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Overview

Review of the large-scale studies we are working on at FMRIB
e Human Connectome Project
e Developing Human Connectome Project
e UK Biobank Imaging extension
e Multi-study identification of pharmacological biomarkers

Themes
e Pipeline development and applications
e Multi-modal analysis methods
e Automated QA
e Sparse methods
e Meta-analysis and multi-study inference



Human Connectome Project

Structural connectivity (SC) Functional connectivity (FC)
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® $30m project: the best in vivo human macro-connectome mapping
® Main groups: WashU (Van Essen), UMinn (Ugurbil) & FMRIB

® Diffusion-MRI<—=Resting-FMRl«—behavioural measures<«>genetics

® 1200 subjects

® Data and network models freely available
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Human Connectome Project

Acquisition

journal homepage: www.elsevier.com/locate/ynimg

Coments ksts avalable ot SciVerse ScienceDirect

Neurolmage

Pushing spatial and temporal resolution for functional and diffusion MRI @ ——

in the Human Connectome Project

Kamil Ugurbil **, Jungian Xu *”, Edward J. Auerbach *, Steen Moeller , An T. Vu *, Julio M. Duarte-Carvajalino *,
Christophe Lenglet *, Xiaoping Wu *, Sebastian Schmitter *, Pierre Francois Van de Moortele *, john Strupp*,
Guillermo Sapiro *<, Federico De Martino *“, Dingxin Wang **, Noam Harel *, Michael Garwood ?,

Livong Chen %, David A. Feinberg %, Stephen M, Smith ", Karla L. Miller *, Stamatios N, Sotiropoulos ",

Saad Jbabdl . Jesper LR. Andersson ", TlmO(hy E) Behrens ™, Matthew F. Glasser’, g 3 Functional maps & 7 T obtained with shoe and phuse-encade acceleration. Two representative coronal siiors showing functional acthvation mups obtained with 16 fold two dimension

David C. Van Essen’, Essa Yacoub ®
for the WU-Minn HCP Consortium

EPI

acccleration (4 fold shoe (Le. M2 « 4) and 4 Sold In-plane phase encode acocierasons ) for 3 complex viseo-motor dissoclation taskc 90 siioes were aoguired In 1.5 swith 1 x | mm® i plane
resoletion 2 s shoe thickeess. A total of 252 images were obtained with the selyects performsing the task during theee blocks of on-off periads. Madmal alasing in these data was 16 fold
Adapted from Moeller et Al (2008, 2010
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Human Connectome Project

Analysis Pipelines

HCP Minimal Preprocessing Pipelines
HCP Structural Pipelines

PreFreeSurfer Pipeline | —3 | FreeSurfer Pipeline | —3» | PostFreeSurfer Pipeline

HCP Functional Pipelines *

Diffusion Preprocessing
fMRIVolume Pipeline | —» | fMRISurface Pipeline Pipeline
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FMRI Volumetic Pipeline

pin Echo Fie : EPI Field Ma

Eap(wnn —>oradient 1 lpreprocessing «—{T1w]

rig Timeseries|—> — [Motion Correc- MNI
f Image ' ’

ion to SBRc/ Re,

l //mcmi(y Nor-
»|One Step Spline » |malization and
»|Resampling * [Brain Masking

rFMRI Denoising FMRI Surface Pipeline
. . olume Timeseries Cortical Ribbon-based
Registration/fieldmap QC IX\ MNI Space s Volume to Surface
‘ Mapping with Exclu-
+ sion of Noisy Voxels
Motion QC: scrubbing, data [Parcel Constrained onto Native Mesh
splitting, flag bad runs — Resampling from ) v
¥ Individual to Atlas Surface Resampling to
Subcortical Voxels | |pegistered 32k Mesh
Extraction of physiologic at 2Zmm FWHM i i
signals Zmm FWHM Gaussian
} Surface Smoothing
FIX Denoising with motion and
physiologic regressors Dense Timeseries
91282 Grayordinates




Human Connectome Project

FSL FIX

ldentifies and removes artifactual
components from FMRI time series.

— Utilises spatial and temporal
signatures identified from large,
human generated training dataset
(multiband and standard EPI - can
train your self)

. Workflow:

.- .
' -~

i1

1) preprocess 2) run ICA 3) run FIX 4)
run analysis (Feat, Melodic)

— Currently available as download
(need MATLAB, R).

