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Abstract: As an important data preprocessing method, feature selection can not only solve the dimensionality disaster problem, but also
improve the generalization ability of algorithms. A variety of methods have been applied to solve feature selection problems, where
evolutionary computation techniques have recently gained much attention and shown some success. Recent study has shown that feature
selection using forest optimization algorithm has better classification performance and dimensional reduction ability. However, the
randomness of initialization phase and the artificial parameter setting of global seeding phase affect the accuracy and the dimension
reduction ability of the algorithm. At the same time, the algorithm itself has the essential defect of insufficient high-dimensional data
processing capability. In this study, an initialization strategy is given from the perspective of information gain rate, parameter is
automatically generated by using simulated annealing temperature control function during global seeding, a fitness function is given by
combining dimension reduction rate, using greedy algorithm to select the best tree from the high-quality forest obtained, and a feature
selection algorithm EFSFOA (enhanced feature selection using forest optimization algorithm) is proposed. In addition, in the face of
high-dimensional data processing, ensemble feature selection scheme is used to form an ensemble feature selection framework suitable for
EFSFOA, so that it can effectively deal with the problem of high-dimensional data feature selection. Through designing some contrast
experiments, it is verified that EFSFOA has significantly improved classification accuracy and dimensionality reduction rate compared
with FSFOA, and the high-dimensional data processing capability has been increased to 100 000 dimensions. Comparing EFSFOA with
other efficient evolutionary computation for feature selection approaches which have been proposed in recent years, EFSFOA still has
strong competitiveness.

Key words: enhanced feature selection using forest optimization algorithm (EFSFOA); high-dimensional; feature selection; evolutionary

computation
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B S LA K 55 2.5 71 rp B H ARSI 10 3 I8 B BR SR AT S A R G S 470 B STAD T BRATIAE SR 2.3 i ep R
3 () AR SR s 3 H GroupSelection(forest) b Kl ist 2 5 2R A5 A2 B (1 410 T AR AR, 3R 1 BRAVTAE 55 2.3 45 v o
B 1 5~3 SEEEN 509 3 2 AT N T ik EFSFOA fig g A P vy 4 Bl 1 78 5830 2 /) 3kmb 2 b R Ao ik
YR, L A R S 2.4 TR A T B, TR O D A D U U R AR
1% sliding 250109 KN4 1 N ANV 2 rbiT R S50925 B 0 Adb BE (R0AIR o B0 4858 2B B3k 2 P im0k
AT 10 )00 o i N NS AR, 58 5D SR 35 2720 M S 45 SR 4 IRl — A 9 4 3 o S (R 4 s
PEERBY B AT T 1Y) Sample(important_features) g #2445 5745 w45 21 (145 S 9L 22 VAR, LLAE $0 H) — AN 5 4 1
75 (14 Joy B AR Ak, L b A ANREAE A 2 3 (4) BT T B (0 0 e R M A TR s 58 7720 MR s s AR it R 4 =) et
il TP LB — AN AR T TR A DAy B I e 28R B 5 L.

&% 1. FSFOA(life time, LSC, GSC, transfer rate, area limit).

i A\:life time, LSC, GSC, transfer rate, area limit.

A L <3 Y S RV AE T AR

1% WIH AR

2% K AR AR 1Y) Age 'R 0

While
XTRRAR Age oA O BB FEAT RS 5 475 Fl
for i=1: LSC do

T3 52 BB B ATLIE B — N
L EALE N 0 BN 1, Z MR

end for
BRI T A M Age i1
M4 life time F1 area limit 34T B 20 A KR 161
A B RR AR EAT 42 )= 36 Tl
MAGEIE AR AR P B transfer rate Hb A9 ) B

NS AR AN R~ - oo

10: for TFREFEMIH do

11 7R E MR BEHLE I GSC AN &

12: KXALE R 0 AEAE R LW NALE N 1 IEA R 0
13: end for

14: SoH L

—_
W

o R R ) A AT HE T

16: 438 . B AR B mi (R 1K) Age HEE R 0

End while

3% 3R ] 3 N AR i B PR O 37 B B RRALE T 4R

E % 2. EFSFOA LOW(life time, LSC, transfer rate, area limit).
i A\:life time, LSC, transfer rate, area limit.

