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Abstract.

BACKGROUND: Mammography is currently the most effective technique for breast cancer. Lesions distribution can provide
support for clinical diagnosis and epidemiological studies.

OBJECTIVE: We presented a new idea to help radiologists study breast lesions distribution conveniently. We also developed
an automatic tool based on this idea which could show visualization of lesions distribution in a standard mammogram.
METHODS: Firstly, establishing a lesion database to study; then, extracting breast contours and match different women’s
mammograms to a standard mammogram; finally, showing the lesion distribution in the standard mammogram, and providing
the distribution statistics. The crucial process of developing this tool was matching different women’s mammograms correctly.
We used a hybrid breast contour extraction method combined with coherent point drift method to match different women’s
mammograms.

RESULTS: We tested our automatic tool by four mass datasets of 641 images. The distribution results shown by the tool were
consistent with the results counted according to their reports and mammograms by manual. We also discussed the registration
error that was less than 3.3 mm in average distance.

CONCLUSIONS: The new idea is effective and the automatic tool can provide lesions distribution results which are consistent
with radiologists simply and conveniently.
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1. Introduction

As the most common tumor in women, breast cancer has seriously affected the health of women.
Many retrospective studies on age distribution, geographic distribution, ethnic distribution and lesion
location distribution of breast cancer provided support for clinical diagnosis and epidemiological studies.
Mammography is the most preferred technique of imaging diagnosis for breast cancer. Professor Hu, a
breast imaging diagnostic and general investigation expert, studied breast tumor distribution according
to 721 cases of breast cancer data acquired from the First Affiliated Hospital of Peking University and
Beijing Cancer Institute. He then found the incidence of breast cancer associated with the following
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lesion locations, over 1/3 in upper-outer quadrant, about 1/3 in areola area, and less than 1/3 within
other areas [1]. Meantime, he found tumors close to areola area would easily lead to IDC (Invasive
Ductal Carcinoma) because the tumors may adhere to surrounding blood vessels or lymph-vessels as
they gradually grew up. Therefore, studies on distribution of lesion locations have an important clinical
significance. However, at present this kind of studies need radiologists to review many reports in which
lesion locations were described or classified. This is tedious and boring work. Moreover, lesion locations
can’t be shown precisely and intuitively only according to reports. So these useful studies are very
difficult to carry out in-depth and meticulously.

This paper presented a new idea based on CPD registration method to help radiologists study distri-
bution of breast lesions in mammogram simply and conveniently. We also developed an automatic tool
based on this new idea that could show visualization results of distribution of breast lesions. The radiolo-
gists could see the distribution of the interest lesions of selected data set on one standard breast image by
the automatic tool that can help radiologists accumulate statistic information for further clinical research.

Owing to the various breast shapes for each woman, it is necessary to match different women’s mam-
mograms to the standard mammogram in order to tag all locations of the interested lesions of the selected
data set in the standard mammogram. However, previous registration studies have been done to compare
and match multiple-view mammograms from the same woman to determine the presence of lesions. In
general, the multiple-view match methods can be divided into three categories: 1) Match methods for
two different projection view of the same breast [2—-5]; 2) bilateral analysis for breast comparison [6—8];
3) prior and current mammogram match methods of the same breast [9—13]. To our knowledge, no study
to date has reported the utilization of registration for different women in medical research application.

It is not suitable to adopt pixel-based registration method to match different women’s mammograms
because different women’s breast density and the lesion locations are different. However, the breast
shapes of different women in the same view are similar. The registration method based on breast border
point set is suitable in this application. The ICP algorithm [20] is a popular registration method based
on point sets that requires that the initial pose of the two point sets be adequately close, so it is not
suitable in this application. The coherent point drift (CPD) algorithm is a powerful approach for point
set registration [17] that can estimate complex non-linear transformations. We proposed a hybrid breast
contour extraction method combined with CPD method to match different women’s mammograms, so
that all lesions from these women could be shown in one standard mammogram and counted with a pie
chart.

2. Method
2.1. Framework of the new idea and the automatic tool

This paper described how the automatic tool we proposed worked with analysis of malignant mass
distribution as an example. The steps using the automatic tool were as follows: Firstly, establishing the
mass database that include corresponding patient ID, image view positions typically cranio caudal (CC)
and medio lateral oblique (MLO) views, and more detail information such as mass type, X-ray signs of
the mass and so on. Secondly, the radiologists only need to select a database and a standard mammogram,
and the tool will automatically give distribution of the lesions in the standard mammogram and the
corresponding distribution pie chart. The standard image can be any mammogram that is proposed to
have a normal, but too excessive, too small or too pendulous breast in it. The procedure of the automatic
tool was shown as Fig. 1.
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Fig. 1. The flow chart of distribution tool for breast mass locations.

Matching different women’s mammogram is the most difficulty and pivotal task in developing the
automatic tool. We used a hybrid breast contour extraction method to extract the breast contour point

sets,

2.2.

and matched them by the CPD method.

The hybrid breast contour extraction method

In this paper, we briefly introduce the segmentation method that will be described in detail in another
article.