‘ H%HHHHH%HHE’H PHAEEE R

http://fsl.fmrib.ox.ac.uk/fsl/



Human Connectome Project 2T
FSL FIX

raw data (multiband 6) + preprocessing + ICA+FIX




Human Connectome Project

Multimodal parcellation

FreeSurfer ‘sulc’ fcMRI, parietal seed Myelin map ttMRI (view faces)

A &

Individual

average «
(n=120) / \

Glasser, Van Essen et al, under review



Human Connectome Project

Individual differences

Language Theory of mind Gambling




Human Connectome Project

Using connectivity as a signature of functional areas

—>A

oD

™

()= x + v + v lrain

True activity Learn weights

Predict d<
o0 Use weights for prediction Te St

True activity

Jbabdi&Behrens Nat Neurosci. (News and views) 2012




Human Connectome Project

Using connectivity as a signature of functional areas

subject 2
subject 1

e as | | model
Training Foatures B i ek e
HCP subject 111009

/ . ' subject n
- e WCCEN  Predicted task
: Prediction Features : s

Leave one out

Functional

rfiMRI rfMRI

Structural

Curvature “Mvelin” map
J

Features



Human Connectome Project

Using connectivity as a signature of functional areas

activation
Nx1

features
Nx107

betas
1x107
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50 filters -> 50 GLMs per subject
Filters based on group ICA
average betas (Leave-One-Out predictions)
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Using connectivity as a signature of functional areas

Human Connectome Project



“Human Connectome Project

nature |
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A positive-negative mode

of population covariation
links brain connectivity,
demographics and behavior

Stephen M Smith!, Thomas E Nichols?, Diego Vidaurre?,
Anderson M Winkler!, Timothy E ] Behrens', Matthew F Glasser?,
Kamil Ugurbil®, Deanna M Barch®, David C Van Essen® & Karla L Miller’

We investigated the relationship between individual subjects’
functional connectomes and 280 behavioral and demographic
measures in a single holistic multivariate analysis relating
imaging to non-imaging data from 461 subjects in the

Human Connectome Project. We identified one strong mode
of population co-variation: subjects were predominantly
spread along a single 'positive-negative” axis linking lifestyle,
demographic and psychometric measures to each other and to
a specific pattern of brain connectivity.
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negative

positive

picture vocabulary test
fluid intelligence (number of correct responses)

delay discounting (area under the curve for discounting of $200)

years of education completed
life satisfaction
list sorting working memory test
oral reading recognition test
sustained attention continuous performance test (true positives)
sustained attention continuous performance test (specificity)
delay discounting (area under the curve for discounting of $40000)
picture sequence memory test
years since smoked last cigarette

financial income (8 bands)

peg-board dexterity test (time taken)
visual acuity (ratio)
no history of psychiatric or neurologic disorders - father

pattern comparison processing speed

2-minute walking endurance test
Included in CCA
Excluded age first smoked (smokers only)
Variance explained: thought problems score (self-report)
=~ still smoking
1 7% percelved stress score

regional taste intensity score
rule breaking behavior score (sell-report)

anger-physical aggression score
times used any tobacco today
Pittsburgh sleep quality index (higher is worse)

drug or alcohol problems - father
total weekdays with any tobacco in last week

sustained attention continuous performance test (false positives)
positive test for THC (cannabis)
fluid intelligence (number of skipped responses)
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Smith, Nichols, Vidaurre, Winkler, Behrens,
Glasser, Ugurbil, Barch, Van Essen, Miller
Nature Neuroscience 2015




“Human Connectome Project

namre -
neuroscience

A positive-negative mode

of population covariation
links brain connectivity,
demographics and behavior

Stephen M Smith?, Thomas E Nichols?, Diego Vidaurre?,
Anderson M Winkler', Timothy E ] Behrens', Matthew F Glasser?,
Kamil Ugurbil®, Deanna M Barch®, David C Van Essen® & Karla L Miller!

b CCA edge strength increases,

We investigated the relationship between individual subjects’
functional connectomes and 280 behavioral and demographic
measures in a single holistic multivariate analysis relating
imaging to non-imaging data from 461 subjects in the

Human Connectome Project. We identified one strong mode
of population co-variation: subjects were predominantly
spread along a single ‘positive-negative’ axis linking lifestyle,
demographic and psychometric measures to each other and to
a specific pattern of brain connectivity.



Developing Human Connectome Project @

® Now extend brain connectivity
mapping to understand brain
development...

