
All cases are compared by measuring the differ-
ence between their shape distributions with the 
Earth Mover's Distance (EMD).  EMD was pro-
posed by Rubner, Tomasi and Guibas in 1998 to 
measure the distance between distributions.

All cases are compared by measuring the differ-
ence between their shape distributions with the 
Earth Mover's Distance (EMD).  EMD was pro-
posed by Rubner, Tomasi and Guibas in 1998 to 
measure the distance between distributions.

Comparison5

Difference

EMD

The segmentation technique is a semi-automated image 
clustering algorithm that combines optimal color-space 
information with structure-oriented multi-level thresholding 
and filtering, while incorporating high-level domain 
knowledge.

Segmentation2

We present a graphical user 
interface to the user that allows 
him/her to train the segmenta-
tion process to identify invasive 
cancer cells in a scanned H&E 
stained histology specimen. The 
training helps to determine the 
color, size and threshold values 
needed to segment the cells.

Performance Analysis6

0

0.5

1

1.5

2

2.5

3

1 5 9 13 17 21 25 29 33 37 41 45 49 53 57 61 65 69 73 77 81

30%

Sliding Windows

The sub-region of best 
separation between grades 
were discovered using a 
sliding window technique 
on the filtered shape distri-
butions.

Sub-regions

The best sub-regions of 
each shape distribution 
were used for the final 
analysis using EMD.

KNN Query

A KNN query is per-
formed on each case to 
classify its grade.

The performance of 
each measure to 
properly classify the 
cases is evaluated 
with the F-measure. 
F-measure is the 
harmonic mean of 
the precision and 
recall of the KNN 
query results.

Information Retrieval Analysis

True Positive (TP), False Positive 
(FP), False Negative (FN)
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Results
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1 Scan

10x

Segmentation

Shape Distribution Generation
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Slices from biopsies stained using the Hematoxylin and Eosion 
(H&E) process were scanned at 10x magnification.

Scan1
Breast cancers can be histologically categorized 
(graded) based upon their architectural patterns and 
cellular types.  Inaccurate histologic grading can result 
in inappropriate treatment for a given patient.  Compu-
tational analysis of breast cancers offers an operator-
independent method for histologic grading that should 
enhance grading reliability.  We present the initial ef-
forts to develop computational technologies that may 
be used to automatically and objectively estimate the 
histologic grade of breast cancer tumors.  The ap-
proach utilizes image processing and shape analysis 
of imaged histologic sections.  Our work is based on 
the hypothesis that cellular structures found in breast 
cancer tumors can be transformed into distinct high-
resolution shape distributions using geometric mea-
sures from stochastic geometry.  The resulting shape 
distributions define well-populated regions of the as-
sociated high-dimensional space.  Mapping an un-
known breast cancer sample into this high-D space 
and determining to which region it belongs will allow 
for the automatic estimation of its histologic grade.

Abstract

Each segmented image is transformed into a set of shape 
distributions by applying a variety of geometric measures.

Shape Distribution Generation3
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Post-filtering is applied to the shape distributions 
before the analysis stage to ensure consistency 
and “cleanness” of the data.

Filtering4

Mulitplier
Inside radial 
contact 1x

Line sweep 1x
Area 0.10x
Perimeter 1x
Area vs. 
Perimeter 10x

Curvature 50x
Aspect Ratio 100x
Eigenvector 100x

Multipliers
Multipliers are applied to the 
distributions to produce con-
sistent and comparable his-
tograms for the Comparison 
stage.
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Cropping
We crop the data to 
eliminate noise near 
the beginning and 
the end of the distri-
butions.
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