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Data set Attribute | Size | Class Class distribution
iris 1 150 3 50/50/50
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heart2 13 204 2 188 /106
horse 15 368 2 232/136
SOnAr 60 208 2 111/9%
wine 13 178 3 59/71/48
breast 9 1000 2 700 /300
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glass g 214 6 T0/76/17/13/0/30
magic 10 2000 2 1000 /1000
credit 15 600 2 307 /383
spect 1 267 2 212/55
wdbe 31 569 2 357 /212
ecoli T 336 R 143/77/52/35/20/5/2/2
ionosphere 34 351 2 225/126
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Algorithm 1: MajorityFiltering (MF)
Input: E (training set)
Parameter: n (number of subsets), v (number of learning algorithms)

Ay, Ao, Ay (y kinds of learning algorithms)

Output: A (detected noisy subset of E)
(1) form n disjoint alnost equally sized subsets of E;, where U;E; = E

|.£-

-] O o

)
)
)

OO

10)
11)
12)
13)
14)
15)

(2)
(3)
(4)
(
(
(
(8)
(9)
(
(
(
(
(
(
(16)

A1
for i=1....,ndo
form E; «+ E\E|
for j=1,... v do
induce H; based on examples in E; and A;
end for
for every e € E; do
ErrorCounter + ()
for j=1...., v do
if H; incorrectly clagsifies e
then ErrorCounter « ErrorCounter + 1
end for
if ErrorCounter > %, then A « AU {e}
end for
end for
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Algorithm 2: ConsensusFiltering (CF)
Input: E (training set)
Parameter: n (number of subsets), v (number of learning algorithms)

Ay, Ay, Ay (y kinds of learning algorithms )

Output: A (detected noisy subset of E)
(1) form n disjoint almost equally sized subsets of E;, where U;E;, = E

(2)
(3)
(4)
(5)
(6)
(7)

A1
for i=1..... ndo
form E; + E\E;
for j=1,...,y do
induce H; based on examples in Ep and A4;
end for
for every ¢ € E; do
ErrorCounter + 0
for j=1,....v do
if H; incorrectly classifies e
then ErrorCounter < ErrorCounter + 1
end for
if ErrorCounter =y, then A « A U {e}
end for
end for
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Algorithm 3: Ensemble-based Co-training (En-co-training)

Input: E (training set), U (unlabeled set)

Parameter: k (number of iterations), v (number of learning algorithms)
u (mumber of initially selected unlabeled instances)
A1, Aa, ..., A, (v kinds of learning algorithms)

Output: 17 (selected unlabeled instances from U with predicted labels)

(1) create IJ" by choosing u instances at random from U

(2) Ty 0

(3) fori=l1,... k do

(4) U + U\U'; numpejore + |Tul

(5) for j=1.... y do

(6) induce H; based on instances in L and algorithm A i
(7) end for

8) for every t € U7 do

(9) for j=1....,v do

(10) P (t) « H;(t) // predicted label of H; on t

I:'H) end for

(12) if ply (£) = ply(t) =, ..., P, (2)

(13) then Tt U (1), U+ U\t

(14) end for
(15) L+ LUTy

(16) MU g frer +— |Ter|, Anum <= num.gpper — MU e fore

(17) if |U| >= Anum

(18) then randomly choose Anum instances from U to replenish U7
(19) if 0 < |U]| < Anum

(20) then choose all instances of U to replenish U7/

(21) if || =0

(22) then exit;

(23) end for

_13_
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Algorithm 4: Majority Filtering with the Aid of Unlabeled Data (MFAUD)
Input: E (training set), U (unlabeled set)
Parameter: n (number of subsets), y (number of learning algorithms)

k (refer to Alg. of En-co-training)
u (refer to Alg. of En-co-training )
Ar, Ao oL Ay (v kinds of learming algorithms)

Output: A (detected noisy subset of E)
(1) lorm n disjoint almost equally sized subsets of E;, where U E; = E

(2)
(3)
(4)

A}
for i=1,..., n do
form By « E\E;
Tyr =En-co-training (Fy, U, k,u, Ay, As, .. 4y
E, — E, UTy
for j=1.....,y do
induce H; based on examples in E; and 4,
end for
for every ¢ € E; do
ErrorCounter +— [
for =1.....y do
if H; incorrectly classifies e
then ErrorCounter + ErrorCounter + 1

end for
if ErrorCounter > £, then A + A U{e}
end for
end for
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Algorithm 5: Consensus Filtering with the Aid of Unlabeled Data (CFAUD)
Input: E (training set), U (unlabeled zet)
Parameter: n (number of subsets), y (number of learning algorithins )
k (refer to Alg. of En-co-training)
u (refer to Alg. of En-co-training)
A, Ag, o4y, (v kinds of learning algorithms)
Output: A (detected noisy subset of E)
(1) form un disjoint almost equally sized subsets ol E;, where UL = &
(2) A+
(3) fori=l,...,ndo
(4) form E; + E\FE;
(5) Ty =En-co-training(F5 U, k,u, Ay, Aa, o Ay)
(6) E, + E, UTy
(7 for j=1,....y do
(8) induece H; based on examples in £, and A;
(9) end for
(10) for every ¢ € E; do

(11) ErrorCounter + 0

(12) for j=1.... v do

(13) if H; incorrectly classifies e

(14) then ErrorCounter «— Error Counter + 1
(15) end fur

(16) if ErrorCounter =y, then 4 + 4 U{e}
(17) end for

(18) end for
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