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Precision medicine: what do we want? 

Taking individual variability into account to 
optimize diagnosis, prognosis and treatment  

Precision medicine: what does it mean? 

•  Cardiovascular disease:                            
knowing who to treat 

•  Cancer treatment: 

     predict what treatment is likely successful 

 

•  Dementia:                                           
prognosis to support preventive strategies 
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Precision medicine: what does it mean? 

•  Cardiovascular disease:                            
knowing who to treat 

•  Cancer treatment:                                   
predict what treatment is likely successful   

•  Dementia:                                           
prognosis to support preventive strategies 

1967 – 34 years 63 years 64 years 65 years 66 years 2000 – 67 years 

William Utermohlen 
 (1933-2007) 

Jack et al., 2010; 2013 

Possible early markers for dementia 
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Can this approach succeed? 

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

12 

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 
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by the Euclidean path length L yields a mean measure over the
minimum cost path, g Γ̂:

gΓ̂≜
1
L
∫L
0g Γ̂ sð Þ; Γ̂′ sð Þ

! "
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)measures FA andMD over theminimum cost
path. Both these measures are, however, based on the tensor model,
which has shortcomings as discussed before. We prefer a measure
that is not based on a tensor model and use in this proof of principle
study g x; vð Þ = ψ x; vð Þ. Our connectivity measure is the mean cost uΓ̂

which equals:

uΓ̂ =
1
L
∫L
0ψ Γ̂ sð Þ; Γ̂′ sð Þ

! "
ds =

u R;pð Þ
L

: ð4Þ

The local cost function depends on both local anisotropy and
diffusivity and its average over the minimum cost path is therefore a
suitable connectivity measure.We chose to normalize by the length of
the minimum cost path in order to correct for differences in 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 paths starting 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
available FreeSurfer software package, which is capable of 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 are transformed to DWI space according to the resulting
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
structures and cortical parcellation define the start and target regions.
In this paper, we use the term connection to refer to an mcp-network
connection between two nodes, or (the trajectory of) the corresponding
minimum cost path. This does not necessarily correspond to a direct
anatomical connection between the two brain regions. Moreover, in an
anatomical connection theminimum cost path runs from start region to
target region, which is not necessarily the same direction as signals are
transported along the white matter path.

Anmcp-network consists of n connections that are weighted by uΓ̂.
As every voxel in the target region has a different uΓ̂,one value needs
to be defined to represent the connection between the start and target
region. We use the value of uΓ̂ of the voxel 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 the m subjects. All of these mcp-networks are combined
into an m×n matrix of connectivity features for statistical analysis.

Statistical analysis

SAMSCo uses statistical analysis to investigate whether the matrix
of connectivity features contains information regarding connectivity
changes e.g. due to normal aging or neurodegenerative disease. 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
Multivariate regression can be used to predict a particular 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-
pends on the vector of input variables f = f1; f2; :::; fNð ÞT :

ŷ = ∑
N

j=1
fjβj + β0; ð5Þ

with βj the regression coefficients, and β0 the intercept. When the
matrix of connectivity features is used as regression input, the length of

Fig. 1. Schematic overview of the SAMSCo framework for statistical group analysis of structural brain connectivity. Connectivity is established through minimum cost paths (mcp's)
that are constructed using diffusion weighted images. The mcp's run from start to target regions defined by FreeSurfer segmentation and cortical parcellation. The image shows the
mcp's starting at the left putamen and a slice of the corresponding cumulative cost image. Per subject an mcp-network is constructed based on the mcp's and the cumulative cost
over, and path length of, these mcp's. The mcp-networks of all m subjects are combined into a matrix 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; the left hippocampus is affected 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 a higher chance of developing dementia. [Color figure can
be viewed in the online issue, which is available 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 participants were followed during a 10-year period.
During this period, 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 a strict two-step protocol [den Heijer et al., 2006]; ini-
tially, participants were cognitively screened with the Mini
Mental State Examination (MMSE) and the Geriatric Mental
Schedule. If the results of this initial screening indicated
possible dementia, a more thorough cognitive testing was
performed for verification. During the study period, 52 per-
sons were diagnosed with dementia. The median interval

between MRI acquisition and dementia diagnosis was 4.0
years with an interquartile range of 4.8 years.

