(AoU)

 

[

 

6].

 

However,

 

the

 

analyses

 

of

 

the

 

sequenced

 

case

 

cohorts

 

outside

 

of

 

these

 

biobank

 

datasets

 

remain

 

challenging.

 

To

 

address

 

the

 

challenge,

 

we

 

previously

 

developed

 

a

 

tool

 

consistent

 

summary

 

counts

 

based

 

rare

 

variant

 

burden

 

test

 

(CoCoRV)

 

[

 

7]

 

to

 

facilitate

 

association

 

analyses

 

including

 

variant

 

QC,

 

genetic

 

ancestry

 

matching,

 

and

 

summary

 

genotype

 

count

 

based

 

gene

 

burden

 

test,

 

leveraging

 

the

 

large

 

sample

 

size

 

of

 

already

 

sequenced

 

controls.

 

Nevertheless,

 

several

 

important

 

problems

 

remain

 

to

 

be

 

addressed,

 

together

 

with

 

new

 

opportunities

 

for

 

improved

 

analysis.

 

First,

 

it

 

is

 

not

 

clear

 

which

 

studies

 

will

 

benefit

 

the

 

most

 

from

 

the

 

large

 

control

 

sizes,

 

considering

 

that

 

the

 

gain

 

of

 

statistical

 

power

 

will

 

saturate

 

when

 

the

 

control

 

sample

 

size

 

reaches

 

a

 

certain

 

threshold

 

[

 

8].

 

Second,

 

the

 

previously

 

developed

 

version

 

of

 

CoCoRV

 

could

 

not

 

be

 

applied

 

to

 

sex

 

chromosomes

 

in

 

rare

 

variant

 

analysis,

 

which

 

may

 

result

 

in

 

missing

 

important

 

sex

 

chromosome

 

linked

 

causal

 

genes.

 

Third,

 

given

 

the

 

paradigm

 

shift

 

of

 

using

 

cloud

 

based

 

platforms

 

for

 

data

 

storage

 

and

 

analysis,

 

tools

 

that

 

are

 

applicable

 

both

 

in

 

local

 

high

 

performance

 

computing

 

(HPC)

 

clusters

 

and

 

in

 

cloud

 

platforms,

 

are

 

preferred.

 

Fourth,

 

it

 

is

 

important

 

to

 

leverage

 

multiple

 

large

 

sequencing

 

biobanks

 

for

 

combined

 

analysis

 

when

 

multiple

 

independent

 

case

 

cohorts

 

are

 

available.

 

To

 

address

 

the

 

above

 

issues,

 

we

 

have

 

developed

 

a

 

tool

 

called

 

CoCoRV-nf,

 

where

 

nf

 

stands

 

for

 

the

 

use

 

of

 

Nextflow

 

in

 

executing

 

multiple

 

modules.

 

We

 

demonstrate

 

its

 

effectiveness

 

through

 

application

 

to

 

two

 

rare

 

neurological

 

diseases

 

for

 

identifying

 

predisposition

 

genes.

 

For

 

each

 

disease,

 

we

 

collected

 

two

 

independent

 

case

 

cohorts,

 

then

 

we

 

paired

 

each

 

of

 

them

 

with

 

gnomAD

 

exomes

 

and

 

AoU

 

as

 

controls,

 

respectively.

 

Then

 

we

 

performed

 

a

 

combined

 

analysis

 

to

 

aggregate

 

the results.

 

Results

 

CoCoRV-nf

 

provides

 

an

 

end-to-end

 

workflow

 

for

 

gene

 

based

 

burden

 

analysis

 

CoCoRV-nf

 

uses

 

Nextflow

 

[

 

9]

 

to

 

organize

 

different

 

analysis

 

compo-

 

nents,

 

supporting

 

both

 

local

 

HPC

 

clusters

 

and

 

cloud

 

environments

 

(

 

Fig.

 

1a,

 

Fig.

 

S1).

 

The

 

main

 

features

 

of

 

CoCoRV-nf

 

are

 

summarized

 

in

 

Table

 

1.

 

CoCoRV-nf

 

provides

 

inference

 

of

 

ancestry

 

groups

 

using

 

gnomAD’s

 

random

 

forest

 

based

 

classifier,

 

important

 

for

 

pairing

 

cases

 

with

 

controls

 

of

 

the

 

same

 

continental

 

ancestries.

 

It

 

supports

 

both

 

ANNOVAR

 

and

 

VEP

 

for

 

variant

 

annotations

 

(

 

Fig.

 

1b).

 

Another

 

main

 

feature

 

is

 

accommodation

 

of

 

large

 

biobank

 

controls

 

in

 

the

 

analysis:

 

gnomAD

 

v2.1

 

WES

 

&

 

WGS

 

(GRCh37),

 

gnomAD

 

v4.1

 

WES

 

&

 

WGS

 

(GRCh38),

 

and

 

AoU

 

exome

 

regions

 

(v8,

 

GRCh38),

 

all

 

re-annotated

 

using

 

ANNOVAR

 

and

 

VEP,

 

and

 

stored

 

in

 

the

 

GDS

 

format

 

for

 

efficient

 

storage

 

and

 

retrieval.

 

Because

 

of

 

multiple

 

available

 

controls,

 

multiple

 

cases

 

Table

 

1

 

Summary

 

of

 

main

 

features

 

in

 

CoCoRV-nf.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.
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.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

Features

 

Details

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.
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.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

Automatic

 

inference

 

of

 

ancestry

 

groups

 

gnomAD’s

 

random

 

forest

 

based

 

ancestry

 

group

 

classifier

 

is

 

applied

 

to

 

case

 

samples

 

Support

 

ANNOVAR

 

and

 

VEP

 

for

 

variant

 

annotations

 

Either

 

one

 

or

 

both

 

can

 

be

 

specified

 

for

 

variant annotation,

 

which

 

can

 

be

 

used

 

for

 

defining

 

variant

 

groups

 

in

 

analysis

 

Sex

 

stratified

 

analysis

 

supporting

 

sex

 

chromosomes

 

The

 

number

 

of

 

alleles

 

for

 

PAR

 

regions

 

and

 

non-PAR

 

regions

 

are

 

separately

 

calculated

 

for

 

males

 

and

 

females

 

Multiple

 

resources

 

as

 

controls

 

gnomAD

 

v2.1

 

exomes

 

&

 

genomes

 

(GRCh37)

 

gnomAD

 

v4.1

 

exomes

 

&

 

genomes

 

(GRCh38)

 

All

 

of

 

Us

 

v8

 

WGS

 

exome

 

regions

 

(GRCh38)

 

Combined

 

analysis

 

Combine

 

independent

 

CoCoRV

 

analysis

 

results

 

for

 

improved

 

power

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.
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.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

cohorts

 

can

 

be

 

paired

 

with

 

multiple

 

controls,

 

respectively,

 

and

 

then

 

a

 

combined

 

analysis

 

to

 

further

 

increase

 

sample

 

sizes.

 

Large

 

control

 

size

 

can

 

substantially

 

improve

 

statistical

 

power

 

for

 

rare

 

variant

 

analysis

 

We

 

performed

 

statistical

 

power

 

analysis

 

of

 

genetic

 

associations

 

on

 

control

 

sizes

 

considering

 

three

 

different

 

settings:

 

high

 

penetrance

 

ultra

 

rare

 

variants,

 

high

 

risk

 

rare

 

variants,

 

moderate

 

risk

 

common

 

variants.

 

Results

 

show

 

distinct

 

patterns

 

among

 

the

 

three

 

settings

 

(

 

Fig.

 

2,

 

Table

 

S1).

 

First,

 

the

 

case

 

sample

 

size

 

is

 

the

 

most

 

important

 

factor

 

influencing

 

statistical

 

power

 

for

 

rare

 

variant

 

analysis

 

when

 

the

 

control

 

sample

 

size

 

is

 

large

 

enough

 

or

 

at

 

the

 

saturation

 

point.