fii <3 D e e KRR AIE 1A

1% B ARAR

2% R AR BRI Age B 0

3*: {&k#E InfoGainRatio(dataSet) 58 7 7 #4 th — 3 gy 4t
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While j# & HAT &A1 do

D A A ol s

[ T S S

SEARAR T Age A O TR REAT )= 3 47 Aol
for i=1: LSC do
TE 1 58 IR Hh BE B3 B — A7
B ENLE N 0 AEAE N 1, R ZTRER
end for
AR T Age N 1
M life time Al area limit 33E47 Fi AR PR 1)
X A 3 ARARREAT 4 J5) F Aol
A 3% 2R AR P 3% transfer rate Eb A5 (R B

: for FHARIEFENIM do

GSC«+T(Age)
TEIE E IR A BE HLIE I GSC AN
FExT AT R 0 FIEAS A L3 AL E SN 1 RMEAE R 0

. end for

TR AR

: IRE Fitness(tree)if H & [ & 18 & = BRI
17:

R 38 I P AR A v (I 1) Age TEE 0

End while

4%;
5%;
6*:
&% 3. EFSFOA_HIGH(life time, LSC, transfer rate, area limit, sliding).

#R#E GroupSelection(forest) £ 1 5. 2 5. 3 SHEZMH
W15, 25, 3 SFERMR P ERFOMEDRIR
I[P B A 27 B 2 R AIE 1 4R

41 A :life time, LSC, transfer rate, area limit, sliding.
A L T YR e RVRFAE T 4R

1*:
2%:
3%:
4*:
5*:
6*:

HRAE sliding /IR i 4 2 46 3l 20 Jl N AN 4R Kt 4

FHATIAT EFSFOA_LOW(life time, LSC, transfer rate, area limit)4b #5143 J& ) N AN 4 Ko 4

resultse—JFAT AT JF IR N A4 2R
micro_final_result—M results 9 % 3 45 4 (1) 45 4
important_ features«¥ results ") N 445 L4l &
WIHEAK A B macro_final_result 4 None

While 7 2 01T 544 do

1:

macro_temp_final_result<—Sample(important_features)

2: if macro_temp_final_result it - macro_final_result
then macro_final_result«macro_temp_final_result

End while

7*: if micro_final_result {£F macro_final_result
then final_result—micro_final_result
else final_result<—macro_final_result

8*: R [ul final_result 15k i 4 B4 48 1) d A RF AR L P 4 1
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FEAR LS A, EE R python3.6 DL T H AL scikit-learn SZHUARCHTS . BT A S IUAE — SHCE N Intel
i7-7700K. 16GB A% 500GB H##% i+ 501 b 58 HE.

3.1 BUE&E

TALE 15 A UCTPVE A Fond BAT T HH 10 77 VEREAT T 3 HEsE s (4% 1.

Table 1 Experimental dataset
F1 SRR

Dataset #Feature #Instance #Class
Glass 9 214 7
Heart 13 270 P!
Cleveland 13 303 5
Wine 13 178 3
Vehicle 18 846 4
Segmentation 19 2310 7
Ionosphere 34 351 2
Dermatology 34 366 6
Sonar 60 208 2
LSVT 310 126 2
CNAE-9 856 1080 9
SRBCT 2308 63 4
Arcene 10 000 200 2
RNA-Seq 20 531 801 5
Dorothea 100 000 800 2

73 FUER Z 1) BARE Lt ().
CA=NCC/NAS

Horp NCC AU IEA ) 7 F K, NAS ACH HAH 45 1) 5 1 230 48 32 5t o 1052 SCan 2 (7).

