25 environ
& MENTAL

L/
““J

' Validation of putative
‘ biomarkers in clincal

cohorts

WP6: Replication and Validation in
Clinical Cohorts




Overview N
1. Cohort overview

2. Cohort characteristics

3. Major Challenges for Biomarker Identification and Clinical Validation

4. Harmonization: HALFpipe

5. Transdiagnostic Markers: Ventral Striatal Activation

6. Connectomics: GraphVar and NBS-Predict
7. Applications
8. Machine learning approaches to support biomarker discovery and validation



(1) Cohort overview

Population

cohorts

> Identification of
biomarkers

Clinical cohorts
> Validation of
biomarkers

m Diagnosis Size (approx) f(MRI) Age (years) Genotypes  Geospatial WP integration
Poyulation samples, r&gistries
Norwegian Biobanks 400.000 N=500 18-70 + ot 14,12
COVIDMENT 450.000 - 18-70 + + 134,12
Vational cohorts
UK Biobank SCZ, MDD, bipolar 500.000 N=42.000 38-73 + Tt 13.4,12
NAKO 200.000 N=30.000 20-69 + 1 134,12
Deep phenotyped populatign samples
IMAGEN 2.000 N=2.000 14-23 ot + 1.3,4.5.12
MARS 384 N=172 3mo.-34 + + 1.3.4.5,12
PEZ 700 N=500 18-31 ¥ + 1.3.4,5.12
Fudan HC 5.000 N=3.000 18-20 - + 1,3,4,5,12
Moinical samples
y Alcohol, MDD, anxiety 800 N=800 19-25 + + 345,612
AUD cohort Alcohol 401 N=348 20-67 % + 3.4.6,12
NIMH CAT-D MDD 284 N=200 18-40 - + 4,6,12
Fudan depression First-episode depression 1.000 N=900 18-65 + + 3.4.6.12
SUPER MDD 80 N=75 =18 + 33 3.4.6,12
MooDS/Integrament MDD, bipolar, SCZ 400 N=300 20-50 1 + 3.4.6,12
INDICATE MDD, SCZ 100 N=80 20-50 It i 346,12
Fudan SCZ SCZ 2.000 N=1.800 16-40 s + 34.6.12
ESPRIT SCZ 200 N=150 20-50 + + 34.6.12
NeurolMAGE ADHD 600 N=591 5-30 + + 34,612
ASD 737 N=639 6-30 o + 3.4.6.12
ASD/high ASD risk 1.500 N=1.300 3-18 + + 34.6.12
ENIGMA 50.000 N=50.000 + - 14,12
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(1) Cohorts across Europe

N - D[ Equidistant conic

Collaborators

 Charite, CIMH (D)
« RUMC (NL)
« NIMH (UK)
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(2) Cohort characteristics

O Deeply phenotyped population and clinical cohorts

OSeveral large cohorts across different European countries > Heterogenous
data sets

OLongitudinal data > Coverage over different life spans

OExploration of wide array of predictors possible (including biological,
individual, psychosocial and spatiotemporal environmental factors)



(3) Major Challenges for Biomarker Identification @
and Clinical Validation

» Heterogeneity (Data Acquisition/Structure/Analysis - Disorders)
» Sample Size

» Curse of Dimensionality

» Multi-Task-Prediction

» Data Access, Security and Communication Across Sites

» Clinical Translation

» Clinical Usability
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(4) Harmonization: HALFPipe '

“No two teams chose identical workflows to “As sample sizes grew into the thousands,
analyze the data. This flexibility resulted in replication rates began to improve and effect
sizeable variation in hypothesis test results. ” size inflation decreased. ”

Botvinik-Nezer et al. (2020) Marek et al. (2022)
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(4) Harmonization: HALFPipe =
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(4) Harmonization: HALFPipe =

@ @ ® O, ®
Data input and Preprocessing Calculate statistical Quality Group-level
configuration using fMRIPrep maps control statistics
Termlpal-based Automated Brows_er-based Automated
user interface user interface

— Berlin project: Imaging genetics across affective/cognitive/social domains according to RDoC
— Currently: Similar tasks: WM, faces, reward: aiming at 10.000/task)

— Genetics with Sarah Medland

— Join by contacting

— Used already in MDD, PTSD (both rsfMRI) and OCD (tbfMRI)

9
Waller et al. (2022) Neurolmage


mailto:enigma@charit.de

(5) Transdiagnostic Markers
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Ventral striatal (vST) activation is blunted

across disorders (except MDD)

... and is differently related to affective, cognitive
and social domains across disorders
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(6) Connectomic tools

Combining connectomics &

From local activations to networks . . . .
machine learning for prediction

Journal of Neuroscience Methods 308 (2018) 21-33

Contents lists available at ScienceDirect

Journal of Neuroscience Methods + GitHub:
https://github.com/eminSerin/NBS-Predict

ELSEVIER journal homepage: www.elsevier.com/locate/jneumeth

GraphVar 2.0: A user-friendly toolbox for machine learning on functional - NITRC:
EoUIECHVLL THcasuEes https://www.nitrc.org/projects/nbspredict/

