
Bayesian Classification of Multiple Sclerosis

Lesions in Longitudinal MRI Using Subtraction
Images�

Colm Elliott1, Simon J. Francis2, Douglas L. Arnold3,
D. Louis Collins2, and Tal Arbel1

1 Centre for Intelligent Machines, McGill University, Canada
2 Montreal Neurological Institute, McGill University, Canada

3 NeuroRx Research, Montreal, Canada

Abstract. Accurate and precise identification of multiple sclerosis (MS)
lesions in longitudinal MRI is important for monitoring disease pro-
gression and for assessing treatment effects. We present a probabilistic
framework to automatically detect new, enlarging and resolving lesions
in longitudinal scans of MS patients based on multimodal subtraction
magnetic resonance (MR) images. Our Bayesian framework overcomes
registration artifact by explicitly modeling the variability in the differ-
ence images, the tissue transitions, and the neighbourhood classes in the
form of likelihoods, and by embedding a classification of a reference scan
as a prior. Our method was evaluated on (a) a scan-rescan data set con-
sisting of 3 MS patients and (b) a multicenter clinical data set consisting
of 212 scans from 89 RRMS (relapsing-remitting MS) patients. The pro-
posed method is shown to identify MS lesions in longitudinal MRI with
a high degree of precision while remaining sensitive to lesion activity.

1 Introduction

The use of subtraction imaging to identify MS lesion activity on MRI has been
shown to increase sensitivity to new and resolving lesions and significantly re-
duce inter-rater variability [1,2,3,4]. Previous studies using subtraction images
for lesion identification were done in a manual or semi-automatic fashion, as
the automatic analysis of subtraction images is complicated by the presence of
registration errors, flow artifacts and the high variability of signal intensities for
lesions [3,5]. For this reason, most automated longitudinal MS lesion segmenta-
tion approaches have used more robust statistical approaches that require the
inclusion of images from several timepoints [6,7,8], the analysis of lower resolu-
tion patches [9], or some form of deformation analysis [5,10]. The automatic le-
sion classifier presented here attempts to overcome the limitations of subtraction
imaging by embedding intensity differences into a Bayesian framework that also
incorporates prior classification at a reference timepoint, models that account for
registration error and noise, and neighbourhood information. Our probabilistic
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(a) (b) (c)

Fig. 1. T2 images for 2 timepoints are shown in (a) and (b) while the subtraction image
between the two timepoints is shown in (c). New lesions appear as hyperintense on the
T2 subtraction image while resolving (disappearing) lesions appear as hypointense.

framework further permits qualification of the degree of confidence to classifica-
tion results at each voxel in the form of a posterior probability for each tissue
class.

Our method was evaluated on (a) a scan-rescan data set consisting of 3 MS
patients and (b) a multicenter clinical data set consisting of 212 scans from
89 RRMS patients with 2-4 longitudinal scans each. The overall classification
system provides a consistent labelling of lesion voxels while remaining sensitive
to lesion activity.

2 Methods

2.1 Problem Formulation

We present the problem of classification as one of inferring a tissue class label,
C

(t)
i , at each voxel i of a multimodal volume at timepoint t, given an image from

a reference timepoint, I(r), and a subtraction image, D(t), between timepoint t
and the reference timepoint. Tissue class labels are restricted to one of cerebro-
spinal fluid (csf), gray matter (gm), white matter (wm), MS lesion (les) and a
partial volume class (pv).

We first formulate the tissue class inference problem by only considering ob-
servations at the voxel in question:
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where we have assumed that C
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i is conditionally independent of I
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C
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i . The right side of equation (1) can be seen as a product of three terms: a
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(a) N k
i for k=0-3 (b) {C(t)

Ni
}

Fig. 2. (a) shows N k
i for k=0-3 while (b) shows a sample tissue label configuration,

where Ni is defined as the 4-voxel neighbourhood in both (a) and (b)

difference likelihood, a tissue transition likelihood, and a prior classification of
our reference image. We incorporate information from neighbouring voxels using
a neighbourhood likelihood model and by recursively growing our observation
space, N k

i , defined as
N k

i =
⋃
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i

Nj , (2)

where N 0
i is just the voxel in question (as in (1)), and Ni is a the first-order

neighbourhood. We can express the posterior probability of a class tissue, C
(t)
i

for a kth inference problem as
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where Kk is a normalization constant, P k

{C
(t)
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} is the probability of a tissue class

label configuration, {C(t)
Ni

} is a configuration of tissue class labels in Ni (see ex-
ample in Fig. 2b) and where the summation implies that we consider all possible
configurations. We assume Markovianity (p(C(t)
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This iterative process can be seen as modelling tissue label dependencies lo-
cally while recursively growing the observation space, which, in the limit, would
consider the entire image.
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Likelihood Models

Difference likelihood models are learned from training data for all combinations
of C(r) and C(t), where tissue classes are restricted to one of 5 classes (csf,
gm, wm, les, pv). Transitions from C(r) to C(t) may represent real change (e.g.
wm-les), misregistration (e.g. wm-gm), differences in partial volume effects at
different timepoints, variability or error in segmentation of the training data,
or some combination of these factors. To reduce the number of models that
need to be learned, D(t) is assumed to be conditionally independent of I(r)

given C(r), except for the case of C(r)=les. For this special case, we use PCA
to project our multimodal intensities onto a 1-D subspace that best captures
intensity variations seen in lesions, and separate this subspace into 3 distinct
lesion intensity classes. Difference likelihood models for wm-wm, gm-gm, csf-csf
and pv-pv transitions are modeled as 3D Gaussians as they are well approximated
as such. All other models are represented by 3D non-parametric distributions
using Parzen windows [11].

