Histopathological Image Analysis for Determining
Tissue Composition in Gastric Cancer

CHARITE

UNIVERSITATSMEDIZIN BERLIN

Harshita Sharma', Norman Zerbe?, Daniel Heim?, Stephan Wienert’>, Hans-Michael Behrens®, Olaf Hellwich!, Peter Hufnagl?
' Computer Vision and Remote Sensing, Technische Universitit Berlin, Germany
’Department of Digital Pathology and IT, Institute of Pathology, Charité-Universititsmedizin Berlin, Germany
SDepartment of Pathology, Christian-Albrechts University, Kiel, Germany

INTRODUCTION

Gastric cancer 1s the fourth most common cancer, and the second most common
cause of cancer-related deaths 1in the world. According to the WHO, 800,000
cancer-related deaths are caused by gastric cancer each year worldwide [1].
Motivation: Computer-based analysis of histological 1mages of gastric cancer 1s
a prospective challenge in digital pathology. Histological composition of gastric
cancer tissues for diagnostic purpose 1s currently determined by pathologists using
visual 1nspection in routine and research, which 1s a tedious and time consuming
process.

Contribution: We describe an automatic method to determine histological compo-
sition of tissues in H&E whole slide images (WSI) of gastric cancer, for heteroge-
neous datasets with variations in stain intensity and malignancy levels. Such tissue
composition analysis can potentially assist pathologists in computer-assisted diag-
nosis of gastric cancer. The method also provides a basis for automatic differenti-
ation between tumor and non-tumor compartments of the tissue and determination
of cancer type, grade or extent.

MATERIALS AND METHODS

Data Acquisition: Her2/neu immunohistochemically stained and H&E stained sur-
gical specimens of 12 cases (one specimen per case) were selected from a previous
study of 483 cases of gastric cancer. These were acquired from proximal or distal
parts of stomach and scanned with Leica SCN400 microscopic whole-slide scanner
at its maximum, nominally 400 times magnification and pixel size 0.0676 um~.
Data Annotation: Ten expert pathologists have annotated the WSI areas as:

e Red polygons: Her2/neu positive areas marked using the 10% cut-off rule [2].
e Blue polygons: Her2/neu negative areas morphologically identified as tumor.

The remaining areas are widely necrotic tissue regions.

Fig. 1: Example of a Her2/neu stained gastric cancer WSI specimen with pathologists’ annotations

Processing Chain: Figure 2 shows the processing chain used in our method.

Input images: gastric cancer WSI specimens

e Her2/neu stain
e H&E stain

Image pre-processing
« Image registration: Correspondences found semi-automatically between pairs of Her2/neu
and H&E images

e Annotation transformation: Her2/neu 1mages —> H&E 1mages using local affine
transformation and global rigid transformation methods [3]

» Image tesselation: 1024 x 1024 sized image tiles

Nuclei segmentation

A minimum-model approach [4] applied on H&E image tiles. Nuclei isolated at highest
| magnification

Feature extraction
A set of 31 features extracted for each segment:

« 20 morphological features
« 7 tensity-based features
» 4 texture-based features

Nuclei classification

Multi-class AdaBoost classification algorithm [5] applied. Segments classified mto six nuclel
classes: Epithelial nuclei, Leukocytes, Fibrocytes/Border cells, Clusters of nuclei, Nuclel
fragments and Other nucle1 (see Figure 3)

Tissue composition and performance evaluation

 Tissue composition determined by calculating percentage of segments of cach class in image
« Classification performance evaluated quantitatively

Fig. 2: Processing chain

EXPERIMENTAL RESULTS

Definitions of nuclei classes have previously been approved by expert pathologists
and shown 1n Figure 3.

All
segments

I
l I | | I |

Epithelial pibrocyles/ Nuclei Other

: Border :
nuclei fragments nuclei
cells |

Clusters of

Leukocytes nuclei

| ——
@ e W T

o

.
I.-

L
AT
Vi

Fig. 3: Class definitions

A 3-fold cross validation 1s performed to evaluate the classification. In each round,
two-third of the reference data 1s used for training and one-third for testing without
any overlap. Cell nucle1 are classified as Epithelial nuclei, Leukocytes and Fibro-
cytes with good accuracy. Best result 1s achieved for Leukocyte class with average
accuracy of 79.10% . Fragments of epithelial nucle1r (segments created due to over-
lapping nuclei) and clusters of nuclei are also classified, but with a lower detection
rate. Lowest accuracy 1s obtained for Other nuclei class, because 1t includes nuclei
not clearly visible to be classified as a specific type (ambiguous). Overall multi-
class classification accuracy of 61.72% 1s achieved.
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Fig. 4: Experimental results (a) Example of H&E image tile in which nuclei are classified into six classes (b) Classification

accuracy using AdaBoost classification method

CONCLUSION AND OUTLOOK

Conclusion:

e A method 1s proposed to automatically distinguish between various nucle1r com-
ponents and to determine tissue composition in H&E gastric cancer images.

e Overall classification accuracy can be further improved by adding more discrim-
inative features to our current feature set.

Outlook:

e We aim to work towards extraction of high-level topological features based on the
graph-theoretic description of tissue.

e We will also explore additional low-level features to describe the information
between the nuclel components in the tissue 1mages.
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