YW @NeilOxtoby
neiloxtoby.com

n.oxtoby@ucl.ac.uk

Data-driven Disease Progression Modelling:
thinking outside the black box

Neil P. Oxtoby

Principal Research Fellow (research track Assoc. Prof.)
UCL Centre for Medical Image Computing

Data Science Lead, DEMON Network
p O I . demondementia.com ]
Progression Of Neurodegenerative Disease

Centre for Medical Image Computing

Douglas CIC Lecture Series, 28 Feb 2024


http://demondementia.com/
https://twitter.com/NeilOxtoby
http://neiloxtoby.com/

Today (Tonight)

« Background & Motivation: Alzheimer’s disease (+ others)
* Lack of a well-defined and consistent “disease time” axis

» Data-driven Disease Progression Modelling
« Math + Human Insight + ML + “Big” Data



This talk is based on two papers
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Definition of “Data-driven disease progression model”:
» Constructs a quantitative timeline of disease

* Directly informed by measured data



« Construct a quantitative timeline of disease.

* Directly informed by measured data

Disease biomarker data indexed by visit
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* Directly informed by measured data
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Construct a quantitative timeline of disease.

Directly informed by measured data

Data-driven disease progression modelling reconstructs long-term disease timelines
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Constraints based on human insight

: Human
| Constraints |« insight
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Taxonomy:
* Phenomenological

« Pathophysiological, a.k.a., Mechanistic
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black box
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Taxonomy:

* “Top-down”: Phenomenological

« “Bottom-Up”: Pathophysiological, a.k.a., Mechanistic

Davenport et al., J R Soc Interface 2022



What do we know about Alzheimer’s?

 Defined by post mortem histopathology
« Braak staging

* Clinical syndrome: memory etc.

* Looooong pre-symptomatic period: decades of pathology

« Virtually impossible to identify future patients
 Risk factors: genetics, etc.
« Rare familial/inherited forms

* Heterogeneity in syndrome, onset, progression, and pathology!
« Imaging can probe pathology in vivo (PET, MRI)
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Treatments for Alzheimer’s?

 Amyloid cascade hypothesis (Hardy/Higgins 1992; Selkoe/Hardy 2016)

+ Plenty of supporting evidence
— Anti-amyloid therapies: sketchy efficacy in large clinical trials

* Why are clinical trials “failing™? (hundreds since 2003)
 Too late? (wrong time: prevention vs cure)
* Individual variability? (wrong people)
* |Insufficient duration?
* Insensitive end-points? (biology/biomarkers vs clinical benefit)
« Wrong target? (wrong biology / comorbidities / multitarget strategies)
(Salloway, CTAD 2019; Aisen, CTAD 2019)

O’ Connor et al. Alz Res Ther 2020
Oxtoby et al. Frontiers 2022



What have clinical trials done?

Screening

Exclusion criteria

Screen-in

Risk of decline

APOE-¢4

Cognlt‘lve
testi ng

Incidental findings
Vascular pathology

Neuronal loss

Tau Synaptic dysfunction
Plasma
Clinical measurements ] [ Structural imaging (MRI) [ PET / CSF ] MRI / PET / CSF

Number of subjects

M. ten Kate et al., Alz Res Ther (2018)

See also;: D. Cash et al.

, Alz Res Ther (2014)



NORMAL

ABNORMAL

AMYLOID PET

TAU PET

FDG PET

What have
clinical

trials
done?