1)

2)

Breast foreground segmentation: Breast foreground segmentation from the background is a fun-
damental step in mammogram analysis. Extracting the breast from the other objects in the back-
ground, such as some annotations or labels can remove the effect of the other objects and accelerate
image analysis process. Our algorithm began by finding thresholds using histogram information.
Breast foreground was segmented looking for the largest object in the image. We used improved
Otsu method combined with the region grow method to find the breast foreground. Improved Otsu
method can determine multiple thresholds in a gray image with more than two peaks in its his-
togram.

Pectoral muscle segmentation: When the MLO view was properly imaged, the pectoral muscle
should always appear as a high-intensity, triangular region across the upper posterior margin of the
image [14]. Firstly, we segmented roughly by Otsu method based on knowledge about the position
and shape of the pectoral muscle on MLO views. Secondly, we estimated the pectoral edge by a
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straight line. Then we used iterative “cliff detection” to refine the pectoral margin more accurately.
Finally, we got an enclosed region as a segmentation mask which represented the pectoral muscle.

3) Nipple detection: Breast edge, pectoral muscle and nipple are three important anatomic landmarks
in mammogram. Each quadrant of the breast is divided by nipple position. Because a nipple’s shape
and its location relative to breast outer edge in mammogram are very similar to a nodule connected
to pleura in CT cross-sectional images. Our method to find the nipple location was reference to the
method for detection of nodules connected to pleura [15].

4) Redundant arm removal: In some cases, the redundant arm tissue can be entrained in mammogram
in order to let radiologists see beast issue close to the chest wall more clearly. The redundant
arm makes the ultimate breast boundary different from the others that will affect the results of
registration. If redundant arm appears in mammogram, there are two cases, one is that the arm
region and the breast region are not connected in mammogram, then the arm region will be removed
in the first step, the other is the arm region is connected with the breast region and its edge intersect
with the bottom boundary edge of the breast. In this step, we will deal with the second case. Our
algorithm determined possible region according to the position of redundant arm, and then find the
inflection point of breast boundary edge, after which was thought as redundant arm edge.

Through the above image preprocessing, the input CC image and MLO image are segmented, and
then the contour of the segmented binary image is extracted. The contour points are the points used for
the next step of registration.

2.3. Point sets registration with coherent point drift algorithm

The CPD algorithm is regarded as a maximum likelihood (ML) estimation problem with motion co-
herence constraint over the velocity field [16,17]. One point set is taken as centroids of Gauss mixture
model and the other as the data points. The essential of the CPD algorithm is to compel the centroids
as a group to move coherently. This make the topological structure of the point sets preserved. Let us
describe the algorithm briefly.

We suppose two point sets, where one point set Xyxp = (x1,... ,XN)T represents the data points
and the other one Yyxp = (y1,...,¥ M)T represents the GMM centroids. The GMM probability
density function is:

M+1
p(x)=>_ P(m)p(x|m) (1)
m=1
Where
p(x|m) = 1 exp ET
(2mo2) P72
equal isotropic covariances o and equal membership probabilities p (m) = 1/M are used for all
GMM components (m = I, ..., M). Denoting a weight parameter of the uniform distribution as

w,w (0 < w < 1), the GMM takes the form:

1 Mo

p(X):wNJF(l—w) Vi

m=1

p(x|m) ®)
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In order to reparameterize the GMM centroid locations, we estimate a set of transformation parameters
f by minimizing the negative log-likelihood function:
M+1

N
E(0,0%) == log Y P (m)p(xn|m) 3)
n=1 m=1

The EM algorithm is used to estimate # and o2. The E-step is first to guess the “old” parameter
values and the use the Bayes’ theorem to compute a posterior probability distributions P (1m|x,,) and
constructs the objective function ). This () function is also an upper bound of the negative log-likelihood
function in Eq. (3); the M-step find the “new” parameter values by minimizing the objective function ()

N M
Q=-3_3" P (m|x,) log (P"™" (m)) p"** (xu|m) (4)
n=1m=1
The EM algorithm proceeds by alternating between E- and M-steps until convergence. Ignoring the
constants of # and o2, the function () take the form:
1N M1

N,D
Q (9702) = @Z Z pol (m|xp) |z — T(ym’Q)H2 + g log 0 )
n=1 m=1

N M
Where Np = > > P°(m|z,), and

n=1m=1

1

-T , 90[d
pold (m‘xn) — exp _5 Xn (ym )

/

‘ 2

O-old
M ( ld) 2 (6)
Z || xn =T (ym,0° nD2 w M
k=1 o 2 gold + (2770 ) 1—wN

We specify the transformation 7" for rigid, affine and non-rigid point set separately in the above for-
mula. Breast deformation under the compression used in mammography examination can be seen as
affine transformation. A precise study showed that complex deformation registration algorithms were
incapable of increasing the accuracy of image alignment when compared to affine registration [17].
To reduce the computational complexity, we uses affine transformation model in the CPD registration
method. The details of the implementations can be found in [18,19].

