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Abstract : In this paper we proposes a new technique for identification of breast cancer by classification of
proteome pattern generated from 2-D polyacrylamide gel electrophoresis (2-D PAGE) and development of
cancer diagnosis system : HABIT.

Proteome patterns reflect the underlying pathological state of a human organ and it is believed that the
anomalies or diseases of human organs are identified by the analysis or classification of the patterns. Proteome
patterns consist of quantitative information of the spots such as their size, position, and density in the proteome
image produced from 2-D PAGE, for the image mining of proteome pattern, SVM(support vector machine) and
GA(genetic algorithm) are used to generate a decision model for the identification of breast cancer. The
decision model was then used to classify an independent set of test proteome patterns into the affecter and
unaffecter classes. The proposed technique was tested by actual clinical test samples and showed a good

performance of a hit ratio of 90%
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(2) 2-D electrophoresis
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(4) Proteome Image Acquisition

(5) Proteome Image Analysis

(6) Protein excision

(7) Proteion Identification
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