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Abstract Compared with traditional data warehouse applications, big data analytics are huge and
complex. To design a favorable architecture for big data analytics, this paper lists some key fea
tures for big data analytics, summarizes current main implementation platforms( parallel databas-
es, MapReduce, and hybrid architectures based on them), and points their pros and cons. Some
current researches are also investigated, our work are introduced and some challenging research

problems in the future are discussed.
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custkey| city nation| _region name
1 Beijing [ China Asia Jie Wang
2 New York| USA | America Jones
datekey [yearmonth| year holidayflag 3 Takyo | Japan Asia Rose
19940101[ 199401 1994 0 /\
19950201] 199502 1995 0 \
19950702] 199507 | 1995 1 i
19961203 199612 | 1996 0 e datekey | custkey [ revenue | cost Y N
19961213] 199612 | 1996 0 19940101 1 100 50 \
19950201 ] 200 150 ‘
19950702 3 300 250 A
19961203 2 100 350 [
19961213 ] 500 150 A/
19961213 2 600 550 |V
19961213 3 700 650
(a) Star Schema \/
l— - - sl st r nation: h_skey| nation
vearmonth: h_skey| yearmonth datekey:h_skey] datekey ' 01 China I
C
v 199401 001 19940101 ——— -
‘ , 99502 010 19950201 region: h_skey] region ~ — '
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i L] L 100 [1996120: | 10 Asia 2
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i NN 4 s 11 Takyo
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9 01901001 0 l ' W - l
10010010 0 cugt: d‘sﬁcy rame
10011011 1 ‘ ' 100f0181 | Jic Wang I
é 11100100 0 | 01111010 Jones
; ”””am 0 ' ﬂ‘mllll L custkey:h_skey| custkey '
P 01 1
| D s I | - — — —» 10 o |
irs N_SKe year I ' 11 3
i 1994 l
1995 ' I
i 1996 ,
. e e Aowh AGGe NS e S s . vl Lo s s coms g e i s ama. s, S
I fact revenue:md_ske revenue fact cost:md_skey cost I
01001001 1001010 50 01001001 10010101 100
| [ Tootooto tooto 150 T0010010 10010101 200 ||
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| |LiIo0to0 o1 iTon 350 11100100 01111010 00|
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] — 01111 0 550 11100101 01111010 600 ||
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R, s e . e e G s e e i o)
(b) Join-Free Snowflake Schema
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TARSE AR BA.
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(W Greenplum Al Aster Data #{ 2 [ PB 2424
P BT TF A ), (5 2R 2 R E 8 8 20 M 5 SR AT
ABORZE . Bk, iy 5038 JF A7 odls 7 1 9 e g
J1de — B AR A PR A AR, IR IT R R
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