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Alzheimer’s disease: 20 per cent beyond the age of 80; dependent within
3-5 years of onset.

Depression: the second most common condition in the world (WHO): 
6 per cent of the population in the Western world.

Cerebral vascular accidents: first cause of adult motor disability.
75 per cent suffer residual disability.

Parkinson’s disease: second cause of motor disability. Affects 0.2 per cent 
of the population.

Multiple sclerosis: mainly young people with dependency in 30 per cent.

Epilepsy: 50 million people globally of which almost 50 per cent are aged < 
10 years. Social and familial repercussions are lifelong.

THE MEDICAL COMPONENT OF THE HBP



Kertesz et al, Brain 2005

HAVE WE REACHED A DEAD END CLINICALLY?



Phenomenology alone 

is insufficiently discriminative

for diagnosis and prognosis

HYPOTHESIS 1 

Genotyping does not

replace descriptive medicine



NEUROSCIENCE DATA ACROSS SCALES



Peer reviewed brain publications / yr
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• Exponential growth
• Fragmented knowledge
• Societal benefits
• Economic health  burden

• Data integration plan
• Data curation plan
• Linking across levels
• Knowledge transfer 

between species
• Beyond classical disease 

definitions

54 Scientific American, June 2012

stellation of symptoms, matches what we 
see in real life, that virtual chain of events 
becomes a candidate for a disease mecha-
nism, and we can even begin to look for 
potential therapeutic targets along it.

This process is intensely iterative. We 
integrate all the data we can find and pro-
gram the model to obey certain biological 
rules, then run a simulation and compare 
the “output,” or resulting behavior of pro-
teins, cells and circuits, with relevant ex-
perimental data. If they do not match, we 
go back and check the accuracy of the data 
and refine the biological rules. If they do 
match, we bring in more data, adding ever 
more detail while expanding our model to 
a larger portion of the brain. As the soft-
ware improves, data integration becomes 
faster and automatic, and the model be-
haves more like the actual biology. Model-
ing the whole brain, when our knowledge 
of cells and synapses is still incomplete, no 
longer seems an impossible dream.

To feed this enterprise, we need data 
and lots of them. Ethical concerns restrict 
the experiments that neuroscientists can 
perform on the human brain, but fortu-
nately the brains of all mammals are built 
according to common rules, with species-
specific variations. Most of what we know 
about the genetics of the mammalian brain 
comes from mice, while monkeys have giv-
en us valuable insights into cognition. We 
can therefore begin by building a unifying 
model of a rodent brain and then using it 
as a starting template from which to de-
velop our human brain model—gradually 
integrating detail after detail. Thus, the 
models of mouse, rat and human brains 
will develop in parallel.

The data that neuroscientists generate 
will help us identify the rules that govern 
brain organization and verify experimen-
tally that our extrapolations—those pre-
dicted chains of causation—match the bi-
ological truth. At the level of cognition, we 
know that very young babies have some 
grasp of the numerical concepts 1, 2 and 3 
but not of higher numbers. When we are 
finally able to model the brain of a new-
born, that model must recapitulate both 
what the baby can do and what it cannot.

A great deal of the data we need al-
ready exist, but they are not easily accessi-
ble. One major challenge for the HBP will 
be to pool and organize them. Take the 
medical arena: those data are going to be 
immensely valuable to us not only be-
cause dysfunction tells us about normal 

Illustration by Emily Cooper

Deconstructing the Brain
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INTEGRATING DATA



CORRECT SENSITIVITY SPECIFICITY

AD 1 & CONTROLS
PATHOLOGY

AD 1 & CONTROLS vs AD 2
PATHOLOGY

AD 2 & CONTROLS
PATHOLOGY

95% 95% 95%

93% 100% 86%

AD & CONTROLS
CLINICAL

81% 61% 93%

96% 100% 93%

INFORMATICS CLASSIFY PATTERNS

BINARY CLASSIFICATION BY
SUPPORT VECTOR MACHINE



INFORMATICS REFINE DIAGNOSIS

CLINICAL AD CLINICAL NC

PATHOL AD+ 15 3 18

PATHOL AD- 5 17 22

20 20

Specificity 85%

Accuracy 100%
Sensitivity 73%

False +ve 27%

False –ve 17%

ADNI DATABASE

SVM ANALYSIS





QUANTITATIVE MULTI-PARAMETER MAPPING
BASED ON BIOPHYSICAL MODELS

Proton density
Water content

Longitutinal 
relaxation rate

Myelin content & 
water compart-
mentalisation

Effective 
transverse 

relaxation rate
Iron content

Magnetization
transfer

saturation
Myelin content

Lorio et al., 2016 HBMapp
Lutti et al., 2012 PLOS One 
Draganski et al., 2011 NeuroImage



HYPOTHESIS 2

PATTERNS OF PIXEL ABNORMALITIES 

ARE OF DIAGNOSTIC 

and/or 

PROGNOSTIC SIGNIFICANCE



BIG DATA & INFORMATICS

Signal additive 
Noise suppressed
Avoids myth of perfect controls – whither RCTs?

