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A PNN approach for combining multiple forecasts
Duk-Bin Jun' + Hyo-Duk Shin' « Jung-Jin Le¢’

In many studies, considerable attention has been focussed upon choosing a model which represents
underlying process of time series and forecasting the future. In the real world, however, there may be
some cases that one model can not reflect all the characteristics of original time series. Under such
circumstances, we may get better performance by combining the forecasts from several models.

The most popular methods for combining forecasts involve taking a weighted average of multiple
forecasts. But the weights are usually unstable. In cases the assumptions of normality and unbiasedness
for forecast errors are satisfied, a Bayesian method can be used for updating the weights. In the real
world, however, there are many circumstances the Bayesian method is not appropriate. This paper
proposes a PNN(Probabilistic Neural Net) approach as a method for combining forecasts that can be
applied when the assumption of normality or unbiasedness for forecast errors is not satisfied.

In this paper, PNN method, which is similar to Bayesian approach, is suggested as an updating method
of the unstable weights in the combination of the forecasts. The PNN method has been usually used in
the field of pattern recognition. Unlike the Bayesian approach, it requires no assumption of a specific
prior distribution because it gets probabilities by using the distribution estimated from given data.
Empirical results reveal that the PNN method offers superior predictive capabilities.
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3. Empirical Results
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DES Damp RT RW Bcom Bsel Psel Pcom
1-step 3.70 4.10 3.60 4.40 3.58 3.74 3.45 3.59
2-step 6.49 7.89 6.72 8.87 6.76 7.39 6.37% 6.50
3-step 10.30 12.12 10.34 13.84 7.07 7.06 6.96 7.86%
4-step 14.00 17.41 13.86 19.15 13.67 13.85 13.48 13.48
5-step 17.95 22.90 17.60 24.70 17.40 17.60 17.29 17.24
6-step 22.05 28.65 20.68 30.70 20.54 20.68% 20.01 20.26
7-step 26.69 34.98 23.96 36.95 23.93 23.96 23.92 24.25
8-step 31.96 41.59 27.43 43.78 27.40 27.43 27.55 27.55
9-step 36.97 48.65 30.58 50.95 30.59 30.58 30.12 30.71
10-step 41.77 56.24 33.38 58.80 33.38 33.38 32.69% 33.55
11-step 45.44 64.64 35.76 67.12 35.83 35.76 34.67%* 35.29
12-step 50.48 73.67 39.05 76.15 39.17 39.05 37.72%%% 37.76%*
13-step 52.50 83.24 42.28 85.59 42.45 42.28 36.04% 36.04%
14-step 55.09 88.90 42.71 91.89 43.00 42.71 41.17% 41.17%
15-step 57.40 94.85 43.79 96.90 44.06 43.79 42.07* 42.11
16-step 59.29 100.46 44.76 102.70 44.69 44.76 38.42 38.42
17-step 57.16 106.19 46.27 108.83 46.28 46.27 37.23%x 37.23%%
18-step 54.11 112.51 48.38 115.39 48.37 48.38 35.16%% 35.16%*
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RW | DES1
MAE | 0.081 | 0.108
MSE | 0.029 | 0.035

MAPE | 0.753 | 0.990
MAE | 0.386 | 0.451
MSE | 0338 | 0411

MAPE | 3.740 | 4360
MAE | 0.748 | 0.929
MSE | 1.042 | 1.607

MAPE | 7.514 | 9.390

DES2
0.088
0.029
0.820
0412
0.350
4.010
0.836
1.248
8.580

DES3 | RT1 | RT2 | RT3 | RT4
0.084 | 0.101 | 0.092 | 0.088 | 0.082
0.029 | 0.034 | 0.026 | 0.028 | 0.029
0.790 | 0.900 | 0.827 | 0.814 | 0.757
0421 | 0.509 | 0.425 | 0.405 | 0.390
0:388 | 0.651 | 0.401 | 0.346 | 0.338
4,130 | 4.803 | 4.079 | 3.951 | 3.783
0.900 | 1.085 | 0.920 | 0.829 | 0.761
1.506 | 2.612 | 1.628 | 1.292 | 1.054
9.240 |10.722| 9.297 | 8.587 | 7.627
MAE | 1.034 | 1426 | 1.269 | 1.357 | 1.745 | 1.480 | 1.233 | 1.048
MSE | 1.884 | 3.690 | 2.703 | 3.208 | 6.393 | 3.924 | 2.645 | 1.898
MAPE | 10.746| 15.170{13.690 | 14.580 | 17.831 | 15.596| 13.376 | 10.866
MAE | 1327 | 1.893 | 1.667 | 1.764 | 2.404 | 2.031 | 1.588 | 1.282
MSE | 2.853 | 6.390 | 4.622 | 5.344 [11.985| 7.194 | 4.202 | 2.799
MAPE |14.133|20.890| 18.620| 19.49025.345 | 21.992|17.858| 13.701
RW: 539 Baj 2

