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Fig.1 Naive application of random forests to the

MapReduce framework degrades the classifi-
cation performance.
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Table 1 Classification error (letter recognition) [%)].
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1 6.18 | 5.14 | 6.19 | 5.14
2 9.82 | 5.71 | 7.78 | 5.83
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10 67.7|9.53 | 18.3 | 8.59
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Fig.5 Classification error (letter recognition) [%].
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Table 2 Classification error (MNIST) [%].
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Fig.6 Classification error (MNIST).
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