 

When

 

the

 

number

 

of

 

cases

 

is

 

fixed,

 

as

 

expected,

 

power

 

continues

 

to

 

increase

 

as

 

the

 

control

 

sample

 

size

 

increases,

 

however,

 

there

 

are

 

differences

 

when

 

the

 

power

 

reaches

 

a

 

plateau.

 

The

 

setting

 

of

 

high

 

penetrance

 

ultra

 

rare

 

variants

 

benefits

 

the

 

most

 

from

 

the

 

large

 

number

 

of

 

controls.

 

For

 

example,

 

with

 

1200

 

cases,

 

the

 

power

 

is

 

less

 

than

 

0.1

 

with

 

2000

 

controls,

 

but

 

it

 

reaches

 

around

 

0.5

 

with

 

10

 

000

 

controls,

 

∼

 

0.8

 

with

 

50

 

000

 

controls,

 

and

 

over

 

0.9

 

with

 

100

 

000

 

controls.

 

The

 

power

 

increase

 

at

 

the

 

sample

 

size

 

of

 

gnomAD

 

v4.1

 

WES

 

is

 

substantial

 

compared

 

with

 

that

 

at

 

the

 

sample

 

size

 

of

 

gnomAD

 

v2.1

 

WES

 

for

 

600

 

and

 

1200

 

cases

 

(

 

Fig.

 

2a).

 

Under

 

the

 

setting

 

of

 

high

 

risk

 

rare

 

variants

 

power

 

still

 

plateaus

 

at

 

a

 

large

 

control

 

size,

 

e.g.

 

50

 

000

 

or

 

100

 

000,

 

except

 

almost

 

no

 

power

 

for

 

200

 

cases

 

(

 

Fig.

 

2b).

 

For

 

the

 

setting

 

of

 

moderate

 

risk

 

common

 

variants,

 

power

 

plateaus

 

around

 

5000

 

or

 

10

 

000

 

controls.

 

In

 

summary,

 

the

 

simulation

 

results

 

show

 

that,

 

unlike

 

common

 

variants,

 

a

 

large

 

control

 

sample

 

size

 

is

 

critical

 

to

 

achieving

 

sufficient

 

statistical

 

power

 

for

 

rare

 

variant

 

analysis,

 

which

 

underscores

 

the

 

advantages

 

of

 

applying

 

CoCoRV-nf

 

with

 

large

 

external

 

biobank

 

data

 

as

 

controls

 

for

 

rare

 

variant

 

analysis.

 

Combined

 

analysis of

 

PGB-ALS

 

and

 

ANSWER-ALS

 

identified

 

two new

 

ALS

 

candidate

 

predisposition

 

genes

 

with

 

validation

 

evidence

 

For

 

ALS,

 

5–10%

 

is

 

familial

 

(with

 

identifiable

 

ALS

 

predisposition

 

genes

 

in

 

∼

 

70%)

 

[

 

10],

 

the

 

rest

 

are

 

sporadic

 

ALS

 

(with

 

identifiable

 

ALS

 

predis-

 

position

 

genes

 

in

 

∼

 

7%).

 

Therefore,

 

in

 

our

 

analysis,

 

we

 

stratified

 

ALS

 

cases

 

into

 

sporadic

 

ALS

 

(n

 

=

 

407

 

in

 

PGB,

 

n

 

=

 

345

 

in

 

ANSWER-ALS)

 

and

 

familial

 

ALS

 

(n

 

=

 

63

 

in

 

PGB,

 

n

 

=

 

368

 

in

 

ANSWER-ALS)

 

and

 

paired

 

with

 

gnomAD

 

v4.1

 

exomes

 

and

 

AoU

 

v8,

 

respectively

 

(

 

Fig.

 

3).
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Figure

 

1

 

Schematic

 

overview

 

of

 

CoCoRV-nf.

 

a.

 

the

 

CoCoRV-nf

 

pipeline

 

can

 

be

 

run

 

locally

 

such

 

as

 

local

 

clusters

 

or

 

a

 

local

 

computer,

 

it

 

can

 

also

 

be

 

run

 

on

 

cloud

 

platforms

 

including

 

AWS

 

and

 

DNAnexus.

 

We

 

provide

 

processed

 

control

 

data

 

in

 

an

 

AWS

 

bucket

 

including

 

annotated

 

variants

 

saved

 

in

 

gds

 

format.

 

b.

 

Main

 

workflow

 

modules

 

of

 

CoCoRV

 

pipeline

 

implemented

 

on

 

nf-core.

 

It

 

takes

 

the

 

jointly

 

called

 

VCF

 

files

 

after

 

systematic

 

variant

 

QC

 

such

 

as

 

GATK

 

VQSR

 

as

 

input,

 

then

 

performs

 

variant

 

normalization

 

and

 

further

 

QC,

 

annotation,

 

sample

 

ancestry

 

prediction

 

and

 

then

 

gene

 

based

 

rare

 

variant

 

burden

 

analysis.

 

There

 

is

 

no

 

systematic

 

inflation

 

for

 

either

 

individual

 

cohort

 

results

 

or

 

combined

 

analysis

 

(

 

Fig.

 

4).

 

For

 

both

 

sporadic

 

and

 

familial

 

ALS,

 

we

 

identified

 

the

 

well-known

 

ALS

 

gene

 

SOD1

 

as

 

the

 

top

 

gene

 

from

 

the

 

combined

 

analysis

 

(

 

Table

 

2).

 

SOD1

 

is

 

also

 

the

 

top

 

gene

 

for

 

three

 

of

 

four

 

individual

 

case–control

 

analysis

 

except

 

in

 

PGB-ALS

 

sporadic

 

analysis

 

(

 

Table

 

S2

 

and

 

S3).

 

Known

 

ALS

 

genes

 

NEK1

 

and

 

TARDBP

 

are

 

also

 

significant

 

(P

 

=

 

2E-4

 

and

 

P

 

=

 

4E-4,

 

respectively)

 

and

 

ranked

 

within

 

top

 

5

 

in

 

the

 

combined

 

analysis

 

result

 

of

 

sporadic

 

ALS.

 

Using

 

FDR

 

cutoff

 

0.2,

 

we

 

found

 

two

 

new

 

genes:

 

SLC52A2

 

(FDR

 

combined

 

=

 

0.03)

 

from

 

sporadic

 

ALS

 

analysis

 

and

 

BCCIP

 

(FDR

 

combined

 

=

 

0.07)

 

from

 

familial

 

ALS

 

analysis.

 

IGV

 

based

 

read

 

visualization

 

showed

 

good

 

quality

 

of

 

the

 

variants

 

included

 

in

 

the

 

burden

 

test

 

(

 

Figs

 

S2

 

and

 

S3).

 

The

 

SLC52A2

 

gene

 

encodes

 

riboflavin

 

transporters

 

and

 

recessive

 

mutations

 

are

 

known

 

to

 

cause

 

Brown-Vialetto-Van

 

Laere

 

syndrome

 

2

 

(BVVLS2)

 

[

 

11],

 

a

 

neurodegenerative

 

disorder.

 

In

 

the

 

ALS

 

cohort,

 

all

 

mutations

 

are

 

heterozygous

 

(

 

Table

 

S2d).

 

The

 

BCCIP

 

gene

 

(BRCA2

 

and

 

CDKN1A-interacting

 

protein)

 

is

 

crucial

 

in

 

maintaining

 

genomic

 

stability

 

and

 

cell

 

cycle

 

progression.

 

For

 

both

 

genes,

 

there

 

are

 

both

 

loss

 

of

 

function

 

variants

 

and

 

deleterious

 

missense

 

variants

 

in

 

mutation

 

carriers.
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Figure

 

2

 

Power

 

simulation

 

results

 

with

 

different

 

control

 

sizes

 

under

 

different

 

effect

 

sizes

 

and

 

allele

 

frequency

 

settings.

 

a.

 

Mendelian

 

high

 

penetrance

 

ultra

 

rare

 

variants;

 

b.

 

high

 

risk

 

rare

 

variants;

 

c.

 

moderate

 

risk

 

common

 

variants.

