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Abstract Because MapReduce lacks support for high-level ETL specific constructs, this paper presented a parallel di-
mensional ETL framework based on MapReduce (MapReduce Distributed ETL-MDETL) , which exhibits the data pro-
cessing to the composable property(the processing of dimensions and facts), directly supports high-level ETL-specific
dimensional constructs, This paper evaluated its performance on large realistic data sets. The experimental results show
that MDETL achieves very good scalability.

Keywords ETL,MapReduce, MDETL, Dimensions, Facts

Vol. 40 No. 11A

BRSPS  B h, ETL 2 6 3 WA R %0
TP BR3P 8 L AN SR SR AT R e D
Bk, BAMBIBECER LN . EEREESRA, 1
st g B AR 1T ETL A BEGEF R R. BREEMS
8 ETL Teasigde s ent, (AR 7ELPRM A+, H4 ETL 4
FRBER A B ) bR L R AR A B, A A B R
TR R, TER,“ZiHE”  MapReduce™ %4317
R EEARY I 45 B g A B A A T4

£ ETL a2, S b 3k 2 %o 048 /8 M A A0 3, T 3
00 R R SEE R AR S S, AT R R e X s
A LA BB /MBS HTH AR, RSB S5)
HENERGFRBAEENRIABECEDE. XHS
#-5 3”1 B A8 F MapReduce #2 /5 1 2 IE 5 2400, B LB
E ARG G EK .

ETL TR B Tt £ 8 ETL BA4RSRE, sk % B k.
ARG N8BS, EEAR EHaER. 55 ETLEE
HITNBFMS AR B WA EE. B ETL
BEBEIMMROF R BT hIERENES, MAES
44 . 1M MapReduce BB RBRIGHREMER, I UIMBLEL
&y PCHL L, T B MapReduce {2 H B C £ 8% T81E.
B BT AEEILR, 48 ETL 2R E R THRR
ERRBHXMET, TA A% EERE HMETT, Bl
AR FE N MapReduce # /7 i I F ETL 87 h B

AXZERARBFES R E (70971137 %8,

I

MapReduce B\ 2% FFIRE S A XMW T+, ©HH
ER—EF kA ERKIE. B, MapReduce /> Xf
ETL - EHERERH) B R R fn oy ¥ 300, 8 ETL BfF
BT HMET . 4B EEREAN R, BB
R EHERER SCOs(Z B K4 F A XBEY T —EET
MapReduce B4y i3k ETL Z45RBRIA o, 6 P Al
KIHE RS ESREF MapReduce 5 ETL T
ERBIT

1 MapReduce 3 & 22 REIRHREFRE

MapReduce & 2004 4£f Google 32t B i 14 ¥ B B 4
ALBRAFFAT R A ) AR B B MR A Ab 2, B
ISCRIME BIHER S MR . W T HE M SRR K g
Ab BB ORI MBI ATIAT B4 R BRI F L
BB, ZBR — 24 ) (B R ZEDLER - T BB TR I SR
S ETIBARBT A

MapReduce ¥ 8 18 A0 AT S 5 — R 5 &9 Map (8
B -Reduce (L RN #VEXT . Map T2 52 B EGE M ot iE ¥ 4E,
Reduce FEZREGEHRERIE, WA HEBIEE L (key,
value) # A7 . B Map e 3 Reduce B%UE i A B H
R AR HEENER.

Map: (k1,v1) —>list(k2,v2)

& A&A986—),H, L4, FEHFFAAS RN RBAELE ., 57X ETL, E-mail; adamsongs@163. com,

+ 263 -



Reduce: (k2,list(v2)) —>list(v3)

Map ¥ P8 S 8 U AEE ST (1, vD), oA
Pl E T (k2,v2) . #RJ5 MapReduce 75 4 R 8] 4 k2 1)
o (a] fE 4340, 3380 P B € X Reduce i¥0{538 . #BHH
k2 F1 k2 Xf 57 By {E R 2 X RERT W o el & 76, M i 7T
BEE /NI FE list(v3),

