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ri = arg max(P(r'|B)) (4.6)

4.3 U0OO0O0O0OOOOOO
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n = /)
Correlation Coefficient(CC) = 2z (re =) = 1) — (4.7)
Vi (re =T)2 /30 (g = 17)?

1 n

Average Error(Ave.Error) = Z (re —1)? (4.8)
"=

Maximium Error(Max.Error) = arg max Ty — 73 (4.9)

Minimium Error(Min.Error) = arg mtin lre — 1} (4.10)
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Table. 4.1: 0000000000000 0 (D0O0OOOOOOODO)

Cluster  (C)min, (C))max  Size  ¢(rh)

Cy  [16.14%, -1.12%) 980 -2.18%
Co  [1.12%, -0.42%) 980 -0.73%
Cs [-0.42%, -0.00%] 980 -0.20%

Ci  (+0.00%, 0.44%] 1020 0.22%
Cs (0.44%, 1.07%] 1020 0.72%
Ce (1.07%, 13.23%] 1020  2.04%

A 4
Cra D Crs o Ty Co o Crs D

Fig. 41: 0000000000000 0OO0DODO0OO0UOO0OO0 (COODDOOOOOOO)

Table. 4.2: 00000000000 OOOO (BoODOODO)

Cluster  (C))min, (C)max  Size ¢ (1)
Ci [-16.14%, -3.03%) 150 -4.32%
Cy  [-3.03%,-0.85%) 1123 -1.59%
Cs  [0.85%, -0.00%] 1667 -0.37%

Cy  (+0.00%, 1.23%] 2207 0.52%
Cs (1.23%, 3.80%] 796  1.98%
Ce (3.80%, 13.23%] 57  5.47%
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Fig. 42: 000000000000 OO0ODOO0OO0O0O0O0OOODODOO(DOOOO)

4.3.1 0O0O0OO0O0OOOOO0OObDOOd
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Table. 4.3: 0000 1000000000000 0O0(DO0OOOO)

Max.Error Min.Error Ave.Error CC

AR(2) 6.4808 0.0056 2.7452  0.6928

MA(2) 6.4808 0.0399 2.7345 0.6942
ARMA(2,2) 6.6313 0.2826 2.7751 0.6840
ARCH(2,9) 6.5119 0.1069 2.7331 0.6974
Algorithm1(Uniform) 5.2753 0.2227 2.5362  0.7479
Algorithm1(Ward) 4.2383 0.2442 2.0727 0.8371

0 4.3 0 0 0O Algorithm1(Uniform) 0 AROMAO ARMAOARCHOOOOOOOOO
00000000000 0000000000000000000Algorithml(Ward) O
0000000000 Algorithml1O UniformO00 AROOOOOODOOODOOOODOO
Algorithml(Ward) DO OO0 O0O0 AROODUOOOOOOOOOOOOOOOOOOOOO
gbobobobobooboboobobooooboooboobooooobooboooooooDo

4.3.3 OUO0O0OobOOOOO0OOn

ubobooooboobooboooboboobobooboboobobooboooobooboooon
ooooboobooobooboobooooooobo L=2,3,---, 10000000000
0000000000 O0AIC(D (411))00000000000000000O00OO&%20
00000000000T0O0000000006%200 (4.12)000000000000
000 LO00D000D000DO0O0DODO0O00 AICOD 4400 430000000000
0000 L=6000AICOOCOOOOO0O0O00O0OOOOOOOOODOODOODOD
ooooooooboo42000000000000 L=205r0100000000DO
gbobobobobobobo4s000 4120000

AIC =1ng? + % (4.11)

T
1
~2 = \2
g = T_N E (Tt — T’t) (412)
t=N+1
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Table. 44: 000000000 OCOOO0O0O0O0ODOOODO AICOOO

Discrete number .  AIC

2 2.0442
1.7830
1.6066
1.5193
1.4597
1.8168
1.7478

© 00 N O Ot = W

1.8126
10 1.7729

(SS]
N

“
-

AlC

1.0

[S9]
(V5]

4 5 6 7 8 9 10
Number of Cluster L

Fig. 43: 00000 AICOOO (ODOOOO)