 

The

 

left

 

vertical

 

line

 

corresponds

 

to

 

the

 

sample

 

size

 

of

 

gnomAD

 

V2

 

WES

 

samples,

 

and

 

the

 

right

 

vertical

 

line

 

corresponds

 

to

 

the

 

sample

 

size

 

of

 

gnomAD

 

v4

 

WES

 

samples.

 

Figure

 

3

 

Analysis

 

design

 

of

 

ALS

 

and

 

NBL

 

cohorts.

 

Table

 

2

 

Top

 

genes

 

of

 

combined

 

analysis

 

results

 

of

 

sporadic

 

ALS

 

and

 

familial

 

ALS.

 

.
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.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

PGB

 

sALS

 

ANSWER

 

sALS

 

Combined

 

analysis

 

Gene

 

P

 

OR

 

CILower

 

CIUpper

 

P

 

OR

 

CILower

 

CIUpper

 

P

 

OR

 

CILower

 

CIUpper

 

FDR

 

.

 

.
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.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

Sporadic

 

SOD1

 

1.28E-01

 

7.34

 

0.18

 

41.76

 

3.39E-11

 

66.98

 

26.12

 

144.03

 

2.71E-10

 

33.19

 

14.14

 

66.64

 

1.39E-06

 

SLC52A2

 

3.24E-04

 

8.81

 

2.83

 

20.84

 

8.43E-03

 

7.41

 

1.51

 

22.04

 

9.03E-06

 

8.22

 

3.53

 

16.37

 

2.62E-02

 

NEK1

 

1.06E-02

 

6.79

 

1.39

 

20.11

 

7.48E-03

 

7.75

 

1.58

 

23.05

 

2.32E-04

 

7.24

 

2.64

 

15.9

 

4.79E-01

 

TARDBP

 

1.00E+00

 

0

 

0

 

335.71

 

1.57E-04

 

122.89

 

13.68

 

516.49

 

4.32E-04

 

70.34

 

8.18

 

273.1

 

6.81E-01

 

Familial

 

SOD1

 

7.14E-09

 

210.68

 

54.16

 

593.52

 

2.99E-09

 

54.4

 

19.33

 

124.06

 

4.71E-16

 

78.68

 

36.55

 

150.94

 

2.02E-12

 

BCCIP

 

2.27E-02

 

44.69

 

1.1

 

261.79

 

4.40E-04

 

21.42

 

4.33

 

64.74

 

2.75E-05

 

24.69

 

6.61

 

65.04

 

7.29E-02

 

.
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.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.
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.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

FDR:

 

false

 

discovery

 

rate;

 

P:

 

P

 

value;

 

OR:

 

odds

 

ratio;

 

CILower,

 

CIUpper:

 

lower

 

and

 

upper

 

bound

 

of

 

95%

 

confidence

 

interval

 

of

 

odds

 

ratios.

 

We

 

analyzed

 

gene

 

expression

 

in

 

99

 

patients

 

with

 

ALS

 

spectrum

 

motor

 

neuron

 

disease

 

and

 

11

 

non-neurological

 

controls

 

from

 

NYGC

 

ALS

 

Consortium

 

cohort.

 

There

 

are

 

significant

 

differences

 

between

 

cases

 

and

 

controls

 

for

 

SOD1

 

(P

 

value

 

=

 

1.6E-5,

 

Fig.

 

S4).

 

Among

 

two

 

new

 

genes,

 

BCCIP

 

shows

 

significantly

 

different

 

expressions

 

between

 

ALS

 

patients

 

and

 

controls

 

Fig.

 

4d

 

and

 

h.
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Figure

 

4

 

QQ

 

plots

 

of

 

gene

 

based

 

rare

 

variant

 

burden

 

test

 

and

 

gene

 

expression

 

analysis

 

for

 

sporadic

 

ALS

 

(sALS)

 

and

 

familial

 

ALS

 

(fALS).

 

a.

 

PGB

 

sALS

 

versus

 

gnomAD

 

v4.1

 

exome;

 

b.

 

ANSWER

 

sALS

 

versus

 

all

 

of

 

us;

 

c.

 

combined

 

sALS

 

analysis

 

results

 

using

 

the

 

combined

 

method

 

‘cat’;

 

d.

 

gene

 

expression

 

of

 

SLC52A2

 

between

 

ALS

 

Spectrum

 

motor

 

neuron

 

disease

 

(MND)

 

patients

 

and

 

non-neurological

 

controls

 

using

 

RNASeq

 

data

 

from

 

NYGC

 

ALS

 

consortium.

 

e.

 

PGB

 

fALS

 

versus gnomAD

 

v4.1

 

exome;

 

f.

 

ANSWER

 

fALS

 

versus

 

all

 

of

 

us;

 

g.

 

combined

 

fALS

 

analysis results

 

using

 

the

 

combined

 

method

 

‘cat’;

 

h.

 

gene

 

expression

 

of

 

BCCIP

 

between

 

ALS

 

Spectrum

 

motor

 

neuron

 

disease

 

(MND)

 

patients

 

and

 

non-neurological

 

controls

 

using

 

RNASeq

 

data

 

from

 

NYGC

 

ALS

 

consortium.

 

The

 

inflation

 

factor

 

λ

  

was

 

not

 

estimated

 

in

 

e

 

because

 

the

 

number

 

of

 

P

 

values<1

 

is

 

less

 

than

 

20

 

after

 

removing

 

the

 

top

 

5%

 

quantile

 

of

 

observed

 

-log10

 

P

 

values.

 

The

 

dark

 

diagonal

 

line

 

represents

 

the

 

expected

 

line

 

for

 

perfect

 

alignment

 

between

 

observed

 

and

 

expected

 

-log10

 

P-values,

 

the

 

gray

 

dashed

 

line

 

represents

 

the

 

fitted

 

line

 

of

 

the

 

points

 

where

 

the

 

slope

 

corresponds

 

to

 

the

 

empirical

 

inflation

 

factor

 

λ

 

emp

 

.

 

Table

 

3

 

Published

 

gene

 

based

 

analysis

 

results

 

of

 

the

 

two

 

new

 

ALS

 

genes.

 

.

 

.
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.

 

.

 

.

 

.

Project

 

MinE

 

Chinese

 

ALS

 

Harmonized

 

WES/WGS

 

ALS

 

P

 

OR

 

P

 

OR

 

a P

 

OR

 

.

 

.
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.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

SLC52A2

 

0.026

 

1.68

 

0.053

 

>1

 

0.620

 

1.09

 

BCCIP

 

0.836

 

0.94

 

0.21

 

>1

 

0.036

 

1.50

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.
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.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

For

 

Project

 

MineE

 

and

 

Chinese

 

ALS,

 

all

 

variants

 

that

 

passed

 

filtering

 

were

 

used.

 

For

 

the

 

harmonized

 

WES/WGS

 

ALS,

 

high

 

impact

 

+

 

moderate

 

variants

 

were

 

used.

 

Note

 

that

 

the

 

harmonized

 

WES/WGS

 

ALS

 

data

 

sets

 

include

 

both

 

Project

 

MinE

 

and

 

Chineses

 

ALS.

 

a

 

SKATO

 

was

 

used,

 

so

 

only

 

the

 

enrichment direction

 

was

 

reported,

 

>

 

1

 

means

 

enriched

 

in

 

cases.

 

Next

 

we

 

sought

 

replication

 

using

 

gene

 

based

 

rare

 

variant

 

analysis

 

result

 

from

 

Project

 

MinE

 

(6538

 

cases

 

and

 

2415

 

controls)

 

[

 

12],

 

Chinese

 

ALS

 

(610

 

ALS

 

cases,

 

460

 

controls)

 

[

 

13],

 

and

 

one

 

large

 

harmonized

 

WES/WGS

 

based

 

ALS

 

analysis

 

(∼13

 

000

 

cases

 

and

 

∼

 

70

 

000

 

controls)

 

which

 

includes

 

both

 

Project

 

MinE

 

and

 

the

 

Chinese

 

ALS

 

data

 

sets

 

(

 

Table

 

3)

 

[

 

14].

