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Decomposition Analysis of Time Series Using Neural Networks

Won Chul Jhee

This  evapaper is toluate the forecasting performance of three neural
network(NN) approaches against ARIMA model using the famous time series
analysis competition data. The first NN approach is to analyze the second
Makridakis (M2) Competition Data using Multilayer Perceptron (MLP) that has
been the most popular NN model in time series analysis. Since it is recently
known that MLP suffers from bias/variance dilemma, two approaches are
suggested in this study. The second approach adopts Cascade Correlation
Network (CCN) that was suggested by Fahlman & Lebiere as an alternative to
MLP. In the third approach, a time series is separated into two series using Noise
Filtering Network (NFN) that utilizes autoassociative memory function of neural
network. The forecasts in the decomposition analysis are the sum of two
prediction values obtained from modeling each decomposed series, respectively.
Among the three NN approaches, Decomposition Analysis shows the best
forecasting performance on the M2 Competition Data, and is expected to be a
promising tool in analyzing socio-economic time series data because it reduces
the effect of noise or outliers that is an impediment to modeling the time series
generating process.
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120 b{|

5.3 &

£ dFoMe AAY B4 A4%E §43= PYEE
W& AE F, 7 AA i3y 20 FAARE o83
o N33 34738 £ BAF HAEEMDP),
Cascade Correlation Network(CCN) & ¥ d-tol| A A3l 417
gl g3 AAGY I F AV ARHERY oS
78 ARIMARH ] 799} vlmE-43igoh

-k

MLP$} CONS ARIMAS} I HE B4, AFFE°] &4
2o g AN E v HoAT, Tgd) FoiAA
&L AAY BEE dF dFAME £ g Aol HolA
£ £ o€ vzl 34 4due dAse
A2 8 43Ut F, A5l AT AALY B4de A
AP Eol ATHERT 2L B 5T ¥ ¥
2 3438 Bojx] Rtk oot wetA, B ATdA
€ 350l B3 #3539 571 A2 Al diEiiE A7

CPAPUSA (m029iH Ala|=)

1 2 3 4 5 6 7 8 9 10 1" 12

—=&— Original —@~ARIMA ~#-~MLPBEST1 —@—MLPBEST2 ~¥&— MLPSUM! —+—MLPSUM2

CARINDS (m006 Al2| =)

1050000

1000000

850000

1 2 3 4 5 6 7 8 ] 10 1 12

l—.—Original ~#--ARIMA &~ MLPBEST1 —@~MLPBEST2 ~#—MLPSUM! —+—MLPSUM2 |

a9 5 BEEYS A% dAE 4525

B 4 AT g7 EEH 2 IHMAPE)

ARIMAR ¥ DAUNN
Fillting Forecastomg Fottomg Forecastomg
9 2 17.53 16.71 9.84 14.81
(14.64) (13.28) (6.64) (10.77)
E23% 17.24 24.31 12.46 21.38(8.81)
9.17) (13.42) (6.66)




AFE ol 48 AALY LN

T o] &F ANAGEH] THedEE AAFL o] 48 A
9 BHEHE /HE3At AFY AN 715
43t Fol2 AAGE FAS ABFTE Ze A4
IANALE ZAFoEZA AAGH doiizoz Q% 9
FE BRAALE FHIHT 53, A3FE 018F £
AL AEY BT vl 34 R ABAY E7t
FEAL, ofe & AN HI 4T JFEY T4
78 F& AEAAFE MR & AR 28 238 A
AGel thajA ARIMARHS AH-ato] A28 Boll= £
817 Axo A2 A3 Aol YAk

o]t 2ol A7 A7 BHEH| M FL 454
g B AL vty BAAESY Zo] FEol A%
gFARE AHE Atole AW A7 stk A
Ag FANZ Aot o]F mjel A B MLPS CCN9] ¢
574347} ARIMAS] H13] Zpo]7} YIAE AL Fo 2 A|A G
& A ENE vleto g AAYS QAN g E ¢
Tol A ARF WS ZE AAE 42 J 4= 990
Y= L2 A, JZ RS MAPEZ} o] 3H o8 2 A
ALE g AT AAE vhgo2H 5439 74N
q& gox god.