® ... imaging babies before and after
birth (>1000 babies)

® ... and modelling the effects of
genes and environment

® (Collaboration between FMRIB
Oxford, Kings and Imperial

In utero dynamic MRI: Edwards & Hajnal



Developing Human Connectome Project

Updates to pipelines

Rewritten EPI2Struct

Automated
selection of FMRI Volumetic Pipeline
. Epln Echo Field |__, — e » PE EPI Field Ma ——
fleldmaps, ap (LR/RL) |—>| . .~ | |Preprocessing Distortion oo
tem Iates rig Timeseries = [Correction |=—» [Motion Correc- |—» |Correction "
p f Image — ion to SBR(.‘:‘//
l ‘/ntcns“ynor‘
»|One Step Spline # |malization and
» Resampling # |Brain Masking
Updated Resampling
MB pre- MC cleanu P rFMRI Denoising FMRI Surface Pipeline
. " olume Timesenes [Cortical Ribbon-based
Registration/fieldmap QC |X\ MNISpace |  [Volume to Surface
. Mapping with Exclu-
Slice to volume reg ¥ | sion of Noisy Voxels
Motion QC: scrubbing, data arcel Constrained onto Native Mesh
e . splitting, flag bad runs —_— Resampling from v '
Robustified Motion Corr 3 Individual to Atlas Hace Resampling t
Subcortical Voxels | |Registered 32k Mesh
Extraction of physiologic at 2mm FWHM ) 7
H signals Zmm FWHM Gaussian
Upgraded FIX automatic T Surface Smoothing
artefact cleanu P FIX Denoising with motion and
physiologic regressors Dense Timeseries
91282 Grayordinates

New age-
dependent
templates

Adjusted surface
projection

MSM Surface
registration



Developing Human Connectome Project

Initial surface projections and ICA

LATERAL MEDIAL

Figure 1. Resting state networks resulting from a group ICA performed on 8 subjects
spanning 35-42 weeks PMA. These show some correlation with the following adult

networks: 1=Visual;, 2=Somatomotor; 3=Auditory; 4=Executive control; 5=Frontal parietal



* Brain imaging scientific direction:
Stephen Smith, Karla Miller (Oxford), Paul Matthews (Imperial)

biobank’
'0 am * Brain imaging analysis pipeline:

|maging study Fidel Alfaro Almagro, Stephen Smith (Oxford) and many others

* Original prospective epidemiological study: 500,000, 45-70y
e Imaging Extension: bring back 100,000 for brain, heart, body imaging

e Discover multi-modal early imaging markers of disease

. environment
© & lifestyle

long-term health

outcomes
blood chemistry / _ |ma tm .
{%‘ i =Y p €notlypes
7 g gl
genetics
I\




C uk ° Brain imaging scientific direction:
'0 a‘mk Stephen Smith, Karla Miller (Oxford), Paul Matthews (Imperial)
* Brain imaging analysis pipeline:

|maging study Fidel Alfaro Almagro, Stephen Smith (Oxford) and many others

* How do you scan 100,000 subjects? M

* 3 dedicated centres, 54 subjects/day, / days/week, 5 years! .
- | | L
* What imaging data can you get in 100,000 subjects?
* 35 mins each: brain MR, cardiact+body MRI, bone density, carotid US

* Brain imaging (31 Siemens Skyra, 32ch, multiband fTMRI/dMRI)

 TI anatomical (5 mins) * Resting FMRI (6 mins)
* T2 FLAIR (6 mins) * Task FMRI (4 mins)
* Multi-shell diffusion (7.5 mins) * Susceptibility-weighted (2.5 mins)



C uk ° Brain imaging scientific direction:
.‘) amk Stephen Smith, Karla Miller (Oxford), Paul Matthews (Imperial)
* Brain imaging analysis pipeline:

|maging study Fidel Alfaro Almagro, Stephen Smith (Oxford) and many others

IR, T2* Structural Diffusion Data

T2*

* Volumes of different tissues

* Volumes & shapes of
different subcortical
structures

* Thickness of cortical grey

Fatmeche. Newokigy, 2006

* Lesion volumes (& spatial distribution)  Multiple sclerosis...
* Microbleed volumes  Stroke * Structural connectivity (white-matter tracts) psychiatric diseases...
¢ CSF volume  Alzheimer’s., * White matter biological properties white matter pathologies..

Task FMRI i
Resti ng FMRI TBSS : Tract-Based Spatial Statisics
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* Need: robust “voxelwise™ cross-subject stats on DTI

* Problem: alignment issues confound valid local stats

* TBSS: solve alignment using alignment-invariant features:

* Compare FA taken from tract centres (via skeletonisation)

. n » > | .
* Localise brain function & networks psychiatric diseases... Measure all functional networks  potentially all pathologies....