 

SLC52A2

 

is

 

significant

 

(P

 

=

 

0.026,

 

OR

 

=

 

1.68)

 

from

 

Project

 

MinE,

 

and

 

with

 

border-line

 

significance

 

(P

 

=

 

0.053)

 

in

 

Chinese

 

ALS,

 

considering

 

all

 

variants

 

when

 

combining

 

both

 

loss

 

of

 

function

 

and

 

missense

 

variants.

 

For

 

the

 

large

 

harmonized

 

WES/WGS

 

based

 

anal-

 

ysis,

 

SLC52A2

 

is

 

not

 

significant,

 

even

 

though

 

the

 

trend

 

is

 

the

 

same.

 

BCCIP

 

is

 

not

 

significant

 

either

 

in

 

Project

 

MinE

 

or

 

the

 

Chinese

 

ALS

 

study,

 

but

 

is

 

significant

 

in

 

the

 

large

 

harmonized

 

ALS

 

analysis

 

(P

 

=

 

0.036,

 

OR

 

=

 

1.50).

 

We

 

also

 

performed

 

sex

 

stratified

 

analysis

 

including

 

chromosome

 

X

 

for

 

both

 

familial

 

and

 

sporadic

 

PGB-ALS

 

versus

 

gnomAD

 

exomes.

 

Results

 

are

 

similar

 

to

 

the

 

analysis

 

without

 

sex

 

stratification

 

for

 

autosomal

 

genes.

 

However,

 

we

 

identified

 

the

 

known

 

X-linked

 

ALS

 

gene

 

UBQLN2

 

with

 

borderline

 

significance

 

in

 

PGB-ALS

 

sporadic

 

cases

 

(P

 

=

 

0.052).

 

Combined

 

analysis of

 

SJ-NBL

 

and

 

KF-NBL

 

identified

 

two

 

new

 

NBL

 

candidate

 

predisposition

 

genes

 

There

 

is

 

no

 

systematic

 

inflation

 

for

 

either

 

individual

 

analysis

 

or

 

combined

 

analysis

 

(

 

Fig.

 

S5).

 

For

 

analysis

 

using

 

putative

 

pathogenic

 

variants

 

including

 

deleterious

 

missense

 

variants,

 

we

 

first

 

validated

 

that

 

the

 

known

 

predisposition

 

gene

 

PHOX2B

 

is

 

significant

 

in

 

SJ-

 

NBL

 

but

 

not

 

in

 

KF-NBL

 

(P

 

SJ-NBL

 

=

 

0.003,

 

P

 

KF-NBL

 

=

 

1,

 

Table

 

S4a),

 

BARD1

 

significant

 

in

 

KF-NBL

 

but

 

not

 

in

 

SJ-NBL

 

(P

 

KF-NBL

 

=

 

0.001,

 

P

 

SJ-NBL

 

=

 

1,

 

Table

 

S4b).

 

Then

 

we

 

sought

 

discovery

 

of

 

novel

 

predis-

 

position

 

genes.

 

There

 

were

 

no

 

exome-wide

 

significant

 

genes

 

in

 

the

 

combined

 

analysis

 

with

 

FDR

 

<

 

0.2

 

(

 

Table

 

S4,

 

S5).

 

We

 

further

 

restricted

 

our

 

analysis

 

to

 

genes

 

in

 

the

 

103

 

predefined

 

pediatric

 

cancer

 

gene

 

list

 

summarized

 

by

 

Christian

 

P

 

Kratz

 

[

 

15]

 

to

 

reduce
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Table

 

4

 

Top

 

genes

 

of

 

combined

 

analysis

 

results

 

of

 

NBL

 

focusing

 

on

 

LoF

 

variants

 

of

 

pediatric

 

cancer

 

genes.

 

.
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.
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.
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.

SJ-NBL

 

KF-NBL

 

Combined

 

analysis

 

gene

 

P

 

OR

 

CILower

 

CIUpper

 

P

 

OR

 

CILower

 

CIUpper

 

P

 

OR

 

CILower

 

CIUpper

 

FDR
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.

 

.

 

.

 

.

 

.

 

.

SMARCA4

 

8.38E-04

 

49.7

 

5.85

 

189.28

 

1.00E+00

 

0

 

0

 

71.96

 

4.28E-03

 

21.38

 

2.54

 

79.97

 

0.16

 

NSD1

 

1.00E+00

 

0

 

0

 

66.91

 

2.00E-03

 

32.1

 

3.76

 

123.63

 

6.79E-03

 

16.73

 

2

 

62.11

 

0.16

 

SDHA

 

1.47E-02

 

11.07

 

1.33

 

40.66

 

4.12E-01

 

1.89

 

0.05

 

10.68

 

3.55E-02

 

4.24

 

0.87

 

12.53

 

0.41

 

PHOX2B

 

1.33E-02

 

79.53

 

1.89

 

512.56

 

1.00E+00

 

0

 

0

 

185.4

 

3.58E-02

 

28.55

 

0.69

 

174.21

 

0.41

 

NF1

 

1.02E-02

 

13.53

 

1.62

 

49.97

 

1.00E+00

 

0

 

0

 

13.33

 

6.97E-02

 

4.68

 

0.56

 

17.09

 

0.48

 

.
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.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

 

.

FDR:

 

false

 

discovery

 

rate;

 

P:

 

P

 

value;

 

OR:

 

odds

 

ratio;

 

CILower,

 

CIUpper:

 

lower

 

and

 

upper

 

bound

 

of

 

95%

 

confidence

 

interval

 

of

 

odds

 

ratios.

 

the

 

number

 

of

 

multiple

 

testings.

 

We

 

found

 

three

 

significant

 

genes

 

with

 

FDR

 

<

 

0.2

 

when

 

restricting

 

genes

 

to

 

the

 

predefined

 

pedi-

 

atric

 

cancer

 

genes. For

 

putative

 

pathogenic

 

variants

 

including

 

deleterious

 

missense

 

variants,

 

known

 

gene

 

PHOX2B

 

is

 

significant

 

(FDR

 

combined

 

=

 

0.10,

 

FDR

 

SJ-NBL

 

=

 

0.01,

 

FDR

 

KF-NBL

 

=

 

1,

 

Table

 

S6).

 

For

 

LoF

 

variants,

 

there

 

are

 

two

 

new

 

significant

 

genes

 

(

 

Table

 

4,

 

Table

 

S7a),

 

SMARCA4

 

(FDR

 

combined

 

=

 

0.16,

 

FDR

 

SJ-NBL

 

=

 

0.01,

 

FDR

 

KF-NBL

 

=

 

1)

 

and

 

NSD1

 

(FDR

 

combined

 

=

 

0.16,

 

FDR

 

SJ-NBL

 

=

 

1,

 

FDR

 

KF-NBL

 

=

 

0.06).

 

SMARCA4

 

is

 

associated

 

with

 

multiple

 

cancers

 

such

 

as

 

rhabdoid

 

tumor,

 

there

 

are

 

two

 

mutation

 

carriers

 

in

 

SJ-NBL,

 

one

 

stop-gain

 

and

 

one

 

frameshift

 

(

 

Table

 

S7b).

 

A

 

recently

 

published

 

study

 

suggested

 

SMARCA4

 

as

 

a

 

predisposition

 

gene

 

for

 

NBL

 

and

 

reported

 

11

 

neuroblastoma

 

patients

 

with

 

SMARCA4

 

mutations,

 

with

 

one

 

stop-gain

 

variant

 

overlapping

 

with

 

our

 

analysis

 

[

 

16].

 

NSD1

 

is

 

associated

 

with

 

Sotos

 

syndrome

 

with

 

elevated

 

risk

 

of

 

cancers,

 

there

 

are

 

two

 

NBL

 

carriers,

 

one

 

stop-gain

 

and

 

one

 

frameshift

 

variants.

 

Even

 

though

 

there

 

is

 

no

 

report

 

of

 

NSD1

 

being

 

a

 

predispo-

 

sition

 

gene

 

before,

 

NSD1

 

hypermethylation

 

was

 

a

 

predictor

 

of

 

poor

 

outcome

 

in

 

high-risk

 

neuroblastoma.