The neighbourhood likelihood represents the likelihood of observing a neigh-
bourhood configuration C

(t)
Ni

around a voxel with label C
(t)
i . A 4-voxel in-plane

neighbourhood was used, and a neighbourhood configuration was represented
by a count of each tissue class in the 4-voxel neighbourhood. Models were con-
structed as histograms by observing the frequencies of the different neighbour-
hood representations that occured in training data for each tissue class.

The transition likelihood represents the prior probability of transitioning from
one tissue label to any other (or the same) tissue label. This acts as a bias toward
the tissue class at the reference timepoint and towards more plausible tissue label
transitions. Transition likelihoods are learned based on frequency of occurence
in the training data.

The inclusion of a prior term, p(C(r)|I(r)), implies that we have available some
form of probabilistic tissue classification for the reference timepoint. This prior
on C(r) can come from some other automated tissue segmentation scheme, from
manual labeling, or from some combination of both.

3 Experiments

3.1 Preprocessing

All MRI data used in this study consists of sets of T1-weighted (T1), T2-weighted
(T2) and PD-weighted (PD) images at a resolution of 1x1x3mm. Each scan was
corrected for intensity non-uniformity [12], masked to exclude non-brain and
the posterior fossa, linearly (6 DOF) registered to the T2 image at the baseline
scan from the same patient, and intensity normalized to a common intensity
space [13]. The “ground truth” tissue labels were generated from an automatic
tissue segmentation using an in-house classifier based on [14] which then had
voxels classified as lesion manually verified and corrected by experts. Tissue
class labels were restricted to one of csf, gm, wm, les, and pv. These manually
corrected (MC) 5-tissue class segmentations served as a reference for subsequent
training and validation.
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3.2 Scan-Rescan

A scan-rescan data set consisting of 3 relapsing-remitting MS (RRMS) patients
allowed us to validate the precision of the proposed method in the absence of
real physical change. Patients were scanned on a Siemens Sonata 1.5T scanner,
removed from the scanner, and then rescanned. For the scan-rescan data set,
fully manual lesion labels (FM) were also available in addition to the manually
corrected lesion labels (MC). Lesions were required to consist of at least two
contiguous voxels. The MC labels for the reference timepoint were used as a
prior for the Bayesian classifier (BC). Classification was done by first using the
scan as the reference timepoint (BC-S) and classifying the rescan, and secondly
using the rescan as the reference (BC-R) and classifying the scan. Models used for
classification were learned from independent training data. We define new lesion
voxels as those that were not labelled as lesion in the reference scan but labelled
as lesion in the follow-up scan, and resolved lesions those that were labelled as
lesion at reference but not in the follow-up. Means and standard deviations of
lesion volume at reference, new lesion voxels, resolved lesion voxels and change
in lesion volume over the 3 scan-rescan patients are shown in Table 1. Given that
there is no biological change in the scan-rescan period, ideally no lesion activity
would be detected. The number of new and resolving lesion voxels are greatly
reduced when using the proposed Bayesian classifier as compared to both the
FM and MC labels, suggesting greater precision with the proposed method.

Table 1. Scan-Rescan precision for 3 RRMS patients

MC FM BC-S BC-R

Lesion Volume at Reference (voxels) 7466±4278 7517±4098 7466±4278 7466±4404

New Lesion Voxels 1368±853 1657±887 74±8 26±9
Resolved Lesion Voxels 1313±700 1453±906 49±21 28±15
Net Change in Lesion Voxels 55±155 204±321 25±27 -3±20

3.3 Clinical Data

Increased precision is only meaningful if the classifier is still sensitive to true
change. A clinical data set was used to validate the sensitivity of the proposed
method to new and enlarging lesions. This data set consists of 212 total scans
from 89 RRMS patients with 2-4 longitudinal scans each, taken over a period
of 48 weeks with a minimum interval of 12 weeks between scans. Fully manual
lesion labels were not available for this data set, so MC labels were used as ref-
erence for all 212 scans. Meaningful evaluation based on comparison to reference
lesion labels is challenging, due to lack of consensus as to what consitutes a
lesion, ambiguity of lesion boundaries, and lack of precision in labelling of the
same patient over time. A subset of the new lesion voxels from the MC labels
were identified as being new lesions or enlarging portions of existing lesions,
based on a minimum of 3 contiguous new lesion voxels and spatial properties
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Table 2. Apparent Sensitivity to New and Enlarging Lesions as compared to MC
Labels