Table. 4.5: 0000000000 O0OO0ODO (DODDOOOOL=2)

Cluster (Cmins (Cl)max Size Cl(rl)

C,  [-16.138%, -0.730%] 1440 -1.77%
Co  (-0.730%, 13.235%] 4560 0.55%
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Table. 4.6: 000000000000 CO0ODO (DODDOOOOL=3)

Cluster (CDmins (C1)max Size ¢ (rh)
Cy  [16.138%, -0.730%] 1440 -1.77%
Co  (-0.730%, 0.947%] 3415 0.10%
Cs  (0.947%, 13.235%] 1145 1.92%

Table. 4.7: 00000000000 OO0ODO (DODDOOOOL=4)

Cluster (C)min, (C1)max Size ¢ (r!)
Ch [-16.138%, -3.000%) 149 -4.30%
Cy  [-3.000%, -0.730%] 1201 -1.48%
Cs (-0.730%, 0.947%] 3415 0.10%
Cy  (0.947%, 13.235%] 1145 1.92%

Table. 4.8: 0000000000000 OO (DOOOOOL=5)

Cluster (CDmins (C1)max Size ¢ (r!)
C,  [16.138%, -3.000%) 149 -4.30%
Co [-3.000%, -0.730%) 1291 -1.48%
C3 [-0.730%, 0.947%] 3415 0.10%
Cy (0.947%, 3.800%] 1089 1.73%
Cs (3.800%, 13.235%) 56  5.45%
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Table. 4.9: O00000O000O0O0O0OOO (DOOOOOL=Y)

Cluster (CDmins (C1)max Size ¢ (r')

¢y [16.138%, -3.000%) 149 -4.30%
Co  [-3.000%, -0.730%) 1291 -1.48%
Cs [-0.730%, -0.065%] 1329 -0.37%

Cy (-0.065%, 0.947%] 2086  0.39%
Cs (0.947%, 1.871%] 740  1.36%
Ce (1.871%, 3.800%] 349  2.54%
C:  (3.800%, 13.235%) 56  5.45%

Table. 4.10: 000000000000 DOCOO (DODOOOOL=g)

Cluster (CDmins (C1)max Size ¢ (rl)

C  [-16.138%, -3.000%) 149 -4.30%
Cs [-3.000%, -1.810%) 357 -2.28%
Cs -1.810%, -0.730%) 934 -1.17%
Cy [-0.730%, -0.065%] 1329 -0.37%
Cs (-0.065%, 0.947%] 2086  0.39%
Cé (0.947%, 1.871%] 740  1.36%
Cy (1.871%, 3.800%] 349  2.54%

Cs (3.800%, 13.235%) 56 5.45%
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Table. 4.11: 000000000000 0O0OO (DODOOOOL=9)

Cluster (C)mins (C1)max Size a(rt)
C1 [-16.138%, -9.849%) ) -11.66%
Cy  [9.849%, -3.000%) 145  -4.05%
Cy  [-3.000%, -1.810%) 357 -2.28%
C,  [1.810%, -0.730%) 934 -1.17%
Cs [-0.730%, -0.065%] 1329 -0.37%
Ce (-0.065%, 0.947%] 2086  0.39%
Oy (0.947%, 1.871%] 740  1.36%
Cs  (L871%, 3.800%] 349  2.54%
Co  (3.800%, 13.235%] 56  5.45%

Table. 4.12: 00000000000 O0O0OO (DOOOOOL=10)

Cluster (CDmins (C1)max Size  ¢(r)
Ch [-16.138%, -9.849%) 5  -11.66%
Co [-9.849%, -3.000%) 144  -4.05%
C3 [-3.000%, -1.810%) 357  -2.28%
Cy  [1.810%, -0.730%) 934 -1.17%
Cs [-0.730%, -0.065%] 1329 -0.37%
Cs (-0.065%, 0.947%] 2086  0.39%
o (0.947%, 1.871%) 740  1.36%
Cs (1.871%, 3.800%)] 349 2.54%
Co (3.800%, 6.212%] 4T 4.77%
Cio  (6.212%, 13.235%] 9 9.02%
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Fig. 44: 0000000000000 OOOOOOOO

