(Bayesian method)

(Box-Jenkins: B-J) (combined forecasting)

2 (qualitative forecasting)

(quantitative forecasting)

1
(time series) (naive)
(moving average) (classical decomposition)
(exponential smoothing) - (Box-Jenkins) 2
(causal model) (regression annalysis)
(econometric)
(forecasting)
1
y L 1 o
(quantitative) (qualitative)
! 1 o
Time Senes/ Projective Causal model personal insight
naive - regression panel consensus
moving average analysis market surveys
classical decomposition - econometric histoncal analogy
exponential smoothing delphi techniques

Box-Jenkins



(Makridakis, Wheelwright and Hyndman, 1998)

1 (time horizon or lead time)
4 (O'Donovan, 1983)
11 (immediate term) 1
12 (shortterm) 13
13 (medium term) 3 2
14 (long term) 2
2 (pattern of data)
4 (ODonovan, 1983; Makridakis, Wheelwright, and Hyndman, 1998
', 2543
21 (horizontal data

pattern: H)

22

23

24

(seasonal data pattern: )

1 1 1
; (pattern)
- 2

(cyclical data pattern: C)

- 2
(trend data pattern: T)



Meastaya Meatiaya
A
1 ‘i’
7AVAVAVAVAVA\—‘ minae
» >
1

1 2 v @)

M. TonaniaNEIaW v oAk
3 9. ToyaTTUAINOAMS

MataYa QR ORRENG)
A

—» >

20 varih A
1 3 .:'A’ v v ¥ dld ¥
A, TDYANIUIMINIINT J. ?Jasgaﬂuuu’ﬂuu
g d’ ¥
MW 2 anetiemsiaeuilasag
3 (accuracy) 2
31 Y !
t-test, F-test
Hy :
Ha:
32 (mean
absolute deviation: MAD) (mean square error: MSE)

(root mean squame error: RMSE)

(mean absolute percentage error: MAPE)



1 (ODonovan, 1983

1

SES -

HWS -

(cost) 3

(application)

, 2539)

M & HW D B RG EDO

/ / / /

/ / / / / / /

/ / /

- - / /

/ / . / / [
L / / / / /

. " [ / / /

- - / / / / /

10 10 15 D D D

B
2
2
2

BJ -

REG -

1n ECO -

MBJ -

12
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2
4 (ODonovan, 1983,
, 2539; , 2542)
1 (trend: T)
(upward downward trend)
(linear trend) (quadratic
trend) (exponential trend) (S-shape trend)
2. (seasonal: )
2
(seasonal factor)
(seasonal index)
3 (cyclical: 0
4 (irregular variation: )

(additive model)
(multiplicative model)

y=T+S+C+]I

y=TXSXCXI
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MITINGN WULLAN WD
Snwoustsliia

Tl viﬂvﬂvﬁv[kﬂ‘ QVAVAOAUAV&Y

M 3 MITMETRIMITBIGERMART A NNUATLALIADA

8 (Hanke
and Reitsc,1992 , 2540) 2
fn
3 4
-tn trd
tn 5 tnl tn
! [
15 6
tn+l, t2.. 7
! -6



4. WenMBRINTRNATIRMIN

) bl
NG i

5. nﬁﬂﬂqaaumwgnﬁmﬁudwuﬁlﬂuaﬁm

v
l DN

6. MIN mn‘mi'ﬁ'm nm‘luamam

' ¥

7. MIATAEOUANGNANTRA TRENNIDLMEWIAR

i Qneias

8. aplwamamenmsiuaniwammennoih /¥

(Bayesian method)

5 (Fildes, 1984)

(subjective)

15
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(Bayesian methods)

(Bayesian Estimation) 3

MdunauarememaathienGaem e
Tvad (New Obsevation Old posterior
is new prior)
MmisuTm ;
AMIUMMEVA WeNNIA
(Prior
(Compute posterior) (Forecast)
knowledge N
7§
of system)
annsmends v
(Change posteriors)
5 The Bayesian forecasting model
1
X (probability
density function) f 9 f{x\e)

X 9

/@ (prior density) 9

9
g (prior distribution)
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g 9 Ve
y9 X, X....xt l@ X, X......xt

(posterior distribution)

. Ao )
™ W o b "

6* = \dhXd\y)de )
1 y 0
a2 [y ~ N{d,(jg\
WW‘ 2 00 < y < 00 ©)
°Y J ,

\9 ~N$, q : 9 'O
DRER. M
S

y

27T"ho-M[2exp|i Ip-0'f O+{y-of Q@]

J2Mrhag)’'12exp|-N (p-iif/ 0+{y-of /a2 Jio

Coor My qed o 9t

2k 2 exp-
1 w0 +7y) 2 1)

M9



o'= Eloly)= % ®

v = Vigly) = O@/ (6)

2 (the constant model)

AL
e B9

(probability distribution)

b N{b',») hQb)

PA(E|i,>2)

ALY,

Ys N[b\2), £(2)]
L

2) . E£AIL12) = R
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| = (11+12)/2

