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ABSTRACT

Cerebrovascular diseases are the third leading cause of death in Japan. Therefore, a screening system for the
early detection of asymptomatic brain diseases is widely used. In this screening system, leukoaraiosis is often
detected in magnetic resonance (MR) images. The quantitative analysis of leukoaraiosis is important because
its presence and extension is associated with an increased risk of severe stroke. However, thus far, the diagnosis
of leukoaraiosis has generally been limited to subjective judgments by radiologists. Therefore, the purpose of
this study was to develop a computerized method for the segmentation of leukoaraiosis, and provide an objective
measurement of the lesion volume. Our database comprised of T1- and T2-weighted images obtained from
73 patients. The locations of leukoaraiosis regions were determined by an experienced neuroradiologist. We
first segment cerebral parenchymal regions in T1-weighted images by using a region growing technique. For
determining the initial candidate regions for leukoaraiosis, the k-means clustering of pixel values in the T1- and
T2-weighted images was applied to the segmented cerebral region. For the elimination of false positives (FPs),
we determined features such as the location, size, and circularity from each of the initial candidates. Finally,
rule-based schemes and a quadratic discriminant analysis with these features were employed for distinguishing
between the leukoaraiosis regions and the FPs. The results indicated that the sensitivity for the detection of
leukoaraiosis was 100% with 5.84 FPs per image. Our computerized scheme can be useful in assisting radiologists
for the quantitative analysis of leukoaraiosis in T1- and T2-weighted images.
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1. INTRODUCTION

Cerebrovascular diseases are the third leading cause of death in Japan." Therefore, a screening system for
the early detection of cerebral and cerebrovascular diseases, called Brain Check-up, is widely used in Japan.
Because of the recent development in magnetic resonance imaging (MRI), various types of cerebral diseases
such as lacunar infarct, unruptured aneurysm, occlusion, and leukoaraiosis have been detected by using this
screening system. Therefore, we developed computer-aided diagnosis (CAD) schemes for the detection of the
abovementioned diseases?® in order to assist radiologists who use the computer outputs as a guide in image
interpretation.

1

Leukoaraiosis is frequently identified by the abovementioned screening system. The detection and manage-
ment of leukoaraiosis is important because its presence and extension is associated with an increased risk of severe
stroke. However, thus far, the diagnosis of leukoaraiosis has generally been limited to subjective judgments by
radiologists. Therefore, the aim of our research was to develop a computerized method for the segmentation
of leukoaraiosis, and provide an objective measurement of the lesion volume. Leukoaraiosis is one of the white
matter diseases. There are many white matter diseases, for example, dementia and multiple sclerosis. Several
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Figure 1. Examples of leukoaraiosis. (a) T1-weighted image. (b) T2-weighted image. (c) Leukoaraiosis regions determined
by an experienced neuroradiologist superimposed on the T2-weighted image.The white lines indicate an abnormal area of
leukoaraiosis. Leukoaraiosis exhibits high and relatively low signal intensities in T2- and T1-weighted images, respectively.

methods have been reported for the detection of dementia’ and multiple sclerosis.® However, these diseases are
not asymptomatic diseases. The difference between leukoaraiosis and multiple sclerosis is that the latter has
various signal intensity values in a T1-weighted image and thus we required a different approach to segment
these diseases. In the previous study on the detection of leukoaraiosis, a method based on the histogram of
FLAIR images was proposed.” However, an image phantom was used for evaluating the segmentation algorithm.
Another study proposed a fussy interface system using a method that combined information from three different
MR images: proton density, T2-weighted image, and FLAIR image.'® In this method, many steps were required
to segment the leukoaraiosis regions.

In this study, we propose a method that uses the clustering technique for the detection of leukoaraiosis regions.
Four image features for eliminating false positives (FPs) are also proposed. In addition, we will investigate the
detection performance of our CAD schemes and demonstrate the usefulness of our methods for the detection of
leukoaraiosis regions in T1- and T2-weighted images.

2. MATERIAL

Our database comprised of T1- and T2- weighted MR images obtained from 73 patients. These images were
acquired using a 1.5T MR scanner (Symphony; SIEMENS) at Gero Hot Springs Hospital (Gero, Japan). The
T1- and T2- weighted images were obtained using the first spin-echo method with an effective echo time of
14 milliseconds and 97 milliseconds, respectively, and a repetition time of 430 - 459 milliseconds and 3000
milliseconds, respectively. All MRIs were obtained in the axial plane with a section thickness of 5 mm and with
a 2-mm intersection gap, which covered the entire brain. The matrix size of the MRIs was 512 x 512, with a
spatial resolution of 0.429 mm/pixel.