Table. 4.13: 000000000000 OOOODO (DODODOOOOOOO)

Cluster (C)min, (C1)max Size ¢ (rh)

C,  [-21.146%, -1.702%) 1343 -2.25%
Cs [-1.702%, -0.000%) 1343 -0.61%
Cs [-0.000%, -0.000%) 720  0.00%

Cy (+0.00%, 1.153%] 1297  0.66%
Cs (1.153%, 16.264%] 1297  2.51%

44 0O0000O0O0O0OO0OOOOOO
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geooobooobbOoOOoonobObOoonoboooooboobobbooonn 2008
01201000 20080 120 00 0000noo0o0ooOobDbOobDboOo0obOo0obOonong
goboobooobooboooboon
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Fig. 45: 000000000000 DOODOOOOOOOOOODOOODO (bOOOOoOo

ooo)

Table. 4.14: 000000000000 OODOOO (DODOODO)

Cluster (CDmins (C1)max Size ¢ (r!)
Cq [-21.146%, -3.900%) 133 -5.55%
Cs [-3.900%, -1.285%) 1053 -2.10%
Cs -1.285%, 0.000%] 2221 -0.47%
Cy (0.000%, 2.530%] 2152 1.08%
Cs  (2.530%, 16.264%] 441  4.12%

A4
Cra D Cu Cre o Ty Cs D

Fig. 46: 00000000000 OOOOOOOOOOOOODOOOO(DOOOO)
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Table. 4.15: 0000 1000000000000 O0O0(ODO0O0OOOOO)

Max.Error Min.Error Ave.Error CC

AR(9) 10.3189 0.2119 4.0866  0.4689

MA(6) 10.2584 0.0242 4.1016 0.4679
ARMA(9,6) 10.6026 0.0539 4.1434 0.4457
ARCH(9,9) 10.2630 0.1632 4.0669 0.4692
Algorithm1(Uniform)  13.1577 0.2871 4.5762  0.4788
Algorithm1(Ward) 6.8142 0.0491 3.1942  0.6469

Table. 4.16: 0000000000000 ODOOOCOOOO AICOOO

Discrete number .  AIC

2.8452
2.5892
2.3913
2.3243
2.5309
2.7240
2.4935

© o0 N O Ot e W N

2.5941

—_
o

2.5994

4.4.3 OU0O0O0OO0OO0OOOOOOOO
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0000000000000 0O0O0O0OAIC(O (411)0D0O0000ODOOOOOOOOOO
00000000000 41600 47000000000 L=5000 AICOD0ODOCODODO
goooboobooooboboogoboboooboooobobooobo4140b000b000DO
ooobooobd L=204001000000D00D0O00D0ODODOOOODOOO0ODO0
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Fig. 47 00000000000 (DOOO0O)

Table. 4.17: 0000000000000 OCOOO(DODOOOOL=2)

Cluster (Clmin, (C1)max Size  ¢(r!)
C,  [-21.146%, -1.285%] 1186 -2.48%
Cy  (-1.285%, 16.264%] 4814  0.64%

Table. 4.18: OO0 000000000000 ODOO (DDDOOOOL=3)

Cluster (CDmins (C1)max Size ¢ (r!)
C1 [-21.146%, -1.285%] 1186 -2.48%
Oy (-1.285%, 2.530%] 4373  0.28%
Oy (2.530%, 13.235%] 441  4.12%

Table. 4.19: 0000000000000 O0O0ODO (DODDOOOOL=4)

Cluster (C)min, (C1)max Size cl(rl)
1 [—21.146%, -1.285%] 1186 -2.48%

Cs (-1.285%, 0.000%] 2221  0.28%
Cs (0.000%, 0.947%] 2152 1.07%
Cy  (2530%, 13.235%] 441  4.12%
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Table. 4.20: 0000000000000 OOODO (DODOOOOL=6)

