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Abstract
Prion diseases are a group of progressive neurodegenerative conditions, which
cause cognitive impairment and neurological deficits. The approaches used to study
other types of neurodegenerative diseases, such as Alzheimer’s disease, are not
appropriate to capture the progression of the human form of Prion disease. This is
largely due to the heterogeneity of the phenotypes associated with Prion disease.
This heterogeneity, combined with the rarity of the disease and thus the limited
amount of available data, hampers the ability of state of art models to stratify
patients in disease stages accurately.
In this paper, we focus on the development of a novel framework based on Gaussian
Process (GP) to stratify subjects with the inherited human form of Prion disease.
Our framework tackles the small number of training data as well as the presence
of heterogeneity among subjects’ biomarkers. This is achieved by firstly using a
subject-specific multi-modal feature extraction scheme in order to normalise the
data across subjects. Secondly an additive GP classifier is used to correlate subjects
with disease severity. Through a simulated dataset we highlight the rationale and
added value of our technique before applying it to real data.
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Introduction

Neurodegenerative diseases (NDD) are characterised by a progressive alteration of the physiology and
morphology of the brain, which leads to irreversible functional impairments. In order to characterise
the progression of such diseases, researchers rely on biomarkers, extracted for example from wet
samples or imaging. Biomarkers are then used, through modelling, for the purpose of diagnosis,
prognosis or stratification of subjects. Different approaches have been proposed in the literature to
model disease progression, including event-based models [5], mixed effect models [6] or continuous
Bayesian framework [4]. Gaussian processes (GP) have also been used [9; 7] as they have the
advantage of modelling the interaction between multiple biomarkers [14].
All proposed approaches for disease modelling rely on the hypothesis that biomarkers follow a similar
pattern of change across patients. For example, in typical Alzheimer’s disease the hippocampus is
affected early in the disease, followed by other areas of the brain in a systematic order [5; 14].
The human form of Prion disease, Creutzfeldt-Jakob disease (CJD), a rare NDD, does not seem to
follow a singular pattern of disease progression. The clinical diagnosis of CJD is challenging while
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the patient is alive, due to the heterogeneity of observed phenotypes, particularly in the early stages
of the disease. To this date, definite diagnosis of CJD is only possible post mortem (brain autopsy).
Nonetheless, several approaches have been investigated to improve the sensitivity and specificity of
CJD diagnosis during life. MRI images show signal abnormalities such as hyperintensities in FLAIR
and DWI images [2; 8]. Being able to diagnose CJD at the early stages of the disease would enable
the patients to be involved in clinical trials, which is currently challenging as patients can die in less
that 12 months from diagnosis [1]. Researcher groups are focusing on the extremely rare cases of
Inherited human form of Prion disease (IPD) as it is possible to follow subjects years before they
develop any clinical symptoms. IPD occurs as a result of one of more than 30 mutations in the prion
protein gene (PRNP), hence conferring highly heterogeneous phenotypes to the disease. Variablity
has also been reported among affected individuals within families carrying the same mutation but
this is yet to be explained [15; 11].
In this paper, we focus on the development of a novel framework based on GP to stratify subjects with
IPD. Our framework tackles the insufficient number of training data and the presence of heterogeneity
among subjects’ biomarkers. We designed a subject specific biomarkers extraction scheme and model
the interaction between biomarkers from different MRI pulse-sequences.
To validate our framework we apply it to synthetic data before applying it to a dataset of IPD.

2

Methods

A non-parametric kernel-based model M : y = f (X) + ε, f ∼ GP(µf ; K), ε ∼ N (µε ; σ)
was used to infer the subjects status, y, given a set of imaging biomarkers X ∈ X , where X is
the features space.The selected biomarkers include volumetric features extracted from structural
Magnetic Resonance (MR) images, intensity-based features from FLAIR scans and mean diffusivity
(MD) measures from diffusion weighted imaging (DWI). Our approach follows four main sections:
(i) features extraction followed by (ii) features selection and normalisation; (iii) model training
— estimation of the hyperparameters associated to the covariance kernel functions defined for the
modalities under consideration —, and (iv) stratification of subjects based on the stages of the disease.
2.1
2.1.1

Features extraction, selection and normalisation
Features Extraction

Structural features consist of regional volumetric measurements and are extracted from T1-weighted
MRI scans (T1w) using the Geodesical Information Flows [3] algorithm. We regress the impact of
confounding effects, such as age and the total intracranial volume, by comparison with a healthy
population.
To mimic clinical practice, we extract abnormal signal intensities in the grey matter (GM) from FLAIR
images using the Bayesian Model Selection algorithm [12] approach. In order to robustly characterise
the signal intensities of each brain region and across all subjects we compute the Mahalanobis distance
between the regional GM median and the overall healthy white matter intensity distribution.
The mean diffusivity (MD) is computed from the diffusion tensors estimated from diffusion weighted
imaging (DWI). We use the median MD per brain region as biomarker.
2.1.2