. Ys y2 I2(£|1i,12)
! f?2(" 1,/2) = w (sufficient statistics)

M@? "

w= _ﬁa/o ©
e

b T
b'D T+'4:[) R

<72

eI %

(1)

O ¥

(infinitely large) )

~
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a 4

b d (aprior joint probability distribution) b

T

Montgomery, Johnson, and Gardiner, 1990)

). )

4 \b 4

l/ler(r +0] = W xr+r(F)] = al-b (15

] S
b\T) + zal2 -m (26)

zaj2 100(« / 2)

Raiffa Schlaifer (1961

:’é

L)

2

(regression methods)

.2t

Yt = + et

yt=

M=£ + ihz +’\4cos!2-b

=Diz1(t) -l)-222[t) + ...+ bkzk(t) +

 IIME )

exponential



v 313

« M- >

{z/(0> t

E:V(O,<T2)

Zi(0 =1

B
d ]

2(0 >X

(17)

y= z(0 { (18)
)t N(brz(O,0-f)

¥ | 4

1 Raiffa and Schlaifer (1961 Montgomery, Johnson, and Gardiner,
1990)
(Prige  distribution) b NV (b',V"
E{b,) 'b'} W Cov(bj,bj) :é b' =£(b) V' variance -
covariance (the multivariate

normal distribution)

ID(b) = (2%)-<1/25v - 112 e xp{-i[b - b'fV' 1b - b7} 19
“
G = ov! )
eti= X o
o2

T 11)72, —K



LU R

I»

equation)
z'zb = ZfY
G=1z2z2 g = zZfYy
Gb =g
Eblb) = b

variance - covariance

v * Gla

i, \Y UJ;ov'ybj,bj)

N(b,V)

Hb|b:Z,«[2) = (2*)-<il2)*

z d b
@F A (bjb)/ (b)ab

V7=V +V=(G-1+G-1)02
1 b
N,

b’ V'
V*1=V-1+V 1
b =V'(V'_1b' +v_1b)

(30)

S |

exp~tb-bfv~rtb-b]}

b A(Iim

22

(normal

22

(23)

(24)

(29)

b

(26)

@)

(28)

(29)

(30)

3D
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G'=G'+G=alv~1+2Z0Z 3D
(31)
b =G-1(G'b'+Gb) =G"1G'b' +Q) (32
Raiffa and Schlaifer (1961 Montgomery, Johnson, and Gardiner,
1990)
3 (Forecadting)
b T T+T
E (*e+e) =2 bz .7 +r) b b N{bI,V")
I=1
£ bz {3 +0 =zf(r +r)b’ (€¢)]
/=1
2 2 MNT-+r)zy(7 +rKy = (r +r)V'z(r +r) 34
[=1 =1
| 741 €9)
ZUT + )V 'z(T + 1)+ 8] (3
* 7 T +r
er(7 +r1) =*7>r - *7-4L(7")
ez{T +1t) 0 C§3
M (T + t) (€2)) S(T +71)
(35 @-a)

Xr+T

M(r+r) £ za12 (T +r1) (30
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Morrison Pike (1977)

Fildes (1984) 1970 Fildes
(1979 Oliver (1987); de Alba (19838 de
Alba and Mendoza, 2001); Lenk, (1992); Guerrero Elizondo (1997)

a -

- (Box-Jenkins:  B-J)
! (stationary) ' 1
(nonstationary) /

I ‘7 (iterative)

(autocorrelation  function)

(partial autocorrelation function) ARMA(p,qQ)
ARMA(p,q) !
30
!
- 4 1 2
3 4
1
- 3

11 (stationary time series horizontal)
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12 (nonstationary time senes)
6

13 (seasonal time senes)

Aastons Amasdoya

s

ha
. AYNINNAIAH 9. aymunmbiaad

» un

Atana

ANV

»

. BUNTNAMINNAMA

MW 6 SNTANINIALLAT Bias uatingma

(Stationary time series) I
(transformetion) [ (regular differencing)

( Seasonal ~ dlifferencing)
(netural  logarithm)

2 (autocordation function: ACH)
(ppartial autocorelation function: PACH)
21 (autocorrelation)
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(lag time variables: y |

k 2
2 (lag time variables)
1 2 3
N vt Ve, \Va Y3
8
2 6 T 8
3 13 \\‘ 6 T g
4 e T\\\\\* 8
5 e\ s T
6 N e
7 7 ol N\ 11 T 12
8 s AN 5 T 1
(lag!: yM 2 (lag2:
ytd 3 (lag3: v.9 t, tj
t, g ig t4 lagi:
vl 1 lag2: yt2 2 lag3: ytg ' 3
yt ytk k = , 2 3

