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Embrace

or

Fear? 

Economist, September 2016



Precision medicine: what do we want?

Taking individual variability into account to 

optimize diagnosis, prognosis and treatment 



Jack et al., 2010; 2013

Example: early markers for dementia



Rotterdam Study

Population Study initiated in 1990



What is Population Imaging?

Definition:

large-scale acquisition and analysis of 

medical images in population cohorts

6determinants outcomes



Can this approach succeed?

De Groot et al, “Stroke 2013 Progress and Innovation award”
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Conclusion

What we currently see visually (as appreciable white matter lesions) is 

only the tip of the iceberg of white matter pathology: searching for QIBs 

logical next step



by the Euclidean path length L yields a mean measure over the

minimum cost path,gΓ̂:

gΓ̂≜
1

L
∫

L
0g Γ̂ sðÞ; Γ̂′ sðÞ ds: ð3Þ

The local measure can either be dependent or independent of

direction. It is therefore possible to use Eq. (3) to average the

(direction-independent) measuresFAandMDover theminimumcost

path. Both these measures are, however, based on the tensor model,

which has shortcomings as discussed before. We prefer a measure

that isnot based on a tensor model and use in thisproof of principle

study g x;vð Þ= ψ x;vð Þ. Our connectivity measure is themean cost uΓ̂
which equals:

uΓ̂ =
1

L
∫

L
0ψ Γ̂ sðÞ; Γ̂′ sðÞ ds=

u R;pð Þ

L
: ð4Þ

The local cost function depends on both local anisotropy and

diffusivity and itsaverage over the minimum cost path is therefore a

suitableconnectivity measure.Wechosetonormalizeby thelength of

theminimum cost path in order to correct for differencesin head size

and/or brain atrophy. Fig. 2 shows, for three example slices, the

cumulative costs, path length, and average costs over the minimum

cost pathsstarting in the right amygdala.

Construction of the mcp-network

To enable statistical analysis of mcp-networks, corresponding

brain regions should be defined in all subjects. We use the publicly

availableFreeSurfer softwarepackage, which iscapableof segment-

ing subcortical structures (Fischl et al., 2004b) and parcellating the

cortex (Fischl et al., 2004a) based on T1-weighted (T1w) images.

The T1w scan is rigidly registered to the b0 diffusion image using

Elastix (Klein et al., 2010). The FreeSurfer segmentation and

parcellation aretransformed toDWI spaceaccordingto theresulting

transformation. The gray and white matter mask, used to restrict the

Fast Sweeping algorithm to the brain, is defined by the FreeSurfer

segmentation.

Additionally, the FreeSurfer segmentation of the subcortical

structuresand cortical parcellation definethestart and target regions.

In thispaper, weusetheterm connection to refer to an mcp-network

connectionbetweentwonodes,or (thetrajectoryof) thecorresponding

minimum cost path. This does not necessarily correspond to a direct

anatomical connection between thetwobrain regions.Moreover, in an

anatomical connection theminimumcost path runsfromstart region to

target region,which isnot necessarily thesamedirection assignalsare

transported alongthewhitematter path.

An mcp-network consistsof nconnectionsthat areweighted by uΓ̂.

Asevery voxel in the target region hasadifferent uΓ̂,onevalue needs

tobedefined torepresent theconnection between thestart and target

region.Weusethevalueof uΓ̂ of thevoxel with minimum cumulative

cost uðR;pÞ. All the minimum cost paths running to the target region

most probably run through the same white matter bundle. Of these

paths, the minimum cost path running to the voxel with minimum

cumulative cost is the most optimal.

Using the uΓ̂ at the representing voxels, mcp-networks are

obtained for themsubjects. All of thesemcp-networksarecombined

into an m×n matrix of connectivity features for statistical analysis.

Statistical analysis

SAMSCo usesstatistical analysisto investigatewhether thematrix

of connectivity features contains information regarding connectivity

changese.g.dueto normal agingor neurodegenerativedisease.Based

on this matrix, we investigated the prediction of variables such as

subject age using regression, and the classification of subjects into

groups defined by markers of brain tissue degeneration.