 

Large

 

control

 

sample

 

size

 

can

 

improve

 

the

 

significance

 

level

 

of

 

rare

 

variant

 

analysis

 

When

 

the

 

mutation

 

frequency

 

is

 

very

 

low,

 

small

 

control

 

size

 

can

 

reduce

 

power

 

because

 

of

 

the

 

uncertainty

 

in

 

estimating

 

risk

 

allele

 

carrier

 

frequencies

 

in

 

controls.

 

This

 

was

 

also

 

reported

 

before

 

in

 

our

 

analysis

 

of

 

acute

 

lymphocytic

 

leukemia

 

using

 

gnomAD

 

v2

 

[

 

7].

 

Here

 

we

 

show

 

another

 

example.

 

In

 

the

 

analysis

 

of

 

SJ-NBL,

 

PHOX2B

 

is

 

ranked

 

the

 

second

 

when

 

using

 

gnomAD

 

exomes

 

(∼700

 

000

 

samples)

 

with

 

P

 

=

 

0.00028.

 

We

 

have

 

also

 

tested

 

the

 

association

 

between

 

SJ-

 

NBL

 

and

 

gnomAD

 

genomes

 

(

 

Table

 

S8),

 

which

 

has

 

∼

 

70

 

000

 

samples,

 

about

 

one

 

tenth

 

of

 

the

 

sample

 

size

 

of

 

gnomAD

 

exomes,

 

PHOX2B

 

is

 

ranked

 

third

 

with

 

a

 

reduced

 

P

 

value

 

0.0011.

 

Even

 

though

 

in

 

general

 

significance

 

increases

 

with

 

larger

 

control

 

size,

 

there

 

is

 

no

 

guarantee

 

that

 

gnomAD

 

v4.1

 

exomes

 

will

 

always

 

achieve

 

more

 

significant

 

P-

 

values

 

than

 

gnomAD

 

v4.1

 

genomes

 

because

 

of

 

intrinsic

 

fluctuations

 

of

 

mutation

 

carriers

 

in

 

data

 

and

 

power

 

plateau

 

for

 

large

 

control

 

sample

 

sizes.

 

CoCoRV-nf

 

is

 

cost-effective

 

in

 

the

 

cloud

 

We

 

compared

 

the

 

computational

 

cost

 

of

 

the

 

analysis

 

from

 

different

 

execution

 

environments.

 

We

 

use

 

the

 

analysis

 

of

 

sporadic

 

PGB-ALS

 

ver-

 

sus

 

gnomAD

 

v4.1

 

exomes

 

as

 

an

 

example

 

(

 

Table

 

5),

 

which

 

represents

 

the

 

general

 

trend

 

for

 

other

 

analyses.

 

The

 

computing

 

time

 

ranges

 

are

 

similar,

 

∼

 

5–6

 

hours

 

for

 

the

 

completion

 

of

 

the

 

full

 

workflow,

 

with

 

local

 

HPC

 

the

 

fastest

 

mainly

 

due

 

to

 

no

 

overhead

 

of

 

node

 

scheduling

 

and

 

activation

 

as

 

in

 

the

 

cloud.

 

The

 

peak

 

memory

 

is

 

also

 

similar,

 

∼

 

12-13GB.

 

The

 

cloud

 

based

 

cost

 

is

 

$

 

30

 

using

 

AWS

 

Health

 

Omics

 

and

 

$

 

50

 

using

 

DNAnexus.

 

The

 

cost-effective

 

analysis

 

allows

 

investigators

 

to

 

perform

 

efficient

 

analysis

 

and

 

take

 

advantage

 

of

 

the

 

large

 

external

 

sequencing

 

data

 

as

 

controls.

 

Discussion

 

We

 

proposed

 

a

 

powerful

 

and

 

cost

 

effective

 

tool

 

to

 

leverage

 

large

 

exter-

 

nal

 

biobank

 

data

 

as

 

controls

 

for

 

gene

 

based

 

burden

 

analysis,

 

which

 

supports

 

both

 

local

 

clusters

 

and

 

cloud

 

environments.

 

By

 

applying

 

the

 

tool

 

to

 

two

 

neurological

 

diseases:

 

ALS

 

and

 

NBL,

 

we

 

not

 

only

 

replicated

 

known

 

predisposition genes,

 

but

 

also

 

identified

 

new

 

candidate

 

genes:

 

SLC52A2

 

for

 

sporadic

 

ALS,

 

BCCIP

 

for

 

familial

 

ALS,

 

and

 

SMARCA4,

 

NSD1

 

for

 

NBL.

 

We

 

share

 

the

 

full

 

genome-wide

 

analysis

 

results

 

in

 

the

 

supplementary

 

material,

 

which

 

can

 

be

 

used

 

for

 

future

 

meta-analysis.

 

Application

 

of

 

our

 

tool

 

to

 

other

 

diseases,

 

e.g.

 

rare

 

genetic

 

diseases

 

or

 

cancers,

 

will

 

likely

 

result

 

in

 

discovery

 

of

 

more

 

predisposition

 

genes.

 

One

 

limitation

 

of

 

our

 

analysis

 

result

 

is

 

that

 

we

 

used

 

a

 

lenient

 

FDR

 

threshold

 

0.2,

 

and

 

we

 

haven’t

 

performed

 

independent

 

validation

 

of

 

the

 

candidate

 

genes.

 

In

 

addition,

 

we

 

used

 

published

 

rare

 

variant

 

anal-

 

ysis

 

results

 

for

 

new

 

ALS

 

candidate

 

genes

 

which

 

included

 

all

 

missense

 

variants

 

in

 

the

 

analysis,

 

not

 

the

 

same

 

as

 

the

 

variant

 

group

 

in

 

our

 

ALS

 

analysis

 

which

 

includes

 

missense

 

variants

 

with

 

REVEL

 

score

 

>

 

0.65.

 

Therefore,

 

these

 

identified

 

genes

 

are

 

only

 

candidate

 

genes

 

so

 

addi-

 

tional

 

independent

 

validation

 

is

 

needed

 

to

 

confirm

 

their

 

associations.

 

Notably,

 

BCCIP

 

was

 

significantly

 

enriched

 

in

 

rare

 

variants

 

in

 

the

 

recent

 

study

 

(p

 

=

 

0.03)

 

[

 

14].

 

Mutation

 

in

 

SLC52A2

 

can

 

cause

 

BVVLS2,

 

characterized

 

by

 

early

 

childhood onset

 

of

 

sensorineural

 

deafness,

 

bulbar

 

dysfunction,

 

muscle

 

weakness,

 

and

 

respiratory

 

insufficiency,

 

which

 

shows

 

phenotypic

 

similarity

 

with

 

ALS.

 

However,

 

BVVLS2

 

is

 

auto-recessive,

 

while

 

in

 

our

 

analyzed

 

patients

 

all

 

rare

 

variants

 

are

 

heterozygous

 

(

 

Table

 

S2d).

 

In

 

addition,

 

SLC52A2

 

carriers

 

in

 

PGB-ALS

 

have

 

age

 

of

 

onset

 

at

 

least

 

48,

 

and

 

at

 

least

 

56

 

in

 

ANSWER-ALS

 

except

 

one

 

missing

 

value.

 

Therefore,

 

the

 

likelihood

 

of

 

diagnosis

 

contamination

 

of

 

the

 

known

 

BVVLS2

 

is

 

low.

 

Recent

 

reports

 

show

 

genes

 

implicated

 

in

 

autosomal

 

recessive

 

neurological

 

diseases

 

such

 

as

 

HSP

 

could

 

confer

 

the

 

risk

 

for

 

ALS

 

[

 

17–

 

19].

 

When

 

examining

 

the

 

structure

 

location

 

of

 

observed

 

eight

 

variants,

 

all

 

are

 

within

 

or

 

close

 

to

 

the

 

predicted

 

trans-

 

membrane

 

domains

 

of

 

SLC52A2

 

(

 

Fig.

 

S6).

 

Four

 

out

 

of

 

nine

 

carriers

 

have

 

known

 

pathogenic

 

variants

 

from

 

ClinVar

 

(two

 

p.G306R

 

from

 

two

 

different

 

genetic

 

variants

 

and

 

two

 

p.L339P).