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) The segmentations were postprocessed. (4) Points were
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 using principal 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 a cross-
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 is available at 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 acquired) 

Library of quantitative  imaging biomarkers 

 Subcortical WML 

Hippocampal shape 
and volume 

Structural connectivity 

Brain structures 

White matter 
tracts 

Role deep learning 

§  Quantitative imaging biomarker (QIB) extraction is increasingly 
replaced with deep learning  

§  Deep learning promising for extracting QIB that hitherto were difficult to 
detect/extract. 
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Enlarged Perivascular Spaces (EPVS) 

§  EPVS: emerging biomarker for AD, Stroke, MS  
§ Space between blood vessels and pia mater 

§ Filled with interstitial and cerebrospinal fluid 

§  T2/PD 
§  Features 

§ Tubular 
§ Hyper-intense 

§  Challenges 

§ Difficult to quantify 
§ Variable shape 

§ Limit of the resolution 
EPVS - Ground Truth annotation.  

Rotterdam Study Database. 

EPVS (blue) in the brain in axial plane. PD. 
Rotterdam Study Database. 

Data - Enlarged Perivascular Spaces 

3 24 

 

§  Ground truths in 4 brain regions for 2000 to 5000 participants 
§  2 kinds of Ground truths: visual scoring (number), dot annotations 

Method: GP-Unet  
Detection with Weak Labels¹ 

!. Dubost, F., Bortsova, G., Adams, H., Ikram, A., Niessen, W., Vernooij, M. and De Bruijne, M., 2017. GP-Unet: Lesion Detection from Weak 
Labels with a 3D Regression Network.MICCAI 2017. 
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Correlation with visual scoring 

Region Interrater Intrarater Correlation 
Automatic/ 
Visual 

Basal Ganglia 0.62 0.80 0.801 +/- 0.026 

CSO 0.80 0.88 0.872 +/- 0.024 

Hippocampus 0.82 0.85 0.819 +/- 0.030 

Midbrain 0.75 0.82 0.622 +/- 0.042 

CADDementia Challenge 
Computer-aided diagnosis of dementia  

based on structural MRI 

Healthy Alzheimer 

Example data 

MCI 

Oncology: Concept of Radiomics 

Radiomics Hypothesis: There exists a correlation between medical 
image features and underlying biological information. 

Image adopted from Lambin et al. 2012 
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Radiomics Platform 

1p/19q Mutation in Low Grade Glioma 
 

Goal Predict 1p/19q genetic mutations in 81 patients 
Ground Truth PA 
Modality MR (T2, DWI) 
Discovery Two-class: co-deleted vs non co-deleted 

Location-specific mutations: guide biopsies 

Deep learning in neuro oncology 

Tumor segmentation 
 (pre-processing step) 

Measure 
AUC [0.68; 0.87] 
F1-Score [0.81; 0.95] 
Sensitivity [0.70; 1.00] 
Specificity [0.80; 0.99] 

Classify tumor subtype: 
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Population Imaging Genetics 

 
Integrating imaging and genetics for improved understanding of disease processes, 

and improved detection, diagnosis and therapy planning & guidance 

Predicting is not easy … AD risk genes 

Future of imaging genetics 
§  Holy grail: 
 Find  phenotype = f (genotype, environmental factors) 

 

§  Current approaches: mostly massive number of linear regressions  

§  Promises in: 
§ Larger datasets 

§ Machine and deep learning for learning more complex relations 

§  Challenges 

§ DL and ML cannot straightforwardly be applied (heterogeneous 
data, biological variability) 

§ Modular approach, integrating prior knowledge with DL 
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Deep learning in population imaging genetics 

§  Increasingly the state of the art in QIB extraction 

§  Still challenging to solve “clinically relevant” applications 

§ Complex, heterogeneous data; few training samples 
§ Defining right scope 

§ How to integrate prior knowledge 

§  Powerful tool to support investigating challenging relation between 
genetic data, environmental factors and phenotype 
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