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Abstract: A BP neural network model and two radial basis function (RBF) neural network models are estab-
lished to price the call and put options whose underlying stock is the Citigroup (Citigroup Inc.), and the pre-
dictive abilities of the three models with those of the B-S formula by four error evaluation criteria are com-
pared. Our results demonstrate that the neural network models are better than the B-S option pricing model,
while the predictive accuracy of the RBF network based on the K-means clustering algorithm and the pseudo-
inverse technique is the highest in pricing the call options.
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Figure 1. Structure of RBF neural network
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Table 1. Input & output variables of the training sample of BP
neural network (call option)

3R 1. BP MERENZHTMNG L EEEERAR

e S/K T o re C/K
1 0 0.0356  329x10*% 005  0.012229
2 8.94x 107 0.0384 334x107* 0.05 0.013375
3 8.94x 107 0.0027 334x107 0.05 0.004353
334 1 0.1945  335x10°*  0.07 1

Table 2. Input & output variables of the training sample of BP
neural network (put option)

3R 2. BP MZRME NS MN LT EEEBRAR)

5 S/K T o ry P/K

1 0.995111 0.0192 3303 x 107 0.06 0.0255556

2 0.984176  0.0192 3.303 x 107 0.06 0.0325275
3 0.973478  0.0192 3303 x 10°* 0.06  0.0358696

117 0.867115 0.003 3.339x 107 0.05  0.1259615
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Table 3. MSE of different number of hidden nodes
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Fad 245 M3 Y5 R (B P15 2 (B B0
3 0.00101 0.000177
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8 0.000749 0.000188
9 0.000376 9.94 x107°
10 0.000266 0.000175
11 0.000276 9.98 x 107
12 0.000253 0.000128
13 0.000300 9.99 x 107
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Figure 2. Change of MSE in training process of BP neural network
(call option)
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Figure 3. Change of MSE in training process of BP neural network
(put option)
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Figure 4. Change of MSE in training process of RBF neural net-
work (call option)
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Performance is 0.000244107 , Goal is 0.003
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Figure 5. Change of MSE in training process of RBF neural net-
work (put option)
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Table 4. Input & output variables of the testing sample of BP neu-

ral network (call option)

3 4. BP MMM AR MR LT EEERAR)

5 S/K T 4 7y C/K
1 0 0.016 3.122x107*  0.05 0
2 1.04x10° 0137 3.115x10*  0.05 9.96x107
3 0.014 0016 3.122x10*  0.05 9.12x10°
28 1 0.137  3.115x10*  0.05 1

Table 5. Input & output variables of the testing sample of BP neu-
ral network (put option)
3% 5. BP #ZMEMR A MN AL TEEERRPN)

5= S/K T o rr P/K
1 0.998 0.027 3355x 107 0.06  0.0241
2 0.986 0.027 3355x10%  0.06  0.0312
3 0.975 0.027 3355x10%  0.06  0.0376
14 0.732 0.104 3355x10-4  0.06 02767
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Figure 6. Pricing result of BP neural network (call option)

6. BP #HEZ ML HIE Hr45R (BRI

123



BT BP #0445 R RBF 1145 W 25 (1 IR A

0.35

03k A2 HE J

//¢$

0251 d

*J/

02 /A
iz /

mo.15F . 1

s *
ol * ,*__*///’/ 1
/*—*//
005f NSt ]
00 2 6 . o 8 10 12 14
5

Figure 7. Pricing result of BP neural network (put option)
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Figure 8. Pricing result of RBF neural network based on MATLAB
neural network toolbox (call option)
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Figure 9. Pricing result of RBF neural network based on MATLAB
neural network toolbox (put option)
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Figure 10. Pricing result of RBF neural network based on K-means
clustering algorithm and pseudo-inverse technique (call option)
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Figure 11. Pricing result of RBF neural network based on K-means
clustering algorithm and pseudo-inverse technique (put option)
B 1. BT K-HEREEEHRYER RBF HEMEENER(E
BEHAR)

(MAE)F1-F- 2 26 %6} 11 43 Hb A% 25 (MAPE) IY /N $8 bR K 1R
fir B-S B4, BP #4225 U AT RBF 128 [0 245 55 7Y
FRIEN R . RZELGRMWE 6 F1FR T PR,

it BIRSERJG, AT LA A58 fEDUMIR AL,
] FH A 22 ) 2 AR 0 SRS E B B AR T B-S A8
T 7E =P 22 R 28 B AR v, 6T K-3{A SRR EE ANy
T3 B A 1) i R B 48 X 4% ) A Tk TR A R
s BAEXTE BIHBUE NI, RBF M2 AR IEA
W18, X AT REA T R IRONA B >, HHER
EL FEIE R

12 520 DU s 24 AR Tk BAAS S AN A% 40 31l B
PABAT % J5 BB LU RC ], g2 12 APR I, 1E
B AT IS IR BRI R A (REARFR AL 1 & 15)
I, = 8 0 2 A5 (1) 58 25 SR AN B-S A NHEN

Open Access



BT BP #0445 R RBF 1145 W 25 (1 IR A

Table 6. Comparison among pricing accuracies assessed by differ-
ent error evaluation criteria of four models (call option)

6. MFMERFIRE (BRI

B MSE RMSE MAE MAPE
B-S 1.1445 1.0698  0.7394 0.1137

BP 0.0015 0.0392  0.0223 0.1010
RBF_nntool 856x10™  0.0292  0.0198 0.0768

RBF_K-means 8.20x 107 0.0286 0.0196 0.0694

Table 7. Comparison among pricing accuracies assessed by differ-
ent error evaluation criteria of four models (put option)

® 7. EAEREIRE (BRI

Y MSE RMSE MAE MAPE
B-S 1.7353 1.3173 12189 03352
BP 280x 10  0.0167  0.0122  0.1093
RBF_nntool 247x10* 00157  0.0137  0.1715
RBF_K-means 270x10* 00165  0.0134  0.1365
1
0.9+ + RIE A '
— —-BSEM Ja
0.8 BPEf Vi 1
+ nntool'u;"ﬂfl\ :
0.7+ A KemeansiEN [ 1
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5

Figure 12. Comparison between pricing results and actual prices of
four models (call option)
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Figure 13. Comparison between pricing results and actual prices of
four models (put option)
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