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ABSTRACT: Two novel methods for automated quantification of total lesion burden in multiple sclerosis patients 
using multi-spectral magnetic resonance imaging are examined.  The first method, geometrically constrained region 
growth, requires user specification of lesion location.  The second, directed multi-spectral segmentation, requires only 
the location of a single exemplar lesion.  The performances of these methods are compared to manual tracing using three 
parameters:  speed, precision, and accuracy.  Both methods are shown to provide significant improvement over manual 
tracing in terms of processing time, inter- and intra-operator coefficients of variation, and global accuracy using both 
phantoms and clinical data. 

BACKGROUND: Accurate quantification of brain lesion count and 
volume in multiple sclerosis patients is a vital tool for evaluation of 
disease progression and patient response to therapy.  Currently used 
methods for obtaining these data points are largely manual and 
subjective, and are therefore both error-prone and subject to inter- and 
intra-operator variability.  In addition, manual tracing of white matter 
lesions requires as much as 60 minutes of expert intervention time per 
case. 

Other research groups, including Brunetti et al.1,   Rovaris et al. 2,  
Dastidar et al. 3 , and Ballester et al. 4, and Van Leemput et al. 5
have developed automated or semi-automated approaches to this 
problem. The results reported in these studies serve as useful 
benchmarks for the work presented here.     

MEASUREMENT TECHNIQUES:  One manual and two 
automated measurement techniques were evaluated in this study.  All 
measurements were carried out using software provided by
VirtualScopics, a biomedical image analysis firm based in Rochester, 
NY.  

The first automated method examined was geometrically constrained 
region growth (GEORG).10,11 This technique requires a user to 
place a “seed” within each lesion in the volume using a single mouse 
click.  The seed region then expands into neighboring voxels provided 
that two constraints are satisfied:  the spectral signature of the 
neighboring voxel must have a high probability of falling within the 
statistical distribution defined by all current included voxels, and 
inclusion of the neighboring voxel must not cause the shape of the 
included region to deviate excessively from the a priori regional 
shape model. The operation of this algorithm is illustrated in Fig. 1. 

The second automated method, directed multi-spectral segmentation 
(DMSS), requires a user to identify one lesion within the volume.  In
this study this exemplar lesion was identified using GEORG, reducing 
user interaction to a single mouse click. Given an exemplar, DMSS 
then identifies the statistical characteristics of the apparent normal 
tissue using an adaptive multivariate Bayesian classifier.14,15
Finally, an iterated conditional modes (ICM)16 – based classification 
pass is made, using the background statistics supplied by the Bayesian 
classifier and the target statistics supplied by the exemplar.  The 
operation of this algorithm is illustrated in Fig. 2. 

EXPERIMENTAL PROCEDURE:  The experiments involved in 
this study were intended to assess the performance of the two 
algorithms under consideration with respect to manual tracing and to 
the studies cited above in terms of three parameters:  speed, precision, 
and accuracy.  Two data sets, one clinical and one synthetic, were 
used to assess required processing time for each algorithm, inter- and 
intra-operator measurement variability, and global accuracy.

The multispectral MRI data sets shown in Fig. 3 were used to 
evaluate required operator time and reproducibility for both manual 
and automated processing, as well as to establish correlation between 
manual and automated results.  First, each of the three clinical
baseline studies was evaluated using manual tracing, GEORG and 
DMSS.  Ten separate measurements of lesion burden in each data set 
were made by a single operator using both GEORG and DMSS.  In 
addition, ten manual measurements of each data set were made by a 
trained neuroradiologist.  Each of the six revisit scans was then 
evaluated using manual tracing as well as both automated algorithms.  
These experiments served to establish intra-operator variability for all 
three processes.

In order to establish inter-operator variability, each baseline scan 
was then evaluated by four trained operators using GEORG and 
DMSS, and by four expert observers using manual tracing.  Mean 
results for all three techniques were compared, in order to establish 
the level of correlation between manual and automated 
measurements. 

Phantom data sets obtained from MBIC 6,7,8,9 were used to 
determine some estimate of the global accuracy of both manual 
tracing and the automated measurement methods.  Because these 
data sets contained various levels of noise and distortion they also 
allowed an examination of the sensitivity of both manual and 
automated measurement to these parameters. The results of these 
measurements were compared to the provided ground truth map in 
order to estimate global accuracy.  Also, results were examined 
relative to one another in order to determine sensitivity to noise 
and distortion in the data.  

RESULTS:  Results of the first intra-operator variability trials, 
measuring precision over repeated measurements of the same data 
sets, are given in Table 1. These results indicate that both 
automated techniques provide substantial improvement over 
manual tracing in terms of precision.  In addition, they show 
significant correlation between automated and manual results, and 
between the two automated techniques.  

Our second intra-operator variability study involved measurement 
of lesion burden in repeat scans taken of each of the three patients 
over a period of 4 – 8 days.  The presumption is that total lesion
burden should not have changed significantly over that time 
period.  Results of this experiment are given in Table 2.  

