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Classification for Imbalanced Microarray Data Based on Oversampling Technology and Random Forest
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Abstract In recent years,applying DNA microarray technology to diagnose for disease, especially for cancer, has been
becoming one of hot topics in bioinformatics. In contrast with many other data carriers, microarray data generally holds
some unique characteristics. A novel oversampling technology based on probability distribution was proposed to solve
the problem brought by the characteristic of sample distribution imbalance of microarray data. By this technology,some
reasonable pseudo samples would be created for the minority class to guarantee the balance between two classes, Then
we used random forest to classify the samples belonging to different classes. Its effectiveness and feasibility were veri-
fied on two benchmark microarray datasets. Experimental results show that the proposed method can obtain better clas-
sification performance, compared with some traditional approaches.
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Input; Training sample set S, Number of genes N, Number of discreti-

»

4

A

zation intervals D,
1. Extract samples belonging to Majority class(save to Sys) and Mi-
nority class(save to Smn) » respectively.
2. For each iteration i=1,++,N
3.4
4, Discretize gene i into D regions with equal interval;
5. Evaluate probability distribution for each interval by the samples in

Sntin 3

6. Compute the corresponding random number region for each value
interval;

7.}

8. For each iteration i=1,+**, | Syaj — Swtin |

9.4

10.  For each iteration j=1,-*,N

11, |

12.  Generate a random number R€ (0,1);
13.  Find the corresponding value interval to R;
14. Generate a random number in the interval and save as Sj;

15, }
16. }
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Input: Training sample set S, Testing sample set T, Size of Random
Forest M.
1. Construct balanced training sample set S+ 8 using Oversampling
method based on probability distribution.
2. For each iteration i=1,+-,M
3.4
4.  Select $;=|S+8'| samples by Bootstrap strategy;
5. Use S to train a decision tree classifier C;;
6.}
7. For each iteration i=1,+*+, | T|
8.4
9, For each iteration j=1,+,M
0. |
11, Use G to classify for testing sample T;;
12, }
13. Classify for testing sample T; by majority voting;
14.}

Output; Acc which is the classification accuracy for T.
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