GENERATES HYPOTHESES

Biologically plausible
Explores multiple (all) models
Multi-scale & dimensional patterns
Additive over time
Built in reproducibility

PREDICTIVE & CAUSAL

RUBBISH IN RUBBISH OUT

How big data can help: Bradford Hill (1965)



DATA SOURCES AND CHALLENGES 

CLINICAL DATA

DATA VOLUME
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HOSPITAL DATABASES

• NOT COMPLETE

• NOT STRUCTURED

• NOT STANDARDISED

• NOT CLEAN

• PROTECTED FOR PRIVACY

• PROTECTED AGAINST 
CORRUPTION

RESEARCH DATABASES

• PROTECTED CULTURALLY

PHARMACEUTICAL DATABASES

• PROTECTED COMMERCIALLY



DATA BASE 1…n
no move
no corrupt

ARCHIVE COPY
uniform files
real-time 
de-personalised

PRE-PROCESSING
de-noising
Standardisation
anatomical normalisation
numerical normalisation

TRANSFER
Aggregation
Encryption
output filter

UNIFIED PORTAL
2nd aggregation
Accreditation
security

RESULT
Disease signature refinement
Data visualisation
Data analysis

SELECTION
all data – data mining
selected data – research

FINALLY
store provenance
store processing history
delete data

HOSPITAL SECURITY PROCEDURES - FIREWALL

MEDICAL INFORMATICS PLATFORM 
FEDERATING DATA



ETHICAL CHALLENGES

PRIVACY

• DE-PERSONALISATION

• ANONYMISATION

CONSENT

• BROAD CONSENT

• RETROSPECTIVE – PROSPECTIVE

MANAGEMENT OF ETHICS

• LOCAL ETHICS COMMITTEES

• VALUE AND CREDIBILITY OF SCIENCE



REAL ETHICAL QUESTIONS

IN MEDICINE IS IT ETHICAL TO…

??????????

ü TO UNDERUSE INFORMATION (hospital databases)
ü TO MISUSE COMMUNITY RESOURCES (taxpayers money)
ü TO RETARD ACQUISITION OF KNOWLEDGE BY RESEARCH 

ü FAIL TO BALANCE RISKS (car driving vs taking treatment)
ü FAIL TO BALANCE RIGHTS (health and privacy)
ü FAIL TO BALANCE SAFETY AGAINST EFFICACY (individual risk from treatment)

ü USE INADEQUATE METHODS IN RESEARCH (linear vs complex analytics)
ü DO UNDERPOWERED RESEARCH (statistics)
ü FAIL TO COMMUNICATE RESULTS ACCURATELY (sensationalism vs education)



SUBJECTS & METHODS
We used 912 AD subjects – ADNI DATABASE

For a subsample of 508 we knew gender and age 
For a subsample of 184 we knew the MMSE score

We used 5566 normal individuals – THREE CITIES EPIDEMIOLOGICAL STUDY,  
FRANCE

For a subsample of 2096 we knew gender and age 
For a subsample of 2091 we knew the MMSE score 

For learning we used half the dataset to create the classifier

The learning set = 3239 individuals (465 AD, 2774 controls)

The other half was used to validate the classifier

The testing set = 3239 individuals (447 AD, 2792 controls)



MRI data

PET data 

Protein data

CSF data 

Gene data 

912 Alzheimer’s patients
5566 Healthy controls

• Phenotype-led Semi-supervised clustering

• Biologically led classification

• High dimensional feature learning

DATA INTEGRATION



HC

AD

AD
+

HC
+

AD
-

HC
-

Symptoms + 
Pathology  +

Symptoms +
Pathology  -

Symptoms -
Pathology  +

Symptoms -
Pathology  -

Brain atrophy pattern characteristic of pathological disease 
provides constraints on diagnosis

USING ANATOMY TO CONSTRAIN DIAGNOSIS

CLINICAL (SYNDROMIC)
CLASSIFICATION

INTEGRATING PATHOLOGY
INTO DIAGNOSIS



	

PREDICTING OUTCOME MORE ACCURATELY

NC subjects with two patterns of brain atrophy

ALL COGNITIVELY NORMAL ON RECRUITMENT AT BASELINE = 0

Result in terms of K-M survival Jing Cui 2016 - in preparation



CONFRONTING PARADIGMS

CARTESIAN MODEL (TOP DOWN)

Mentally generated hypothesis
Mathematically expressed in a model 
Confrontation with “relevant” data
Parameterisation and optimisation of model
Correlations (non-causal)

SIMULATION MODEL (BOTTOM UP)

Multimodal and multivariate data
Exhaustive mining to demonstrate coherent models 
Exploration of these mathematical models as generated hypotheses
Investigation of hypotheses – clinical, mechanistic, prognostic, therapeutic
Knowledge (& causes)



THE ROLE OF DISRUPTIVE SCIENCE IN HBP-MIP

1. Move to a “no database” federated data analysis infrastructure

ü Security, privacy, research, ethics considerations
ü Advances in “virtualisation” “streaming” and “peer-to-peer” technologies
ü Use of products of EC funded research (eg Exareme)
ü Open source and cross-disciplinary specification
ü Unlocking hospital databases for research

2. Breaking conservative medical IT culture

ü Recruitments of university hospitals
ü Recruitment of structured research databases
ü Playing to “data sharing” revolution (NIH, EC, Wellcome initiatives)

3. Introduction of “disease signatures” concept

ü Cultural change from pure symptomatic & syndromic disease definitions
ü Preliminary classifications
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