Inter-operator variability was evaluated by measuring lesion 
burden in each of the initial scans using four different operators for 
each algorithm.  Manual tracing was carried out by qualified 
experts.  Automated processing was carried out by trained 
observers. Results of this experiment are given in Table 3.

Our final experiment involved data taken from the MBIC brain 
database.  This experiment was designed to assess global accuracy, 
as the MBIC data was thoroughly ground-truthed.  Experimental 
results were generated for data sets with noise levels of 3% and
5%, and distortion levels of 0% and 20%.  Results of this 
experiment are given in Table 4.
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Fig. 1:  Identification of lesion boundaries using 
GEORG, from initial seed to stable solution.

Fig. 2:  (Top) Identification of an exemplar lesion 
on slice 16 using GEORG. (Bottom) Slice 21 
before and after DMSS.

Fig. 3:  Single slices from baseline studies for three clinical 
data sets and (bottom right) one phantom data set obtained 
from MBIC.  Each data set consists of T1, T2, and proton 
density weighted studies.

T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 Mean S.D. C.V.

Patient 1
Manual 20.0 21.2 20.8 20.6 20.2 19.1 21.0 20.4 19.2 19.2 20.3 0.7 3.4%
GEORG 19.5 19.5 19.6 19.7 19.3 19.1 19.1 19.3 19.2 19.5 19.4 0.2 1.0%

DMSS 19.4 19.5 19.4 19.4 19.4 20.4 19.4 19.4 19.5 19.4 19.5 0.3 1.5%
Patient 2
Manual 26.8 26.5 22.5 23.1 24.3 24.1 26.0 26.8 24.9 27.7 25.3 1.7 6.7%
GEORG 22.1 21.9 22.0 22.1 21.9 21.8 21.7 21.7 21.7 21.8 21.9 0.2 0.9%

DMSS 21.4 22.2 22.0 22.0 22.2 22.3 22.1 22.1 22.2 22.2 22.1 0.2 0.9%
Patient 3
Manual 9.6 10.5 10.6 9.2 10.4 10.4 10.1 8.0 10.1 8.9 9.8 0.8 8.2%
GEORG 8.5 8.5 8.3 8.3 8.3 8.0 8.0 8.0 8.0 8.1 8.2 0.2 2.4%

DMSS 9.7 9.8 9.8 9.7 9.4 9.8 9.7 9.8 9.7 9.2 9.7 0.2 2.1%

Table 1: Results of intra-operator variability study 1.   This table shows results for 10 measurements of each patient’s total lesion burden in cubic centimeters, 
along with mean value, standard deviation, and coefficient of  variation for each measurement  technique.

Rep. 1 Rep. 2 Rep. 3 Rep. 4
Patient 1
Manual 20.0 29.3 34.9 N/A
GEORG 19.4 19.4 20.2 N/A
DMSS 19.4 19.6 19.1 N/A

Patient 2
Manual 26.8 34.8 N/A N/A
GEORG 22.1 20.7 N/A N/A
DMSS 21.4 20.0 N/A N/A

Patient 3
Manual 9.6 9.8 8.4 9.4
GEORG 8.5 8.0 8.2 7.6
DMSS 9.7 10.5 11.3 8.1

Table 2: Results of repeated scan study.  This data also shows good 
agreement between measurements of studies temporally separated 
by several days.  Note also that the variability of the manual 
measurements has increased greatly with respect to that of the 
automated measurements.

Obs. 1 Obs. 2 Obs. 3 Obs. 4 Mean S.D. C.V.
Patient 1
Manual 27.0 18.8 20.6 18.4 21.2 4.0 18.9%
GEORG 19.5 19.6 19.7 19.3 19.5 0.2 1.0%
DMSS 20.0 22.6 19.4 20.0 20.5 1.4 6.8%

Patient 2
Manual 22.8 25.3 27.3 21.0 24.1 2.8 11.5%
GEORG 22.1 22.2 21.8 21.8 22.0 0.2 0.9%
DMSS 20.9 22.5 21.4 19.5 21.1 1.2 5.9%

Patient 3
Manual 9.9 9.7 10.8 6.7 9.3 1.8 19.2%
GEORG 8.5 8.4 7.7 8.1 8.2 0.4 4.9%
DMSS 9.7 10.1 9.7 9.4 9.7 0.3 3%

Table 3: Results of inter-observer variability trials.  As expected, the automated methods show 
Good correlation with each other and with manual results.   The automated methods also show 
significantly lower coefficients of variation.

Noise 3 Dist. 0 Noise 3 Dist. 20 Noise 5 Dist. 20

Manual 10.2 8.5 8.7
GEORG 3.2 3.2 3.1
DMSS 4.5 3.4 4.1
Ground Truth 3.5 3.5 3.5

Table 4:  Results of phantom experiments.  Note that in addition to showing significantly 
better precision, automated results are much closer to ground truth than those obtained 
via manual tracing.  Poor manual results are primarily due to the large number of very 
small and difficult to trace lesions present in this data set.


