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Study on Creating A Classifier for Grading of Bladder

Carcinoma Based on Computerized Method

Hyun Ju Choi, Hye Kyoung Yoon' and Heung Kook Choi
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Medical Image Technology Laboratory, School of Information and Computer Engineering, Inje
University, Gimhae; ‘Department of Pathology, Busan Paik Hospital, College of Medicine, Inje

University, Busan, Korea

Background : We have described an objective and reproducible classification method for
grading malignancy in the Feulgen stained bladder carcinoma. To create an optimized clas-
sifier for malignancy grading of histological bladder carcinoma cell images, it is necessary to
extract the features that accurately describe the order/disorder of the nuclear variation and to
evaluate the significance of the features. Above all, features selection considered about the
correlation of features is very important, because the performance of the classification
method depends on the selected features. Methods : First, we acquired 40 representative
histological bladder carcinoma cell images from each of four groups (Grade 1, Grade 2A,
Grade 2B, Grade 3) and extracted morphology features, texture features and the texture fea-
tures of wavelet transformed images. Second, we evaluated the significance of the extracted
features using variance analysis. Third, we created classifiers for each selected feature and
its combination set using discriminant analysis. Finally, we compared and analyzed the cor-
rect classification rate of each classifier. Results : The optimized classifier was created from
the combination of morphology features, texture features and the texture features of wavelet
transformed images. Conclusions : We found that the correlation of features is more impor-
tant than one feature’s great significance in grading the malignancy of bladder carcinoma,
and we have confirmed that the correct classification rate is determined by feature extraction,

feature evaluation and feature selection.

Key Words : Bladder Neoplasms-Classification-Multivariate Analysis
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Fig. 1. Digital microscope images of the bladder carcinoma cell stained by Feulgen. In each grade, the region of interest was chosen by
pathologists: (A) Grade 1 (upper left), (B) Grade 2A (upper right), (C) Grade 2B (lower left) and (D) Grade 3 (lower right).
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LL LH2

LH1
HL2 | HH2

HL1 HH1

Fig. 2. (A) An example of wavelet transform of a grade 1 image (depth 2), (B) Location of frequency bands in four-band wavelet trans-
formed image. LL (lowpass and lowpass frequency band) represents the low resolution subimage, LH (lowpass and highpass frequency
band) represents vertical componet of the image, HL (highpass and lowpass frequency band) represents horizontal component of the
image and HH (highpass and highpass frequency band) represents diagonal component of the image.

Table 1. The result of ANOVA (analysis of variance) for morphol-

Table 3. The result of ANOVA (analysis of variance) for texture

ogy features features of wavelet transformed images
Feature F-value P-value Band Feature F-value P-value
Area-Mean 6.2322 0.0052 LH1 ASM 82.8361 0.0001
Area-SD 3.4857 0.0405 DM 82.7446 0.0001
Area-CV 6.2208 0.0053 IDM 108.0646 0.0001
Perimeter-Mean 5.5086 0.0068 HL2 ASM 120.9602 0.0001
Perimeter-SD 5.7268 0.0074 DM 121.0660 0.0001
Perimeter-CV 6.8243 0.0036 IDM 200.3672 0.0001
Shape-Mean 7.2731 0.0027 HH1 ASM 107.0952 0.0001
Shape-SD 1.3264 0.3006 DM 107.0952 0.0001
Shape-CV 1.2089 0.3385 IDM 108.9383 0.0001
LH2 ASM 22.8090 0.0001
CV: coefficient variance. DM 415194 0.0001
IDM 40.7377 0.0001
. . HL2 ASM 22.9354 0.0001
Table 2. The result of ANOVA (analysis of variance) for texture DM 33.8581 0.0001
features IDM 33.0297 0.0001
Feature F-value P-value HH2 ASM 128.3619 0.0001
DM 128.3619 0.0001
ASM 1.4222 0.2730 IDM 143.6410 0.0001
Entropy 23.8211 0.0001 ] ) )
Different Moment 67.3827 0.0001 ASM: angular second moment, DM:. different moment, IDM: |nverse.d|f—
IDM 73.8296 0.0001 ferent moment, LH1: lowpass and highpass (dgpth 1) band, HIl_l: high-
Correlation 37105 0.0336 pass and lowpass (depth 1) band, HH1: highpass and highpass
Max Probability 24.4447 0.0001 (depth 1) band, LH2: lowpass and highpass (depth 2) band, HL2:

ASM: angular second moment, IDM: inverse different moment.

value) & H

highpass and lowpass (depth 2) band, HH2: highpass and highpass
(depth 2) band.
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Fig. 4. The experimental result for selecting a significant feature
vector from texture features.
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Fig. 5. The experimental result for selecting a significant feature
vector from wavelet texture features.
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Correct Classification Rate
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Fig. 7. The estimation result of the classification performance.
Vertical axis represents correct classification rate and Horizontal
axis represents the number of features. CCR represents correct
classification rate.
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