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• AD is a multifactorial, heterogeneous disease

• Putative therapies are not* reaching end-
points in clinical trials
– Individual variability? (wrong people)
– Too late? (wrong time: damage done)
– Insensitive end-points? (cognition)
– Insufficient duration?
– Comorbidities?

The AD Challenge

*Breaking news on next slide
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• Phase 3
– March 2019: cancelled by futility analysis
– October 2019: revived; regulatory filing in 2020

• In consultation with the FDA

ü EMERGE study
– Large dose arm

✘ ENGAGE study

Aducanumab?
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• AD is a multifactorial, heterogeneous disease

• Putative therapies are not* reaching end-
points in clinical trials
– Individual variability? (right people)
– Too late? (right time)
– Insensitive end-points? (biomarkers…)
– Insufficient duration?
– Comorbidities?

The AD Challenge
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• Individual variability
– Age of onset => unknown “disease time/stage”
– Progression

• Overcoming Heterogeneity
– Right people: individualized inclusion criteria
– Right time: characterize earliest stages

The AD Challenge
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• AD is a multifactorial, heterogeneous disease

• Requires commensurate tools
– Quantitative assessments in asymptomatic phase
– Individualised biomarker-based disease 

signatures

– Mechanisms not well understood?
(amyloid hypothesis)

Take-home message
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ADNI website: 
inspired by 
Jack et al. 
Lancet 
Neurol. 
2010, 2013.

Aisen et al. 
Alz. Dement. 
2010

Frisoni et al 
Nat. Rev. 
Neurol. 2010
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• Construct a quantitative 
signature of how a disease 
plays out over time

• Express in terms of 
symptoms, pathologies, 
biomarkers

• Uses: precision staging; 
diagnosis; prognosis

Aisen et al. 
Alz. Dement. 2010

Frisoni et al. Nat. 
Rev. Neurol. 2010

Progression Modelling
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Unknown disease stage/time
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• Regress biomarker against pre-specified disease stage

– Clinical groups: Normal / Prodromal / Symptomatic

pre-symptomatic AD mild AD moderate AD

Scahill et al. PNAS 2002

• T1 MRI measures of neuronal atrophy: subdivide using MMSE test
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• Regress biomarker against pre-specified disease stage

– Inherited diseases: familial age of onset

Bateman et al. NEJM 2012

• Parental age of symptom onset in dominantly-inherited AD
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• Pattern recognition: supervised learning
– Learn to classify patients from labelled data
– Shown value of combining imaging and non-imaging data

Classifying structural MRI in AD

Klöppel et al. Brain 2008 Mattila et al. JAD 2011

Disease State Fingerprint for AD



n.oxtoby@ucl.ac.ukNew Models 1

• Pattern discovery: unsupervised learning
– Learn disease subtypes/stages automatically
– Clustering

Clustering brain grey matter density to find atrophy “factors” in AD

Zhang et al. PNAS 2016
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• Generative models
– Unstructured data: scalar biomarkers, phenomenological

AD marker trajectories

Donohue et al. Alz. Dem. 2014
Related: Jedynak et al. NeuroImage 2012

Self-modelling regression Differential Equation Models

Villemagne et al. Lancet Neurol. 2013
Oxtoby et al. Brain 2018
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• Generative models
– Unstructured data: scalar biomarkers, phenomenological

Event-based model
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Fonteijn et al. NeuroImage 2012

Young et al. Brain 2014

Subtype & Stage Inference 
(SuStaIn)

Young et al. Nat. Comms 2018
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• Generative models
– Structured data: spatial info. Images, connections

• Spatiotemporal models: e.g. shape/image regression

• Network propagation models: e.g. prion-like transmission

Durrleman et al. IJCV 2013;
Lorenzi et al. NeuroBiol Aging 2015

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

Connectivity
predicts atrophy
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• Generative models + in silico interventions
– Image-based abnormality across the brain

Iturria-Medina et al. NeuroImage 2017,2018
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How can 
computational modelling of AD progression 

help clinical trials?

Example POND models…
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• Estimates the order of the “events” from a cross-sectional (or short-

term longitudinal) data set

Data-driven: no prior knowledge of disease stage
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E2 E1

After
Fonteijn et al. 
NeuroImage 2012
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Model Stages:
0
1-3     CSF
4-5     Rates of atrophy
6-8     Cognitive test scores
9-14   Brain volumes
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Li et al. Stat Meth Med Res 2017
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Modification 1: Subtypes

Adapted from ADNI website figure

Young et al. IPMI 2015

Heterogeneity & Subtypes



n.oxtoby@ucl.ac.uk

Modification 1: Subtypes

Adapted from ADNI website figure

Young et al. IPMI 2015

Heterogeneity & Subtypes
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Modification 2: Z-score events

Adapted from ADNI website figure

Young et al. Nature Comms. 2018

Heterogeneity & Subtypes
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z=1σ z=1σ z=1σ

Modification 2: Z-score events

Adapted from ADNI website figure

Heterogeneity & Subtypes
Young et al. Nature Comms. 2018
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z=1σ z=2σ z=1σ z=2σ z=3σ z=1σ

Modification 2: Z-score events

Adapted from ADNI website figure

Heterogeneity & Subtypes
Young et al. Nature Comms. 2018
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Young et al. Nature Comms. 2018
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The long game:
Individualised models for precision staging and 

stratification

First step:
post hoc analyses of completed trials

D3PM = Data Driven Disease Progression Model(ling)
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1. Build model (ADNI data)

2. Stage trial data (BL/SC)

3. Stratify

4. Analyse subgroups
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1. Build model (ADNI data)

2. Stage ADCS data (BL)

3. Stratify

4. Analyse subgroups
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Aims of my Future Leaders Fellowship:

“Individualised AI for Medicine”

• Models for individualised prediction
– Precision staging & stratification: Right recruits/time

• Translate into drug development tool 
• Models for disease mechanisms
• Role for AI (ML / DL) & novel biomarkers

– Part of my training: future leader

Post doc position available in 2020


