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Tt 4 K LG 53 H1 (Predictive big data analytics, PBA) J&—FhE4is 3K 2l 50 AR . & AT DL 43 A1 R RS 250 40
A e SR 2RI 25 I 000 45 S5 PBA il AL 28 2% 21 55035 40 W B0 A R A AT 194 B389 f 1000 oK Sk (1 =F 4F. Ha-
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T8 — 2179 S AF Spark 1RV B 8] 5 48 . Spark w1 T H AR 22 09 00 55010 86K & o B R GE b g — B
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N T k2 o S W P RS E M AR SCER T 5 R4 45 B ML AR MK (Enhancing Scalable Ran-
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V-5, #% HDFS Hl 7045 X A6k . 4% Apache Spark J T 3471157
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AR AE R R K I B R O 3% 2 3] SR Pk b B 0 TH IR 55 2% 1 2. HDFS I TR gt B A 2 4
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TR R, BTE AR AL AT Y e H A Ur A AE 6. AN, B R L N m AR R MIF K, SR
B FIKe R A 53 B0 AS R A IR 55 1o DRI AT AR 4R 0 P 000 E Al 467 8 R 30 B R R RS . iR IRTE IR B
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Acyclic Graph, DAG) BuAT 5%, ST CIR B A N A7 1158, o) DU B LA AU Yarn EHEE HLES .
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SRF 75 2268 2 500 S (B R 8 A5t Ak 3 R B0 . A BROA(E AT F T S S Tl . (8§ % i A 454l 4 A 02
WAL, T X —Ri%, B PATESEI R SRE. B SHE SRF S H0xE . 7] LLEI%
AR DL fb P fig. SRE B 1 2 BEAL R &2 2k s JF4 2ok 3006 IKURS: B 22 {1,

1.3 [

BB A B4 0 2 B AR h BRI A AR IE B . O T AR A SR R AT A RO A i, RS 4
G —TNEE WA, T W UERR AR AR A 8t . AR SCIPAG T PR IR AT I RRAE B AR B R . F2 o o A
(Principal Component Analysis, PCA) Mg B 3 25 (Information Gain, IG).

1.3.1 48 PCA #t47% 4
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T Hbr 2l ARy T 0 A R B A 4E. BRI ORI AR IR KRR E R —
TR AR X BRGNS e ) E . R BB SO 2. SR 09 AR RO 3 4
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Entropy (S;) =— 2(1[ X logg. D

KD e S BEHEES KT, d &S PAFZEIEE. ¢ 2 S TE T c WEREMEE. T4 S
M EA AR v, B ERE N

d
Entropy(y;) = E | ‘S(S i)‘ |Entropy(’0(y,])) (2)
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ERIEE S, EEAR T, B A &1 0245 B Xl
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K i A B B 43 Sk FH 1 8 S T ASE AR ) 11 2 4 R 1 I E A 1 B R S L R I R B HE R L gk AT
SRF [ S5k UL 4747 80 RS RL I &, SR J5 X A B 5 00 B0HE 2E AT BE 4k B R SR T IR S 80 ST
ESRF i il 455 7.

ESRF @B B4 A BA K/h R N M BZR R S VLR R B85 P, A B 09 B KR
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2 XBEZER T

A S8 B AE o3 A OR B 7 AP & B T, oAl 1A 9 S0 3 A AR RSB, Y T
HA Intel(R)Core(TM)i7-6500U 4B ZE Al 8. 00 GB PNAEHY Linux Ubuntu-16. 04 R 48 HHUAT . FAF2H 1F =
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RMSE = / (6)

Ho, oy BBIEE S, AR B, v, RBIEE S, M AR B A PR AR . n MBS, i A HRAE
g A

A 8] Y i) R v 0 5 TR0 A 4 S (B 2 Y . MAE X 58 (8 0 fE 78 LA & 8% . i RMSE 3% A .
MAE 1 RMSE By Bl )\ 0~ oo, 15 22 i I A% 0 bk -
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% 2 A1 ESRF., i PCA &4 ESRF (ESRF-PCA) F{#i B 1G &4 ESRF (ESRF-1G), 7E N A

BAEE T 19 MAE F1 RMSE 45
% 2 ESRF,ESRF-PCA,ESRF-IG Lk &

K 4 DAS HPC Susy KDD
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RMSE 3. 805 1. 548 0. 393 0.778
MAE 1.090 1.030 0. 340 0.785
ESRF-PCA
RMSE 2.094 1. 064 0. 399 0.785
MAE 2. 000 0. 820 0. 320 0. 670
ESRF-1G

RMSE 3.088 0. 894 0. 320 0. 670
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T2, BTSSR AR SR 2. M 1G 4R ESRE X B A 52 56 5008 45 B 4 R W GE . oA T SE
AR PBA RYGE, ARG HPERET 2 L) fi D 1 1 58 ] 1] 48 41 fe £ 9 . 4 SRRRAOE EL A o 7 P R
PE. W 1G RE4ER) ESRFE AT LI PBA 48 £ 41 01 47 i) Tt 45

FT3HM T AEIEE T, Spark MLIib 78 43 #ii 2C A B8 6 2SR T /5 55 81 SREY I ESRF (1 1
REVFAL. MR 3 nTLLE . BT ESRF 1Y PBA R4 HA RN ERE . BEAS A0 B 4 R8s . X 2 ES-
RF G o 8 2 B0 A AR 4R H R 1Y 58 SRF. A SCH) PBA RG] ESRE 571255 i K Ok A [m] 1 £ 5% 4k hy
e PR AL A SR i bR ke SR S . AR B S IR 45 SR L AR S PBA R S8 nT LUAE H S SEI BN 4 E DL SR /b A Ak B S TA)
P A RO PERE.

% 3 SRF #1 ESRF §y MAE X &b 3% i 18] bb 3%

B s 4 DAS HPC Susy KDD
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ESRF 1. 090 0. 820 0.320 0.670
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M |IH S
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Mr &G (PBA). ARG S AT S B RS 3 SREF, JET PCA FI 1G58 iob % 40 17 R 4t o o5 1
o3 B B9 PERE - K HDES F1 Apache Spark 735 HI 73045 X047 il 709147 3 5 LS BUB0I 23 A -F- 5. 5250 45
REH . ASCH PBA RS0 AT AR ML 9 000 GE 7+ 100 EL n] LUAE B A S5 56 R0 4 o L dse 20 4 Ak e ] 22 1
AR PERE. AR OR A AR 2 H TS0 AT 0 i 2 R B 1SS i PBA R GE LU TR 2= 23 A sUBR T T R 10 52
FRF B % R0 A ] A
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High-Dimensional Big Data Prediction and
Analysis System Based on Enhanced Scalable Random Forest

LI Fa-ling, PENG Juan

College of Software , Chongqing Institute of Engineering, Chongging 400056 , China

Abstract: To solve the program that big data is difficult to predict and to analyze because of data complexi-
ty, heterogeneity, security, scalability and large-scale data, a high-dimensional big data predictive analysis
system based on enhanced scalable random forest (ESRF) has been proposed in this paper. The system en-
hances SRF by performing hyperparametric optimization on the training dataset, and then applies principal
component analysis (PCA) and information gain (IG) to the preprocessed data to reduce the features that
don't affect the model in order to reduce the processing time in the model development phase. Experimental
results show that the proposed system can provide excellent prediction ability and effective performance in
the whole experimental dataset with the least processing time.

Key words: high-dimensional big data; enhance scalable random forest; dimension reduction; predictive a-

nalysis; super parameter optimization
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