Regression

Multivariateregression can beused topredict aparticular variable

y, e.g. a disease severity index or subject age, based on the matrix of

connectivity features. In linear regression, the predicted value ŷ de-

pendson the vector of input variables f = f1; f2; :::; fNð Þ
T
:

ŷ = ∑
N

j = 1

fjβj + β0; ð5Þ

with βj the regression coefficients, and β0 the intercept. When the

matrix of connectivity featuresisused asregression input, thelength of

Fig. 1.Schematicoverview of theSAMSCo framework for statistical group analysisof structural brain connectivity.Connectivity isestablished through minimum cost paths(mcp's)

that areconstructed usingdiffusion weighted images. Themcp'srun from start to target regionsdefined by FreeSurfer segmentation and cortical parcellation. Theimageshowsthe

mcp'sstarting at the left putamen and aslice of thecorresponding cumulative cost image. Per subject an mcp-network isconstructed based on themcp'sand thecumulative cost

over, and path length of, these mcp's. The mcp-networksof all m subjects are combined into amatrix of connectivity features for statistical analysis.
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prediction of disease development in an asymptomatic

population, as differences between subjects in the latter

group are much more subtle. In our study, all persons

were nondemented at scan time and developed dementia

only later. Therefore, our results support the use of shape

as a predictive marker.

The most notable other imaging methods used for

extracting features for dementia classification are based on

voxel-based morphometry (VBM) [e.g., Fan et al., 2007;

Kl€oppel et al., 2008] and cortical thickness [e.g., Desikan

et al., 2009; Querbes et al., 2009]. Cuingnet et al. [2010]

compared these methods of dementia classification, using

a large dataset from the AD Neuroimaging Initiative data-

base. They compared three groups of methods: VBM, cort-

ical thickness measurements and hippocampus volume/

shape based methods. They found that for AD versus con-

trol classification the whole brain methods outperformed

the hippocampus-based methods. However, for MCI-c ver-

sus control classification the hippocampal methods were

competitive with the whole-brain methods. This result

confirms that the hippocampus is one of the regions in the

brain where atrophy is noticeable first in subjects with

dementia.

We are not aware of any work using pattern recognition

techniques to evaluate predictive value of hippocampal

shape on similar data used in our study. There are studies

which use statistical methods (e.g., regression or analysis

of variance) to evaluate predictive value. Csernansky et al.

[2005] and Apostolova et al. [2010] studied hippocampal

shape using comparable subject groups. Their studies

were more descriptive of nature making it impossible to

quantitatively compare their results to our study. We can,

however, qualitatively compare the discriminative direc-

tion obtained in our study to the maps obtained by

Csernansky et al. [2005, Fig. 3] and Apostolova et al. [2010,

Fig. 1]. For the left hippocampus, the discriminative direc-

tion maps presented in Figure 7 appears to match the atro-

phy and significance maps presented by Csernansky and

Apostolova respectively: most influential points are found

in the CA1 and Subiculum subfields. Csernansky also pro-

vides the direction of change, which corresponds with our

results. For the right hippocampus, the similarity between

the studies is lower: there are areas which contribute to

our classification in the CA2 subfield that Csernansky or

Apostolova do not find. This may be partly due to the fact

that the discriminative direction in our work is based on

the classifier that uses all points jointly, rather than the

group differences per point as used by Csernasky and

Apostolova. Also, Figure 6 shows asymmetry in the classi-

fication performance of the left and right hippocampus,

indicating that the right hippocampus might not contrib-

ute much discriminative information to the classifier.