 

We

 

further

 

examined

 

the

 

normalized

 

gene

 

expression

 

(TPM)

 

of

 

BCCIP

 

of

 

motor

 

neurons

 

from

 

patient

 

induced

 

pluripotent

 

stem

 

cells
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5

 

Cost

 

comparison

 

of

 

running

 

the

 

workflow

 

in

 

cluster

 

and

 

clouds.
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Runtime

 

6

 

h

 

31

 

m

 

6

 

h

 

47

 

m

 

5

 

h

 

14

 

m

 

44

 

s

 

CPU

 

&

 

memory

 

allocated

 

(head

 

node)

 

omics.m.2xlarge

 

3.4

 

GHz,

 

8vCPUs,

 

32GB

 

RAM

 

mem2_hdd2_v2_x4

 

3.59

 

GHz,

 

4vCPUs,

 

16

 

GB

 

RAM

 

cluster

 

node,

 

2.8

 

GHz,

 

32GB

 

RAM

 

Maximal

 

memory

 

used

 

12.07

 

GB

 

12.46

 

GB

 

12.99

 

GB

 

Disk

 

allocated/used

 

2400

 

GB

 

2000

 

GB

 

768

 

GB

 

Cost

 

$

 

28.05

 

$

 

49.27
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.

 

.

 

.

 

.

 

.

 

.

(iPSC)

 

in

 

ANSWER

 

ALS.

 

Of

 

the

 

three

 

putative

 

pathogenic

 

mutation

 

carriers

 

(

 

Table

 

S3d),

 

the

 

one

 

with

 

a

 

heterozygous

 

frameshift

 

variant

 

in

 

exon

 

1

 

showed

 

∼

 

50%

 

of

 

the

 

normal

 

expression

 

(5.72

 

vs.

 

median

 

value

 

10.16),

 

with

 

under-representative

 

alternate

 

allele

 

(

 

Fig.

 

S7),

 

suggesting

 

potential

 

nonsense

 

mediate

 

decay.

 

Another

 

carrier

 

with

 

a

 

heterozy-

 

gous

 

frameshift

 

variant

 

in

 

the

 

last

 

exon

 

(exon

 

7)

 

showed

 

normal

 

range

 

expression

 

(13.04),

 

likely

 

escaping

 

nonsense

 

mediated

 

decay.

 

However,

 

the

 

functional

 

effect

 

on

 

the

 

truncated

 

protein

 

is

 

not

 

clear.

 

The

 

one

 

with

 

the

 

nonsynonymous

 

variant

 

in

 

exon

 

3

 

showed

 

normal

 

expression

 

(10.09)

 

as

 

expected,

 

suggesting

 

that

 

the

 

impact

 

is

 

likely

 

on

 

the

 

function

 

of

 

the

 

normal

 

expressed

 

mutated

 

protein.

 

Our

 

initial

 

pairing

 

of

 

controls

 

was

 

based

 

on

 

sequencing

 

instruments

 

and

 

historical time.

 

For

 

example,

 

PGB

 

ALS

 

and

 

SJ

 

NBL

 

spanned

 

over

 

8

 

years

 

and

 

were

 

mixed

 

with

 

multiple

 

Illumina

 

sequencers,

 

so

 

it’s

 

better

 

to

 

pair

 

with

 

gnomAD,

 

which is

 

also

 

a

 

retrospective

 

collection

 

of

 

multiple

 

large

 

scale

 

studies

 

for

 

over

 

10

 

years.

 

While

 

ANSWER

 

ALS

 

and

 

KF

 

NBL

 

were

 

from

 

NovaSeq,

 

which

 

is

 

more

 

consistent

 

with

 

AoU.

 

However,

 

we

 

think

 

other

 

pairings

 

with

 

controls

 

should

 

work

 

in

 

general

 

and

 

lead

 

to

 

similar

 

combined

 

results. We

 

further

 

did

 

a

 

sensitivity

 

for

 

sporadic

 

ALS

 

by

 

switching

 

the

 

control

 

counts

 

in

 

the

 

two

 

case–control

 

pairs

 

and

 

regenerated

 

the

 

P-values

 

of

 

individual

 

datasets

 

as

 

well

 

as

 

the

 

combined

 

results (

 

Table

 

S9).

 

The

 

combined

 

results

 

show

 

very

 

similar

 

results

 

with

 

the

 

same

 

Top

 

3

 

genes

 

(SOD1,

 

SLC52A2,

 

and

 

NEK1).

 

For

 

the

 

new

 

candidate

 

genes

 

SLC52A2,

 

P_add

 

of

 

SLC52A2

 

is

 

1.05E-5

 

instead

 

of

 

1.20E-5,

 

P_cat

 

of

 

SLC52A2

 

is

 

7.92E-6

 

instead

 

of

 

9.03E-

 

6.

 

We

 

checked

 

the

 

QQ

 

plots

 

which

 

also

 

showed

 

well

 

calibration.

 

When

 

choosing

 

the

 

control

 

dataset,

 

we

 

think the

 

most

 

important

 

factor

 

is

 

the

 

sample

 

size

 

within

 

each

 

ancestry

 

after

 

making

 

sure

 

the

 

reference

 

build

 

matches.

 

For

 

gene

 

based

 

burden

 

analysis,

 

both

 

WES

 

and

 

WGS

 

controls

 

show

 

well

 

calibrated

 

results

 

in

 

general.

 

We

 

have

 

summarized

 

the

 

sample

 

sizes

 

of

 

both

 

gnomAD

 

and

 

AoU

 

by

 

ancestry

 

in

 

Table

 

S10

 

to

 

assist

 

the

 

decision.

 

Given

 

that

 

the

 

WES

 

samples

 

in

 

gnomAD

 

is often

 

much

 

larger

 

than

 

WGS

 

in

 

general,

 

gnomAD

 

WES

 

is

 

likely

 

the

 

first

 

choice

 

for

 

gnomAD

 

control

 

datasets.

 

Running

 

the

 

analysis

 

using

 

both

 

gnomAD

 

WES

 

and

 

WGS

 

can

 

provide

 

a

 

sensitivity

 

check.

 

In

 

some

 

cases,

 

gnomAD

 

WGS

 

may

 

provide

 

better

 

coverage

 

of

 

exons

 

than

 

gnomAD

 

WES

 

and

 

be

 

more

 

powerful

 

as

 

shown

 

in

 

our

 

previous

 

analysis

 

[

 

20].

 

AoU

 

v8

 

has

 

about

 

four

 

times

 

sample

 

sizes

 

of

 

gnomAD

 

v4.1

 

WES

 

for

 

African

 

American

 

ancestry

 

and

 

about

 

3.5

 

times

 

sample

 

size

 

for

 

Admixed

 

American

 

ancestry,

 

so

 

AoU

 

may

 

improve

 

the

 

statistical

 

power

 

for

 

case

 

cohorts

 

from

 

African

 

American

 

or

 

Admixed

 

American

 

ancestry.

 

There

 

are

 

also

 

limitations

 

of

 

CoCoRV-nf.

 

One

 

common

 

pattern

 

of

 

false

 

association

 

we

 

found

 

is

 

that

 

a

 

single

 

variant

 

observed

 

in

 

multiple

 

samples

 

drives

 

the

 

association

 

signal

 

of

 

the

 

gene.

 

In

 

this

 

case,

 

we

 

recommend

 

careful

 

examinations

 

before

 

claiming

 

statistical

 

signif-

 

icance.

 

Firstly,

 

check

 

whether

 

the

 

alternate

 

allele

 

read

 

frequencies

 

(VAFs)

 

are

 

away

 

from

 

expected

 

value

 

0.5

 

for

 

a

 

heterozygous

 

genotype.

 

If

 

most

 

VAFs

 

are

 

far

 

less

 

than

 

0.5,

 

e.g.

 

0.2–0.3,

 

this

 

indicates

 

poor

 

variant

 

quality,

 

and

 

the

 

variant

 

should

 

be

 

excluded.