53], CNS 4S53R0 0| §F BFol= caNg A
FAAE Pohd AL FHAL SYxEs AR B2 F
CONY 32 2E & ok &, HZ caNell 38 32 97
7holFoA T Qlo B2 CONY HY S HE3) AoE &
Y o Hed Ao dEn

nATe g o2 o) Ayt tie) dFdHE AR =
WM mtazins|av AetEtast 22 A4 HolH
HolAg el Wol &8 Bavt Jlor, Fbedidd 5
W Azl o wlolEHo]AE 75319 Hoh S AR
AP AAL FAEHE Folde 478 T 5 A= 3
oo gt} 7 WAE AP g B} ddE A
2, & d7edMe MPE A71Q371493A 2 ARt e,
Hopfield Networko[ L} BAM 53} 22 L& AZHEHY 4%
£ HZENY dadol Ao

&, MIPE NFN2 2 A3 74olls 4 9%9] 47 %
e S0l WIE Fe FHHU 49E T 2o B
A NFNLEA AEE & LS 8 F& &% HvEHE
e Ao| "asn.

vpAge g, BaE AAGA hE 23 94 & 79
A= MLPE ARS8t oL, A Lol dhajM e vhaed
7128 @7ARY Zo| ATHEYE AEE s} ninE

121

4 987t Sl

Faed

CHEES, BT, AR E 018 FEHFIAS

dz> FFAEANEE 95 FAGEHI=ET,
pp. 359-371, 1995.

CARE, “ABEE o1& ANALEH: M1~ Compe-

tition Dataol] 3} ST} B4, FHEIA]AH
8}3]%] Vol. 1, No. 1, pp. 135-148, 1995.

. z] —%l %y tj‘]’)\] ‘?" )\\l@_@ ) /L\l:glij s “Cascade'(k)ﬂelatl'on

Network& 0188 FF7H5 12, #7275 A%
HYPIAFHE 96 24 FEHLHE =27,
pp- 745-748, 1996.

4, AFA Inc.,, AUTOBOX 3.0 Manual, Hatboro, PA. 1991.

10.

11

12.

13.

14.

15.

16.

17.

18.

. Ash, T. Dynamic Node Creation in Back-propagation Networks,

TR-8901, Institute for Cognitive Science, UC San Diego, 1989.

. Asoh, H. and Otsu, N., “Nonlinear data analysis and

multilayer perceptrons,” Proceedings of IJCNN, Vol. 11, pp.
411-415, 1989.

. Baum E. B. and Haussler, D., “What size net gives valid

generalization,” Neural Compusasion, Vol. 1, pp. 151-160, 1989.

. Box, G.E.P. and Jenkins, G. M., Time Series Analysis -

Forecasting, San Francisco: Holden-Day, 1976.

. Casdagli, M., Eubank, S., Farmer, J.D. and Gibson, “J. state

space reconstruction in the presence of noise,” Physica D,
Vol. 51, pp. 52-98, 1991.

Chatfield, C., “Neural networks: Forecasting breakthrough
or passing fad?,” Int'l Journal of Forecasting, Vol. 9, pp. 1-3. 1993,
Chauvin, Y., “A backpropagation algorithm with optimal
use of hidden wunits,” In Advances in Newral Network
Information Processing Systems, Vol. 1, pp. 519-526, San Mateo
CA: Morgan Kaufmann, 1989.

Chen, C. H.,, “Neural networks for financial market
prediction,” Proc. of the 1994 IEEE Int‘l Conf. on Neural
Networks, pp. 1199-1202, 1994.

Chu, C. H. and Widjaja, D., “Neural network system for
forecasting method selection”, Decision Support Systems, Vol.
12, pp. 13-24, 1994

De Gooijer, J. G. and Kumar, K., “Some recent develop-
ments in non-linear time series modelling, testing and
forecasting,” Int'!_Journal of Forecasting, Vol. 8, pp. 135-156,
1992.

Fahlman, S. B., An Empirical Study of Learning Speed in
Back-Propagation  Networks, CMU-CS-88-162, Pittsburgh,
School of Computer Science, CMU, 1988.

Fahlman, S. E. and Lebiere, C., The Cascade-Corvelation Learn-
ing Architecture, CMU-CS-90-100, Pitesburgh, School of
Computer Science, Carnegie Mellon University, 1990.
Farmer, J. D. and Sidorowich, J. J., “Predicting chaotic time
seties,” Physical Review Lester, Vol. 59, No. 8, pp. 845-848, 1987.
Fishwick, P. A. “Neural network models in simulation: A



122

Z1¥d

comparison with traditional modeling apptoaches,” Prox. of
the 1989 Winter Simulation Conference, pp. 702-710, 1989.

19. Foster, W. R., Collopy, F. and Ungar, L. H., “Neural network

20.

21.

22,

23.

24.

25.

forecasting of short noisy time series,” Computer and Chemical
Engineering, Vol. 16, pp. 293-297, 1992.

Geman, S. E., Bienenstock, E. and Doursat, R, “Neural
networks and bias/variance dilemma,” Newral Computation,
Vol. 4, pp. 1-58, 1992.