Many studies have shown asymmetry in hippocampal

volume [Karas et al., 2004; Morra et al., 2009b; Scher et al.,

2011], atrophy rates [Morra et al., 2009a; Zhou et al., 2009],

or report differences in the diagnostic value of the left and

right hippocampus [Csernansky et al., 2005; Tepest et al.,

2008]. However, the asymmetry and the direction of asym-

metry are not consistent across studies. It has been sug-

gested that the asymmetry depends on the stage of

dementia; theleft hippocampus isaffected first by dementia

related atrophy and the right hippocampus follows with a

time lag [Morra et al., 2009b; Thompson et al., 2003, 2004;

Zhou et al., 2009]. In our data, the left hippocampus was

found to be more predictive for dementia, which fits the

suggested pattern for asymmetry; in our subjects, the dis-

ease is in a very early stage, and it is possible that the left

hippocampus is already affected, while the right

Figure 7.

The discriminative direction of the classifier. The colors represent coefficients of the classifier

localized on the hippocampal surface. The posterior probability of developing dementia increases

if the points move in the direction indicated by the colors: blue points further inward and red/

yellow points further outward indicate ahigher chance of developingdementia. [Color figure can

be viewed in the online issue, which isavailable at wileyonlinelibrary.com.]
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Data

The imaging data used in this study was a subset taken

from the Rotterdam Scan Study: a prospective, population-

based MRI study on age-related neurological diseases [den

Heijer et al., 2003; Ikram, 2011]. For 511 nondemented, el-

derly subjects, MRI scans and the age, gender, dementia

diagnosis, and time of follow-up were available.

All subjects were scanned in 1995–1996 on a Siemens

1.5T scanner. The sequence used was a custom designed,

inversion recovery, three-dimensional (3D) half-Fourier ac-

quisition single-shot turbo spin echo sequence. This

sequence had the following characteristics: inversion time

4,400 ms, repetition time 2,800 ms, effective echo time 29

ms, matrix size 192 3 256, flip angle 180 , slice thickness

1.25 mm, acquired in sagittal direction. The images were

reconstructed to a 128 3 256 3 256 matrix with a voxel

dimension of 1.25 3 1.0 3 1.0 mm.

Study participantswerefollowed during a10-year period.

During thisperiod, they were invited for four cognitive fol-

low-up tests, and the general practitioners records were

tracked for diagnosis of dementia. Dementia screening fol-

lowed astrict two-step protocol [den Heijer et al., 2006]; ini-

tially, participants were cognitively screened with the Mini

Mental StateExamination (MMSE) and theGeriatric Mental

Schedule. If the results of this initial screening indicated

possible dementia, a more thorough cognitive testing was

performed for verification. During thestudy period, 52per-

sons were diagnosed with dementia. The median interval

between MRI acquisition and dementia diagnosis was 4.0

yearswith an interquartile rangeof 4.8years.

The entire dataset, hereafter referred to as the cohort set,

contained 52 prodromal dementia cases and 459 persons

who did not develop dementia. To train and test a model

independent of age and gender, an age- and gender-

matched subset of 50 prodromal dementia subjects and

150 controls was identified, hereafter referred to as the

matched set. Characteristics of the cohort set and matched

set can be found in Table I. None of the subjects were

demented at the time the MRI scan was taken.

Because memory impairment is the first detectable neu-

ropsychological sign of incipient dementia, we questioned

persons on subjective memory complaints. This was done

by a single question: “Do you have complaints about your

memory performance?” Furthermore, objective memory

performance was assessed using a 15-word verbal learning

task [den Heijer et al., 2006] resulting in a memory score.

To increase the sample size in the matched set, we

selected three unique controls per case; this was possible

for 50 cases. The matching was performed using the fol-

lowing criteria: the gender had to be the same, the follow-

up time of the controls should be at least as long as the

time to diagnosis of the corresponding case, and the age

could not differ more than 1.5 years. To avoid significant

age differences, the mean age of the controls was kept as

close as possible to the age of the case. We verified that

the age matching resulted in no significant difference

between groups with a paired t-test.

Figure 1.