DR=1-(NSF/NAF)

FLrp NSF AR 1 £ 1 RRAIE B0 NAF AR Eidl 41 1R AIE S 2

32 BHIRE

(6)

(7

SER LR T EFSFOA [ 1 8 I 5 bR 45 P BT 484 1) 2 85 oM B v 4 80l A J v i 169 19 24 slidling size DL TG
A S B IE Y. 240 GSC A, ZHE Y FSFOA 58 4 A1 [] LUAH fff i % EE S 56 24 ¥ 7 .FSFOA  Hl

EFSFOA W24k B/ Al 3k 2 F15R 3 4

Table 2 Specific information of the parameters of FSFOA

% 2 FSFOA B Bk B

Dataset Life time Area limit Transfer rate LSC GSC
Glass 15 50 0.05 2 4
Heart 15 50 0.05 3 6

Cleveland 15 50 0.05 3 6
Wine 15 50 0.05 3 6
Vehicle 15 50 0.05 4 9
Segmentation 15 50 0.05 4 9
Ionosphere 15 50 0.05 7 15
Dermatology 15 50 0.05 7 15
Sonar 15 50 0.05 12 30

LSVT 15 50 0.05 68 115

CNAE-9 15 50 0.05 26 100

SRBCT 113 50 0.05 460 700

Arcene 15 50 0.05 22 500

RNA-Seq 15 50 0.05 32 1027
Dorothea 15 50 0.05 71 5000
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Table 3 Specific information of the parameters of EFSFOA
#%& 3 EFSFOA Z¥1 HAK (5 B

Dataset Life time Area limit Transfer rate LSC a yij Sliding size
Glass 15 50 0.05 2 100 0.01 -
Heart 15 50 0.05 3 100 0.01 -

Cleveland 15 50 0.05 3 100 0.01 -
Wine 15 50 0.05 3 100 0.01 -
Vehicle 15 50 0.05 4 100 0.01 -
Segmentation 15 50 0.05 4 100 0.01 -
Tonosphere 15 50 0.05 7 100 0.01 -
Dermatology 15 50 0.05 7 100 0.01 -
Sonar 15 50 0.05 12 100 0.01 -

LSVT 15 50 0.05 68 100 0.01 -

CNAE-9 15 50 0.05 26 100 0.01 -

SRBCT 15 50 0.05 460 100 0.01 -

Arcene 15 50 0.05 22 100 0.01 1000

RNA-Seq 15 50 0.05 3D 100 0.01 2054
Dorothea 15 50 0.05 71 100 0.01 10 000

33 ZRERM LD

FAAE L% EFSFOA 5 FSFOA (1 [RI W) B NN T 3 42 SR 4 R4 A A28 B S0 AT 00 L e Ath ool b B35 1) B
AR R R 445 W SEI0 45 3R S At o8 T I ORo6) Lh S 6 25 S i MERR 28, 358 0 200 45 TR 7 SCk[19]h &
FRBNISEI S5 AR 5 rP R R AR 43 X B T 1% 4 52 56 v 5 4 43 S HE f % (CA) B4 J82 4 93 % (DR); 10-fold
2-fold 70%~30%- 50%~50%7 4227 10 91,2 F1,70%AF I 28 . 30%E MR LL K 50%AFE I8 50%1E M
RAEX 4 FIGAUE 7 1-NNL 3-NN. 5-NN. SVM. DT 739I%7R 1 EL4F. 33048, 5 48, L. ik