Granger, C. W.]. and Terasvirta, T., Modeling Nonlinear
Ecomomic Relationships. Oxford: Oxford Universicy Press, 1992.
Harvey, A. C.,, “A unified view of statistical forecasting
procedures,” Journal of Forecasting, Vol. 3, pp. 245-275, 1984,
Hornik, K., Stinchcombe, M. and White, H., “Multilayer
feedforward networks are universal approximators,” Neural
Networks, Vol. 2, pp. 359-366, 1989.

Jhee, W. C. and Ro, H. B., “Decision support for ARMA
model identification using hierarchically organized neural
networks,” Proceedings of IEEE Int'l Conf. on Systems, Man, and
Cybernetics, pp. 1637-1644, 1991.

Jhee, W. C,, Lee, J. K. and Lee, K. C., “A neural network
approach for the identification of Box-Jenkins model,”
Network: Computation in Neural Systems, Vol. 3, No. 3, pp.
323-339, 1992.

26. Jhee, W. C. and Lee, J. K., “Performance of neural networks

27.

28.

29.

30.

in managerial forecasting,” Inf'l J. of Intelligent Systems in
Accounting Finance & Managemens, Vol. 2, No. 1, pp. 55-71, 1993,
Jhee, W. C. and Shaw, M., “Time series prediction using
minimally-structured neural networks: An empirical test,”
Trippi & Turban, (ed.) Newral Networks in Finance and
Investing, 2nd, 1996. Also appears in Proc. of World Congress
on Newral Networks, 1994 Int'l Neural network Society
Aonnual Meeting, San Diego, CA., pp. 266-271.

Karnin, E. D., “A simple procedure for pruning back-
propagation trained neural networks,” IEEE Transactions on
Newural Networks, Vol. 1, No. 2, pp. 239-242, 1990.

Lapedes, A. and Farber, R. Nonlinear Signal Processing Using
Neural Networks: Prediction and  System Modeling, Los
Almos National Laboratory Report, LA-UR-87 ~2662,
1987.

Lebaron, B., “Nonlinear dynamics and stock returns,”

Jowrnal of Business, Vol. 62, No. 3, pp. 311-337, 1989.

31. Lee, J. K. and Jhee, W.C., “Two-staged neural network
approach for the ARA model identification,” Dectsion Support
Systems, Vol. 11, No. 5, pp. 461-479, 1994,

32. Makridakis, S, et al., “The accuracy of extrapolation (time
series) methods: Results of a forecasting competition,”
Journal of forecasting, Vol. 1, No. 2, pp. 259-312, 1982.

33. Makridakis, S, et al., “The M2-Competition: A real time
judgmentally based forecasting study,” Int! Journal of
Jorecasting, Vol. 9, pp. 5-22, 1993.

34. Moody, J. and Darken, C., “Fast learning in networks of
locally tuned processing units,” Newral Compusations, Vol. 1,
No. 2, pp. 281-294, 1989.

35. Prechelt, L., “Investigation of the cascor family of learning
algorithm,” Newral Networks, Vol. 10, No. 5, pp. 885-896, 1997.

36. Ripley, B.D., “Statistical aspects of neural networks,”
Proceedings of 1993 SemStat, Chapman & Hall, London, 1993.

37. Rojas, R., Newural Networks: A Systematic Introduction, Springer-
Verlag, Berlin, 1996. '

38. Sharda, R. and Patil, R. B, “A connectionist approach to
time series prediction: An empirical test,” Journal of Intelligent
Manufacturing, 1992,

39. Stewart, G. A., “Prophetable software,” Byte, April, pp.
97-101, 1998.

40. Wasserman, P. D., Advanced Methods in Newral Computing,
VNR, New York, 1993.

41. Wetbos, P. J., “Generalization of backpropagation with
application to a recurrent gas market model,” Neural
Networks, Vol. 1, No. 4, pp. 339-356, 1988.

42. Weigend, A. S., Rumelhart, D. E.,, and Huberman, B. A.
“Backpropagation, weight-elimination and time series
prediction,” In Touretzky (eds.) Advances in Neural information
Processing Systems, pp. 105-116, 1990.

43, Weigend, A. S. and Gershenfeld, N. A., Time Series Prediction:
Forecasting the Future and Understanding the Past. Proceedings
Volume XV in the Santa Fe Institute Studies in the Sciences
of Complexity, Addison-Wesley Publishing Company, 1994.

44. White, H., “Economic prediction using neural networks: the
case of IBM daily stock returns,” Int'l Joint Conference on
Neural Networks, pp. 451-458, 1988.

