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Comparison: the volatility forecasting of BP algorithm and
symmetric ARCH model to stock market

PANG Su-lin1, XU Jian-min2, LI Rong-zhou2

(1. Department of Mathematics, Jinan University, Guangzhou Guangdong 510632, China;
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Abstract: Three forecasting models, called BP algorithm, ARCH(1) and GARCH(1,1), are established based on the
actual data of Shenzhen stock market, China. The proposed three models are respectively used to predict the volatility of
the weekly closing price of the composition indexes in Shenzhen Stock Exchange. Furthermore, six common statistical
methods of the forecasting error, i.e., mean error (ME), mean absolute error (MAE), root mean squared error (RMSE),
mean absolute percentage error (MAPE), Akaike’s information criterion (AIC) and Bayesian information criterion (BIC)
are used to test the forecasting results of the out-of-sample data. The results show that the forecasting result of BP algorithm
is the best, the ARCH(1) model takes the second place and the GARCH(1,1) model is the worst.
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1 ÚÚÚóóó(Introduction)
1982c, Engle[1]Ägïág£8^�É���

.(autoregressive conditional heteroskedasticity model,
{¡ARCH�.), ^5é��57K�mS�?1
ýÿÚ©Û. ARCH�.�A^,l��þUC
D
Úëê�O�{¥b����~ê��{. �õê
ïÄ®²L²,�½|�3ARCH�A�,eE¦^
���~ê�ÊÏ���¦{5�O£8�.ë

ê, ò¦ýÿ(J�)��� �, ü$ýÿ�O
(Ç. 1986c, Bollerslev[2]òARCH�.?1í2,u
Ð¤�2Â�(generalized)ARCH�.,=GARCH�

.. GARCH�.QUUYARCH�.�`:, =é
Ð/�[½|ÅÄ�8+5y�, qU�Ð/)
º�õê7K�mS��þ�y�. Akgiray[3]|

^GARCH(1,1)�.é{I�¦½|��ÅÄ5?
1ýÿÚ©Û.
Cc5, ²�ä(neural network)�^u7K�

mS��ýÿÚ©Û. ²�äduäk�?¿%
½��5¼ê�Uå±9é,Ï&E�nÜUå,
¦�é¯¤�7K�mS�©Û�ïÄ9:. Bernd
& Klaus[4]|^ ²�äÚGARCH(1,1)�.é�I
ÏÀ½|�ÅÄ5?1ýÿ'�. Donaldson[5]|

ÂvFÏ: 2004−09−14;Â?UvFÏµ2005−12−21.
Ä7�8: I[g,�ÆÄ7]Ï�8 (60574069);2À�g,�ÆÄ7]Ï�8 (31906);2À��Eeô'�8 (2004B10101033);2²

½�EÛô'�8 (2004Z3-D0231);2À�^�ÆïÄ�8 (2005B70101044).
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^S&P 500�ê, '�
<ó ²�ä!GARCH�
.!£Ä²þ�.ÚÊÏ���¦{�ýÿO(

Ç. Min Qi[6]ïá
3�BP�{�äïÄS&P 500�
ê!{I�|ÇÚ®Ç���	êâ�ýÿUå.
4#]�[7]|^ ²�äÚ¢D�{éþynÜ�

ê�Â�d?1
ýÿ. 
��[8]|^²w�ê{

éLogistic�.ëê?1�O,^5é·I�e�¦
½|nÜ�ê�ÅÄ5?1ýÿ.
�©(Ü·I�e�¦½|¤°�ê�êâ,

|^BP�{!ARCH(1)ÚGARCH(1,1)�.éÙÅ
Ä5?1ýÿ, '�BP�{Úé¡ARCHa�.é
7K�mS��ýÿUå.

2 êêêâââ���������ÀÀÀ���(Selection for data samples)
�©æ^·I�e�¦½|¤°�ê({¡�¤

�ê)z�±"�Â�d,ïÄ�e�¦½|±"Â

�d�ÅÄ5, êâ��mªÝl1991c4�6F

(T±��¤�êú��11±)�2004c7�23F

�668��´±, Ù¥c569±(l1991c4�6F�

2002c7�26F)�Â�d*ÿ�{yT , T = 1, 2, · · · ,
569}^u�O�.ëê,¡����S(in-sample)ê

â; �99±(l2002c8�2F�2004c7�23F)�Â

�d*ÿ�{yT , T = 570, 571, · · · , 668}3�ýÿ
u�, ¡����	(out-of-sample)êâ. �¤�ê

�FÂÃÇ(£�Ç)æ^éê�©�§O�:

rT = ln PT − lnPT−1, T = 1, 2, · · · , 668.