Cluster (CDmins (C1)max Size ¢ (r!)
Ci [-21.146%, -3.900%) 133  -5.55%
Co  [-3.900%, -1.285%) 1053 -2.10%
Cs -1.285%, 0.000%] 2221 -0.47%
Cy (0.000%, 2.530%] 2152 1.07%
Cs (2.530%, 4.580%) 318  3.23%
Ce (4.580%, 16.264%) 123 6.42%

Table. 4.21: 000000000000 OOOOO(DODDOOOOL=")

Cluster (CDmins (C1)max Size ¢ (rh)
Cy [-21.146%, -3.900%) 133  -5.55%
Co  [-3.900%, -1.285%) 1053 -2.10%
Cs -1.285%, 0.000%] 2221 -0.47%
Cy (0.000%, 0.986%) 2086  0.59%
Cs (0.986%, 2.530%) 740 1.57%
Ce (2.530%, 4.580%) 318  3.23%
Cr (4.580%, 16.264%] 123 6.42%

Table. 4.22: 0000000000000 O0O0ODO (DODOOOOL=8)

Cluster (C)min, (C1)max Size a(rh)
C1 [-21.146%, -9.541%) 11 -11.44%
Co [-9.541%, -3.900%) 133 -5.01%
O3 [-3.900%, -1.285%) 1053 -2.10%
Cy [-1.285%, 0.000%] 2221  -0.47%
Cs (0.000%, 0.986%) 2086  0.59%
Cs (0.986%, 2.530%)] 740 1.57%
Cy (2.530%, 4.580%] 318  3.23%
Cs  (4.580%, 16.264%] 123 6.42%
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Table. 4.23: 000000000000 O0O0O0OO (DODDOOOOL=9)

Cluster (Cl)mina (Cl)max Size q (rl)

C,  [-21.146%, -9.541%) 11  -11.44%
Co  [9.541%, -3.900%) 133  -5.01%
Cs  [-3.900%, -1.285%) 1053 -2.10%
Cy [1.285%, 0.000%] 2221  -0.47%

Cs (0.000%, 0.986%] 2086  0.59%
Ce (0.986%, 2.530%] 740  1.57%
Cr (2.530%, 4.580%] 318  3.23%
Cs (4.580%, 8.110%] 107 5.76%
Co (8.110%, 16.264%] 16  10.80%

Table. 4.24: 0000000000000 O0OODO (DOOOOOL=10)

Cluster (CDmins (C1)max Size q (rl)

C,  [-21.146%, -9.541%) 11  -11.44%
Cy  [-9.541%, -3.900%) 133 -5.01%
Cs  [-3.900%, -1.285%) 288  -2.97%
Cy  [-3.900%, -1.285%) 765 -1.77%
Cs [-1.285%, 0.000%] 2221 -0.47%
Ce (0.000%, 0.986%] 2086  0.59%
o (0.986%, 2.530%] 740  1.57%
Cs (2.530%, 4.580%] 318  3.23%
Co (4.580%, 8.110%] 107 5.76%

Cho (8.110%, 16.264%] 16 10.80%
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Table. 5.1: 00000000 CDOOOOO0O0ODOOO AICOCODO

Discrete number .  AIC

1.6659
1.4587

- W N

1.5764
1.5132
1.3203
1.4596
1.4599

© oo N O ot

1.4602
10 1.4606
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Table. 5.2: D00000000O00O0O0OOO (D0OOOO0OL=2)

Cluster (CDmins (C1)max Size  ¢(r')
Ch [-16.527%, -0.238%] 3111 -1.39%
Cy (-0.238%, 17.538%] 2879  0.99%

Table. 5.3: OO0 000000000000 O0O(DO0O0DDOOOL=3)

Cluster (C)mins (Ct)max Size  ¢(r')
C1 [-16.527%, -0.238%] 3111 -1.39%
Co (-0.238%, 2.300%] 2533 0.62%
Cs (2.300%, 17.538%] 346  3.70%

Table. 54: 00000000000 DOOOOO(DDODDOOOOL=4)

Cluster (CDmins (C1)max Size ¢ (r!)
Cq [-16.527%, -2.138%) 565 -3.37%
Cs [-2.138%, -0.238%] 2546 -0.95%
C3 (-0.238%, 2.300%] 2533 0.62%
Ci  (2.300%, 17.538%] 346  3.70%