BIX 5 Fl oy 228,
Table 4 Brief description of the methods for comparisons
R4 LAV R
AP IR/ Ry
FSFOA T B A B 12016
Rc-BBFA HET AR A M55 K STV I R AR i B 4T 02017
UFSACO ST AR A PO G B AE e B0 530 2014
PSO(4-2) BT T AL S I R AT B 413092013
FS-NEIR B ARAT 2515 LL IR IR B 41302013
SVM-FuzCoc TSR ) LR AT 2 £ 4282010
NSM ST 808 T B ) 28 % 95 0/2010
SFS. SBS. SFFS Ayt Ja k. FE5I3F sl i vk £ 10 i B 40282010
HGAFS LT A AL B R 3 R 4P 02007
Table 5 Experimental results
x5 LR
Glass CA DR Validation  Classifier Cleveland CA DR Validation  Classifier
EFSFOA  80.95% 44.44%  70%~30% 1-NN EFSFOA 62.07%  84.62%  70%~30% 1-NN
FSFOA 71.88% 40% 70%~30% 1-NN FSFOA 55.55% 71.42% 70%~30% 1-NN
SES 72.24% 26.66% 70%~30% 1-NN SVM-FuzCoc 61.01% 46.1% 70%~30% 1-NN
SFFS 71.77% 37.77% 70%~30% 1-NN SFS 51.79% 47.7% 70%~30% 1-NN
EFSFOA  71.03% 44.44% 2-fold SVM SBS 54.8% 38.5% 70%~30% 1-NN
FSFOA 68.22% 60% 2-fold SVM SFFS 49.5% 53.8% 70%~30% 1-NN
HGAFS 65.51%  44.44% 2-fold SVM LSVT CA DR Validation  Classifier
EFSFOA  84.39% 56.67% 10-fold DT EFSFOA 94.74% 97.1% 70%~30% 1-NN
FSFOA 75.7% 50% 10-fold DT FSFOA 89.47%  98.71%  70%~30% 1-NN
FS-NEIR  68.53%  22.22% 10-fold DT Rc-BBFA 94.60%  56.45%  70%~30% 1-NN
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Table 5 Experimental results (Continued)
x5 LEEATIRED
Heart CA DR Validation  Classifier Sonar CA DR Validation  Classifier
EFSFOA 92.59% 70% 10-fold 3-NN EFSFOA 90.82% 76% 70%~30% 5-NN
FSFOA 85.18%  35.71% 10-fold 3-NN FSFOA 86.98%  44.26%  70%~30% 5-NN
NSM 84% 69.23% 10-fold 3-NN PSO(4-2) 78.16%  81.26%  70%~30% 5-NN
EFSFOA 85.93%  63.08% 2-fold SVM EFSFOA 98.41%  83.33%  70%~30% 1-NN
FSFOA 84.07% 50% 2-fold SVM FSFOA 85.43%  57.37%  70%~30% 1-NN
HGAFS 82.59%  76.92% 2-fold SVM Rc-BBFA 95.57%  53.33%  70%~30% 1-NN
EFSFOA 93% 66.15% 10-fold DT SVM-FuzCoc  73.17%  68.33%  70%~30% 1-NN
FSFOA 85.15%  48.07% 10-fold DT SFS 66.43%  61.33%  50%~50% 1-NN
FS-NEIR 79.86%  46.15% 10-fold DT SBS 62.2% 4533%  50%~50% I-NN
Arcene CA DR Validation  Classifier SFFS 64.55%  61.33%  50%~50% 1-NN
EFSFOA 95% 92.13%  70%~30% I-NN EFSFOA 82.02%  84.33% 2-fold SVM
FSFOA 88.33% 61.9%  70%~30% I-NN FSFOA 65.86%  54.09% 2-fold SVM
Rc-BBFA 92.5% 48.66%  70%~30% 1-NN HGAFS 87.02% 75% 2-fold SVM
EFSFOA 81.15%  63.24%  70%~30% DT EFSFOA 97.72%  73.17% 10-fold DT
FSFOA 73.69%  77.67%  70%~30% DT FSFOA 82.69%  52.45% 10-fold DT
UFSACO 67.4% 99.8%  70%~30% DT FS-NEIR 75.97%  91.66% 10-fold DT
Wine CA DR Validation _ Classifier Ionosphere CA DR Validation  Classifier
EFSFOA 99.26%  68.38% 10-fold 3-NN EFSFOA 99.43%  87.06% 10-fold 3-NN
FSFOA 98.87%  42.58% 10-fold 3-NN FSFOA 92.3% 61.76% 10-fold 3-NN
NSM 98% 53.84% 10-fold 3-NN NSM 92% 88.23% 10-fold 3-NN
EFSFOA 99.08%  68.38%  70%~30% 1-NN EFSFOA 98.1%  75.29%  70%~30% 1-NN
FSFOA 98.07% 50% 70%~30% 1-NN FSFOA 89.52%  54.28%  70%~30% 1-NN
Rc-BBFA 99.66%  38.46%  70%~30% I-NN Rc-BBFA 96.18%  58.82%  70%~30% I-NN
SVM-FuzCoc  97.12%  53.84%  70%~30% I-NN SVM-FuzCoc  89.46%  88.23%  70%~30% I-NN
SFS 97.69%  35.38%  70%~30% 1-NN SFS 87.75%  65.88%  50%~50% I-NN
SBS 94.77%  46.15%  70%~30% 1-NN SBS 84.61%  77.64%  50%~50% 1-NN
SFFS 96.56%  36.92%  70%~30% I-NN SFFS 88.32%  75.29%  50%~50% 1-NN