M. ten Kate et al., Alz Res Ther (2018)



C.R. Jack Jnr et al., The Lancet Neurol (2010)

Cognitively normal - Ml : Dementia

Clinical disease stage



Abnormal &

Biomarker magnitude

Normal

C.R. Jack Jnr et al., The Lancet Neurol (2010)
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—— Tau-mediated neuronal injury and dysfunction
—— Brain structure
—— Memory

—— (linical function

MCI
>

Cognitively normal Dementia

Clinical disease stage
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Traditional models
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The Journey to

Data-driven disease progression modelling
2002-2008 Traditional: stage == symptoms

* Regression

Scahill et al. PNAS 2002
 T1 MRI measures of neuronal atrophy: MMSE “clock”

mild AD
Lef




2002-2008 Traditional: stage == symptoms

* Regression

The Journey to
Data-driven disease progression modelling

Bateman et al. NEJM 2012
Parental age of symptom onset in dominantly-inherited AD
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 Pattern recognition (supervised ML)

Classifying structural MRI in AD

Kloppel et al. Brain 2008



The Journey to

Data-driven disease progression modelling
2002-2008 Traditional: stage == symptoms

 Pattern recognition (supervised ML)

Classifying structural MRl in AD Disease State Fingerprint for AD

Evaluate separation of distributions
Disea.se cases Healthy cases
elevance — box size I

€ Number Cancellation : 0,43 Total volume of hj
S "y / o ©f bippocampus (mny)

(O ventndes : 0,50 I DSI - box color and value

s
B Total Tau: 0,23 ' Evaluate relation to distributions (fitness)
() Amylosd Beta : 0,62

Kloppel et al. Brain 2008 Mattila et al. JAD 2011
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Data-driven disease progression modelling
2002-2008 Traditional: stage == symptoms

« Regression, Pattern recognition (supervised ML)
2004 Alzheimer’s Disease Neuroimaging Initiative
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The Journey to

Data-driven disease progression modelling

2002-2008 Traditional: stage == symptoms
« Regression, Pattern recognition (supervised ML)

2004 Alzheimer’s Disease Neuroimaging Initiative
2010 Hypothetical Models of Alzheimer’s progressmn

Abnormal & —— AB

—— Tau-mediated neuronal injury and dysfunction
—— Brain structure
—— Memory

—— Clinical function

Biomarker magnitude

Normal

Cognitively normal ' MCI : Dementia

Clinical disease stage

Jack et al. TLN 2010



The Journey to

Data-driven disease progression modelling
2002-2008 Traditional: stage == symptoms

« Regression, Pattern recognition (supervised ML)

2004 Alzheimer’s Disease Neuroimaging Initiative
2010 Hypothetical Models of Alzheimer’s progression (updated 2013)

Jack et al. TLN 2013

—— Amyloid PET

— CSFtau

— MRI + FDG PET

— Cognitive impairment

Biomarker magnitude




The Journey to

Data-driven disease progression modelling
2002-2008 Traditional: stage == symptoms

« Regression, Pattern recognition (supervised ML)

2004 Alzheimer’s Disease Neuroimaging Initiative
2010 Hypothetical Models of Alzheimer’s progression (updated 2018)

Abnorma Sweeney et al. Nat Comms

2018

Biomarker magnitude

Detection threshold

Time




Data-driven disease progression modelling
2002-2008 Traditional: stage == symptoms

« Regression, Pattern recognition (supervised ML)

2004 Alzheimer’s Disease Neuroimaging Initiative
2010 Hypothetical Models of Alzheimer’s progression
2011 Data-Driven Disease Progression Modelling



Data-driven disease progression modelling

2002-2008 Traditional: stage == symptoms

« Regression, Pattern recognition (supervised ML)
2004 Alzheimer’s Disease Neuroimaging Initiative
2010 Hypothetical Models of Alzheimer’s progression

Event-based model

2011 Data-Driven Disease Progression Modelling —
P-tau

 Pseudo-time methods: T-tau

- discrete (EBM sequencing) Hippo. ﬁiﬁﬁﬁ'ﬁi

ADAS-Cog
RAVLT
Hippocampus
Entorhinal
MMSE

Mid Temporal
Brain
Fusiform

Fonteijn et al. IPMI 2011, NeuroImage 2012 Ventricles
Young et al. Brain 2014

~H T T T T T 1T T 1T 1T 11

234567 8 91011121314



Data-driven disease progressior MG stable

e S B MCI conv.
2002-2008 Traditional: stage == symptoms £ 03 H AD

» Regression, Pattern recognition (supervised ML) = 02
2004 Alzheimer’s Disease Neuroimaging Initiative 0.1