B& T Map 1 Reduce s % $ O, MapReduce HEZE 34 2 fit
T8 A S B B 43 28 B 9 Map B L A3 U
W% 5 M b MmBRED . APTURERESLSEY
XS 0, MapReduce HERRE R LR FITHI LBFTE
B BB CORSEBIATIHE, M BRI EIIHTE - REEEE.
BREFRZAEEEN, AFEROCABNETER
Map ER¥H Reduce B5 ¥t Bl 7] , MapReduce {48 2 B s X} 4T
FHATRIGF MBI AT

2 E-F MapReduce H1 57550 ETL 4R B4 E

MapReduce f&—™i8 Fl B FHAT RS, (BB 3 8
AR ETL i3 F 2 AAREEEXnERER FHER
B B8 K A PR R SRR, X S B T e A
MapReduce 848 B %t B4 947 ETL &b BB A8 RIE T,
AR AR T ETL L2 ERERE R Rty g A, 48 1
T—RIIBRA S AR Y, XERETTRER
B BRI B K TSRS R g SR MR
K. B 138 T #TF MapReduce ) MDETL #2242 1 iy £ 4k
BARAL TR

24 X
R

e

2 E-A
MapReudceti g

-

BECE [¢

B 1 HT MapReduce HE3R K ETL ZAHKIELAHRE

7 MDETL 4 $ig B B B, W H+ —m
MapReduce {14 5¢ s 4EAL B , SR 5 55— MapReduce 1145 58
B LAbH, — I MapReduce ££45 7T LA 43 HARZ HATH)
Map {145 # Reduce {£45- % 43 BIPITH LB MELLHE, &
—TUE S ER B ILE AL, A3 R R R EEE,
1247 Map d%, 232, &3 Map Kt} , ;217 Reduce E¥, it
GER A TedEb TR R P, 4 0B A BEE T LA B R R
J5 R AL, BN , 2 BOHE T Lk — I AT 45 Ab B, th BT LA B A
HESAH. AETABER D, FLENBIBH I BREL
FR/NBARER B HTEFIRAT. XU TEBEERE
AEHIF R R SRR BB AP . 7€ Reduce BT HL,
MREFLEBENBETRE RS I AFLEIROLAIEL
BT A W
2.1 HiRENSE

#E—~ MapReduce {145 FF 1R Z BT, WA R BB RIC £ %

e 264 -

HEIRE T E RSB BB LR UREF NSRS, B
73] Map 1 Reduce {14, SR E I T R4 T L.

MDETL 24t T B A 53 & F % .

DEFSE . X EELSE 265 Rm 2T, W
A nr_map LS, XBEATE n 5 FC B 4E 55 B ED » U
nr_map, SXEEBRT LR AREEH A B MEFH
i, XMFEFEES THEIRMIE T4 0B R,

DEFEIEE., XTHEENLT N EEELZREMEE
FAEEE. EAER R BRI EN T2
F—A-E4% 2. MRA nr_map W45, W4 % E R hash i)
TCA FIAE S HED S hash BUBE nr_map, XM HFEEESTE
AR AR AL I BT T B — AR S5 BT BB .

MDETL 4 JR4L T A E Wi fk 4 %175 ¥ B9 Map B 332
AFE:. B, KEHH) MapReduce HEZR AR HEAR R 32 A
Jr ek DAL, T B AR P B 2 XA RS,

2.2 #arEE

rHE A BT AR, 4R A SR £ AT 1 Map/Reduce
124 A EFNAE ST, HPBERANRERE
—AMEE A2, B, 3 R 3 S, BIUES
A EBAREN B —4 ., WRA/LENTS A, 5K
AFE I IR, TR R A LETA AT S ZR A X — 148
EHRERITY:, XM S ES R A B E 4R R A — T4
NS4 RIAFEKBIL R INE R A HE A5 R
B AT JF B A BREHE S I AT X AL BT
FILHE 1 BB B IR BB B X 5 76 R4 A7 b B (e
ELRSIFNERERE, A IMEES AR ROERE
) . AR 43R (MR R B FE— S M T
FER B . AEREA RN, 4807 DL & B4 A X
T A AR SR AT AR E SR I S BB A X,