EFSFOA 98.31% 57.69% 2-fold SVM EFSFOA 95.67%  65.59% 2-fold SVM
FSFOA 96.06%  37.17% 2-fold SVM FSFOA 94.58%  57.14% 2-fold SVM
HGAFS 98.31%  53.85% 2-fold SVM HGAFS 92.76%  82.35% 2-fold SVM
EFSFOA 98.76%  68.38%  70%~30% DT EFSFOA 96.78%  64.71%  70%~30% DT
FSFOA 96% 57.14%  70%~30% DT FSFOA 95.12%  47.05%  70%~30% DT
UFSACO 95.08%  61.53%  70%~30% DT UFSACO 88.61%  11.17%  70%~30% DT
EFSFOA 99.25%  81.54% 10-fold DT EFSFOA 98.4%  77.65% 10-fold DT
FSFOA 96.06%  21.42% 10-fold DT FSFOA 93.16%  68.57% 10-fold DT
FS-NEIR 95.04%  61.53% 10-fold DT FS-NEIR 92.59%  82.35% 10-fold DT
Vehicle CA DR Validation  Classifier | Dermatology CA DR Validation  Classifier
EFSFOA 75.79% 50% 70%~30% 5-NN EFSFOA 99.63%  52.94%  70%~30% 1-NN
FSFOA 73.98% 50% 70%~30% 5-NN FSFOA 97.27%  45.71%  70%~30% 1-NN
PSO(4-2) 85.3% 68.4%  70%~30% 5-NN SVM-FuzCoc  94.11%  64.7%  70%~30% 1-NN
EFSFOA 78.35%  55.56%  70%~30% 1-NN SFS 94.02% 44.7%  70%~30% 1-NN
FSFOA 73.81%  61.11%  70%~30% 1-NN SBS 91.78%  58.23%  70%~30% 1-NN
Rc-BBFA 75.79%  61.11%  70%~30% 1-NN SFFS 93.7% 62.35%  70%~30% 1-NN
EFSFOA 71.35%  71.11% 2-fold SVM EFSFOA 99.91%  73.24% 10-fold DT
FSFOA 62.41%  47.22% 2-fold SVM FSFOA 96.99%  21.42% 10-fold DT
HGAFS 76.36%  38.99% 2-fold SVM FS-NEIR 93.95%  70.58% 10-fold DT
EFSFOA 82.8%  43.89% 10-fold DT EFSFOA 98.15%  63.24%  70%~30% DT
FSFOA 73.04%  31.57% 10-fold DT FSFOA 90.09%  44.11%  70%~30% DT
FS-NEIR 70.98% 50% 10-fold DT UFSACO 95.28%  26.47%  70%~30% DT
RNA-Seq CA DR Validation  Classifier Dorothea CA DR Validation  Classifier
EFSFOA 97.6%  65.69%  70%~30% 1-NN EFSFOA 96.25%  98.35%  70%~30% 1-NN
FSFOA - - 70%~30% 1I-NN FSFOA - - 70%~30% I-NN
Rc-BBFA 94.53%  58.66%  70%~30% 1-NN Rc-BBFA - - 70%~30% 1-NN
EFSFOA 98.75%  68.11%  70%~30% SVM EFSFOA 93.75%  98.11%  70%~30% SVM
FSFOA - - 70%~30% SVM FSFOA - - 70%~30% SVM
EFSFOA 98.13%  42.97%  70%~30% DT EFSFOA 97.21%  99.8%  70%~30% DT
FSFOA — — 70%~30% DT FSFOA — — 70%~30% DT
CNAE-9 CA DR Validation  Classifier | Segmentation CA DR Validation  Classifier
EFSFOA 95.06%  35.86%  70%~30% 1-NN EFSFOA 96.98%  78.95%  70%~30% 1-NN
FSFOA 91.05%  24.88%  70%~30% I-NN FSFOA 96.51%  36.84%  70%~30% 1-NN
Rc-BBFA 95.06%  50.35%  70%~30% 1-NN Rc-BBFA 98.27%  36.84%  70%~30% 1-NN
SRBCT CA DR Validation  Classifier EFSFOA 96.36%  71.05% 10-fold 3-NN
EFSFOA 99.87%  96.58% = 70%~30% 1-NN FSFOA 96.2% 30% 10-fold 3-NN
FSFOA 94.73%  49.06%  70%~30% 1-NN NSM 95% 63.15% 10-fold 3-NN
SVM-FuzCoc  98.88%  98.57%  70%~30% 1-NN — — - — —
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X Loy FHERf %l i R 5 AXEG L, EFSFOA 7E Tonosphere. Cleveland. Dermatology« Heart Glasss LSVT.
CNAE-9. SRBCT. Arcene iX 9 M4 [3iEF] T I =1.EFSFOA 7£ Wine. Sonar. Segmentation. Vehicle
X 4 MR ER L Wine B 1-NN 402688 KT Rce-BBFA;#E Sonar [ SVM 43254% LET HGAFS;7E
Segmentation ] 1-NN 4325%¢ FAGT Re-BBFA;7E Vehicle ) 5-NN F1 SVM 432588 /> 51K T PSO(4-2)M
HGAFS. UL F# 44 EFSFOA  BUARANBEDRIIE 73 S HE A 22 35 O foe v AH AR T S 73 2K 88 E(BR Segmentation
AMIIEUAS T B M UER 2. 2 T DA 2 PR AR IR R 4 T TR A e SR B A T E R IR EE #E HH 1,11 EFSFOA
FER GG AT 7 b ) 7 4 2 B8 T MR A5 L 2 AT A B R 1 32 P Xt AN TR UE T W) A6 B Bt T Sk
[ J5 8 TAE & ).

