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Abstract : MapReduce is the most popular cloud computing model in big data processing. Predicting the performance of MapReduce could
be used to increase the cloud computing efficiency. However, MapReduce runs based on a huge number of configuration parameters which
would affect the performance. Traditional predicting of configuration is based on the experience of administrator,and this approach is of
low accuracy. In order to give a better prediction of MapReduce performance,a multiple linear regression model based on the configura-
tion parameters was proposed. With the aim to verify the model, an experiment was carried out taking the Map number and Reduce num-

ber as an example. The experiments results indicate that the proposed model can be used in predicting the MapReduce performance.
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