Features selection and normalisation

For most NDD, group-wise approaches are used to select the relevant features. This can be done
as the features are consistent and homogeneous across subjects and throughout the disease stages.
Such methods however cannot be applied to IPD due to the phenotype heterogeneity and the lack of
consistent pattern of disease progression. A common approach could be to use Automatic Relevance
Determination (ARD) as it aims at optimising different weights to automatically extract relevant
features. However, such approach requires a number of sample considerably larger than the number
of features, which setup is unlikely to occur with real data of patients with Prion disease.
To overcome this issue, we here hypothese that the disease does not follow a geometrical pattern but
instead that imaging biomarkers can become abnormal in any location in the brain. The quantity of
abnormality rather than its location is thus to quantify the progression of the disease. To quantify this
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abnormality, we extract z-scores against a normative database of healthy controls for all extracted
imaging biomarkers. The z-score values are then ranked per modality (structural, FLAIR, diffusion)
and only the highest values for each modality are considered for subsequent learning and inference
stages.
2.2

Model learning

We assume that the feature relationship across modalities can be modelled as a multi-task paradigm,
a contribution of independent functions that explain the biomarkers progression. We implement an
Additive GP to perform the stratification of the subjects.
Considering a GP with µf = 0 and covariance kernel function K, we determine the pattern of
the inductive generalisation of the features. We implement a multiclass classification GP based
on individualised likelihood factors computed for the target classes defined by yi ∈ {1, ..., 7} for
the subject i. These classes correspond to the seven stages of the disease: 0 – healthy control, 1 –
asymptomatic subjects, 2– subjects at clinical onset , 3 to 6 – symptomatic subjects divided in 4
groups according to their clinical scores (MRC Scale) [13]. Due to the number of classes under
consideration, fi is a vector fi = [fi1 , ..., fi7 ]T . The multi-class classification is performed by means
of a multinominal probit likelihood, as defined by equation 1, where the auxiliary variable ui is
distributed as p(ui ) = N (ui |0, 1) and Φ(x) denotes the cumulative density function of the standard
normal distribution.
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p(yi |fi ) = Ep(ui )
Φ(ui + fiyi − fij )
(1)


j=1,j6=yi

Inference is achieved via a nested expectation propagation (EP), which does not require numerical
quadratures or sampling to estimate the predictive probabilities, as detailed in [10].
Note that our model also accounts for the individualised pattern of each genetic mutation of IPD. In
order to reduce the bias introduced by the high number of genetic mutations, we group the subjects
in three clusters according to the rate of disease progression associated with each mutation. This
information is included in our model using a fourth kernel matrix, Kc . The matrix KI , which encodes
the imaging biomarker, is obtained by the addition of the three kernel matrices computed individually
using the information extracted from the three MR images. The final matrix K considered in the GP
model results from the Hadamard product, Kc KI .

3
3.1

Experiments
Synthetic Dataset

To demonstrate the efficacy of the proposed approach as well as its rationale, we create a synthetic
dataset. The dataset is derived from three functions designed to simulate the three MRI modalities
used in this study. For each one of them, referred to as modality A, B and C in figure 1, we generate
10 different biomarkers.
Biomarkers from the same modality are set to follow a common evolution over time but all deviate
differently from the main function. We alter the three main functions to also simulate the three
different rate of disease progression previously mentioned. For each individual i we obtain the
i
i
biomarkers τ ∈ [1, 10] corresponding to class yi as a function fi (τ ) = (fM
(τ ) + i , fM
(τ ) +
A
B
i
i , fMC (τ ) + i ), i ∼ N (0; 0.25). fMA , fMB and fMC correspond respectively to a monotonically
increasing sigmoid function, a second order polynomial function and a monotonically decreasing
sigmoid function. The number of subjects per class is uniformly distributed. In order to simulate
the spatial heterogeneity of features among subjects, we selected randomly between one to three
biomarkers τ to deviate from the controls samples. The estimation of yi , j, ŷi,j requires to find the
best hyperparameters for our regression task and for each kernel. The hyperparameters θ are estimated
via the maximisation of the marginal likelihood of the model, p(y|X, θ); i.e., the marginalisation
over the kernel parameters is performed by maximum a posteriori algorithm (MAP). A 10-fold
cross-validation scheme is used.
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Figure 1: Synthetic dataset. Upper row: Synthetic data generated to simulate the three different
modalities. The three different colour define the clusters of subjects according to the rate of progression of IPD. Lower row: Example of the data extracted from modality B after being normalised and
ranked by the most significant features for each subject.