19983 10¥ HE, 19993 29 e



AZEE ol 48 XA} FAEH

51 M2 AR ASEPEY £423% MAPE)
ARIMA MLP CCN DAUNN
Forecastin Forecastin . Forecastin Forecastin
Fitting Fitting Fitting Fitting
8 4 8 8
1 16.78 10.65 16.27 19.73 1.86 12.94 5.14 5.97
2 21.2 16.9 19.07 14.79 2.34 14.81 18.69 10.99
3 12.17 17.6 0.92 13.43 0.73 14.72 2.89 12.94
4 8.98 12.81 9.47 11.35 0.71 14.89 3.6 8.95
5 8.63 10.14 9.37 11.19 0.63 14.5 3.14 5.88
6 877 6.01 436 8.09 0.49 13.19 2.19 3.04
7 0.79 1.04 1.59 4.85 1.01 2.6 0.54 4.52
8 045 0.37 2.89 5.43 1.82 4.34 7.49 2.73
9 1.24 0.85 1.84 1.13 2.15 0.9 0.79 1.61
10 1.95 2.04 2.07 5.41 1.68 3.64 0.87 591
11 0.38 0.78 492 6.3 2.07 5.49 1.12 27
12 10.01 13.4 10.05 12.44 6.39 15.61 5.41 8.01
13 25.12 25.51 23.37 19.24 431 27.85 16.12 15.64
14 1831 24.26 11.68 36.84 791 38.64 23.34 32.25
15 85.89 185.43 | 87.37 147.96 6.15 116 99.61 | 127.77
16 17.61 17.66 16.47 15.37 237 18.9 18.34 13.23
17 8.93 8.42 8.49 9.35 1.4 14.74 11.72 9.13
18 4.64 8.46 5.15 6.43 0.86 7.6 1.58 5.3
19 25.39 48.02 24.17 25.54 5.13 37.78 17.37 30.84
20 17.8 32.36 12.44 35.18 3.39 24.9 9.15 20.86
21 17.34 36.42 22.48 17.39 4.7 25.97 8.4 24.08
22 17.38 37.3 21.38 27.96 5.88 38.88 6.22 22.79
23 17.56 35.99 25.64 2693 475 26.63 11.68 2274
24 2.38 2.52 1.89 2.95 0.5 43 0.77 3.04
25 27 5.82 3.32 8.7 0.63 9.72 1.7 494
26 5.75 4.67 3.54 4.77 0.65 8.97 2.24 4.5
27 6.87 5.5 4.61 5.31 0.92 7.61 2.16 4.27
28 5.48 3.14 5.31 43 1.06 4.13 1.68 8.74
29 4.77 5.59 4.65 4.28 0.9 5.72 1.52 6.01
0F 12.94 19.98 12.58 17.68 2.53 18.48 9.84 14.81
(10.36) | (14.08) | (990) | (13.02) | (2.40) | (15.00) | (6.64) | (10.77)
ks 15.96 34.43 16.39 26.85 2.15 21.72 18.46 23.38
Hxz} (7.75) | (13.39) | (8.00) (9.81) (2.08) | (11.17) | (6.66) | (8.8D)
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Series No. | Obs. Interval Ongmal Tre.nd Rwdual
Series Series Series
1 M (2,1,0) (4,0,1) (6,0,0)
2 M (2,1,0) (8,0,0) (2,1,0)
3 M (1,0,12) (5,13,12) (2,0,0)
4 M (13,0,0) (14,3,0) (0,0,0)
5 M (13,0,0) (6,12,0) (14,0,0)
6 M (1,0,12) (14,3,0) 0,0,0)
7 Q (0,1,10) 2,2,1) (0,0,1)
8 Q 2,44 (6,2,5) (5,1,4)
9 Q (1,L,0) (6,0,1) (3,0,0)
10 Q (1,1,2) 3,3,1) (1,0,0)
11 Q (14,5,0) (1,7,5) 2,0,)
12 Q (1,0,0) (4,0,0) (2,2,0)
13 M (13,0,0) (16,0,12) (0,0,0)
14 M (14,12,0) (3,1,12) (3,12,12)
15 M (4,0,0) (4,0,0) (0,0,0)
16 M (3,12,12) (3,12,12) (2,3,0)
17 M (0,12,12) (16,0,0) (3,2,12)
18 M (3,L,1) (2,18,1) 3,1,0)
19 M (1,1,0) 0,0,1) {0,0,0)
20 M (3,3,12) (2,1,2) (1,12,0)
21 M (2,1,0) (8,1,1) (1,14,0)
22 M (2,1,0) (1,2,1) (2,15,0)
23 M (2,1,0) (1,2,1) (3,0,0)
24 M (13,2,1) (14,0,1) (15,0,0)
25 M (12,1,0) (6,2,1) (12,0,0)
26 M (1,12,12) (15,2,13) (16,0,0)
27 M (15,3,0) (3,12,13) (12,4,0)
28 M (2,12,12) (15,6,13) (5,12,1)
29 M (17,12,0) (5,14,12) (13,7,0)