 

Secondly,

 

perform

 

a

 

sensitivity check

 

using

 

both

 

gnomAD

 

exomes

 

and

 

genomes.

 

One

 

example

 

is

 

the

 

variant

 

chr12–11

 

062

 

035-A-ACC,

 

which

 

is

 

a

 

true

 

variant

 

from

 

gnomAD

 

genomes

 

with

 

overall

 

alternate

 

allele

 

frequency

 

(AF)

 

0.008

 

but

 

does

 

not

 

exist

 

from

 

gnomAD

 

exomes

 

even

 

though

 

it

 

is

 

inside

 

the

 

exon

 

of

 

gene

 

TAS2R46,

 

which

 

can

 

lead

 

to

 

false

 

positive

 

association

 

if

 

not

 

excluded

 

when

 

using

 

gnomAD

 

exomes.

 

Thirdly,

 

check

 

the

 

possi-

 

bility

 

of

 

founder

 

mutations

 

only

 

present

 

in

 

the

 

cases.

 

Specifically,

 

we

 

need

 

to

 

check

 

the

 

AF

 

of

 

controls

 

from

 

the

 

more

 

granular

 

population

 

where

 

the

 

cases

 

were

 

collected.

 

For

 

example,

 

if

 

the

 

case

 

population

 

is

 

also

 

represented

 

in

 

gnomAD

 

HGDP/1KG

 

subpopulations,

 

we

 

can

 

compare

 

AF

 

of

 

the

 

more

 

granular

 

subpopulation

 

with

 

that

 

of

 

the

 

general

 

continental

 

population

 

to

 

see

 

if

 

AF

 

is

 

substantially

 

higher

 

in

 

the

 

subpopulation.

 

So

 

far

 

our

 

application

 

of

 

CoCoRV-nf

 

focuses

 

on

 

the

 

gene

 

coding

 

regions.

 

Given

 

the

 

availability

 

of

 

WGS,

 

in

 

principle

 

noncoding

 

regions

 

can

 

also

 

be

 

analyzed

 

either

 

independently

 

or

 

together

 

with

 

coding

 

regions.

 

More

 

investigation

 

is

 

needed

 

into

 

how

 

to

 

best

 

incorporate

 

the

 

noncoding

 

regions

 

to

 

facilitate

 

the

 

analysis.

 

Another

 

direction

 

is

 

gene

 

set/pathway

 

based

 

analysis,

 

which

 

may

 

provide

 

stronger

 

signal

 

than

 

individual

 

genes.

 

Now

 

multiomics

 

data

 

generated

 

for

 

a

 

specific

 

disease/trait

 

is

 

not

 

uncommon,

 

e.g.

 

ANSWER

 

ALS

 

has

 

both

 

WGS

 

and

 

gene

 

expression

 

data

 

from

 

patient

 

iPSC

 

derived

 

motor

 

neurons.

 

How

 

to

 

best

 

integrate

 

multiomics

 

data

 

to

 

prioritize

 

predispo-

 

sition

 

genes

 

associated

 

with

 

diseases/traits

 

will

 

be

 

another

 

interesting

 

direction.

 

Materials

 

and

 

methods

 

Power

 

simulation

 

with

 

different

 

control

 

samples

 

sizes

 

To

 

illustrate

 

the

 

effect

 

of

 

control

 

sample

 

sizes

 

on

 

statistical

 

power

 

given

 

a

 

fixed

 

sample

 

size

 

of

 

cases,

 

we

 

performed

 

a

 

series

 

of

 

power

 

simula-

 

tions.

 

We

 

considered

 

three

 

settings:

 

1)

 

high

 

penetrance

 

ultra

 

rare

 

vari-

 

ants;

 

2)

 

high

 

risk

 

rare

 

variants;

 

3)

 

moderate

 

risk

 

common

 

variants.

 

For

 

all

 

simulations,

 

we

 

assumed

 

a

 

dominant

 

model

 

and

 

used

 

population

 

controls,

 

considering

 

that

 

for

 

rare

 

variants

 

often

 

only

 

heterozygotes

 

are

 

observed,

 

and

 

it

 

is

 

often

 

more

 

convenient

 

to

 

view

 

external

 

data

 

sets

 

as

 

population

 

controls

 

which

 

might

 

contain

 

few

 

cases,

 

such

 

as

 

gnomAD.

 

More

 

simulation

 

details

 

are

 

in

 

Supplementary

 

text.

 

Fisher

 

exact

 

test

 

was

 

used

 

for

 

the

 

association

 

test,

 

and

 

the

 

genome-wide

 

significance

 

threshold

 

was

 

set

 

to

 

2.5

 

×

 

10

 

−6

 

assuming

 

a

 

Bonferroni

 

adjustment

 

for

 

20

 

000

 

genes.

 

We

 

simulated

 

different

 

control

 

sizes

 

for

 

each

 

fixed

 

number

 

of

 

cases:

 

200,

 

600,

 

1200,

 

2000,

 

and

 

evaluated

 

the

 

empirical

 

power

 

using

 

1000

 

replicates.
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Predicting

 

ancestry

 

population

 

using

 

gnomAD’s

 

random

 

forest

 

classifier

 

One

 

critical

 

step

 

in

 

association

 

analysis

 

is

 

to

 

account

 

for

 

population

 

structure,

 

e.g.

 

using

 

principal

 

components

 

(PCs)

 

[

 

21]

 

derived

 

from

 

genotype

 

matrix.

 

Given

 

that

 

only

 

summary

 

count

 

information

 

is

 

avail-

 

able

 

from

 

gnomAD,

 

calculating

 

PCs

 

is

 

not

 

possible.

 

However,

 

we

 

can

 

still

 

match

 

the

 

major

 

ancestry

 

groups

 

to

 

account

 

for

 

the

 

ancestry

 

differences.

 

This

 

ancestry

 

group

 

prediction

 

is

 

implemented

 

using

 

the

 

python

 

package

 

hail

 

and

 

gnomAD

 

python

 

package.

 

We

 

apply

 

the

 

classifier

 

to

 

both

 

gnomAD

 

and

 

AoU

 

controls

 

because

 

AoU

 

uses

 

almost

 

the

 

same

 

ancestry

 

groups

 

as

 

gnomAD.

 

Sex

 

stratified

 

analysis including

 

chromosome

 

X

 

and

 

Y

 

We

 

extend

 

CoCoRV

 

based

 

analysis

 

to

 

the

 

sex

 

chromosomes

 

X

 

and

 

Y

 

in

 

our

 

tool.

 

The

 

challenge

 

is

 

the

 

different

 

copies

 

of

 

sex

 

chromosomes

 

between

 

males

 

and

 

females.

 

Our

 

main

 

idea

 

is

 

that

 

we

 

not

 

only

 

stratify

 

the

 

data

 

by

 

ancestry,

 

but

 

also

 

by

 

sex,

 

i.e.

 

all

 

individuals

 

are

 

partitioned

 

into

 

each

 

ancestry-sex

 

group.

 

Then

 

we

 

use

 

the

 

available

 

sex-ancestry

 

specific

 

alternate

 

allele

 

counts

 

(AC)

 

and

 

total

 

allele

 

counts

 

(AN)

 

anno-

 

tation

 

from

 

gnomAD

 

as

 

control

 

counts.

 

Generation

 

of

 

summary

 

count

 

resource

 

for

 

all

 

of

 

us

 

and

 

gnomAD

 

We

 

processed

 

AoU

 

v8

 

samples

 

(∼415

 

K)

 

into

 

a

 

format

 

similar

 

to

 

that

 

in

 

gnomAD.

 

For

 

AoU,

 

due

 

to

 

the

 

data

 

size,

 

currently

 

only

 

variants

 

in

 

cod-

 

ing

 

and

 

neighboring

 

regions

 

were

 

included,

 

and

 

sex

 

specific

 

AC

 

and

 

AN

 

were

 

not

 

available

 

yet.

 

For

 

those

 

with

 

coverage

 

summary

 

statistics,

 

e.g.