The leukoaraiosis regions in the images in our database were determined by an experienced neuroradiologist.
We manually selected a slice with a lateral ventricle from each of the patient data, and used the slice images
as an experimental dataset in this study. The dataset includes 53 normal slice images and 20 abnormal slices
with 72 leukoaraiosis regions. Figure 1 shows an example of leukoaraiosis. Figures 1 (a) and (b) show T1- and
T2-weighted images, respectively. The white lines in Figure 1(c) indicate an abnormal area of leukoaraiosis that
was identified by an experienced neuroradiologist. Leukoaraiosis exhibits high and relatively low signal intensities
in T2- and T1-weighted images, respectively. Figure 2 shows the distribution of the measured effective diameter
for the 72 leukoaraiosis images. The effective diameter is defined as the diameter of the circle having the same
area as the leukoaraiosis region. As shown in this figure, leukoaraiosis regions of various sizes are included in our
dataset.
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Figure 2. Distribution of effective diameters of 74 leukoaraiosis regions. The effective diameter is defined as the diameter
of the circle having the same area as the leukoaraiosis region. Leukoaraiosis regions of various sizes are included in our
dataset.

3. METHOD
3.1 Extraction of the Cerebral Parenchymal Region

In order to avoid detecting false findings located outside the cerebral region, we first segmented the cerebral
parenchymal region using the region growing technique. We plotted a histogram of the T1-weighted image. All
pixels of the brightest peak point in the histogram of the T1-weighted image were used as seed points. Figure 3
illustrates the process adopted for the extraction of the cerebral parenchymal region. Figures. 3 (a) and (b) show
the original T1-weighted image and its histogram, respectively. The region was then grown by appending to each
seed point when the difference between a point of interest and the value of the neighboring pixel was less than
15. Small islands were eliminated using size-based feature analysis. The remaining largest island was determined
as the cerebral parenchymal region. Figure 3 (c) indicates the segmented cerebral parenchymal region by using
the region growing method.

3.2 Determination of Initial Candidates for Leukoaraiosis

The signal intensity in MR image is a relative value and thus is it changes for each patient. Therefore, it is
difficult to directly use the signal intensity of an MR image as a thresholding value for detecting leukoaraiosis.
However, leukoaraiosis has high and relative low signal intensity in T2- and T1-weighted images, respectively, and
this characteristic remains the same for all patients. In this study, we employed a clustering method that used
the pixel values of the T1- and T2-weighted images to determine the initial candidate regions for leukoaraiosis.
Clustering is a method that classifies samples without the aid of a training set and can divide regions by merely
using characteristics of pixel values in T1- and T2-weighted images. The k-means algorithm!! was used to
classify each pixel in the segmented cerebral parenchymal region into two regions. There were two clusters, i.e.,
leukoaraiosis and others. The pixel values of the T1- and T2-weighted images at the point of interest were used
as input data. The k-means algorithm is based on two alternating procedures. First, pixels are assigned to
groups. A pixel is usually assigned to a group to whose mean it is closest in the Euclidian sense in a 2D feature
space having the pixel values of the T1- and T2-weighted image as two axes. Second, new group means are
calculated based on the assignments. The process terminates when no pixel movement to another group will
reduce the within-group sum of squares. The initial two cluster centers were given by the pixel values of the
T1- and T2-weighted images in which the pixel has maximum and minimum values in the T2-weighted image.
Figure 4 shows the effect of the clustering method for the detection of leukoaraiosis. Figure 4(a) and (b) show
segmented cerebral parenchymal regions in T1- and T2-weighted images, respectively. As shown in these figures,
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Figure 3. Extraction of the cerebral parenchymal region. (a) Original T1-weighted image. (b) Histogram of the T1-
weighted image. (c) Extracted cerebral parenchymal region.

leukoaraiosis has high and relative low signal intensities in T2- and T1-weighted images, respectively. By using
clustering methods, leukoaraiosis regions that have this characteristic were detected accurately. It should be
noted that different-sized leukoaraiosis regions were also detected.

3.3 Features for Elimination of FPs

Using the technique described in the previous section, almost all leukoaraiosis regions were detected accurately.
However, the candidates selected initially also include many FPs that were caused by a part of brain sulcus,
a part of lateral ventricle, and so on. For eliminating these FPs, we used four features, i.e., location, size,
circularity, and distance from the contour of the cerebral region.

Location

The = and y locations were defined based on the center of gravity in the candidate region. Leukoaraiosis occurs
near the center of the cerebral region. Thus, the candidates located near the center of the cerebral region have
a strong possibility of being leukoaraiosis regions. Based on the location, these candidates could be retained as
true positives.

Size and circularity

The size was given as the number of pixels within the candidate region. The degree of circularity was defined
by the fraction of the overlapping area of the candidate with the circle having the same area as the candidate.
Because FPs due to a part of the cerebral ventricle are large in size and have irregular shapes, the size and
circularity are useful features for eliminating these FPs.
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Figure 4. The effect of our leukoaraiosis detection method based on clustering technique. (a) Segmented cerebral region
in the T1-weighted image. (b) Segmented cerebral regions in the T2-weighted image. (c) Result image of clustering
technique. The white regions are the candidate regions obtained by the clustering technique. Almost all leukoaraiosis
regions were detected accurately.