Ù¥: PT (T = 1, 2, · · · , 668)L«l1991c4�6F
�å1T��´±�Â�d, P0�1991c4�3F

(=1991c4�6Fù�±�1���´F)�Â�

d. �©¦^±ÂÃÇ�ýé���±ÅÄ5ÿþ

úª:

σT = |rT | , T = 1, 2, · · · , 668.

Ù¥: eI T �*ÿ�l1991c4�6F�å�±ê
(T = 1L«11±; T = 2L«12±; · · · , T = 668

L«1668±), rT�1 T ±�ÂÃÇ.

ã1��¤�ê±Â�d�*ÿ�, ã2�Ù±

ÅÄÇ�*ÿ�, 3¤ïÄ���«m¥, �¤

�êküg���ÅÄ, ����g´1172±(=

l1994c8�1F�1994c8�5F),�¤�êlþ�

±�970.48:þ,�1527.83:, ÅÄÇ�σ172 =
0.197088. Ùg´1 28±(=l 1991c 10� 7F�

1991c10�12F), �¤�êlþ�±�442.25:þ

,�687.20:,ÅÄÇ�σ28 = 0.191415. ã¥: CL

«±Â�d, VL«±ÅÄÇ.

ã 1 ±Â�d*ÿ�

Fig. 1 Observation values of the weekly closing price

ã 2 ±ÅÄÇ*ÿ�

Fig. 2 Observation values of the weekly volatility

3��	êâ«mS, l2004c4�12F�

2004c4�16F=T = 655�ÅÄÇ��, �¤�

êlþ�±�4151.96:eü�3491.07:, ÅÄÇ

�σ655 = 0.075295.

3 ÄÄÄuuuBP���{{{���ýýýÿÿÿ©©©ÛÛÛ(Forecasting anal-
ysis based on BP algorithm)

�!|^BP�{�n, �E��äk3��c

��ä5ïÄ��S569�êâS�{σT} (T =
1, 2, · · · , 569) �ÅÄ5. ²�E¢�9'��, �

Û�(:�5�,ÑÑ��1�(:,�A��äÑÑ

(Jé*ÿ��[Ü�J�Ð.TBP�ä(���

ã3.

ã 3 BP�{�ä(�

Fig. 3 Network structure of BP algorithm
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�âã3��ä(�,�ïáXeÄuBP�{�

ýÿ�.:

y = g(
5∑

j=1
vj[g(wjx) + bj] + b). (1)

�. (1)�^�þL«�

Y = g
(
V [g(WTX) + B1] + B2

)
. (2)

Ù¥: X = (x)´Ñ\�þ, Y = (y)´ÑÑ�þ,
W = (w1, w2, w3, w4, w5)T´Ñ\�ÚÛ��m�
ë��, V = (v1, v2, v3, v4, v5)´Û�ÚÑÑ��m
�ë��, B1 = (b1, b2, b3, b4, b5)TÚB2 = (b)©O
´Û�ÚÑÑ�� ��, g(·)�logistic¼ê.
|^�.(1)é��	99�êâ?1ýÿ, êâ

�[Ü(JXã4¤«. ÏL*	�: i) BP�{ýÿ
�é*ÿ��þà�[Ü��Ð,�éeà
��[Ü�J%��; ii)312!¥J��1655±
ÅÄ���@�g, BP�{�[Ü�J�~Ð, ý
ÿ��*ÿ�r³����,�´ýÿ�Å
Ä�ÌÝÑ�u*ÿ�ÅÄ�ÌÝ.ã¥V L«

±ÅÄÇ.