3. Experiments and results

To evaluate the performance of our automatic tool, we carried out experiments on data sets from dif-
ferent hospitals, different equipments or different races, which were collected in three domestic hospitals
and a foreign specialist clinic. The detail information of the data sets was shown in Table 1.

Figure 2 showed the distribution of the masses of data set 1 described in Table 1 in the selected
standard mammogram. We traced different region boundaries of the breast with blue lines and use red
dots to represent centers of the masses of data set 1. Our automatic tool could calculate the proportion of
masses in each part of the breast and each mass distribution of the four data sets in Table 1 was shown
as pie charts in Fig. 3, from which we could see masses appears mainly in the upper-outer quadrant of
breast.
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Table 1
Data information

Image num. Patient num. Image revolution Pixel size (mm) Manufacture Digital image type Bits of image

1 222 111 2294*1914 0.0941 GE for presentation 16
2 259 128 2294*1914 0.0941 GE for presentation 16
3 96 47 2816%2016 0.0814 Giotto for processing 16
4 64 32 2294*%1914 0.0941 GE for presentation 16

Fig. 2. Mass distribution in CC view and MLO view of data set 1.
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Fig. 3. Pie charts for mass distribution of the four datasets.

4. Discussion and conclusion

We could determine the accuracy of the automatic tools from two aspects: the core algorithm of the
tool was registration algorithm for different mammograms. If registration results were effective, then the
automatic tool should be effective; furthermore, a more direct way to determine the accuracy of the tool
was to compare the statistical results of automatic tool’s and manual calculation. If the two results were
highly consistent, the automatic tool should be accurate and valid.

Firstly, the effect of registration was observed from the following results. Registration could “correct”
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Table 2
Registration results of four data sets (unit: mm)

Dataset Between the breast contours Between nipples Between midpoints
Average STDEV Average STDEV Average STDEV

1 245 0.72 4.36 1.05 2.80 0.75

2 3.03 0.89 5.72 0.67 3.65 0.69

3 2.76 1.21 3.8 1.59 3.16 0.35

4 3.21 0.97 10.16 5.24 3.12 0.58

Fig. 4. Results for aligning the large, small and pendulous breast with the standard breast.

the wrong position caused by excessive, too small or pendulous breast. Figure 4 showed the too large,
too small or pendulous breast image and their counters and mass locations before and after registration.
The blue lines represented their counters after registration and red lines represented the standard breast
counters. The blue and red crosses represented the mass center locations before and after registration
respectively. The distance of mass movement between after registration was relatively large.

Two indicators were used to evaluate the registration algorithm, one was the average distance between
two breast contours in the standard image and in the image after registration, and the other was the key
points distance between them. We selected two key points in each image, the first was nipple point, and
the other was the midpoint in inner border of CC view or the starting point of pectoral in inner border
of MLO view. The average distance between the breast contours was the most important indicator that
could be calculated by summing the distance from one point to its corresponding point (point pairs) and
then dividing the total numbers of point pairs. The results were shown as Table 2.

Secondly, we compared the statistic results between manual and tool’s calculation. Two radiologists
counted the number of the masses of four data sets in each part of breast according to the reports and
mammograms and the results shown in Table 3. We calculated statistical deviations between manual
and tool’s calculation or two manual calculation with the formula of different classification number /
total number of masses x 100%. The deviations between tool’s and manual A calculation for the four
data sets were, respectively, 1.8%, 0.7%, 2.1% and 0 respectively. The deviations between tool’s and
manual B calculation for the four data sets were 0.9%, 0.7%, 2.1% and 2.8% respectively. The deviations
between manual A and manual B calculation for the four data sets were 0.9%, 1.4%, 2.1% and 2.8%
respectively. It was obviously that not only the tool’s and the manual calculation were different but also
the two manual calculations were not the same. All the deviations were less than 3%. And there was no
statistically significant deviation in tool’s to manual calculation.
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Table 3
Statistic results of four data sets: mass number in different areas

Dataset  Statistic method Upper outer Areolaarea Lowerinner Upperinner Lower outer Total

1 By the tool 38 12 19 13 29 111
By manual A 40 11 19 13 28 111
By manual B 39 12 19 13 28 111
2 By the tool 68 0 21 44 6 139
By manual A 67 0 21 45 6 139
By manual B 69 0 20 44 6 139
3 By the tool 16 3 7 11 11 48
By manual A 17 3 7 11 10 48
By manual B 15 3 8 12 10 48
4 By the tool 15 3 8 6 4 36
By manual A 15 3 8 6 4 36
By manual B 14 4 8 6 4 36

In conclusion, we developed an automatic tool to help radiologists study distribution of breast lesions
in mammogram simply and conveniently. The tool could show all locations for the interested lesions
in the selected data set in one standard mammogram and give a distribution pie chart for the lesions.
This tool has been used to obtain the distribution for four mass data sets. The distribution that the tool
has shown was consistent to the result counted by manual. Precision errors of registration of different
women’s mammograms have been evaluated by the indicator of average distance between the breast
contours and were found less than 3.3 mm.
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