* Brain imaging scientific direction:
Stephen Smith, Karla Miller (Oxford), Paul Matthews (Imperial)

biobank’
.“ am * Brain imaging analysis pipeline:

|maging study Fidel Alfaro Almagro, Stephen Smith (Oxford) and many others

T |-weighted Structural Data

COLOUR LEGEND

- Tight FOV T1 space

SHAPE LEGEND

] [

.........

|Binary mask (PROCESD)
[}

- -———-—-

{Eg Template

* Volumes of different tissues

* Volumes & shapes of
different subcortical
structures

* Thickness ofacortical grey

subcortical
structures

T1_unblased

Fig 1: Structural T1 pipeline



C uk ° Brain imaging scientific direction:
.0 amk Stephen Smith, Karla Miller (Oxford), Paul Matthews (Imperial)
* Brain imaging analysis pipeline:

|maging study Fidel Alfaro Almagro, Stephen Smith (Oxford) and many others

probabilistic dMRI
modelling:
dominant fibre
direction

averaged over
4000 subjects




lrection

d
averaged over

4000 subjects

modelling
dominant fibre

probabilistic dMRI

, Paul Matthews (Imperial)
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C uk ° Brain imaging scientific direction:
b.o amk Stephen Smith, Karla Miller (Oxford), Paul Matthews (Imperial)
* Brain imaging analysis pipeline:

|maging study Fidel Alfaro Almagro, Stephen Smith (Oxford) and many others

Resting-state

networks: 5
4000-subject 5
group-ICA ®
qv)
5
a
%
O
s
3
a
2.4x2.4x2.4mm?
MB=8, TR=0./3s

tinyurl.com/ukbbrain



C uk ° Brain imaging scientific direction:
'“ amk Stephen Smith, Karla Miller (Oxford), Paul Matthews (Imperial)
* Brain imaging analysis pipeline:

|maging study Fidel Alfaro Almagro, Stephen Smith (Oxford) and many others

Resting-state

networks:
4000-subject
group-ICA

2.4%2.4%x2.4mm?3
MB=8, TR=0./3s

tinyurl.com/ukbbrain




Multivariate population

modelling: multimodal Bayesian

ICA

early-age development aging artefact

Component 4

0.2 .
o o o 0.05
£ o £ o = 3
o © © &
5 o 5 o0 5 o0 2
c c c Wi
o o o e
S 80! 8 _0.05

—0.2 -0.2
— S — 0.1 : - -
0O 10 20 30 40 50 60 70 80 90 0O 10 20 30 40 50 60 70 80 90 13 15 ) 17
Subject age Subject age Software version

484 healthy subjects, ages 8-85y, from collaborators in Oslo (Fjell et al.)

\
A

diffusion
MRI

structural
MRI



l FMRI Biomarker Identification

Dvug Discovery Today « Volume 15 Numbers 21722 « Nowember 2040

What is the value of human FMRI in CNS
drug development?

Richard G. Wise' and Cliff Preston?®

" Carch#! Univeryity Beain Research imaging Contre. 5ch0ol of Prpchology:. Candi University, Park Place, Candt CF1( .
? rtfiolo & Decaion Anslysis Grous, Per Lid Ravagane Roed, Sandwich CT13 980, UK [ Conventional program ]

P=0.5

Launch /
P=0.2 $200m Commercialisation ]
Phase lIb, lll, registration
Phase lla Fail

roof of concept

$20m

Phase | i >{ P

e e

Risk-adjusted value Risk-adjusted retumn
$127m on investment 4.4



l FMRI Biomarker Identification

Dvug Discovery Today « Volume 15 Numbers 21722 « Nowember 2040

What is the value of human FMRI in CNS
drug development?

Richard G. Wise' and Cliff Preston?®

' Carcht Univeryity Brain Research imaging Centre, School of Prpchology. Cand! Univeryty, Park Place. Candét CF 10

* Portfolo & Decaion Anslysis Grous, Plser Lid Ramsgute Rosd Sandwich CT13 9N, UK [ Conventional program ]
P=0.5

Launch /
P=0.2 $200m Commercialisation J

( Phase lIb, Ill, registration
’ 1 ( Phase lla - ;

Phase | } > Fail
. 3 L proof of concept

Fai |

$20m

Risk-adjusted value Risk-adjusted retumn

$127m oninvestment 4.4
[ FMRI program ]
P=0.5
g Launch /
aun
P=0.5 $200m Commercialisation ]
P-0.4r $20m Phase lIb, Ill, registration 2
$2m Phase lla W Fail
% proof of concept
]‘ Phase | }——» FMRI > /
: S Fail
:] Risk-adjusted value Risk-adjusted return
$132m on investment 5.6

Drug Discovery Today



l FMRI Biomarker Identification

a. Quality Assurance b. Pharmacodynamic Effect c. Clinical Efficacy

Qualified Go.
Drug has an effect on

brain, but does not match
past studies. Assess spatial
effects, other evidence

No. No. No. Yes.