Table. 5.5: 000000000000 0OOOO(DDODDOOOOL=5)

Cluster (CDmins (C1)max Size ¢ (rh)

C,  [16.527%, -4.910%) 59  -6.91%
Cs [-4.910%, -2.138%) 506 -2.96%
Cs [-2.138%, -0.238%] 2546 -0.95%

Cy (-0.238%, 2.300%] 2533  0.62%
Cs (2.300%, 17.538%] 346 3.70%
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Table. 5.6: 000000000000 OOOO(DDODOOOOL=6)

Cluster (CDmins (C1)max Size ¢ (r!)
i [16.527%, -4.910%) 59  -6.91%
Co  [-4.910%, -2.138%) 506 -2.96%
Cs  [2.138%, -0.238%] 2546 -0.95%
Cy (-0.238%, 1.182%] 1951 0.32%
Cs (1.182%, 2.300%) 582  1.63%
Cs  (2.300%, 17.538%] 346  3.70%

Table. 5.7: 000000000000 OOOO(DODDOOOOL=T)

Cluster (CDmins (C1)max Size ¢ (rh)
C1 [-16.527%, -4.910%) 59  -6.91%
Co  [-4.910%, -2.138%) 506 -2.96%
Cs [-2.138%, -1.040%) 956 -1.51%
Cy [-1.040%, -0.238%] 1590 -0.61%
Cs  (-0.238%, 1.182%] 1951  0.32%
Ce (1.182%, 2.300%) 582  1.63%
Cy (2.300%, 17.538%) 346  3.70%

Table. 5.8: D0 000000000000 OO(DO0O0DOOOL=Y)

Cluster (Cmins (C1)max Size ¢ (r!)
Ch [-16.527%, -4.910%) 59  -6.91%
Co [-4.910%, -2.138%) 506 -2.96%
Cs [-2.138%, -1.040%) 956 -1.51%
Cy [-1.040%, -0.238%] 1590 -0.61%
Cs  (-0.238%, 1.182%] 1951 0.32%
Cs (1.182%, 2.300%] 582  1.63%
Cy (2.300%, 5.188%] 309  3.29%
Cs  (5.188%, 17.538%] 37  7.11%
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Table. 5.9: D00 0O00O000OO00O0O0OO0ODO(DO0ODOOOL=9)

Cluster (Cmins (Cl)max Size ¢ (r')
Ch [-16.527%, -4.910%) 59  -6.91%
Cy [-4.910%, -2.138%) 506 -2.96%
Cs [-2.138%, -1.040%) 956 -1.51%
Cy [-1.040%, -0.238%] 1590 -0.61%
Cs  (-0.238%, 0.327%] 1101 0.03%
Cs (0.327%, 1.182%] 850  0.69%
Cy (1.182%, 2.300%] 582  1.63%
Cs (2.300%, 5.188%] 309  3.29%
Co  (5.188%, 17.538%] 37  7.11%

Table. 5.10: DO OO0O0OOO0DOOOOOOODOO

(000000L=10)

Cluster (CDmins (C1)max Size  ¢(r)
Ch [-16.527%, -9.589%) 7 -11.59%
Cs [-9.589%, -4.910%) 52  -6.28%
C3 [-4.910%, -2.138%) 506  -2.96%
Cy [-2.138%, -1.040%) 956  -1.51%
Cs [-1.040%, -0.238%] 1590 -0.61%
Ce (-0.238%, 0.327%] 1101  0.03%
Cr (0.327%, 1.182%] 850 0.69%
Cs (1.182%, 2.300%] 582  1.63%
Co (2.300%, 5.188%] 309  3.29%
Cho (5.188%, 17.538%) 37 7.11%

61
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Fig. 5.2: 000000000000 OOOO0OO0O0O0O0OOOOOO(oOoOoOoO)

Table. 5.11: 0000 20000000000000 100000000 (DO0OOOD)