L. Waller™', A. Brovkin™”', L. Dorfschmidt™”, D. Bzdok“", H. Walter”, J.D. Kruschwitz"""

Neurolmage

EILSEVIER journal homepage: www.elsevier.com/locate/neuroimage Nﬁ‘lll’OIﬂl&g(‘.‘ 244 (2021) 118625

Evaluating the replicability, specificity, and generalizability of Lot e

connectome fingerprints

Neurolmage

Lea Waller ', Henrik Walter ', Johann D. Kruschwitz, Lucia Reuter, Sabine Miiller, Susanne Erk,
Ilya M. Veer

Journal of Neuroscience Methods

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

ELSEVIER journal homepage: www.elsevier.com/locate/jneumeth

Computational Neuroscience

CUEpIStas e e o e e O R e NBS-Predict: A prediction-based extension of the network-based statistic
of functional brain connectivity
J.D. Kruschwitz*"* 1, D. List»**", L. Waller?, M. Rubinov ¢, H. Walter* Emin Serin®"™®*, Andrew Zalesky®, Adu Matory ¢, Henrik Walter¢, Johann D. Kruschwitz '
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(7) Application: Prediction of Relapse in AUD using =

Connectomics

Clustering (normalized)
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Cross-Validation ROC of GradientBoostingClassifier
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C) Relapse prediction using measures of global and local network topology

-

* Recently detoxified AUDs ((for 2 3 years

» Relapse = occasion of 2 60/48 g (male/female)
pure alcohol intake within 48 weeks

N =176

n=93 n=283
AUD patients Healty controls

n=59 n=28
AUD relapser AUD abstainer

A) Relapsing AUDs: altered network
organization (rsFMRI)

B) Abstaining AUD patients similar to healthy
controls

C) Earlier relapse is associated with more
segregated and less integrated networks in
relapsing AUDs

D) Prediction of relapse: 81% balanced
using Gradient Boosting Classifier.

Bohmer et al., in preparation 12



(7) Controlling for algorithms, confounds, clinical &
phenotypes in AUD

* * K
ttttt

). .
imagen : dataset

» Longitudinal study with baseline (BL) at age
14 and follow-ups at 16 (FU1), 19 (FU2) and

21 (FU3)
» IMAging (structural and functional) and :
GENetic information - L, Mach'ne
Q learning \
* + many questionnaires about personality, = ° B ( _
alcohol/drug use, health, family etc. , © g 5 MaCh.me
. == learning '
» Collected at 8 test centers in Europe o e _
= Machine
e N =2462 > | . age 22
earning
Structural MRI Alcohol misuse
(T1w, DTI-fa) by age 22
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Generalization test

(7) Controlling for algorithms, confound
phenotypes in AUD

ML exploration
with data gxplore
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Rane et al., in revision
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(7) Controlling for algorithms, confounds, clinical
phenotypes in AUD

ML exploration

Generalization test

with data gypiore

with data jpfer

Machine learning

Xe:z:plo‘re
f: Xzzplarz — Yexplore

Brain features
extracted from 2 sMRI
modalities :

4 models
comparison :

Logistic
Regression

P
Linear SVM

e
Kernel SVM :
e J
b
Gradient
Boosting

Best model

Machine learning
Xinfer
f B Xinfer = Yinfer

v v

i Shap

S Binge |-

o drinking

!

D AUDIT | '
: quick :
AUDIT | |
growth :

explanations

Yexplore

10 phenotypes of
alcohol misuse (AAM) :

Combined
(1) Ours
(2) Seo etal. 2019

AUDIT | |

Best phenotype
of AAM

A4

Yinfer

Important
brain
features

Frequency
Amount
Onset

Binge

Binge growth
AUDIT

AUDIT quick
AUDIT _growth
Combined seo

Combined ours

non-significant *&—
T

interval

r

W

R

20 40 60 80 100
Balanced accuracy (%)

FY

C

-

ML models

LR
SVM-lin
SVM-rbf
GB

15

Rane et al., in revision



(7) Controlling for algorithms, confounds, clinical @&

ML exploration

Generalization test

with data gypiore

with data jnfer

Machine learning
Xe:nplare

f: Xzzplarz — Yexplore

phenotypes in AUD

Yexplore

Brain features :
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modalities :
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comparison :
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Xigyr | 75521 83.1+1.9
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(8) Machine learning approaches to support @b
biomarker discovery and validation

