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Abstract: A customer churn prediction model based on BP neural network ( BPNN) has achieved
well enough results. However, it has relatively weak global search ability and is very sensitive to
the initial network weights. A prediction algorithm based on improved genetic algorithm ( IGA )
and BPNN(IGA-BP)is proposed by analyzing users’ communication behavior, where the weights
and thresholds of BPNN are initialized with IGA, thus improving the accuracy of the prediction
model. The improved algorithm adopts a self-adapting probability of crossover and mutation,
which enhances the global optimum search ability of GA. The proposed IGA-BP model has
obvious improvement on customer churn prediction, compared with existing algorithms.
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1. for each chromosome do
2 Randomly initialize chromosome vector X
3. end for
4. while maximum iterations or the fitness of any
individual is attained do
5:Decode the chromosome vector X, into matrices
(1),(2),(3), and(4), and train the BP neural
network using data samples
6. Update the fitness value of X, by Eq. (6)

7.for i =1toM do //M BRI HE R
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8.  Select operation by Eq. (7)

9. end for

10; for i = 1toM/2 do

11:  Crossover operation by Eq. (8)

12. end for

13: for i =1toM do

14, Mutation operation by Eq. (9)

15. end for

16 .end while
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Table 2 Effect of the number of hidden-layer neurons
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