2010 Hypothetical Models of Alzheimer’s progression 00T 23 4567891011121314

. . . . Event-based model

2011 Data-Driven Disease Progression Modelling — -

- Pseudo-time methods: e i}

e di I Hippo. Atrophy | —

discrete (EBM sequencing) e At:gghz - 7

ADAS-Cog |- —

RAVLT |- _

Hippocampus } _

Entorhinal | —

MMSE |- —

Mid Temporal | —

Brain | —

Fusiform }- —

Fonteijn et al. IPMI 2011, NeuroImage 2012 Ventricles |5 v v ¢ 1 1 1 1111
1

Young et al. Brain 2014 2345678 91011121314



Data-driven disease progression modelling

2002-2008 Traditional: stage == symptoms

« Regression, Pattern recognition (supervised ML)
2004 Alzheimer’s Disease Neuroimaging Initiative
2010 Hypothetical Models of Alzheimer’s progression

2011 Data-Driven Disease Progression Modelling
* Pseudo-time methods:

« discrete (EBM sequencing)
 continuous (latent-time: LTIMM, IRT, GPPM)

Li et al. Stat Meth Med Res 2017 (2014)
Leoutsakos et al. JPAD 2016

Schiratti et al. MICCAI 2015, JMLR 2017
Lorenzi et al. NIMG 2017

Population level predicted severity

Outcome

=&~ Amyloid PET

=& CSF Tau

-%- CSF Ap

=+ ADASI13
FDG PET

~# Hippocampus

— FAQ




The Journey to

Data-driven disease progression modelling

2002-2008 Traditional: stage == symptoms

* Regression, Pattern recognition (supervised ML)
2004 Alzheimer’s Disease Neuroimaging Initiative:

dens

2010 Hypothetical Models of Alzheimer’s progres

2011 Data-Driven Disease Progression Modelling

* Pseudo-time methods:
+ discrete (EBM sequencing)
 continuous (latent-time: LTIMM, IRT, GPPM)

Li et al. Stat Meth Med Res 2017 (2014)
Leoutsakos et al. JPAD 2016

Schiratti et al. MICCAI 2015, JMLR 2017
Lorenzi et al. NIMG 2017

Population level predicted severity
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Data-driven disease progression modelling
2002-2008 Traditional: stage == symptoms

« Regression, Pattern recognition (supervised ML)

. _ _ ] o Subtype & Stage Inference
2004 Alzheimer’s Disease Neuroimaging Initiative

(SuStaln)
2010 Hypothetical Models of Alzheimer’s progresSSiC . ws  ses sows sop sopzs sozs gosans

2011 Data-Driven Disease Progression Modelling < 3[‘3‘0“.

& & & & & -
 Pseudo-time methods: "" o Sy The TN *

« discrete (EBM sequencing) (Q). . . ‘ .

 continuous (latent-time: LTIMM, IRT, GPPM) : \ B o
- . s B B R B B
* Pseudo-time + Clustering |

Subcortical (CVS=0.92, f=0.27)

Stage 1

Stage 5 Stage 9 Stage 13  Stage 17  Stage21  Stage 25 3-sigma

SuStaln subtype

Stage 1 Stage 5 Stage 9 Stage 13 Stage 17 Stage 21 Stage 25 3-sigma

DHOHORVIBB]-

1-sigma

pdin B dine e e dine

— Normal

SuStaln stage

Young et al. Nat. Comms 2018



Data-driven disease progression modelling
2002-2008 Traditional: stage == symptoms

« Regression, Pattern recognition (supervised ML)

. _ _ ] o Subtype & Stage Inference
2004 Alzheimer’s Disease Neuroimaging Initiative

(SuStaln)
2010 Hypothetical Models of Alzheimer’s progresSSiC . ws  ses sows sop sopzs sozs gosans