The model was used to estimate the probability of a subject to belong to each class. The same
experiment is repeated with several sample size N ∈ {100, 500, 1000, 2500} and different GP
schemes for comparison. We divided our synthetic samples in two sub-samples: a training set with
75% of subjects, and a testing set with the remaining 25%. To ensure stability and accuracy of the
presented results with the synthetic data we use bootstrapping.
Results. Table 1 reports the results of the proposed approach on synthetic data as well as the results
obtained using an additive GP using all available features and an additive GP with an ARD scheme for
feature selection. The mean percentages of misclassified subjects per class indicate that the proposed
method is able to better capture the granularity of the disease stages than the standard approaches.
Our method is only outperformed by the GP-ARD when the sample size is very large, as GP-ARD is
able to find correlations between subjects even using heterogeneous biomarkers. Note that in this
case, the number of samples is considerably higher (2500) than the number of features (30).
3.2

Inherited human form of Prion disease dataset

Using real patient data, we perform the stratification of IPD subjects based on their clinical diagnosis,
using both imaging and genetic data. The dataset includes the baseline scans of control, symptomatic
and asymptomatic subjects, as well as scans of subjects who have shown clinical symptoms within a
year after their scan. The whole sample consists of 25 controls, 29 asymptomatic, 5 close to clinical
onset and 30 symptomatic subjects, yielding unbalanced classes. We randomly divided our sample in
two sub-samples, training and testing.
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Table 1: Percentage of misclassified subjects per class. N defines the sample size (number of subjects).
The first models corresponds to an additive GP; second model is an additive GP, as implemented
before, with ARD scheme for feature selection; finally, third corresponds to the approach proposed in
this paper. The bold values correspond to the best approach in each test.
Model

Healthy
Controls

Asymp.
Subjects

Clinical
Onset

MRC S.
(20-16)

MRC S.
(15-11)

MRC S.
(10-6)

MRC S.
(5-0)

Mean
Percentage

GP
GP-ARD
Proposed
GP
GP-ARD
Proposed
GP
GP-ARD
Proposed
GP
GP-ARD
Proposed

1.38
2.25
1.00
0.40
0.72
0.56
0.40
0.93
0.40
0.08
0.24
0.08

4.63
6.50
1.13
1.36
2.16
0.80
1.60
4.40
1.20
0.08
0.24
0.16

5.00
6.13
1.38
2.00
3.28
1.20
2.67
6.27
1.60
0.48
0.48
0.08

9.63
9.75
5.13
8.00
7.04
3.28
6.93
8.80
3.33
3.76
1.92
1.84

10.13
10.63
8.50
11.44
10.08
6.72
10.27
10.67
6.80
11.04
5.20
6.24

13.75
12.88
7.88
10.96
10.08
9.52
13.33
10.27
9.73
10.48
6.96
8.16

4.75
5.38
5.50
7.12
7.44
5.60
6.67
6.93
6.80
4.96
4.48
4.40

7.04
7.65
4.36
5.90
5.83
3.95
5.98
6.90
4.27
4.41
2.79
2.99

N
100
500
1000
2500

Table 2: Percentage of misclassified subjects per class using clinical data. N defines the sample size
(number of subjects).
N

Model

Healthy
Controls

Asymp.
Subjects

Clinical
Onset

MRC S.
(20-16)

MRC S.
(15-11)

MRC S.
(10-6)

Mean
Percentage

89

GP
GP-ARD
Proposed

14.58
14.48
12.30

21.53
16.17
14.88

4.66
5.36
4.96

11.41
11.31
9.23

2.18
2.68
2.28

0.20
0.20
0.20

7.79
7.17
6.26

Results. Table 2 reports the results of our proposed approach when applied to IPD patients. The
proposed method reduces the misclassification rate per class, when compared with the other methods
tested. The classification rate for class of symptomatic subjects was not evaluated due to the absence
of individual in IPD dataset with MRC Scale lower than 5. Note that the results reported in Table
2 are deterministic and they do not account for the fuzziness of the classes estimation. The results
also support the hypothesis that for rare diseases, like IPD, due to the reduced number of subjects the
problem is ill-posed. In this specific case, the results achieved by the GP-ARD are not as accurate as
the results obtained by an approach in which the number of features considered are reduced in order
to avoid confounding effects raised by the inconsistency of features across subjects.

4

Discussion

We proposed a non-parametric Bayesian approach, which aimed to predict the disease stage of IPD
subjects. The approach was designed to (i) account for the lack of biomarker geometrical consistency
across subjects, as well as (ii) small sample size. The results obtained with our framework suggest that
the model is better able to address efficiently the two aforementioned constraints by implementing
a subject-specific biomarkers extraction. In fact the model obtained better results when compared
with the current frameworks used in context of NDD, both on synthetic and clinical data. Note also
that by using the GP as classification model, the current framework can be easily extended to predict
the time to clinical onset of asymptomatic subjects. We thus plan to explore the advantages of GP to
model the evolution of the biomarkers over time.
We aim to extend our framework to account for the longitudinal information available from these
subjects. This will allow not only the stratification of subjects based on the extracted biomarkers, but
also the subjects prognosis in a given time frame. Similarly, other neurodegenerative diseases with
consistent biomarkers patterns across subjects can benefit from our approach.
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