ã 4 BP�{ýÿ��*ÿ��'�
Fig. 4 Comparison between forecasting values and

observation values of BP algorithm

4 ARCH (1)ýýýÿÿÿ���...���ïïïááá(Establish for
ARCH(1) forecasting model)
b��mS�{σt} (t = 1, 2, · · · , T ) ���Å

L§�*ÿ�,KÙg£8AR(k)�§�L«�

σt = a1σt−1 + a2σt−2 + · · ·+ akσt−k + εt. (3)

Ù ¥ � Å Z 6 � εt ∼ N(0, ht), X J ε2
tÑ

lAR(p)L§,=

ε2
t = α0 +α1ε

2
t−1 +α1ε

2
t−2 + · · ·+α1ε

2
t−p +ηt. (4)

Ù¥ ηtÕáÓ©Ù, ¿�÷vE(ηt) = 0, D(ηt) =
λ2,K¡�.(2)�g£8^�É��ARCH�.,¿
¡í�S�{εt}ÑlARCH(p)L§.

é�©ïÄ�569���SêâS�{σT} (T =
1, 2, · · · , 569)?1ARCH�Au�. ²�EÁ��,
g£8�§(3)�¢�ëêk 6 4�,¤kXê�wÍ
5u�éu95%��&ÝþÏL, �d�S�Ø�
3ARCH(1)�A. ��¢�ëêk = 3�, ¤kX
ê�wÍ5u�éu95%��&ÝþÏL, ��
3ARCH(1)�A, �Ø�3ARCH(2)�A. u´, ±
ÅÄÇ���SêâS�{σt}�AR(3)-ARCH(1)�
.�ïáXe:

σt = 0.414121σt−1 + 0.269115σt−2 +

0.200118σt−3 + εt, (5)

ht = 0.000275 + 0.669509ε2
t−1. (6)

duα1 = 0.669509 < 1, ¤±�¤�ê±ÅÄ
Ç���SêâS�{σT} (T = 1, 2, · · · , 569)´�
�²�ARCH(1)L§.

5 GARCH(1,1) ýýýÿÿÿ���...���ïïïááá(Establish
for GARCH(1,1) forecasting model)
�ARCH�.��, GARCH�.Ï~�^ué

£8½g£8�.��Å6Ä�?1ï�. XJ
ª(6)�Xe/ª:

ht = α0 + α1ε
2
t−1 + α2ε

2
t−2 + · · ·+ αpε

2
t−p +

θ1ht−1 + θ2ht−2 + · · ·+ θqht−q =

α0 +
p∑

i=1

αiε
2
t−i +

q∑
j=1

θjht−j, (7)

K¡S�ÑlGARCH(p, q)L§. Ù¥p > 0, q > 0,
α0 > 0, αi > 0 (i = 1, 2, · · · , p) , θj > 0 ( j =

1, 2, · · · , q ) . XJ
p∑

i=1

αi +
q∑

j=1

βj < 1,KGARCHL

§²ï.
é�©ïÄ�569���SêâS�{σT} (T =

1, 2, · · · , 569) , ²�E¢��, ��&Y²�α =
0.05�, p > 2�q > 2�í�S�Ø�3GARCH�
A. �p = 1, q = 1�. ¤kXê�wÍ

5u�éu95%��&ÝþÏL, �í�S�
�3GARCH(1,1)�A. u´, ±ÅÄÇ���
SêâS�{σT} (T = 1, 2, · · · , 569) �AR(3)-
GARCH(1,1)�.Xe:

σt = 0.406625σt−1 + 0.437940σt−2 +

0.072411σt−3 + εt, (8)

ht = 0.0000144 + 0.423719ε2
t−1 + 0.723631ht−1.

(9)

duα1+β1 =0.423719+0.723631=1.14735>

1, ¤ ± � ¤ � ê ± Å Ä Ç � � � S ê â
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S�{σT} (T = 1, 2, · · · , 569) ´���²
�GARCH(1,1)L§.

6 ARCH(1)ÚÚÚ GARCH(1,1)���...ýýýÿÿÿ©©©ÛÛÛ
(Forecasting Analysis of both ARCH(1) and
GARCH(1,1))

|^�©ïá�ARCH(1) �.ÚGARCH(1,1)
�., é��	99�êâ?1ýÿ. ã5Ú
ã6©O�Ñ
ARCH(1) �.!GARCH(1,1)�.
�ýÿ�Ú*ÿ��'�. ÏL*	�: i)
ARCH(1)ÚGARCH(1,1)�.ýÿ��r³Ä�
Ü*ÿ��r³; ii) ARCH(1)ÚGARCH(1,1)�
.�ýÿ�é*ÿ��eà�[Ü�J�

Ð, �þà��[Ü�J��, �ýÿ�m
 l*ÿ�'�²w; iii) 312!¥J��
1655±, =��	99�êâ±¥ÅÄ���@�
g, ARCH(1)ÚGARCH(1,1)�.�ýÿ�ÅÄ�
ÌÝÑ���u*ÿ�ÅÄ�ÌÝ,�ýÿ
���î/m l*ÿ�. ã¥ V L«±Å

ÄÇ.