Machine learning approaches to support biomarker discovery and validation

* Multitask learning
* Federated data analytics

* Biologically-informed machine learning

A new collaboration platform to advance biomarker discovery and validation

www.foldercase.com

17
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(8) Multi-task machine learning in the systems medicine network <
COMorbidity Modeling via Integrative Transfer machine-learning in MENTal illness
SP1: Joint infrastructure and SP3: Systems medicine knowledge
project management and mechanisms
a . .
SP2: Da.ta coordn:la.tlon, ( SP6: Lifespan trajectories )
expansion and clinical
validation Y,
DATA —» ,,/' $P4 - multi-OMICs \ e 4+— DATA g )
£ ® - i ™~ g
g . . .. .l.' ® \'::, /| Transfer learning | . | 3 % E ,
° o ® .. ¢ i e : ‘ °I- Subject level Z statistic
®0%°® o .
® ' e | T Tl D Age
\_ Prediction .~/ LU ) ) e A S
Cardiovascular
SP5: Multi-scale, multimodal
stratification and
Figure 1. Schematic overview of COMMITMENT comorbidity analysis .
SchwarzE, et al. Mol. Psychiatry 2020
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(8) Multi-task machine learning
in the systems medicine network COMMITMENT

Application scenarios multi-task learning

Multi-cohort biomarker discovery
« improved identification of reproducible signatures
* Identifying signatures associated with multiple clinical / environmental outcomes
» Potential reduction in required sample size (e.g. comorbidity modeling)
Parallelization of translational research

* Linking e.g. clinical, genetic and neuroimaging data in single analysis

Adapting population cohort-derived signatures to outcome prediction in clinical cohorts

19



(8) Parallelizing translational research with
Federated machine learning

Implementing multi-task learning in a federated system

»  Protect sensitive patient data (remains behind institutional firewall)

* Enable multi-site discovery and validation studies

bioRyiv

THE PREPRINT SERVER FOR BIOLOGY

machine learning

K The COMMITMENT consortium, O Carl Herrmann, (9 Emanuel Schwarz

* Resolve consent and logistic issues related to data aggregation
|
[

ataSHIELD

Secure Bioscience Collaboration

A Follow this preprint

dsMTL - a computational frameworlk for privacy-preserving, distributed multi-task

@ Han Cao,Youcheng Zhang, J]an Baumbach, Paul R Burton, Dominic Dwyer, Nikolaos Koutsouleris,
g g Wy
ulian Matschinske,Yannick Marcon, Sivanesan Rajan, Thilo Rie @ Patricia Ryser-Welch, Julian Spath,
| g Y P

\d
’.

-
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(8) Parallelizing translational research with
Federated machine learning

™y
)
e

«
&

-

§)ataSHIELD

Secure Bioscience Collaboration

o R server
« R parser
« DataSHIELD

server packages

data provider firewall ===-

analysis commands —
non-disclosive summary statistics —

data warehouse 2

¢ R server
« R parser
e DataSHIELD server packages

data warehouse 3

DataSHIELD
Client Portal
f,

o
1 + R Studio * R server
Server * R parser
* DalaSHIELD * DataSHIELD
client server
! packages packages
N o

" Researcher
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(8) High-dimensional machine learning through ¢
Biologically-informed multi-stage machine learning
4

/ . . . . .\ BioMM 1% stage et ot \
Mulit-site generalizability in 5 0 - 4 )
blood and brain o g DLPFC-HC connectivity
BioMM Prediction Performance - 8\‘\“\ N/T/‘g\'a aSSOCiation
o M 19f
e awa n-back (n =241)
O/ N “GL A
— O K
o W I
— 4. avs \‘9
o \"’y’ff S \\ \
O ‘///"/(\\ HOr
(O
\_ /
independenceof  |[ .
hdependence ot Translational perspective:
S genetic susceptibility . .
- * Reduction of classifier
Zos 4‘:: L -t', tr 1 E CompleXity
T * Proxy predictor
L o identification
\_ J A\ VAN / Chen J, et al. JAMA Psych. 2020
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(8) A new collaboration platform to advance
biomarker discovery and validation

e Communication will be a critical success factor

Objectives and progress

Data and project infrastructure

Data harmonization (standards, ontologies)
Data analysis (strategy, governance, pipelines)
Result dissemination - translational strategy
Study design

SOPs

Patient representatives

)

a
)

-
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(8) A new collaboration platform to advance ¢
biomarker discovery and validation

www.foldercase.com
Q} Project description % Project management
. This project aims to identify the biological e
» Web-based collaboration platform for basis of depression through multi-omics Task 1: process data

analysis...
Created on 15.02.2020 by team Translational Science (contact)

Y ] 75% complete

research management

I3 Achievements add new

Write to project team

New manuscript accepted in ...

manual.pdf

New dataset Data: RNAseq Data: GWAS

O

O Alex S, Fr.07.02. x

* Integrated collaboration, project and
data management

Great, I'll have a look!

O Thomas P. Fr.07.02. x

| just obtained the new data and
started processing...

@

Project: omics
in depression

Project: omics
in depression

see details see details

24



(8) A new collaboration platform to advance

biomarker discovery and validation
A9R

COLLABORATE
Across research groups

CROSS-PROJECT OVERALL
COLLABORATIONS COORDINATION

BIOMARKER
MANAGEMENT DISCOVERY / GOVERNANCE
E@]P\ VALIDATION g
PROJECTS -
Within research Privacy preserving
groups
PROJECT DATA

INFRASTRUCTURE INFRASTRUCTURE

)

-
L)
e

K
R
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