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Differential counts of white blood cells are the counts of different classes of white blood cells
in peripheral blood or bone marrow. They aid in the diagnosis of diseases, such as leukemia or
cancer. The differential counts in bone marrow generally provide more information than those in
peripheral blood because immature cells can only be found in bone marrow. However, the counting
either by an expert or an automatic system in bone marrow is much more difficult than in peripheral
blood.

White blood cells in Myelocytic series are classified into 6 classes according to their ages, i.e.,
Myeloblast, Promyelocyte, Myelocyte, Metamyelocyte, Band, and PolyMorphoNuclear (PMN). The
counting by an expert is very tedious and time-consuming. An automatic system for bone marrow will
help. Even though there exist a few commercial automatic counting systems for peripheral blood, they

are very expensive and there is none for bone marrow.

This research project is a part of an automatic bone marrow white blood cell differential
counting system. The aims are to segment single-cell images into 3 regions, i.e., nucleus, cytoplasm,
and background, and classify the images into 6 classes according to the myelocytic series using Bayes
and neural network classifiers. The cell data set used in the experiments was collected at Ellis-Fishel

Cancer Center, University of Missouri-Columbia, Missouri, U.S.A.

We applied the fuzzy C-means algorithm and mathematical morphology in the image
segmentation. From the experiments, the overall nucleus segmentation error is about 10.3 %, whereas
the overall cytoplasm segmentation error is about 14.8 %. When we discard some imperfect cell
images, however, the overall nucleus and cytoplasm segmentation errors are decreased to 9.6 % and

13.6 %, respectively. The overall entire cell segmentation error is 8.8 %.

The proposed cell features are based on the pattern spectrum. The classification rate
achieved by neural network classifiers is 66 % when the automatic-segmented images are applied.
This result is promising compared to 70 % classification rate achieved when the expert's hand-
Segmented images are applied. However, the classifiers are biased toward the cell class with a large
number of training samples. We analyzed the cell classification problem using only features extracted
from nuclei. We also proposed methods to unbias Bayes and neural network classifiers. The results

suggest that the unbiased classifiers achieve higher class-wise classification rate. Moreover,
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classification using only nucleus features is promising. The unbiased neural network classifier
achieves 77 % traditional, and 61 % class-wise classification rates that are considered high in both the

traditional and class-wise senses.

We also analyze the subset of 4 proposed features, and compare the classification
performance achieved by our proposed features to the previously proposed ones. The results show
that our proposed features yield better classification performance. Furthermore, we test the
classification problem using the naive Bayes classifier and C4.5 decision tree. From the experiments,
the classification rates achieved by these 2 classifiers are lower than that achieved by Bayes classifier

and neural network classifier.