Max.Error Min.Error Ave.Error CC

AR(2) 6.4665 0.0214 27477 0.6929
MA(2) 6.5148 0.0174 27538  0.6912
ARMA(2,2)  6.6085 0.2443 2.7696  0.6855
ARCH(2,9)  6.4525 0.0976 2.7440  0.6932
Algorithml  4.2383 0.2442 2.0727  0.8371
Algorithm2  4.2383 0.1192 1.9331  0.8629
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Table. 5.12: 0000000000000 COOOOOOO(OOOOODO)

Max.Error Min.Error Ave.Error  CC
AR(2) 5.7648 0.0604 24923  0.9278
MA(2) 5.7746 0.0758 2.4953  0.9276
ARMA(2,2) 5.9389 0.0076 25150  0.9250
ARCH(2,9) 5.8342 0.0178 25116  0.9268
Algorithm1 6.2948 0.0057 2.9905  0.9099
Algorithm2 4.9016 0.0105 2.3467  0.9375
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®m Algorithm1 ® Algorithm?2

1.0

Cost

0.0

Network Search Forecast

Fig. 55: DO0OO0 100000 20000000000

Table. 5.13: OO0OD 100000 200000000

Network Search Forecast

Algorithm1 529sec 0.691sec
Algorithm2 908sec 0.887sec
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Fig. 5.6: 00O OOooooooooooooooboooboooboooboooooo
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Table. 5.14: 00 O0O0OOOO0O0O00O0ODOOOOCOOOO AICOOO

Discrete number .  AIC

2 2.3225
2.0729

W

2.1618
2.4284
2.1506
2.3820
2.3823

© oo N O ot

2.6758
10 2.7555

Table. 5.15: 000000000000 O0OCOOOO(DODOOOOL=2)

Cluster (CDmins (C1)max Size cl(rl)

Cy  [-25.262%, 0.139%] 3359 -1.55%
Co  (0.139%, 19.981%] 2631 1.66%

Table. 5.16: 0000000000000 OOOOO(DODOOOOL=3)

Cluster (C)min, (C1)max Size ¢ (rh)

C,  [-25.262%, -2.770%) 566  -4.36%
Cs [-2.770%, 0.139%] 2793 -0.98%
Cs (0.139%, 19.980%] 2631  1.66%

Table. 5.17: D 0000000000000 0O0OO0 (DDOOOOL=4)

Cluster (CDmins (C1)max Size ¢ (r')

C,  [-25.262%, -2.770%) 566 -4.36%
Cs [-2.770%, 0.139%] 2793 -0.98%
Cs (0.139%, 3.243%] 2333 1.20%
Cy (3.243%, 17.538%] 298  5.22%
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Table. 5.18: 00000000 O0OOO0O0OOOOOO(DODOOOOL=5)

Cluster (CDmins (C1)max Size ¢ (r!)
Ci [-25.262%, -2.770%) 566  -4.36%
Co  [2.770%, -1.205%] 978 -1.88%
Cs  (-1.205%, 0.139%] 1815 -0.50%
Cy (0.139%, 3.243%) 2333 1.20%
Cs (3.243%, 17.538%) 298  5.22%

Table. 5.19: 000000000000 OOOOOO (DOOOOOL=6)

Cluster (C)min, (C1)max Size ¢ (rh)
C1 [-25.262%, -5.582%) 95  -7.32%
Cy [-5.582%, -2.770%) 471 -3.76%
Cs  [-2.770%, -1.205%] 978  -1.88%
Cy (-1.205%, 0.139%] 1815 -0.50%
Cs (0.139%, 3.243%) 2333 1.20%
Cs  (3.243%, 17.538%] 208  5.22%

Table. 5.20: 000000000000 OO0OOOO (DDOOOOOL=")

Cluster (C)min, (C1)max Size ¢ (r!)
Ch [-25.262%, -5.582%) 95  -7.32%
Co [-5.582%, -2.770%) 471 -3.76%
Cy  [-2.770%, -1.205%] 978 -1.88%
Cu  (-1.205%, 0.139%] 1815 -0.50%
Cs (0.139%, 1.266%) 1356 0.66%
Cs (1.266%, 3.243%] 977  1.95%
Cr (3.243%, 17.538%] 298  5.22%
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Table. 5.21: D 0000000000000 0O0OO0 (DDOOOOL=8)