2.3 Ex4oE

HHE LA P, B Map/Reduce 1145 #i 4L 3 — &
SRR /MER S QSRR . A R R E iR
mE, MR—-TFLERASHWFEL, Reduce BIFMARITE
FIAERARGRBCRASE B0 EMERE. MRA
EERA R DG A B35 Reduce BIER ST, BT R
T 4 SR A A YRR T , 4R T L g & s E A P
PITE AR X AREHE I AR B TT DA SE A st b BAF O BRI = R 7E
HHEBEIEEECE .

2.4 MDETL 4 @ifi 2

B 1 #4048 T MDETL ¥ MapReduce 228 P ia 4T
R B, ¥ K $] MapReduce I3RS 2-—4 770
6—7 47, XL BRIE F B A TR E A LML R
R4 GERILHEER., 55117 5 TR %A B3R MapRe-
duce KA R, TEATHERHARBENEN R ZEFE L&
AN R BAH AR ARG .

&k 1 HET MapReduce #J ETL 42
Do EIBAESE;

DEEHGE 1 BRBFHSEOIHIEL;

BB A BRI B 2184 Map B¥L
DANERAERHE FHAE IR BIBEHL/ BEHL BE A ;
SYURBA XM RE R BN [F ) 25 450
OMEFH LA GE PR EBEFRERE;

D IREUR A E A BAE AL Map BRECH AT






FURMETTH: -

2 % X M

(11 %%, RiZE%. B8 ETL #rsrsd 1], iHEHRE, 2011, 38(4)

[2] Dean], SGhemawat J. MapReduce: Simplified Data Processing
on Large Clusters[ C] // Proc. of OSDL 2004:137-150

[3] Kovoor G, Singer J, Lujan M. Building a Java MapReduce
Framework for Multi-core Architectures[C]//Proc. of MULTI-

PROG. 2010

(4] E, F4%e, 2 EHAEE. AR RS BRELT] HENY
#,2011,10:1741-1752

[5] #Z=8iT, 4, %, MapReduce T HRBERMMR LRI BT
¥H#,2011,11.2635-2642

[6] Dean ], Ghemawat S. MapReduce: A Flexible Data Processing
Tool[J]. CACM, 2010,53(1) : 72-77

(EBF 258 1)

EPrmi=R7
F4 NEEBRYSAENBEEREER
Transformation Adaptation

Hamming Loss 0. 201 0.192
Accuracy 0.71 0.531

Precision 0. 809 0. 726

Recall 0. 669 0. 612

F-Measure 0. 695 0, 663

Subset Accuracy 0.358 0. 201
Micro-F1 0.676 0. 655

Macro-F1 0.525 0. 505

BWIE N T HE TRIZ Mg AE#HT LB, &

SCHR$E 40 & TRIZ & B R 48 & (9 i 28 0 J B9 AR (oL
JREWIHERT T 404, 34T AR I 20 3T BB FF & I 3C
IR 28R R, KB LEE AR REER TR
HERE, - 8 MR IERAT IV . NEBER Pl LI
Bl — AEfE S, LLInTEM A TRIZ AR SR, PPT £
R4 AV B 4 7 A SVM W2 5 Bk SRR T AR Bl i i
BRSO B2 6 IRV, B 07 1 A B R LB A
T EERBE . 5 SR ) 53 77 8 0 vb 30T AT 1)
TRIZ Bt AE I B 31238, MEBGTE R i R & A
SR B 7= ) 813 O T AR 55

2 % X W

(1] ZE&. IPCH1 USC /B R T ¥R R M A9 [T]. JAE
#%,2007,1:130-132

[2] Meyer D. Support Vector Machines[J]. The Interface to libsvm
in package e1071. e1071 Vignette,2012

[3] ChouK C,Shen H B. Predicting eukaryotic protein subcellular
location by fusing optimized evidence-theoretic K-nearest neigh-
bor classifiers[ J]. Journal of Proteome Research, 2006,5(8);
1888-1897

