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Abstract

Application of quantitative methods for forecasting purposes in financial markets has attracted
significant attention from researchers and managers in recent years when conventional time se-
ries forecasting models can hardly develop the inherent rules of complex nonlinear dynamic fi-
nancial systems. In this paper, based on the fuzzy technique integrated with the statistical tools
and artificial neural network, a new hybrid forecasting system consisting of three stages is con-
structed. The sum of squared errors is minimized to determine the coefficients in fitting the fuzzy
autoregression model stage for formulating sample groups to deal with data containing outliers.
Fuzzy bilinear regression model introducing risk view based on quadratic programming algo-
rithm that reflects the properties of both least squares and possibility approaches without expert
knowledge is developed in the second stage. In the third stage, fuzzy bilinear regression forecast-
ing combining with the optimal architecture of probabilistic neural network classifiers indicates
that the proposed method has great contribution to control over-wide interval financial data with
a certain confidence level. Statistical validation and performance analysis using historical finan-
cial asset yield series on Shanghai Stock Exchange composite index all exhibit the effectiveness of
the proposed hybrid forecasting formulation compared with other forecasting methods.
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Figure 1. Demonstration of transformation from interval data into symmetrical triangular fuzzy number
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Figure 2. Probabilistic neural network
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Figure 3. Trace of the time series of SSE composite index. (a) Interval observation data [x},xﬂ ,

(b) Fuzzy financial yield data (c,,u,)
E 3. B IEEURATEIFFIREEE. (a) IZI‘ﬂiﬂiﬂﬂ1E[&L,&U], (b) R EERFT (c,u,)

Table 1. Run test for the central series of financial interval time series/fuzzy financial yield series
= 1. RXEFIAEMEERFI R OFTFER ISR

{x}

e}

o 0 2829.8 0.000294
AN R 160 140
KR e Ha 132 151
N s 292 291
T 4 132
Z-i —16.7038 -1.6221
p-1t 0.0000 0.1047
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Table 2. Forecasting performance comparison
2 2. HEBITIN M REXTEL

- RMSE MAPE DA BAT I E](s)
e RS sitES I TEE S gibIES BfH bl 2
FAR-LS 0.0177 0.0101 3.3024 3.3629 1.2014 1.3000 0.1899 0.0672
FAR-LP 0.0188 0.0109 2.8920 2.7029 1.4389 1.3000 0.2098 0.0701
FBR-LS 0.0144 0.0082 1.5014 1.5496 1.4676 1.6000 0.2003 0.0744
FBR-LP 0.0664 0.0383 5.7138 5.4338 1.4890 1.4000 0.2403 0.0764
FBR-RA 0.0418 0.0307 7.2656 11.4107 1.0647 0.9545 0.2074 0.0694
FBR-RN 0.0159 0.0091 2.1740 2.1713 1.4173 1.6000 0.2056 0.0727
Proposal 1 0.0144 0.0081 1.4152 1.3721 1.4460 1.6000 0.2192 0.0692

L IRAVEF RV XU LIBE(RA)FIRUS: F1 1 (RN) J7i7E h = 0 IFIEE REEAT LR ¥ 2. I8ATI &5 BUR AR AL AR 35 4T 1000
erIAEElinN

M2 T DLE Y, TGie 2 U 2R AR 00 2 A3 5 5 Proposal 1 1) RMSE Al MAPE 3/ - HoAth 77
%11 RMSE #1 MAPE, 1] Il Proposal 1 HE84%} FilE i BB a5 2 7 71 9L Bie 71 S Uil ge 384 T 36
B ST DA b, ATUAMEEE], HXF T A 7772 Proposal 1 A5 LI ZR 505 4L 7 [k % 72.3%, il
RBAEETT ARG N 80%. MITEMERERTE, FBR-LP J7ykiisfT i (AN &, Proposal 1 5 $Ah 5 FJ5ik
BB (R A AR H] . AR, Proposal 1 AR AU T oA 7 v

ORI T B T i ZE A6 T B an 14] 4 Bz . AT LAEER B, 5 FAh 7 iEAH LG, Proposal 1 % 2250 A7
BORET, WEHMERD . X BRI T AT KBS TH AR R PE A R, 5INRZETUERA B 5
WAE, N AR AE AT R Y, Proposal 1 GBS S A BEAR 45 IR
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composite index. (a) Error of center; (b) Error of spread
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Proposal 1 A1 Proposal 2 75 21| ffy il A& £ Fiil X (8] 4 3 frax. wJ LUK, Proposal 1 il X [i] B
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DX 1] 56 B2 55 Proposal 2 45 21 Tl X [A]) 56 B AAAE 2 2 72 5

TEXTLURIEFE PR 4 IR LML GEint (8] 7 1 R A AL, i ARIMA. FRABHCEIE (SES). X
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o WLAE Y, £H Proposal 2 15 21 Tl X [6] (1) ¥4 %2 £ 4 0.0083, 5 DES. ARIMA., MLP. SES. SVM,
Elman. BP J5iE41 Proposal 1 #HEt, 73325 T 80.52%. 79.84%. 78.49%. 78.03%. 76.91%. 76.26%-
74.24%711 60%.
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Figure 5. Forecasting intervals obtained by Proposal 1. (a) Training data; (b) Testing data
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Table 3. Forecasting intervals of testing data.

= 3. MR BRI TN X 8]

Proposal 1 Proposal 2 (o = 86%) Proposal 2 (o = 100%)
EETE R R WA
kR TR R T kR A
1 -0.0061 -0.0106 0.0097 -0.0106 -0.0005 -0.0106 -0.0025
2 -0.0106 -0.0134 0.0122 -0.0134 -0.0006 -0.0134 -0.0032
3 0.0053 -0.0142 0.0120 -0.0011 0.0120 0.0015 0.0120
4 0.0005 —0.0082 0.0098 -0.0082 0.0008 —0.0046 0.0026
5 -0.0020 -0.0088 0.0092 -0.0088 0.0002 -0.0052 0.0020
6 -0.0002 -0.0098 0.0096 -0.0098 -0.0001 -0.0059 0.0018
7 0.0099 -0.0113 0.0115 0.0001 0.0115 0.0024 0.0115
8 -0.0007 —0.0099 0.0126 —0.0099 0.0013 —0.0054 0.0036
9 -0.0076 —0.0097 0.0099 —0.0097 0.0001 —0.0097 -0.0019
10 -0.0030 -0.0099 0.0083 -0.0099 -0.0008 -0.0062 0.0010
11 0.0011 —0.0090 0.0086 -0.0090 -0.0002 -0.0020 0.0051
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Figure 6. Forecasting intervals obtained by Proposal 2. (a) Training data; (b) Testing data
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Table 4. Comparison of interval width for the forecasting methods
4. FUNXEFEEXTLE

RmthE
T X1t 58 &
DES ARIMA MLP SES SVM Elman BP Proposal 1 Proposal 1
DES 0.0426 0
ARIMA  0.0411 3.37% 0
MLP 0.0386 9.41% 6.25% 0
SES 0.0378  11.33%  8.23% 2.11% 0
SVM 00360  1561%  1266%  6.84% 4.83% 0
Elman 0.0350  17.92%  15.06%  9.39% 7.44% 2.74% 0
BP 00322  2437%  21.73%  1651%  14.71%  1038%  7.86% 0
Proposal 1 ~ 0.0208  51.29%  49.59%  46.23%  45.07%  42.28%  40.66%  35.59% 0
Proposal 2 0.0083  80.52%  79.84%  78.49%  78.03%  76.91%  76.26% = 74.24%  60.00% 0
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