
Supervised Multispectral Analysis of Breast Density in MRI 
 

H-M. Chen1, S. Chan2, J-W. Chai2, C-C. Chen2, S-K. Lee2, C-I. Chang3, M-Y. Su4, O. Nalcioglu4, and J-H. Chen4,5 
1Department of Biomedical Engineering, HungKuang University, Taichung, Taiwan, 2Department of Radiology, Taichung Veterans General Hospital, Taichung, 
Taiwan, 3Department of Computer Science and Electrical Engineering, University of Maryland, Baltimore, United States, 4Center for Functional Onco-Imaging, 

University of California Irvine, California, United States, 5Department of Radiology, China Medical University Hospital, Taichung, Taiwan 
 

Background and Purpose: Mammographic density is a well-known risk factor for the occurrence of breast cancer [1]. The evaluation of breast density based on 2D 
mammogram suffered from some major problems. Recently researchers have tried imaging modalities other than mammography. A few studies measuring breast 
density using MRI have been reported. Using MRI for quantitative analysis of breast density, accurate segmentation of the breast volume and the fibroglandular tissue is 
mandatory. The most commonly used segmentation method for quantifying breast density in MRI is based on a soft fuzzy c-means technique [2] that labels MRI data 
depending on their “adipose” and “fibroglandular” tissue content within the entire breast. The main limitation of this method is that some manual modification by the 
operator is needed. Recently, a multispectral segmentation method by coupling independent component analysis (ICA) with a supervised supportive vector machine 
(SVM) has been established as an application of volumetric measurement in brain MRI [3]. In this study, the clinical feasibility of the ICA coupled with the SVM was 
investigated and evaluated for volumetric measurements of multispectral breast MRI data. The reproducibility of the proposed method for quantifying fibroglandular 
tissue volume and percent breast density was tested. 
 
Materials and Methods: The multispectral data sets of non-fat-sat T1WI and T2WI from 15 healthy volunteers (age 23-59, mean 34) were used for experiments. These 
cases were selected to cover a wide spectrum of the densities varying from very fatty to very dense. All breast MRI images were acquired at a whole body 1.5T MR 
system with a four-channel breast coil. For the 15 subjects, the training data sets for fatty and fibroglandular tissue, and background (including sternum, heart) were 
selected a priori where each training data set contains a 3×3 matrix of 9 pixels, which were marked by an experienced radiologist. All volunteers gave written informed 
consent approved by the institutional review board. Breast density analysis was performed by using the ICA coupled with SVM segmentation system. With ICA, one 
tissue cluster with a unique combination of proton density, T1 and T2 relaxation times would behave as one signal source. ICA has shown its great ability in enhancing 
the image contrasts and been used as a preprocessing method to separate different tissue. SVM is a supervised classification technique developed as a binary classifier to 
find an optimal hyperplane to maximize the margin between two classes of data samples. One of the major strengths of SVM is that only a small set of training data is 
required and can be subsequently refined by actively learning to perform a large data set. The computer-assisted system consisted of three stages carried out in 
succession: 1) preprocessing stage to automatically extract breast region, motion correction and intensity inhomogeneity correction, 2) fibroglandular classification stage 
by using independent component analysis (ICA) coupled with support vector machine (SVM), and 3) volume calculation stage to provide fibroglandular 
characterization. The full analysis flow chart is shown in Figure 1. In order to evaluate the reproducibility of the volume calculation technique, the results of the 
reproducibility experiments are presented in two ways. The intra-operator and inter-operator variations from three operators were investigated. Firstly, three 
measurements in each subject were performed by an experienced radiologist (Radiologist A) for evaluating the intra-operator variability, with at least 2 days between 
each analysis session. Secondly, another two measurements were performed by two other experienced radiologists (Radiologist B and Radiologist C) for evaluating the 
inter-operator variability, and their performances were compared with that of the first trial done by the Radiologist A. The mean and the standard deviation of the total 
breast volume, fibroglandular tissue volume, as well as the percent breast density, were calculated for each of these 15 cases. The variation was calculated as the 
percentage of the standard deviation to the mean.  
 
Results: Figure 2 shows an example of fibroglandular tissue classification results. Table 1 shows the results of reproducibility test.  The averaged variation for the 
breast volume measurements analyzed from all 15 patients was 0.66% (0.06%–1.58%) among three trials of Radiologist A, and 0.74% (0.08%–1.99%) among three 
radiologists. The averaged variation for the percent density measurements was 1.81% (0.34%–2.89%) among three trials of Radiologist A, and 1.96% (0.40%–3.86%) 
among three radiologists. Repeated measures showed no significant differences in breast volume or the percent density among three different trials analyzed by 
Radiologist A (P<0.001, r=0.999 for breast volume, and P<0.001, r=0.998 for percent density), or analyzed by three different radiologists (P<0.001, r=0.999 for breast 
volume and P<0.001, r=0.997 for percent density). The total image procession time for each case was around ten minutes on a personal computer with a 3.4 GHz Intel 
Core2 Duo CPU with 2 GB RAM processor. 
 

  
Figure 1. Flow chart of the CAD system for breast  
fibroglandular tissue classification. 

Conclusion: Our results showed that the proposed ICA+SVM technique could effectively segment breast fibroglandular tissue in MR images, by using T1WI and 
T2WI. The initial results demonstrated that this multispectral analysis technique can achieve reasonable consistency to be applied in MR breast density quantification. It 
may also potentially provide a reliable method for evaluating the change of breast density in a longitudinal follow-up study.  
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Figure 2. Procedures for breast 
density measurement. (a) original 
T1W and T2W images after 
inhomogeneity and registration 
corrections; (b) images contrast 
enhanced by the pixel-based ICA 
method; and (c) fibroglandular and 
fatty tissues classified by using SVM.  

Table 1. Reproducibility Test of Breast Volume and Percent Breast Density Measurement  

 
Breast Volume 

(mean ± SD) in cm3 
Percent Breast Density 

(mean ± SD) in % 
Radiologist-A, 3 trials Trials by 3 radiologists Radiologist-A, 3 trials Trials by 3 radiologists 

Ranges 
(N=15) 

557±3.7 (0.67%) ~ 
1394±2.2 (0.16%) 

556±3.7 (0.67%)~ 
1392±4.5 (0.32%) 

7.1±0.2 (2.53%) ~ 
50.8±0.6 (1.11%) 

7.1±0.1 (1.73%) ~ 
49.8±1.0 (1.99%) 

Mean CV (0.66 ± 0.42) % (0.74 ± 0.53) % (1.81 ± 0.66) % (1.96 ± 0.85) % 

Proc. Intl. Soc. Mag. Reson. Med. 19 (2011) 2633