Problem with Little indication Baseline responses Imaging suggests
protocol or that drug has an and modeling appear that drug is a
analysis pipeline identifiable effect appropriate. promising

on responses candidate.

Can the drug modulation be

Can drug effect be reliably identified based on a

identified based on other
subjects in study?

Can basic responses be
detected and do they match
past studies?

validated signature of clinical
efficacy?

Yes. Yes.

Baseline responses Drug has a reliable
and modeling effect on brain
appear OK responses.

RESEARCH ARTICLE

NIUROCIMAGING

Learning to identify CNS drug action and efficacy using
multistudy fMRI data

Eugene P, Duft,'* Wiliam Vennart,” Rikhard G, Wise," Matthew A, Moward," Richard £, Marris,”
Michae! Lee," Karolina Wartolowska," Vish I Wanigasekera,' Frederick J. Wilion,”
Mark Whitlock,” trene Tracey,' Mark W. Woolrich,'* Stephen M. Smith’




l FMRI Biomarker Identification

a. Quality Assurance

No.

Problem with
protocol or
analysis pipeline

Can basic responses be
detected and do they match

past studies? Yes.

Baseline responses
and modeling
appear OK

’
surA [OO0000
sweys |OOO0O

b. Pharmacodynamic Effect

No.
Little indication
that drug has an
identifiable effect
on responses

Can drug effect be reliably
identified based on other
subjects in study?

Yes.
Drug has a reliable
effect on brain

responses.

Train Classifier P .

A"

swiy OO 0@ )
<>

sty 0 |OO0000

Study € L. 0000 .J New Study

Past study database Compare

Stimulus validity assessment. Test for differences
between responses of test study and responses
elicited in validated existing studies.

BHHE -~

New Study

Cross-validated signature of pharmacodynamic effect.
Train MVPA algorithm to discriminate drug from
control session maps. Test on held-out subjects (i.e.
leave-one-subject-out cross validation).

c. Clinical Efficacy

Qualified Go.
Drug has an effect on

brain, but does not match
past studies. Assess spatial
effects, other evidence

No. Yes.

Baseline responses Imaging suggests

and modeling appear that drug is a

appropriate. promising
candidate.

Can the drug modulation be
identified based on a

validated signature of clinical
efficacy?

000000~
Known drug 2 . . . . . . Test
Placebo

Known drug 3 New study

Placebo
- -

Past study database Train Classifier

Mufti-study signature of efficacy. Train MVPA algorithm to
identify brain responses associated with established
efficacious drugs, using a set of existing studies studies.
Determine whether algorithm successfully identifies the
presence of the test compound,



l FMRI Biomarker Identification

Assessments of
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Learning to identify CNS drug action and efficacy using
multistudy fMRI data

Eugene P, Duft,'* Wiliam Vennart,” Rikhard G, Wise," Matthew A Moward,* Richard £, Marvis,”
Michael Lee," Karclina ' Vigh gavekera,' 1. Wikon,”
Mark Whitlock,” irene Tracey,' Mark W. Woolrich,'* Stephen M. Smith"
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Drug efficacy
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FMRI Biomarker Identification

Biomarker for Antidepressant Action
Resting-state pharmacologic studies

Tramadol
(FMRIB)
Morphine AMPA Donezepil
(Leiden) (Pfizer) (Pfizer)
Active State
TDCS Ethanol Sertraline  Pregabalin
Slevels = (eMRIB) ~ (Leiden) > (Leiden)  (FMRIB)
(FMRIB)
:’nuy oponﬁ :z" and Ww";:” Tost with robust :::oo: a run?; of resting-
g iocalised, weaker hudies
opan questions for nal offects pharmacological agents
weaker signals) 0

Pain Biomarker for Newborn babies (FMRI & EEQG)
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S e PeNic Girdle Pain In Working Women
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Summary

Brain imaging is moving to the realm of big data, multimodal data, and
multi-study data.
Work at FMRIB is grappling with the increasing complexity of analysis
pipelines, data exploration, and identification of structure.
Challenges of integration of modalities remain.
* We have been cautious about implementing complex
biophysical models
» Sparse methods are crucial
Automated QC is under development
There is still a central role for tradional, smaller studies.

* Analyses need to be integrated into large-scale and multi-scale
frameworks.



- FMRIB Analysis Group

CROUP HEADS POSTDOCS / RESEARCH ASSOCIATES
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