ã 5 ARCH(1)�.ýÿ��*ÿ��'�
Fig. 5 Comparison between forecasting values and

observation values of ARCH(1)

ã 6 ARCH(1,1)�.ýÿ��*ÿ��'�
Fig. 6 Comparison between forecasting values and

observation values of ARCH(1,1)

7 ýýýÿÿÿØØØ���uuu���(Test of the forecasting errors)
ù�!òl��	99�êâ�Ø�u��

J5'�BP�{!ARCH(1)ÚGARCH(1,1)�.�
ýÿUå. ~^�ýÿØ�ÚOþk: ²
þØ�(ME), ²þýéØ�(MAE), þ��Ø
�(RMSE), ²þýé'ÇØ�(MAPE), Akaike &
EOK(AIC)ÚBayes&EOK(BIC)5u�BP�
{!ARCH(1)�.ÚGARCH(1,1)�.é±ÅÄÇ�
�	êâ�ýÿ�J. ù6«Ø�ÚOþ�©OL
«�

ME =
∣∣∣∣

1
99

668∑
T=570

(
σ̂2

T − σ2
T

)∣∣∣∣ ,

MAE =
1
99

668∑
T=570

∣∣σ̂2
T − σ2

T

∣∣,

RMSE =

√
1
99

668∑
T=570

(σ̂2
T − σ2

T )2

,

MAPE =
1
99

668∑
T=570

∣∣∣∣
σ̂2

T − σ2
T

σ2
T

∣∣∣∣,

AIC = log
1
99

668∑
T=570

(σ̂T − σT )2 +
2p

99
,

BIC = log
1
99

668∑
T=570

(σ̂T − σT )2 +
p log 99

99
.

Ù¥p��.ëê��ê.

e¡|^ù6«Ø�ÚOþéBP�{!ARCH(1)

ÚGARCH(1,1)�.é99���	êâ�ýÿØ�

?1u�, �A�Ø��XL1¤«. L1�(JL

², BP�{�6�Ø�ÚOþ�Ø��Ñ��, Ï

dBP�{�ýÿ�Jü11. ARCH(1)�éME�Ø

�u��'GARCH(1,1)��, Ù{5��Ø�u�

�Ñ'GARCH(1,1)�Ñ�,Ïd�@�ARCH(1)�

ýÿ�Jü12, GARCH(1,1)�ýÿ�Jü13. ¤

±3«ýÿ�.d`���ü�^|´: BP�{�

ýÿ�J�Ð, ARCH(1)�.g�, GARCH(1,1)�

. �.

L 1 6«ýÿØ�ÚOþ
Table 1 Statistical values of the 6 forecasting errors

Ø�ÚOþ BP�{ ARCH(1) GARCH(1,1)

ME 1.7086×10−5 8.25929×10−5 6.96245×10−5

MAE 2.70952×10−5 0.000186811 0.000192971
RMSE 4.23963×10−5 0.000609358 0.000626132
MAPE 156.4311929 171.5068494 178.1494362

AIC -4.960344008 -3.885711852 -3.87972141
BIC -4.961049431 -3.885844119 -3.879853676

3«ýÿ�. 1 2 3
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8 (((ØØØ(Conclusion)
�©æ^·I�e�¦½|¤°�êz�±"

�Â�d,|^BP�{!ARCH(1)ÚGARCH(1,1)�

.éÙÅÄÇ?1ýÿ.ïÄL²: i) BP�{�ýÿ

�é*ÿ��þà�[Ü��Ð,�éeà

��[Ü�J��; ii) ARCH(1)ÚGARCH (1,1) �

.ýÿ��r³Ä�Ü*ÿ��r³, ý

ÿ�é*ÿ��eà�[Ü�JÑ�Ð, �

éþà��[Ü�JÑ��, �²wÑm 

l*ÿ�; iii) l6«Ø�ÚOþ�Ø�u��

J�, BP�{�ýÿ�J�Ð, ARCH(1)�.g�,

GARCH(1,1)�.�g�.
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