DES : o] X5 J# 2¥(, 2, 3& 2YF P 29 AE9 o) g}
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RT : Robust Trend .3(1, 2, 3, 4% 3§l 22 79| 54l u}a} A
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Istep
ahead

Sstep
ahead

10step
ahead

15step
ahead

20step
ahead

Bcom Bsel Pcom Psel

MAE | 0081 | 008L | 0.081 | 0.081
:;:‘; MSE | 0029 | 0029 | 0029 | 0.029
MAPE | 0754 | 0754 | 0.750 | 0.750
MAE | 0386 | 0386 | 0384 | 0.384
:ﬁ:‘c’l MSE | 0338 | 0338 | 0.337 | 0.337
MAPE | 3.742 | 3742 | 3.731 | 3.731
MAE | 0748 | 0748 | 0749 | 0.749
L?;t:(f MSE | 1.042 | 1.042 | 1.043 | 1.043
MAPE | 7.514 | 7.514 | 7.521 | 7.521
MAE | 1.034 | 1.034 | 1.036 | 1.036
ii‘:; MSE | 1.884 | 1.884 | 1885 | 1885
MAPE | 10.746 | 10.746 | 10.763 | 10.763
MAE | 1327 | 1327 | 1282 | 1.282
iis:(f MSE | 2853 | 2853 | 2799 | 2.799
MAPE | 14.133 | 14.133 | 13.701 | 13.701

Bcom : Bayesian Combination
Pcom : PNN Combination

Bsel : Bayesian Selection
Psel : PNN Selection
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1. &4 x|+ HE DE(Gardner, Jr., 1985)
Si=axXi+(1— ) x(S—1+ ¢ X Tey)
Ti=7 %X (8= Se-1)+(l— y)X ¢ X Ty
X,(m) =S, + i=20 ¢'x T,

o, X: : A AAE, X,(m): m7] & EA

2. Robust Trend Model(Grambsch and Stahel, 1990)

Zi=X— Xy 1=p+toxe

ol ], &, :ii d. stable Random variable

77109 p7l G dEX: Ry =Xr+kx ur
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robust estimate of the trend : 72, = M, +~"—}i X ; w(—ZJ———Ml)

mr
M7 : the medianof ( Zy, -+, Z7)
mr : the medianof (| Z; — M|, |Zr — Mr|)

2;" [ 1.0, 2- ||} 01

¥ (x) = sign(x) x Max[Min(l

3. Empirical Results
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DES Damp RT RW | Bcom  Bsel Psel  Pcom

5562
12542
19264
28164
38346
47804
61782
76556

5901 5959
14271 12508
25175 20370
39078 28669
54895 37053
72860 43785
93670 50482
117066 57100
O-step | 89871 142938 62656
10-step| 102637 172134 68265
11-step| 111346 203698 72733
12-step| 124092 239276 80743 253176
13-step| 131441 278350 90081 294031
14-step| 135569 308141 121776 323615
15-step| 141934 339670 102021 355870
16-step| 147536 370686 109575 389135
17-stepi 141413 403302 120889 425096117221 120889
18-step| 132092 441011 137374 464625]|131655 137374

6825
15761
27870
42517
59280
78175
99888
124611
151627
182190
215511

5690
12131
12157
28358
36922
43587
50411
56918
62478
67696
71827
79490
88485
92700
97921
107228

6003
12729
12145
28669
37053
43785
50482
57100
62656
68265
72733
80743
90081
94912
102021
109575

5555
11755
12128
27664
37390
41805
53762
58898
58964
62927
64559
70437
68310
80588
83516
77492
78430
80794

5648
11990
13510
27664
37596
41816
53863
58898
61915
65189
65532
70460
68310
80588
83896
77492
78430
80794