NE Size ALL >=5 voxels >=10 voxels
Total # NE 63 58 45

Criteria(a) 46 (73%) 45 (78%) 37 (82%)
Criteria(b) 53 (84%) 52 (90%) 44 (98%)

Voxel-wise sensitivity 76.6% 76.9% 77.5%

of connectedness to existing lesions. This set of new or enlarging (NE) lesion
labels was manually verified by experts and ensured as much as possible that
our ground truth definition of NE lesions corresponds to real change in brain
tissue. For each timepoint other than the baseline scan, the scan and MC tissue
labels from the previous timepoint were used as the reference image and prior. In
this way, all scans except for the baseline scan were classified in a pairwise fash-
ion. Four-fold cross-validation was used, with 66 or 67 patients used for training
our models, and 22 or 23 used for testing, on each fold. Performance of our clas-
sifier was measured based on the number of NE lesions that were detected. Two
different criteria were used to decide whether an NE lesion was considered as
detected : (a) identification of a minimum of 50% of voxels in an NE lesion and
(b) identification of 3 or more voxels in an NE. Analysis was done separately for
all NE lesions and subsets of NE lesions that were greater than 5 and 10 voxels in
size. A voxel-wise sensitivity to NE lesions was also measured, which is defined
as the percentage of all voxels in new and enlarging lesions that were classified
as lesion.

Specificity of newly detected lesions was not quantitatively evaluated as we did
not have a filtered subset of MC labels that allowed for a meaningful comparison.
Qualitative analysis showed that for a small subset of scans, significant false
detection of new lesions occured adjacent to the lateral ventricles. Distortion,
atrophy and partial volume effects in the z-direction all contributed to these false
detections. Sensitivity and specificity of resolving lesions were also not explicitly
measured due to lack of suitable ground truth. Qualitative analysis showed good
sensitivity to fully resolving lesions, but resolving portions of partially resolving
lesions were generally underestimated, due to the attractive effect of remaining
lesion in the neighbourhood likelihood model. Very few falsely resolving lesions
were observed.

Table 3. Number of New And Resolving Lesion Voxels for Slices in Figure 3

Slice 1 Slice 2 Slice 3
MC BC MC BC MC BC

Lesion Voxels At Reference 156 156 181 181 347 347
New Lesion Voxels 58 57 100 42 137 2
Resolved Lesion Voxels 77 30 77 41 108 3
Net Change in Lesion Voxels -19 27 33 1 21 -1
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(a) Ref T2 (b) T2 at t (c) Sub. Im. (d) Prior (e) BC (f) MC

(g) Ref T2 (h) T2 at t (i) Sub. Im. (j) Prior (k) BC (l) MC

(m) Ref T2 (n) T2 at t (o) Sub. Im. (p) Prior (q) BC (r) MC

Fig. 3. Sample classification results for three slices from three different patients, where
Slice 1 (a-f) and Slice 2 (g-l) both have new and resolving lesions and Slice 3 (m-r)
exhibits little or no real change. Reference T2 images (Ref. T2), T2 images at the
timepoint t to be classified (T2 at t), subtraction images between the two timepoints
(Sub. Im.), prior classifications at the reference timepoints (Prior), output of the pro-
posed Bayesian classifier for time t (BC), and MC labels for time t (MC), are shown
for each slice. The BC and MC labels are colour-coded as follows: stable lesion voxels
are shown in red, new lesion voxels are shown in green, and voxels that were lesion at
the reference timepoint but have resolved are shown in blue.

Sample classification results for 3 slices of 3 different patients in the clinical
data set are shown in Figure 3, and the lesion activity in those slices as detected
by the proposed classifier and the MC labels is summarized in Table 3. New
and resolving lesions are correctly identified while stable lesions are labelled in a
much more consistent manner than for the MC labels, where lesion boundaries
are shown to fluctuate, and more ambiguous tissue intensities may be labeled
differently at the two timepoints despite lack of apparent change.

4 Discussion and Future Work

In this paper, we introduce an automatic Bayesian classifier that detects MS
lesion activity in longitudinal scans based on subtraction images. Our approach
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attempts to overcome the limitations of subtraction images in terms of registra-
tion error and noise by embedding a prior classification at a reference timepoint
and by building likelihood models that account for artifact and noise. Our ap-
proach was evaluated on both a scan-rescan data set and a large multicenter
clinical data set and has demonstrated increased precision as compared to a
manual classification, while remaining sensitive to lesion activity.

A quantitative evaluation of sensitivity to resolving lesions and specificity of
both new and resolving lesions is needed to fully characterize the performance
of the proposed classifier. The incorporation of non-linear registration or explicit
segmentation of lateral ventricles may aid in reducing false detection of new le-
sions in patients where there is significant atrophy or distortion. The preprocessing
pipeline used was chosen based on convenience. More optimal pipelines specific to
longitudinal data may help reduce noise and artifact in subtraction images [9,15].
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