Xt Lt FSFOA,EFSFOA JC 18 42 75 43 JS 1 25600 S 8 28 S8 4 06 b (102 41 42+ 49 W1 2 1) #F Tonosphere (1)
3-NN 732538 |- CA fi = 7%,DR {8 51 26%; 4 Cleveland ) 1-NN )28 8% I CA it 6%,DR H = H 13%;
7t Sonar [¥] 5-NN 432548 [ CA {7 H 4%,DR {H 5 Hi 32%;7E Vehicle ] SVM 432 %8 I ,CA {7 H 9%,DR {5
i 24%;7E Dermatology [¥] DT 432535 |,10-fold M, CA {1 i 3%,DR fH &1 52%,70%~30% MR I, CA {f
=t 8%,DR i H 19%.

HoF LU A 4R H 1R 23 2 ff 40650 v 1) 42— —Re-BBFA (S I i W T+ 1-NN 202888 5 L R BL T 1-NN
O3B () S 45 R BEAT XS L) ) LU Y EFSFOA 76 K #8420 B S 10 2 R R £ 5 Re-BBFA #AEAA T2 1],
Rc-BBFA 7E Wine,Segmentation P48 45 - (19 73 FEUEA 2K 1% 15 T EFSFOA;EFSFOA 1E Vehicle. LSVT W4
£ 14 FEMEW T 5 T Re-BBFALH 2 H 45— 211 72 EFSFOA 7 Ionosphere Fll Sonar )43 28 #HE#f 11
Y FESEIRFR AT Re-BBFA, L MEGH 3 P2 i H 2% LA b o F 49 e ~F- 240 vt 20% BL B vl WL 70 3 A 25048
£ |- ,EFSFOA IR BLIL 2T A 3411,

MSEEG &5 AT UG B 7 e 4 500 1 AR 1 BEFSFOA 1AL RE J) AR 2 F FSFOA £ % J& Re-BBFA (7).
4 Re-BBFA A H R HE BT 20 000 B, st 0 V5 48 J6 I 0] Py 45 HH VT 5745 SR (ERATT IR B (R ) TR) LB Ry 24h); 1
FSFOA X /M1 4 10 000;{H EFSFOA 1 ot SR HI 52 Jl e 1E. 2106 8 14 U7 2 xk v 4k B AT A 38, 4 A3 AR A 0= B
1A %] 100 000 TS BEL Y A A5 = 1) .