2011 Data-Driven Disease Progression Modelling < 3[‘3‘0“.

& & & & & -
 Pseudo-time methods: o Uy Ty T The T *

Cortical (CVS=0.95, f=0.38)

o . . . Swta‘g? 1 Stage 5 Stage 9 Stage 13  Stage 17  Stage21  Stage 25 3-sigma
dlscrete (EBM sequ.encmg) : @...‘.
 continuous (latent-time: LTIMM, IRT, GPPM) 5 ot o B o
i PSGUdO-tIme + CIUSterIng Subcortical (CVS=0.92, f=0.27)
Stage 1 Stage 5 Stage 9 Stage 13 Stage 17 Stage 21 Stage 25 3-sigma
S B OOOQPPW |-
z 1-sigma
g ZZ: : Q % Q Q “ “ “ — Normal
1+ i SuStaln stage
00_Il[um.-m.w.'.w."m.»-m. . Young et al. Nat. Comms 2018
0 5 10 15 20 25 30 35

SuStaln stage



Data-driven disease progression modelling
2002-2008 Traditional: stage == symptoms

« Regression, Pattern recognition (supervised ML)

) _ _ ] o Subtype & Stage Inference
2004 Alzheimer’s Disease Neuroimaging Initiative

(SuStaln)
2010 Hypothetical Models of Alzheimer’s progresSSiC . ws  ses sows sop sopzs sozs gosans

2011 Data-Driven Disease Progression Modelling < BQ}@Q“.
D o (n (n (o (|
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Data-driven disease progression modelling
2002-2008 Traditional: stage == symptoms

« Regression, Pattern recognition (supervised ML)

. _ _ ] o Subtype & Stage Inference
2004 Alzheimer’s Disease Neuroimaging Initiative

(SuStaln)
2010 Hypothetical Models of Alzheimer’s progressic “‘;;;‘?“S'°;’;‘:“’s,gg
2011 Data-Driven Disease Progression Modelling 3ﬂ““‘
I . ! MCl V‘" “ (’Z“ Q Q ,r* * .
* Pseudo-time methods: ypia o 005055 1050

+ discrete (EBM sequencing)
 continuous (latent-time: LTIJMM, IF
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 Pseudo-time + Clustering . SN s ormntse
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EOOOIDBB|-
 tau PET: Vogel+ Nat Med 2021 :°% s
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Data-driven disease progression models

So far:
Phenomenological models



What about disease mechanisms??

Can we understand/explain
“Top-down™ observations of pathology, using
“Bottom-up” models of mechanism/physiology?



Bottom-up models

2009-2012 Hypotheses of neurodegeneration due to pathogens

« Selective vulnerability / Wear-and-tear / Network / Use-it-or-lose-it
* Seeley et al. Neuron 2009, Zhou et al. Neuron 2012

Healthy connectivity graph

=

Network vulnerability models
Relationship between nodal :>

graph metrics and atrophy
severity

Greateratrophyin nodes with:

4 Nodal stress
TTotaI flow

Transneuronal spread
l Shortest path to epicenters

Trophic failure
lTotaIﬂow
lCIustering coefficient

Shared vulnerability
No predictions identified

Model predictions:
Nodal atrophy

severity in disease

0>0->0
0>0>0
0>0>0




Bottom-up models

2009-2012 Hypotheses of neurodegeneration
* Seeley et al. Neuron 2009, Zhou et al. 2012

2012- Protein (prion) Spreading Models
« 2012: Network diffusion model (heat eq)
« 2014: Epidemic Spreading Model

Raj et al. Neuron 2012
Iturria-Medina+ PLOS Comp. Biol. 2014



Bottom-up models

A
2009-2012 Hypotheses of neurodege Y& | he y& | B¢ A ) 5 | 8¢
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2012- Protein (prion) Spreading Mod N B ¥ Fg A B T