Overview of methods used: (1) MRI scans of the brain were

acquired. (2) In each scan, the left and right hippocampus was seg-

mented. (3) Thesegmentationswerepostprocessed. (4) Pointswere

distributed over each surface, such that points on a different scans

correspond with each other, and were concatenated to create one

feature vector per scan. (5) The dimensionality of the feature

vectors was reduced usingprincipal component analysis. (6) A Sup-

port Vector Machine classifier was used to predict dementia devel-

opment for each scan. Step (5) and (6) were performed in across-

validation manner (for a colored delineation in the figure, refer to

the web version of this article.) [Color figure can be viewed in the

online issue, which isavailableat wileyonlinelibrary.com.]
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• Tissue quantification

• Lesion assessment

• Segmentation & shape

• Microstructure & function

• Incidental brain findings

• Cerebral microbleeds

Rotterdam Scan Study (> 14.000 MRI data analysed)



Library of quantitative  imaging biomarkers

Subcortical WML

Hippocampal shape 

and volume

Structural connectivity

Brain structures



Prototype solution

- comparing individual measurements to reference values

- next step: establishing diagnostic and prognostic value

Lobe segmentation Comparison with a healthy population

Brain tissue segmentation Hippocampus segmentation



Don’t assume, assess!





CADDementia Challenge
Computer-aided diagnosis using structural MRI

Healthy Alzheimer

Example data

MCI



MICCAI Workshop,  Sep 2014



March 2014 - now



▪ Screenshot van first results op website?
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Grand biomedical challenge initiative: 

29 institutes world-wide
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Grand biomedical challenge initiative

Research Questions (RQs)

• RQ1: What is the role of challenges for the field of 

biomedical image analysis (e.g. How many challenges 

conducted to date? In which fields? For which algorithm 

categories? Based on which modalities?)

•

RQ2: What is common practice related to challenge design 

(e.g. choice of metric(s) and ranking methods, number of 

training/test images, annotation practice etc.)? Are there 

common standards?

•

RQ3: Does common practice related to challenge reporting 

allow for reproducibility and adequate interpretation of 

results?
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150 challenges with ~ 500 tasks

Results: Relevance of challenges
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Results: Heterogeneity

• 89 different metrics used for performance 

assessment 

• ~50% applied by only one challenge

• 38 metrics in segmentation tasks

• 32% applied by only one challenge

• 55% of all challenges provided a final 

ranking of the participants 

• 10 different methods for determining the 

final rank
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Results: Completeness of reporting

• Only ~50% of challenges published in journals/conference proc.

• Median of 55% of parameters reported (min: 19%)

• 4% of the parameters were reported by all challenges 

• Examples:

• 11% of all challenges providing an aggregated ranking across 

multiple metrics did not report the rank aggregation method they 

used. 

• 95% of the challenges did not give instructions on whether training 

data provided by challenge organizers may be complemented by 

other publically available or private data. 

• 75% of tasks with multiple annotators did not describe how the 

annotations were aggregated.
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Results: Effect of metric variants
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Results: Effect of aggregation method
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Results: Effect of observers
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Conclusion

• Relevance of challenges: Challenges play an increasingly 

important role in the field of biomedical image analysis

• Challenge reporting: Common practice related to challenge 

reporting is poor and does not allow for adequate 

interpretation and reproducibility of results 

• Challenge design: Challenge design is very heterogeneous 

and lacks common standards

• Robustness of rankings: Rankings are sensitive to a range of 

challenge design parameters

• Best practice recommendations: The most universal 

recommendation is the instantiation of a list of 53 challenge 

parameters before challenge execution to ensure fairness 

and transparency along with interpretability and 

reproducibility of results
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MICCAI\DSI Partnership

MICCAI\DSI MOU

Our Relationship
• Provide guidance regarding the translation of 

medical imaging research algorithms to clinical 
practice

• Bring together expertise from radiology, medical 
image computing and machine learning, to address 
the need to develop algorithms that:

1. are clinically valuable

2. can be seamlessly integrated in the clinical workflow

3. are sufficiently robust and accurate, especially in view 
of data heterogeneity in clinical practice
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• First step:

• Collaborating towards definition and support 
next generation challenges, bringing the 
radiology, medical image analysis, and ML/DL 
community together


