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ABSTRACT

Characterizing glandular architecture in histology images of
adenocarcinomas is a fundamental problem in digital pathology, with important implications for computer-assisted diagnosis and grading. In this paper, we present a new set of
features for encoding the glandular epithelium architecture
based on two recently developed vectorized persistent homology representations called persistence images and persistence
landscapes and demonstrate their application to colorectal
cancer diagnosis. On the MICCAI 2015 Gland Segmentation
Challenge Contest dataset with 165 images (85 training, 80
test images), we obtained a benign vs malignant classification accuracy of 85% and 83% using persistence image and
persistence landscape based features, respectively.
Index Terms— Histopathology, Cancer Grading, Persistent homology, Persistence images, Persistence landscapes,
Machine learning, Computer aided diagnosis
1. INTRODUCTION
Histopathology is the study of the presence, extent, and progression of a disease through microscopic examination of thin
sections of biopsied tissue that are chemically processed and
fixed onto glass slides and dyed with one or more stains to
highlight different cellular/tissue components (e.g. cell nuclei or membranes) and antigens/proteins (e.g. Ki-67 indicating cell proliferation) of interest. It is regarded as the gold
standard in clinical diagnosis and grading of several diseases
including most types of cancer.
In clinical practice, histologic evaluation still largely
depends on manual assessment of glass slides by a pathologist with a microscope, although improvements in wholeslide imaging devices and subsequent regulatory approval
of whole-slide-imaging and computational algorithms are
rapidly paving the way for increased clinical use of digital imaging and computational interpretation. Algorithmic
evaluation of tissue specimens may eventually improve the
efficiency, objectivity, reproducibility, and accuracy of the
diagnostic process.
Pathologists integrate information across scales from subcellular to macro when evaluating histology. For adenocarcinomas, lesions that originate in the epithelium of glandular
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structures including lung, prostate, pancreatic, and colorectal
cancers, the architecture of glandular structures conveys significant information about the presence and degree of malignancy. Normal appearing structures with organized epithelium become disorganized with the unchecked growth and
aberrant signaling in cancer (Figure 1). There have been several efforts to develop quantitative features for characterizing
glandular structures for computer-aided grading [1, 2, 3, 4].
In this paper, we present a new set of features for encoding the glandular epithelium architecture based on two
recently developed vectorized persistent homology representations called persistence images [5] and persistence landscapes [6] and demonstrate their application to colorectal cancer diagnosis. To the best of our knowledge, this is the first
application of these representations for cancer diagnosis.
2. BACKGROUND
In this section, we present a brief background on persistence
homology. Given a dataset in the form of a point cloud (e.g.
set of nuclei centroids in histology images), persistent homology can be seen as a theoretical tool to detect and characterize
prominent topological features (e.g. connected components,
loops, voids) at multiple scales [7]. These topological descriptors can then be used as features for building machine
learning models to solve predictive problems.
Simplicial homology: The foundational concepts of persistent homology are simplices, simplicial complexes, filtration,
and homology groups. A p-simplex σp is defined as the convex hull of p + 1 affinely independent points/vertices. For example, a single vertex is a 0-simplex, an edge is a 1-simplex,
a triangle is a 2-simplex, a tetrahedron is a 3-simplex, and
so on. A face of a p-simplex is defined as a subset of its
p + 1 points/vertices. For example, the tetrahedron which is
a 3-simplex has 4 triangular faces, 6 edge faces, and 4 vertex faces each of which are simplices themselves. A simplicial complex K is a finite collection of simplices subject
to two conditions: (i) if a simplex σ is in K then any face
of σ is also in K, and (ii) if two simplices σ and σ 0 are
in K then σ ∩ σ 0 must either be empty or a face of both σ
and σ 0 i.e. they must either be glued together along whole
faces or be separate. Given a simplicial complex K, a simplicial complex L formed by a subset of its simplices is re-