Cluster (Chmins (C1)max Size ¢ (r')

¢y [-25.262%, -5.582%) 95  -7.32%
Co  [-5.582%, -2.770%) 471 -3.76%
Cs [-2.770%, -1.205%] 978 -1.88%

Cy (-1.205%, 0.139%] 1815 -0.50%
Cs 0.139%, 1.266%] 1356  0.66%
Ce 1.266%, 3.243%] 977 1.95%
Cr (3.243%, 6.242%] 240  4.36%

(
(

Cs (6.242%, 17.538%] 58  8.76%

Table. 5.22: 000000000000 O0OCOOOO(DOOOOOL=9)

Cluster (Cl)mina (Cl)max Size Cl(rl)
C1 [-25.262%, -16.433%) 2 -20.85%

Cs [-16.433%, -5.582%) 93 -7.03%
Cs [-5.582%, -2.770%) 471  -3.76%
Cy [-2.770%, -1.205%] 978  -1.88%
Cs (-1.205%, 0.139%] 1815  -0.50%
Cs (0.139%, 1.266%] 1356  0.66%
Cr (1.266%, 3.243%] 977  1.95%
Cs (3.243%, 6.242%] 240  4.36%

Cy (6.242%, 17.538%] 58  8.76%




70 Oos50 00002

Table. 5.23: 000000000000 OOOOODO (DOOOOOL=10)

Cluster (CDmins (C)max Size Cl(Tl)

C,  [-25.262%, -16.433%) 2 -20.85%
Cs [16.433%, -5.582%) 93 -7.03%
Cs [-5.582%, -2.770%) 471  -3.76%
Cy [-2.770%, -1.205%] 978  -1.88%
Cs (-1.205%, 0.139%] 1815 -0.50%
Cs (0.139%, 1.266%] 1356  0.66%
Cy (1.266%, 3.243%] 977  1.95%
Cs (3.243%, 6.242%] 240  4.36%
Coy (6.242%, 9.582%] 45 7.69%

Cio (9.582%, 17.538%) 13 12.47%
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Table. 5.24: 0000 20000000000000 100000000 (DOOODOO

0o)
Max.Error Min.Error Ave.Error  CC
AR(9) 10.4027 0.0937 4.0789 0.4708
MA(6) 10.3414 0.2012 4.0853 0.4699
ARMA(9,6) 105354  0.0711 41409  0.4454
ARCH(9,9) 10.2655 0.0302 4.0709 0.4706
Algorithm1 6.8142 0.0491 3.1942 0.6469
Algorithm2 5.2172 0.1327 2.8178 0.7056

12
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9

—8

0 I . -

AR MA

ARMA

2
ARCH

»
Algorithm1

Algorithm?2

Fig. 5.,7: 0000000000 (D0DO0OoOoooOon)
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Table. 5.25: 00000000000 D0O0OU0O0OOUOOO(DODOOOOOO)

Max.Error Min.Error Ave.Error  CC
AR(9) 7.5091 0.0615 2.6657 0.7448
MA(6) 7.6259 0.0319 2.6859 0.7417
ARMA(9,6) 7.1204 0.0401 2.6739 0.7427
ARCH(9,9) 8.0839 0.0597 2.6992 0.7527
Algorithm1 7.8579 0.0415 3.1494 0.7122
Algorithm?2 5.7047 0.0818 2.6313 0.7984

Correlation Coefficient
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Fig. 6.1: 0000 3000000000000000O0OO(OOOO0O)
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Table. 6.1: 00000000 COOOO0OO0ODOOO AICOCODO

Discrete number .  AIC

1.9960
1.9142

- W N

1.7684
1.7869
1.8828
1.9734
1.9097

© oo N O ot

2.1211
10 2.1466

Table. 6.2: 0000 300000200000000 (D000OODO)

Max.Error Min.Error Ave.Error CC

Algorithm?2 4.9016 0.0105 2.3467 0.9375
Algorithm3 5.4338 0.0272 2.3361 0.9391
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