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Tab. 2 Instance of MapReduce weighted FP-Growth algorithm

Map input(transactions) Sorted transactions Map outputs(conditional transactions)
key=value WTG) WTy ) key=1, ,value={{is si1 s+ si;} s WTy (£}
p:fcam]0. 212
facmp fcamp| 2. 2,0. 212 m:fea0. 212
a:fc|0.212
c:1]0.212

m:fcab|0. 174

b:fcal0.174
abcfm fcabm|1.8,0. 174 cal
a:fc|0.174
c:f]0.174
bf fb]1.5,0.145 b.f]0. 145
p:cb|0. 257
be ~bp|2.66,0. 257
cp cbp]| 5 beel0. 257
p:fcam]0. 212
e feamp] 2. 2.0. 212 m:fecal0. 212
afcmp camp| 2. 2,0. arfc|0. 212
c:]0.212
Redice inputs Conditional FP
J -t S
key=1i; ,value={{iy i1 s>"0i; } WTx (£} ondriiona rees
{{fcam|0. 212}, {fcam|0. 212} ,{cb|0.257}} {c:]0.681} \p
fca\() 212} ,{fcal0.212},{fcabl0.174}} {{f]0.598} \O 598} ,{al0.598}}|m
{{fcal0.174},{f|0.145},{c|0.257}} \b
{{fc|0.212}.fc|0.174},{fc|0.212}} {{f]10.598},{c|0.598}}]|a
{{f]0.212},{f[0.174},{f]0.212}} f|0.598 |c
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Procedure: MapReduce-FP-Growth(DB, W i, ) SUM(T) +=(W;(T));

Procedure Mapper(DB, W i «p) End
Define and clear F-list F[ ]; Sort F[ ];
Define and clear SUM(T),) ; foreach Transaction T; in DB do
Define and clear W (T)) ; Wi (T)) =W (T, /SUM(T));
foreach Transaction T; in DB do foreach Item i; in T; do
Define and clear W, (T),); Call Outputs
foreach Item i, in T, do (key=1i;,value={iy .1, s1;} , W (T })
FLi ]+ -+ End
(W (TO)H)+=WG) /| Tl End
End

Procedure Reducer(key=1;,value=S({{ij,1; i}, Win (T }))
foreach Item i, in S({iy,i;.***,i;}) do
Define and clear SUMy (i) ;
SUM\ Gp) =My (t,) 5
if SUMy (o) > =W
Sy s SUMy (i) += {1, » SUMx (i) } 5
End
Call Outputs({Key=1i;, Value={S(,, , SUMy (i)} »)
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PRR— A0 FEBSE v, RS B A AL 0 A A e — DS AE B D B 1 sl vT LA s
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list B)—A> 74, B G-list, 3y d — DK T — D HE— i Fric (gid).
TR IFATIMAL FP-Growth J2 58 12 1 5 g1, fiff 1l — K MapReduce.
Mapper i # AR5 G-list o g8 — AT H , FF AR D0 R S 55 IR & 8] Q 43 4. Mapper
WRRA T Q ANHHEXS BN B ALY gid AH R — DX T G-list 588 i g5 554k
Reducer i # : I A7 #17E Mapper A5 i i) 241 56 5 3 55 48 tP iz 15 A FP-Growth 53 4%, 44 A FP-
tree FUIMALSSAF FP-tree 4240 & — 300 H 1 InAUT % 09 46
]S G P R4 A S AR E K MapReduce 3 #22k B 5 A i 5E 55 1 400 2L 00 4.
13,1 JRA7#tdc BFx— AR 0 4 59 B0 % 08 J o i — Y MapReduce. Mapper i 72 (9 i A b %1
P ERE A — AN F 55, (key s value=T,) (T,CDB). ffi i & (Key’ =i,, Value'=1) (i, € [&.&.i, € T)).
2 —> Mapper S 4] 42 & 3+ 55 58 WL S - Reducer 33 B2 6 Mapper 77 A (9 4 48 5 8 R 7 28 i i
(Key'=1i, ,ValueﬁzSum(Value/>Key':Keg/>. RSN s,
Procedure: Mapper(key, value=T,)
foreach item i, in T, do
Call Output((Key' =i;, Value'=1));
End
Procedure Reducer((Key'=i;, Value'=1))
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C<0;
Foreach item 1; in T, do
C<CH1;
End
Call Output(Key"=1i,, Value"=C)
1.3.2 474 FP-Growth B4 3 24 F-list R0 Q N B — A4 #A — I ME—FRIH gid.
AR A BEAE I Al b AT A0 B A AN RO R . AR G-list g N 25 L UR 22 B0 P e v iy g — A 3 45 3
— L ST 2 55 SO0 P P S i S ) SO0 R R R S AL FP-tree s 375408 RIS AR A3 5 O 1AL
. B AR 73—~ Mapper #l Reducer i 7.
Mapper i3 . % —4> Mapper SZ6i i3 3 i fiy A — K08 B0 R 5 A AT L3RR O (Key » Value=
Ty s M EE—A T, o G-list By Ay W8 Air & H INERBNAAb B e b T, i € T 38K H P
& A G N H RINER G RO R i (key=gid, value={i, iy =07, }).
Reducer 3 . #§ Mapper 38 #8742 (25 R MG key (AR ETE—A2 . A B Q 210 7 19 55 55 4 5 7
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A Parallel Weighted Association Rule Mining
Algorithm on FP-Growth

LI Xiang, LIU Shao-tao

(College of Computer Science and Technology, Huaqgiao University, Xiamen 361021, China)

Abstract: Proposeing a parallel weighted association rule mining (PWARM) algorithm on FP-Growth algorithm. Testi-
fied that the algorithm is satisfy weighted downward closure property, using MapReduce mining association rules in paral-
lel in a distributed cluster. Experimental analysis shows that this algorithm can satisfy the demand of mining the data with
different weight in the database, and in dealing with large data sets to speed up the efficiency of mining.

Keywords: association rule mining; parallel weighted; FP-Growth algorithm; MapReduce; weighted frequent items
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