








































6 Discussion

We have proposed tools for guiding diagnosis of breast abnormalities when MRl data are avail­

able. As a diagnosis we relied on the examination of the contrast uptake characteristics

of a breast lesion from both morphologic and kinetic points of view. We first focused on tools to

help isolating potential lesions (regions of interest) prior to more specific analysis of the enhance­

ment curves in the ROIs. We have applied model-based clustering followed by spatial smoothing

techniques to data derived from a breast MRI with the object of producing one or more classi­

fications useful to experts for breast cancer diagnosis. In particular, the classifications obtained

after morphological filtering (K = 4 in Figure 6) clearly indicate the tumor in the image that

we analyzed. However, this particular image may not represent a typical situation since the

tumor is relatively easy to distinguish by eye. While the more conservative segmentations (e.g.

Figure 7 (b)) lack smoothness to some extent, they may well retain features of potential interest

when applied to images in which tumors are less apparent. This trade-off between smoothness

and resolution needs to be assessed by further empirical research on other images. The trained

human eye can often discern features that are not completely delineated, but it cannot recon­

struct features that have been removed. However the ideal for radiologists would presumably

be to have very definite, ideally black and white, images showing the tumor and non-tumor

areas. We then presented tools for the enhancement kinetics analysis in the selected ROI. We

obtained very good results as regards the correspondence between the estimated curve types

and the known diagnosis.

This investigation indicates that our proposed statistical methods, which enable us to take

into account more than a single enhancement measure, are quite promising for tumor identi­

fication. There is a clear in combining segmentation with kinetics analysis. Associating

the location and of a lesion with its pattern of to be useful in re"ol'l'in.J!

qu!estionable cases.
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1: MR images at (a) 10 70 seconds,
(c) 150 seconds, (d) 250 seconds, (e) signal intensity curve at a given pixel, twenty-five
measures were acquired, one measure every 10 seconds.

Figure 2: MCLUST classifications for Patient 05, slice 09. (a) reference image, (b)
three-class segmentation, (c) four-class segmentation, (d) ten-class segmentation.

Figure 3: Histograms for the five parameters in the different classes of Figure 2(c)

Figure 4: MCLUST classifications for Patient 08, slice 06. (a) reference image, (b)
three-class segmentation, (c) four-class segmentation, (d) ten-class segmentation.

Figure 5: MCLUST classifications for Patient 28, slice 10. (a) reference image, (b)
three-class segmentation, (c) four-class segmentation, (d) ten-class segmentation.

Figure 6: Blind restorations with r = 1 (first column) and r 3 (second column)
using images in Figure 2 as initial classifications, for K= 3, K=4 and K= 10.

Figure 7: Bayesian morphology using images in Figure 2 as initial classifications. (a)
K= 3, (b) K=4, (c) K= 10.

Figure 8: ROIs and associated mean curves in three cases. (a), (b), (c) dynamic
image at t = 1 for patient 05, slice 09, patient 08, slice 06 and patient 28, slice 10. (d),
(e), (f) ROI selections (largest connected component in the red regions). (g), (h), (i)
mean time-intensity signals in the ROIs.

Figure 9: ROIs using 33% and 67% difference at peak quantiles, and associated
mean curves in three cases. (a), (b), (c) zoomed ROIs from MCLUST classifications
with K 4, for patient 05, slice 09, patient 08, slice 06 and patient 28, slice 10. (d),
(e), (f) ROI segmentations using difference at peak quantiles: highest 33% values in
red, lowest 33% values in green. (g), (h), (i) mean time-intensity signals in each class
(upper curve for the red class, lower curve for the green class).

Figure 10: Mean curves using conditional probabilities estimates from MCLUST. (a)
patient 05, slice 09, (b) patient 08, slice 06 (c) patient 28, slice 10. Upper curves: mean
curves when selecting pixels with conditional probability very close to 1 (within 10-7 ).

Middle curves: weighted mean curves when using conditional probabilities as weights.
Lower curves: mean curves using all pixeis in the ROIs.
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