» 2012: Network diffusion model (heat eq) g w1 EMCI (n=230) LMcl (n=126) AD (n=111)
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Raj et al. Neuron 2012

Iturria—Medina+ PLOS Comp. BiOl. 2014 36.3 40.7 450 406 459 51.8 465 516 57.7 284 314 342
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Bottom-up models

2009-2012 Hypotheses of neurodegeneration
* Seeley et al. Neuron 2009, Zhou et al. 2012

2012- Protein (prion) Spreading Models
« 2012: Network diffusion model (heat eq) Multiphysics of Prionlike Diseases: Progression and Atrophy

. : : : Johannes Weickenmeier, Ellen Kuhl, and Alain Goriely
* 2014: Epidemic Spreading Model Phys. Rev. Lett. 121, 158101 — Published 12 October 2018
‘v‘
Phy5|CS See Focus story: A Physical Model for Neurodegenerative Disease

« 2018-19: Physics (Network Spreading + misfolding kinetics)
» Fisher-Kolmogorov = reaction-diffusion eq. (no mechanistic insight)
» Heterodimer = normal & abnormal proteins (+ clearance/production)
« Smoluchowski = stat. physics workhorse (+ size of protein aggregates)

Weickenmeier et al. Phys Rev Lett 2018
Fornari et al. J.R.Soc. Interface 2019



Bottom-up models

2009-2012 Hypotheses of ‘. ."

* Seeley et al. Neuron 2003 produce healthy clear nucleate

2012- Protein (prion) Spreaj = I. _’ )) ——

* 2012: Network diffusion model (h | a'gge'gaﬁ Eﬁgvlff,i c

« 2014: Epidemic Spreading Mode c3))) '))) —.)))) \ "‘
D 4

Fisher-Kolmogorov = reaction-diffusif

» Heterodimer = normal & abnormal pi
« Smoluchowski = stat. physics workhorse (+ size of protein aggregates)

- 2018-19: Physics (Network Spre misolded cle ] S"»
3

Weickenmeier et al. Phys Rev Lett 2018
Fornari et al. J.R.Soc. Interface 2019
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a Biological insight
HC+ MCIl+ AD+

Neocortical amyloid-f3 burden (SUVR)

HC- MCI- AD-

Villemagne et al. The Lancet Neurol 2013

Applications

nature reviews neuroscience

Data-driven modelling of neurodegenerative

disease progression: thinking outside the
black box

Alexandra L. Young ® %%/, Neil P. Oxtoby ® ¢/, Sara Garbarino®?, Nick C. Fox*, Frederik Barkhof®'°,
Jonathan M. Schott* & Daniel C. Alexander®'
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0.8

0.7+

0.009 SUVR per year

3 N
" | Median SUVR AD+ (1.01)
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nature reviews neuroscience

Data-driven modelling of neurodegenerative

Ap p I | C atl O N S g{:iisgol:;rogression:thinking outside the

Alexandra L. Young ® %%/, Neil P. Oxtoby ® ¢/, Sara Garbarino®?, Nick C. Fox*, Frederik Barkhof®'°,
Jonathan M. Schott* & Daniel C. Alexander®'

b Subtyping

S1: Limbic

[ 7] Inside: 12%
|| Outside: 88%

S2: MTL-sparing
%
S4: Lateral temporal
Predicted MMSE

S3: Posterior Years from baseline

Vogel et al. Nat Med 2021



nature reviews neuroscience
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Recap

Data-Driven Disease Progression Modelling

» Goes beyond “black box™ approaches: “human insight + ML”
 Aids disease understanding at multiple scales
« Can support clinical decision making



Interested in Data-Driven Disease Progression
Modelling?

https://disease-progression-modelling.github.io
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The Disease Progression Modelling community unites medics with
researchers and engineers across the physical and life sciences to tackle some
of the biggest challenges of 21st-century medicine by harnessing the power of

mathematics, computer science, and data.

—This website aims to serve as a portal for Disease Progression Modelling
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