 

gnomAD

 

v2.1,

 

v4.1,

 

we

 

generated

 

a

 

new

 

BED

 

file

 

where

 

there

 

are

 

at

 

least

 

10×

 

coverage

 

for

 

90%

 

samples

 

for

 

autosomal

 

chromosomes,

 

and

 

10×

 

coverage

 

for

 

40%

 

samples

 

for

 

sex

 

chromosomes.

 

Variant

 

annotation

 

and

 

defining

 

variant

 

groups

 

Both

 

ANNOVAR

 

[

 

22]

 

and

 

VEP

 

[

 

23]

 

are

 

supported

 

in

 

our

 

tool.

 

Because

 

we

 

pre-annotated

 

the

 

control

 

variants

 

with

 

both

 

ANNOVAR

 

and

 

VEP

 

in

 

gnomAD

 

exomes,

 

genomes,

 

and

 

AoU,

 

only

 

case

 

data

 

need

 

to

 

be

 

annotated

 

in

 

association

 

analysis,

 

which

 

significantly

 

reduces

 

the

 

analysis

 

time.

 

The

 

annotations

 

are

 

then

 

used

 

to

 

define

 

variant

 

groups.

 

Our

 

tool

 

provides

 

a

 

flexible

 

way

 

in

 

defining

 

variant

 

groups

 

by

 

using

 

R’s

 

logical

 

and

 

comparison

 

syntax.

 

Combined

 

analysis of

 

multiple

 

case–control

 

count

 

tables

 

For

 

each

 

case–control

 

analysis,

 

CoCoRV

 

outputs

 

the

 

2

 

×

 

2

 

×

 

K

 

case–

 

control

 

count

 

matrix

 

for

 

K

 

ancestry

 

groups,

 

where

 

for

 

each

 

ancestry

 

group,

 

it

 

is

 

a

 

2

 

×

 

2

 

table

 

between

 

disease

 

status

 

(case

 

or

 

control)

 

and

 

risk

 

allele

 

carrier

 

status

 

(carrier

 

or

 

non-carrier).

 

We

 

provide

 

two

 

ways

 

to

 

combine

 

results

 

from

 

multiple

 

case–control

 

results

 

generated

 

by

 

CoCoRV.

 

The

 

first

 

is

 

concatenation

 

(cat):

 

given

 

N

 

result

 

matrices

 

2

 

×

 

2

 

×

 

K

 

i

 

,

 

i

 

=

 

1

 

·

 

·

 

·

 

N

 

,

 

concatenate

 

all

 

matrices

 

into

 

one

 

single

 

matrix

 

of

 

dimension

 

2

 

×

 

2

 

×

 

∑

 

N

 

i=1

 

K

 

i

 

.

 

The

 

second

 

is

 

by

 

adding

 

counts

 

of

 

the

 

same

 

ancestry

 

group

 

(add):

 

for

 

each

 

shared

 

ancestry

 

group

 

from

 

multiple

 

analysis

 

results,

 

add

 

the

 

corresponding

 

counts

 

to

 

form

 

a

 

new

 

2

 

×

 

2

 

table

 

for

 

the

 

shared

 

ancestry

 

group,

 

resulting

 

a

 

2

 

×

 

2

 

×

 

L

 

matrix

 

assuming

 

L

 

distinct

 

ancestry

 

groups

 

among

 

all

 

analysis

 

results.

 

Once

 

the

 

final

 

count

 

matrix

 

is

 

created,

 

the

 

same

 

Cochran–Mantel-Hansel

 

test

 

and

 

FDR

 

calculation

 

accounting

 

for

 

heterogeneous

 

distributions of

 

genes

 

are

 

used.

 

The

 

method

 

‘add’

 

assumes

 

that

 

each

 

ancestry

 

group

 

from

 

multiple

 

analyses

 

are

 

homogeneous

 

in

 

terms

 

of

 

frequencies

 

of

 

risk

 

allele

 

carriers

 

in

 

cases

 

and

 

controls.

 

Therefore,

 

the

 

method

 

‘cat’

 

is

 

more

 

robust,

 

even

 

though

 

they

 

show

 

similar

 

results

 

in

 

our

 

analysis.

 

Gene

 

based

 

rare

 

variant

 

burden

 

analysis

 

and

 

combined

 

analysis of

 

two

 

disease

 

cohorts

 

Two

 

Amyotrophic

 

lateral

 

sclerosis

 

(ALS)

 

cohorts

 

are

 

the

 

CReATe

 

Consortium’s

 

Phenotype–Genotype-Biomarker

 

(PGB)

 

study

 

(n

 

=

 

470)

 

[

 

19]

 

and

 

ANSWER-ALS

 

(n

 

=

 

713)

 

[

 

24]. Two

 

Neuroblastoma

 

(NBL)

 

cohorts

 

are

 

St.

 

Jude

 

pediatric

 

cancer

 

genomes

 

study

 

(SJ-NBL,

 

n

 

=

 

458)

 

[

 

25]

 

and

 

Kids

 

First

 

study

 

(KF-NBL,

 

n

 

=

 

560)

 

[

 

26].

 

To

 

our

 

knowledge,

 

due

 

to

 

the

 

sparsity

 

of

 

neuroblastoma

 

sequencing

 

data,

 

our

 

analysis

 

includes

 

the

 

largest

 

number

 

of

 

cases

 

and

 

controls

 

among

 

gene

 

based

 

burden

 

analysis

 

in

 

identifying

 

neuroblastoma

 

predisposition

 

genes

 

[

 

27,

 

28].

 

All

 

four

 

disease

 

cohorts

 

were

 

whole

 

genome

 

sequenced

 

and

 

aligned

 

to

 

GRCh38

 

using

 

BWA

 

[

 

29].

 

GATK

 

[

 

30]

 

was

 

used

 

to

 

generate

 

the

 

gVCF

 

files

 

and

 

jointly call

 

the

 

multi-sample

 

VCF

 

files.

 

Variant

 

QC

 

was

 

then

 

performed

 

using

 

VQSR

 

following

 

the

 

GATK

 

best

 

practices.

 

We

 

used

 

PCRelate

 

[

 

31]

 

to

 

perform

 

relatedness

 

analysis

 

to

 

keep

 

unrelated

 

individuals,

 

e.g.

 

removing

 

related

 

individuals

 

up

 

to

 

3

 

rd

 

-degree.

 

For

 

PGB,

 

two

 

samples

 

out

 

of

 

472

 

were

 

excluded

 

due

 

to

 

relatedness/low

 

quality,

 

resulting

 

in

 

470

 

samples

 

used

 

in

 

the

 

analysis.

 

In

 

the

 

gene

 

based

 

burden

 

analysis,

 

gnomAD

 

exomes

 

served

 

as

 

controls

 

for

 

PGB

 

and

 

SJ-NBL,

 

and

 

AoU

 

served

 

as

 

controls

 

for

 

ANSWER-ALS

 

and

 

KF-NBL.

 

After

 

each

 

individual

 

case–control

 

analysis,

 

we

 

performed

 

a

 

combined

 

analysis

 

using

 

the

 

summary

 

count

 

information

 

from

 

two

 

analysis

 

results.

 

The

 

main

 

variant

 

group

 

we

 

used

 

in

 

the

 

analysis

 

is

 

ANNOVAR

 

based

 

putative

 

pathogenic

 

group,

 

which

 

includes

 

stop

 

gain,

 

frameshift

 

insertion

 

or

 

deletion,

 

and

 

missense

 

with

 

REVEL

 

>

 

0.65.

 

In

 

the

 

analysis

 

of

 

NBL,

 

we

 

also

 

used

 

the

 

loss

 

of

 

function

 

(LoF)

 

variant

 

group:

 

stop

 

gain,

 

frameshift

 

insertion

 

or

 

deletion,

 

and

 

canonical

 

splicing.
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v2.1

 

and

 

v4.1

 

in

 

AWS

 

s3

 

bucket:

 

s3://cocorv-resource-files/.

 

Analysis

 

using

 

AoU

 

controls

 

is

 

not

 

shared

 

due

 

to

 

AoU

 

policy,

 

but

 

can

 

be

 

done

 

through

 

collaboration

 

with

 

authors.
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Code
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GitHub
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Ethics
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