Distance from contour of cerebral region

In order to enhance the edge of the cerebral region, a Forsen filter'? was first applied to the segmented cerebral
parenchymal in section 3.1. A Forsen filter is defined by

9@, y) = |f(z,y) — fle+ Ly + D[+ [f(z,y +1) = f(z + 1L,y)| (1)

where f(z,y) and g(z,y) are the input and output images of the Forsen filter, respectively. Thresholding was
then used for determining the outer edge of the cerebral region. The minimum Euclidian distance between the
center of gravity in the candidate region and pixels on the outer edge of the cerebral region was calculated. The
minimum distance was determined as the distance from the contour of the cerebral region. Since FPs are caused
by a part of the brain sulcus located at the peripheral regions of the brain, the distance from the contour of the
cerebral region is a useful feature for eliminating these FPs.

3.3.1 Elimination of FPs

A rule-based scheme with four features was employed as the first step in the elimination of FPs. In this scheme,
we first calculated the maximum and minimum values of all leukoaraiosis regions detected in the initial step
for identifying the leukoaraiosis candidates. All eight cutoff thresholds were then used for eliminating FPs (i.e.,
when a candidate was located outside the range determined by the cutoff threshold in the feature space, the
candidate was considered to be an FP.)

For further eliminating FPs, we employed a three-layered artificial neural network (ANN) with a back-
propagation algorithm.'® The numbers of input, hidden, and output units were 4, 4, and 1, respectively. The
number of hidden units was determined empirically. The input data for the ANN was four features, which were
the same as those in the rule-based schemes. The rule-based scheme was used to eliminate the outliers of FPs
in the feature space. The ANN generates a decision boundary that optimally partitions the feature space into
two classes, i.e., a leukoaraiosis class and FP class. The output value of the ANN indicates the likelihood of
the occurrence of leukoaraiosis. For training and testing the ANN, the leave-one-out method was employed.
By changing the threshold level of the output value, we can determine the detection performance using our
computerized scheme.

4. RESULTS AND DISCUSSIONS

In order to investigate the performance of our CAD scheme, we applied it to 73 T1- and T2-weighted images with
74 leukoaraiosis regions in our dataset. As the first step toward identifying the initial candidates for leukoaraiosis,
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Figure 5. Relationship between the number of hidden units and the number of training time on the performance of our
scheme by using a leave-one-out method.The performance of our scheme was evaluated by using the mean area under the
best-fit binormal receiver operating characteristic (ROC) curves, which is called the AUC value.

100% of the (74/74) leukoaraiosis regions were accurately detected with 35.7 (2618/73) FPs per patient. This
result indicates that k-means clustering was useful in the detection of leukoaraiosis regions because all such
regions of various sizes were detected accurately. However, one problem is that many FPs were also detected
using this method.

For the elimination of FPs, we determined four features from each of the initial candidates. These features
were normalized using all cases in the dataset. By using the rule-based schemes with these four features, our
CAD scheme achieved a sensitivity of 100.0% (74/74) with 9.0 (660/73) FPs per patient. Thus, 74.8% of the
FPs were eliminated using this scheme. This result indicates that the features determined in this study were
useful for distinguishing between the leukoaraiosis regions and the FPs.

For the further elimination of the FPs, an ANN with the same four features was employed for distinguishing
between the leukoaraiosis regions and the FPs. To order to determine the appropriate number of training time
and the number of hidden units, we investigated the effect of the change in the number of training times and the
number of hidden units. Figure 5 shows the relationship between the number of hidden units and the number
of training times on the performance of our scheme by using a leave-one-out method. The performance of our
scheme was evaluated by using the mean area under the best-fit binormal receiver operating characteristic (ROC)
curves,'* which is called the AUC value. In order to obtain the AUC values, we used the LABROC software
developed by the University of Chicago.'® The optimal number of hidden units and the number of training
time were determined as the values when the largest AUC value was obtained. By changing the output value
of the ANN, we obtained the free-response receiver operating characteristic (FROC) curves.'® Figure 6 shows
the FROC curves for the overall performance of the detection of leukoaraiosis. The results revealed that our
CAD scheme achieved the same sensitivity of 100% (74/74) with 5.84 (427/73) FPs per patient. Although the
sensitivity for the detection of leukoaraiosis regions was 100%, a problem that relative high FP rates was also
obtained. Thus in the future, we need to improve our method for the elimination of these FPs.

5. CONCLUSIONS

We developed a computerized method for the segmentation of leukoaraiosis in T1- and T2-weighted MR images.
The sensitivity of the detection of leukoaraiosis was 100% with 5.84 FPs per patients. Our computerized scheme
can be useful in radiologists for the quantitative analysis of leukoaraiosis in T1- and T2-weighted images.
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Figure 6. Free-response receiver operating characteristic (FROC) curve for the overall performance of our computer-aided
detection scheme in the detection of leukoaraiosis. Our method evaluated based on a leave-one-out method. Our CAD
scheme achieved a sensitivity of 100% with 5.84 FPs per patient.
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