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ABSTRCT: Tissue microarry is one of the high
throughput technologies in the post-genomic era.
Using tissue microarray, the researchers are able to
investigate large amount of gene expressions at the
level of DNA, RNA, and protein The important
aspect of tissue microarry is its ability to assess a lot
of biomarkers which have been used in clinical
practice. To manipulate the categorical data of tissue
microarray, we applied Bayesian network classifier
algorithm. We identified that Bayesian network
classifier algorithm could analyze tissue microarray
data and integrating prior knowledge about gastric
cancer could achieve better performance result. The
results showed that relevant integration of -prior
knowledge promote the prediction accuracy of
survival status of the immunohistochemical tissue
microarray data of 18 tumor suppressor genes. In
conclusion, the application of Bayesian network
classifier seemed appropriate for the analysis of the
tissue microarray data with clinical information.
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iGene Symbol Gene Name
p53 tumor protein 53
BCL2 B-cell leukemia/lymphoma 2
pl6 CDK4 inhibitor
Cycl B2 Cyclin B2
MUCI1 mugcin 1
MUC2 mucin 2
MUCS5ac mucin Sac
MUC6 mucin 6
Rb retinoblastoma protein
CEA carcinoembryonic antigen
SMAD4 Mothers against DPP homolog4
FHIT Fragile histidine triad gene
CD44 CD44 antigen
E-cad E-cadherin
VHL Von-Hippel Lindau tumor supressor
KAIl Kangai 1(CD 82 antigen)
MGMT  10-6-methylguanine methyl tranferase
PTEN Phosphatase and tensin homolog
Table 1. Gene list

3. A3

AA A= ¥ 24 Ao

'Without prior] With prior
(train/test %o)(train/test %)

rediction Accuracy] 93.8/78.4 95/86.3
Error Range  |£5.30/111.29/+4.78/19.44
Confidence interval 95% 95%

Table 2. Results of Bayesian network classifier
analysis with or without prior
knowledge
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(train/test %) | (train/test %)
Leaf Forbidden links Stage | Early | Late | Early | Late
survival status -x~ CEA Prediction|93/78.|73.6/52.|95/86.|76.3/65.
all genes except
- survival status —x- Accuracy 1 2 2 2
p
mucbac Error |£5.30/|+11.98/{+4.78/|£13.52/
TNM stage survival status —x— muc6 Range [£11.29| £20.42 [+9.44| £19.47
survival status -x~ CD44 Confidenc
95% 95% 95% 95%
sruvival status —x— muc2 e interval

survival status —x— cyclin
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Table 3. Prior knowledge

Figure 2. Bayesian network of tissue

microarray data with prior knowledge

Table 4. Results of Bayesian network
classifier analysis with or without prior
knowledge, in early—staged Vs. late—staged

patients

Bayesian network of tissue

Figure 3.
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microarray data with prior knowledge in

early staged patients
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