EFSFOA #H%] T FSFOA 1)L i et it #5 J2 [B Za 4t vy 43 8 Uil Ze AT DAL ¥, IR it 7 oK CA (B 1 [ #2755
A VAR, A N BB B B 2 EFSFOA 5 Sk B 7E DR {1 L A BR K sleidk (FT LU Y FSFOA FRI 45 J82 400 V3 22 20 3
AR T, B AR 2 W 0 55 1 oAl 43 5 88). 2 38 X Bl 45 B 19 J5U K Bk T BEFSFOA #E 355 B Bt
T 3 — 25 D00 SR IBUR R 6 i 10 4 4 sk LA A, 32 R BRL A T 0 an A bR B B A B A R R S T
ARAR R R R 2 (S sl b 8 T e A 1) J L8 2 A BT Y I PR AR A1 A0 8 A JOB 30 A A 0 ) R B AV A 0 D 7 % i 4
o0y 7 8T 4 ) 4593 Rl 3 EFSFOA 1E I ] b 1) S AR JT 45 22 £ T FSFOA,{H & i T Btk (1)L &b, A GSC &4k
(99 1 Bl A D e 2 o RV RE B 0 T Bk AR B B R AT 04, L 4% 1R 03t o S e b ) 2 ARV 1) LA B RN S AL By
B TR T 338 T (¥ 450 41 I ) P80 22 RN K A F i AR B BE 0 2 B0 i B2, g o e g B ) 2 2% BE 2 O(1), B LA
B )1 [0 2 42 RS 0 AN B 0803 1 2 A S0 AN T — e A T B 7 3%, 5 oA SR T o I ke A 2 Bk e 1) — A 2 2
JELAL.

4 B %5

ARSI XS FSFOA (1173 #7 A1 HoAN R Z A AW FUAE 55 70 A T 3 s Ak Uy 5 04 L AR 2 w4
s db B B X BT — Bl 5% EFSFOA.EFSFOA &5 45 B B 4 T 17— >4 () 40 A SR mgs . il 125K
W, S R R AR T T SR 10 i S R T8 G T SEVA A AR A AN BT 3 BT AR SR T 5 A 4 J R o B, o 4
e T, AZMAK T GSC S KL, 78 70 M T RERRB I 4F i 1, A SV IR 1 I8 1 BE T 15 210 i, 53 B
B R BRI 00 S AR PR SE MR T SR 45 R I T I 20E 2B R T e 35 TR IR AR B e SR Ak
F1 Ak — RS T 7 iy 24 3000 A B I 0 G ey 4 500 Ak B BE 1) AN AL D TR R, 4 YT BRI 5 1) SEVEME SR,
(VIR 23 2 FEE 4 el 3 30t — A 1 DA 1A 3 2 PR R 80 i BT e i s AR S TR 4L R 15 N Bl A
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ISR ) 11 MRFIEE S RVE Y EFSFOA — i & T AT HSE 8,405 1-NNL 3-NN. 5-NN, SVM. DT iX 5
AN 53 2825 DI AIE R I EFSFOA 7143 R UEMf Z AN 4t FE 498 % 3445 W W42 % EFSFOA [MIFIEE B AL P A ) £
FIEF) T 100 000 4k A 5 10 TAE o BATTH 223806 EFSFOA L — %6 F A 35 T3 Ak v 57 (10 4 HE 8 B A 30t AT
of L T — 2D A 36 AT 1 S5 IR P R, I I 3 S 0 AT 11 S50 38— St A 4y B 7 45 5 TR 17 L S B 4
rh SRk — 2D ARG BRATT IR BV, 0T LG T3 A T B 00 AR 0 208 B BV A S B M AR ) s 9 B SR h 5 R R Ak L
A BT B W T TR BB R R B A N M R 2
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