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struct NODE
membership-f=lambda { return 1 }
children=[ ]
weights=1{ }
function IS— LEAF (self)

return size(self. children) == 0

end function

end struct

function BUILD-FUZZY-TREE(node. data)
if not is-terminal(node, data) then
best-children<—find-best-attribute(data)
for child in best-children do
child-data < extract-child-data(child, data)
build-fuzzy-tree(child, child-data)
node. children. append(child)
end for
else
UPDATE-WEIGHTS(node, data)
end if

end function
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function CLLASSIFY (data, total-weights, node=root)

if node. is-leaf() then

total-weights. add(t-norm(data. membership, node. weights))
else
for child in node. children do
child-data < data
local-membership < child. membership-f(data. item)
child-data. membership<—t-norm(data. membership, local-membership)
CLASSIFY (child-data, total-weights, child)
end for
end if

end function
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function MAP (line) ;

if is-training(line) then
MAP-TO(random mod R, line)
else
for » in [0, R) do
EMIT(r, line)
end for

end if

end function
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function REDUCEC(id. lines) :
validation-data < [ ]
training-data < [ |
for line in lines do
if is-training(line) then
training-data. append(STRING-TO-DAT A (line))
else
validation-data. append(STRING-TO-DATA(line))
end if
end for
forest <= BUILD-HRFF (training-data)
for v in validation-data do
EMIT (v, forest. predict(line))
end for

end function
Bk 3 R B mapper AT EERCCME, WA BN A7 00 & % B —AFEL0, RIFEBINBIRENL key, H:
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function reduce-results(item, predictions) :

prediction <— combine-predictions(predictions)

if is-correct-prediction(item, prediction) then
write-to-output(1)

end if

end function
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MapReduce Highly Random Fuzzy
Forest Algorithm for Noisy Large Data
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Abstract: In order to solve the problem of increasing noise big data classification, a highly random fuzzy
forest algorithm has been proposed, which generates fuzzy partitions of continuous attributes in decision
tree learning, and gives a distributed implementation of the proposed algorithm in MapReduce framework.
Learning a set of fuzzy decision trees in a large data set contaminated by attribute noise, the distributed im-
plementation model can adapt to the effective allocation strategy of the calculation, thereby generating
good scalability data, and the distributed algorithm enables the fuzzy random forest to process learning and
classification of big data sets. The highly random fuzzy forest algorithm can achieve high-precision classifi-
cation of noisy big data, laying a good foundation for future big data analysis. The experimental results
show that the proposed method has higher classification accuracy rate than the existing algorithm. In the
case of attribute noise, the classification accuracy rate is higher than the random forest algorithm., which
shows the feasibility and effectiveness of the proposed algorithm.

Key words: random forest, fuzzy decision tree, highly random fuzzy forest, noise big data
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