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Introduction

Cardiomyopathy is a disease of the heart where the heart muscle loses the ability to contract.[3] In the worst
cases, this can lead to heart failure and sudden cardiac death. In the US, cardiomyopathy often goes undi-
agnosed, so the exact numbers can vary. However, it is estimated that as many as 1 of 500 adults could have
this condition.[5]

Much is known about its gross function, such as why on a macroscopic scale the heart muscles lose its
ability to contract. However, there is still much work being done to understand the microscopic inter-cellular
mechanics of this disease. Also, most of the therapies for cardiomyopathy are either quite broad-level (β-
blockers) or minimally beneficial interventional methods (surgical approaches and transplants).[1] Thus, by
studying histology slides of cardiomyopathy, we can attempt to find more features that will help us differen-
tiate hearts with cardiomyopathy from hearts without this condition.

A lot of this work is based on Daphne Koller’s lab’s work with Breast Cancer Morphology. By completing
a comprehensive analysis of morphological features with respect to prognostic relevance, this project was able
to implicate the importance of stromal (surrounding supporting cells) mophological structures in addition
to the usually observed epithelial cells of the cancer.[2] Thus, it is our hope to find relevant features dealing
with histological images of cardiomyopathy by learning an feature-based model to predict the presence of
cardiomypathy.

Goals

In the introduction above, the highest level problem is delineated. However, on a more realistic level, I want
to create the basic tools necessary to facilitate the above research for the future.

• Make a program that can break down the large-scale images into superpixels.[6][7] By subdividing the
image into smaller parts, we can make it more digestible. Possibly in the future, we could even begin
a method to classify certain superpixels into classes, and examining cross-class feature values will help
organize our learning algorithms.

• Make some form of a feature extraction (detector-descriptor pair). A combination of common feature
extraction methods, such as SIFT[4] or other texture feature extractions.

• Train a feature-based model to try to binary classify histology images as cardiomyopathy inflicted or
un-inflicted. Testing can be done with some form of cross-validation, like 10-fold CV.

• Try to understand the results in a biomedical way, e.g., why were certain features more indicative of
cardiomyopathy.

Data

The data for this project is a pool of histology images that were gained from a collaborative effort between
multiple medical institutions, including the University of Pennsylvania and Stanford University. As discussed
in the introduction, one of the interventional treatments of cardiomyopathy is a heart-transplant. The data for
the cardiomyopathy hearts were collected from samples of bad hearts that were left after the heart transplants.
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(a) Example (b) Zoom

Figure 1: Example of Histology of Healthy Hearts

(a) Example (b) Zoom

Figure 2: Example of Histology of Hearts with Cardiomyopathy

In more tragic cases of transplantations, sometimes the “good” (as defined by a transplant board) hearts can
not get to the patient who needs it in time. In this case, if the donor heart becomes unviable before it can
find a new host, it can at least be harvested to be data for hearts without cardiomyopathy.

This data harvesting method poses quite an interesting case in histology data. Quite often, data will be
marked by human pathologists as either a good or bad heart, which is not 100% accurate. However, since
the “bad” hearts in this case come from people who needed a transplant because of their cardiomyopathy,
and the “good” hearts came from hearts that were given the green light for a transplant, we can see that the
classification of our data is as good as it gets.

From the above figures 1 and 2, we can see a quick sampling of the data. Figure 1a shows the image of
an example healthy heart while figure 2a shows an example of a histology image of a heart with cardiomy-
opathy. The corresponding “b” image for both figures shows a zoomed in portion of the “a” image. The
zoomed in area is outlined by a green box in figures 1a and 2a. In total, we have 140 images of hearts with
cardiomyopathy and 100 images of hearts without cardiomyopathy.

We can start to see some differences in the example images. For example, the texture in the healthy hearts
are more striated, classically the patterning seen in healthier muscle tissue. However, in the cardiomyopathy
images, we see more chunky looking cells. When we look at the zoomed in picture, in figures 1b and 2b, we
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can see some differences in textures and definitions of the cells as well. It should be important to note that
the color differences could be artifacts of the staining process, and thus is not a good feature in detecting
which images belong to which classification.

One of the biggest challenges of this project will be to handle the huge amount of data. Although the
number of images we are dealing with (about 240 in total) is not too high, each image is upwards of 50 mb
in size, giving a three-channel color image of size of approximately 500 megapixels. Going down to a low
resolution is not really a good solution in this case as we are interested in the features that we can detect at
somewhat of a cellular level.

Tools

For this project, a variety of tools will be used.

• MATLAB

• Aperio OpenSlide

• NOT a ANDROID camera phone

Note

I would like to make note that I am going to be sharing this project with the final project of another class.

BMI260: Computational Methods for Biomedical Image Analysis and Interpretation

The instructors for that course has approved of the project sharing as well. More information about the
course can be found at the following site.

http://bmi260.stanford.edu/index.html
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