(4] FEM FHRBIHBEMNLD]. 1992

[5] Elisseeff A, Weston J. A kernel method for multi-labelled classi-
fication[ C] // Advances in neural information processing sys-
tems, 2001.:681-687

[6] Godbole S,Sarawagi S. Discriminative methods for multi-labeled
classificationl M // Advances in Knowledge Discovery and Data
Mining, Berlin Heidelberg; Springer, 2004 : 22-30

[7] Crammer K,Singer Y. A family of additive online algorithms for
category ranking [ J]. The Journal of Machine Learning Re-
search,2003,3:1025-1058

[8] Zhang M L,Zhou Z H. Multilabel neural networks with applica-
tions to functional genomics and text categorization[]J]. IEEE
Transactions on Knowledge and Data Engineering, 2006, 18
(10):1338-1351

[97 Zhang M L,Zhou Z H. A k-nearest neighbor based algorithm for

» 266 -

multi-label classification[ C] // Granular Computing, 2005 IEEE
International Conference on. IEEE,2005,2:718-721

[10] Tsoumakas G,Dimou A, Spyromitros E, et al. Correlation-based
pruning of stacked binary relevance models for multi-label lear-
ning[ CJ // Proceeding of ECML/PKDD 2009 Workshop on
Learning from Multi-Label Data. Bled, Slovenia, 2009:101-116

[11] Tsoumakas G, Katakis I, Vlahavas I. Mining multi-label data
[M7]. Data mining and knowledge discovery handbook. US:
Springer,2010:667-685

[12] Read J. A pruned problem transformation method for multi-label
classification[ C] // Proc. 2008 New Zealand Computer Science
Research Student Conference (NZCSRS 2008). 2008.143-150

[137] Zhang M L,Zhou Z H. A k-nearest neighbor based algorithm for
multi-label classification[ C] // Granular Computing, 2005 IEEE
International Conference on. IEEE,2005,2,:718-721

[14] Gao S;Wu W,Lee C H, et al. A MFoM learning approach to ro-
bust multiclass multi-label text categorization[ C] // Proceedings
of the twenty-first international conference on Machine lear-
ning. ACM, 2004 :42

[15] Williams T,Domb E. Reversability of the 40 Principles of Prob-
lem Solving[J]. The TRIZ Journal, May 1998

[16] Cong H, Tong L. H. Grouping of TRIZ Inventive Principles to
facilitate automatic patent classification [ ]J]. Expert Systems
with Applications,2008,34(1).788-795

[17] Pro_Techniques[ OL]. http;//www. iwint, com. cn/

[18] CREAX http;//www. creax. com

[19] eyt AR, SR/, 5. B T RG34 7 BT 5T
U1 W ENIE SR, 2005,41(7) . 67-68

[20] EE#s, M. EAIRZRN AR B ET]. FR
#H,2008,27(2):175-179

[21] Erk K,Padoé S. A structured vector space model for word mean-
ing in context[ C]// Proceedings of the Conference on Empirical
Methods in Natural Language Processing. Association for Com-
putational Linguistics, 2008:897-906

[22] K30, 6, F B, % £ TE BB SURFHIEE#E T
0] HEHLR,2012,39(11): 127-130

[23] Tsoumakas G, Vlahavas I. Random k-labelsets: An ensemble
method for multilabel classification[ C] // Machine [earning: EC-
ML 2007. Berlin Heidelberg: Springer, 2007 :406-417

[24] Yang Y,Liu X. A re-examination of text categorization methods
[C]//Proceedings of the 22nd annual international ACM SIGIR
conference on Research and development in information retrie-
val. ACM,1999.42-49

[25] Tsoumakas G, Xioufis E S, Vilcek J, et al. MULAN: A Java Li-
brary for Multi-Label Learning[ J]. Journal of Machine Learning
Research,2011,12(7):2411-2414

[26] Hall M, Frank E, Holmes G, etal. The WEKA data mining soft-
ware; an update[J]. ACM SIGKDD Explorations Newsletter,
2009,11(1):10-18