1-step
2-step
3-step
4-step
5-step
6-step
7-step
8-step

DES Damp RT RW
_ 2step | chisquare | 54.35%** | 66.25%% | 69.65%** | 8325w+
3step chi-square [ 53.85%%% | 52,97+ 45130 | 66.92%4*
" 4step | chi-square 58.0%kk | 54,03 37.8%kx 48,74k
Sstep | chisquare | 46.5%x | 48.2%x | 28.3xx | A1
Gstep chi-square 4220001 40 400x 19.1 53.8%%*
. Istep | chi-square | 26.71%* | 3400 o 21.2% - 4230
8step chi-square 19.65 46.94% 1871 70,474
9step chi-square 18.9 56.7++* 20.8%* 65.4%x*
10step | chi-square 149 1 ABGM* | 271 58.0%
11step | chi-square 6.3 54.6%+ 28.5%x 60, 5%+
12step | chisquare |  2L0% | 7LOW | 44.0% 7000
13step skewness 0.78 016 l4 017
| kurtosis 0.62 <597k 024 - -6.80%*
| Wilk's W 0.97 0.82%+* 0.87% | 0788
14step skewness 0.34 [ 0.13 128 013
| kortosis } 077 o -G080 4 043 712w
Wilk's W 0.98 0.81%** 0.89%kx (7744
I5step | skewness | 056 004 | 105 007
_ kurtosis 1.47 -6.96%+ 1 118 LT7.49%
) Wilk's W 0.96 S 0.78wxx 0.8 0.76%*+*
Abstep | skewness | 125 0015 1 075 . 007
kurtosis 1.99% L7049k -2.28%* A Vi
| WlK'SW | 0.90% L Q77 | 089K 07700
7step | skewness | 041 . 0094 058 0056
kurtosis 2.14%* ; -6.69*+* -2.90%%F 6, 59%**
e WKW 001 L 07T 08T 0776
18step skewness 1.52 0.14 0.61 0.14
kurtosis | 1.96** l 52000 1990 5468
Wilk's W 0.88%* 0.81%** 0.87%* 0. 79%%x

DES: 0% A4 BE B8 Damp: 73] A5 HE =Y
RT : Robust Trend model RW : 529} W3 2.8

Bcom : Bayesian Combination Bsel : Bayesian Selection

Psel : PNN Selection Pcom : PNN Combination

E2 FAARA A AN A FF A

DES Damp RT RW | Bcom  Bsel Psel  Pcom

26.70

55.45

70.68

95.75

121.70
150.67
179.53
210.95
242.98
270.67
290.02
316.94
332.10
338.57
349.10
368.07

2869 2544
56.16 48.52
8401 73.11
11935 97.28
156.03 123.11
193.88 145.01
234.33 166.64
275.75 188.15
319.27 206.66
365.17 222.02
412.01 233.73
459.86 250.47
507.23 269.12
542.16 315.55
573.28 290.60
604.01 304.42
358.31 634.81 320.94 625.04|318.81 320.94
34332 666.67 339.39 655.17 [336.90 339.39

32.44
63.70
97.03
131.63
167.59
205.56
244.09
284.82
327.06
370.44
414.55
459.77
505.93
536.14
566.41
595.46

24.86

44.94

47.31

91.80

117.60
137.08
157.98
178.30
200.20
212.71
219.11
232.26
231.23
256.32
264.76
256.86
258.46
254.17

2551

47.19

47.81

94.28

120.61
142.95
165.43
187.19
206.46
221.65
233.58
250.55
269.29
277.42
287.57
302.06

2693
52.27
47.74
97.28
123.11
145.01
166.64
188.15
206.66
222.09
233.73
250.47
269.12
277.83
290.60
304.42

25.82

45.43

52.64

91.80

116.57
137.70
159.43
178.30
197.51
213.81
220.68
232.42
231.23
256.32
263.48
256.86
258.46
254.17

1-step
2-step
3-step
4-step
5-step
6-step
7-step
8-step
9-step
10-step
11-step
12-step
13-step
14-step
15-step
16-step
17-step
18-step

137) ¢ 20 ANHE AR Y 47} B-E3l T8 A4 WY o) 839
DES: o|% A5 HE EE Damp: 73] A5 HE £ Y

RT : Robust Trend model

RW: 729 08 B

¥ 10% FreFEolA X E neve /M 717
0 5% FrelTE N AT EE HEte 7M V1%
ks 1% FolFEAM AT ELE gt 7 717

4 91YE oA AR e 4 R¥E F et A

TEE BA
RT RW
o dstep  f 1478330 158119+
Lo ostep ] 967.01F% 1006.57*x*
. 10-step. 1449130 ... 146713
15-step 1680.96*** 170361
20-step 1978.42%x* 2144.64%%*

DES: 0% A<+ BE 2Y Damp: 74 A5 HE 23
RT : Robust Trend model RW : £-2+9] W3 =¥

Bcom : Bayesian Combination Bsel : Bayesian Selection

Psel : PNN Selection Pcom : PNN Combination

RT : Robust Trend model

RW: 759 B v g

*:10% fAFEAN AHELE BEvhe /M 718
#* 5% FAFFAN A EEE BEche 7 714
wk s 1% FelrEd N ATEEE eve 74 717