(coefficient of autocorrelation)
X (vt -YXvt-k -¥)

i(n-v)2

k k; -I<rk<I

-

=

N <



il
= _t=1
‘LWUW y="1o-

Pk =10, Ik
2 rk ~N (0, a? 02 2
0}3 K ’%L( ) I Ik
Tk
1+21
S(k— ------- lk = |121
113 /I)
rk Pk
0:Pk=o - :Pkrxo0 1
2=3-
srk
£ ork
|z] > a
rk ' [rk|>z a7 05
(coefficient of autocorrelation: rk)
(correlation coefficient: 1)
Tk
k yt ytl -1
k| 1 K Ik
(completely random)
0
lag 12, 24, ..
22 (partial autocorrelation)

yt ytk (partial out)
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123...k1
yt y1k
(coefficient of partial autocorrelation:”)
r 1 k=1
rkk = < N .
1
k-JIk-i'A |
& k-2 3 4, ..
¢ 1-Z k">
[ig = rk-1,j ~rkkrk -1,k -j j=h2,...,k-1
rkk 0
02 2 f] ;
c 1 k=1,2,...
"y /
Pkk
HO :pk =0 I pk*0 1 0
05 L 1.2
(autocorrelation function: ACF)
(partial autocorrelation function: PACF)
(Pl¢) (pkk)
2
11k rkk 0 (cuts off)
2 K k

0 k dies down tails off
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ARMA (autoregressive moving average)

Box Jenkins 3

31 (autoregressive  process)

AR(p)  ARMA(pPO)  ARIMA(p,0,0) yt
P AR (p)

yt =00 +fayt-1 +"2yt-2 + —+<tpYt-P +et

y.1 ytp

yt
e0 =
) i,i=123..p
8t = t
Oo=MI[-7Ai-"2---"p)
< stationary
lag k k
1-71B-...-~"pBp=0 |[B>1

W=D tevrei s o oot DA

yt (>t 1+ <42y t”2 +—+fipvtp =00 + £t

AL,... AP
AR(p)

backward operator B
(1-~B -...-0pBp)yt =00 +et
AR(p) ® "p(Bp)yt =00+Q@
N (B)yt =I-fcB-...-0pBp
Byt = yt,1,...,BPYt =Yt-p
(pk) 0

dies down damped exponential damped sine wave

(pkk) 0 p (lag p)
cuts off pk *0 k=1,2,3 P pk=0 ;k>p
AR 2 P< 2
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(moving average process)

32
MA(q) ARMA(0,q) ARIMA(0,0,0) yt
si_1,....£t_a ' oq MA(a)
yt = +et -0l £-1-02£-2 -...-OqEt-q
yt =
00 =
0 |= i,i= ,23..q
6, t
00 =+t
0| invertible
etl ylyll.. o,..., 0
[-0B-...-O0gBg™0 |B>1 MA(Q)
Yt =00 +£t "01Et-1 "026t-2 ---0qE t-
yt =e0+(l-e1B-...-eqB 6t
MA(q) yt 00+0q(B)st
0qB) =I1-0jB-...-O gBq
Bat =£11,...,Bget =et g
(pk) 0 lagq cuts off
pk”~0 ;k=12,3...q
pk=0 ;k>q
(pkk)
0 k dies down damped exponential damped
sine wave
MA 2 q< 2
33
(mixed autoregressive-moving average models) ARMA(p,q)
ARIMA(p,0,q) P AR MA
AR(p) MA() yt P
q ARMA(p,q)

VE=00+ Y&l +/Yt2 +—+dpy tp +0letl ~ 0262 - —0qEtq

yt =



g = i,i=123 q
o = i,i=123 P
£t = t
e0=/ 1M <»-..< )9)
<)\ stationary 0j
invertible
(pk) (Pkfc)
0 k dies down
damped exponential damped sine wave
3
(Bowerman O'Connell, 1993) 3
3
AR(p) = ARIMA(p,0,0) 0 0
P
MA(q) = ARIMA(0,0,q) 0 0
q
ARMA(p,q) = ARIMA(p,0,q) 0 0
- 3
ARIMA(p,d,q)
ARMA(p,g) ~ AR q
MA p+g+1 b
3 4 ( :
2539) ARMA
AR P ARMA(p,q) (stationary)
E(YY) V(¥ cov(YtlY J k
H

AR [
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1 AR(p) backward operator B

(1-*B-...-"Bp)yt =00+et

2, (1- <kB~...- <pBp)yt =0 B P
B unit circle | ] 1 B
4 ARMA(p,q) invertible
ARMA(p,q)
White noise yt = 00+£t -
AR(1) yt =00+ "1 Yt-1+ 1< <1
AR(2) Yt- 00+ !Yt1+ 2Yt2+ et 9+ <1
] <z
- <2<l
MA(1) yt = 0o+ £ f Olft4 1<0 <1
MA(2) Yt =°0+et- elft-1* @et—2 *02<1
02 * 01 <1
<02 <1
ARMA(L) yt =00+ <t yt-i+ £1- °ift-i 1< <1
- <0 <1
MA q [
MA(q) invertible MA(q) et
¥1¥1 .. 0,..... 0q MA(Q) invertible
1 MA(Q) backward operator B

yt =00+ (i-01B-...-0gB 6t
2. 1- GjB-..- G@Bq=0 B q
B unit circle (=] B

invertible



E(4)
t |
3 23 3

ARMA(p,q) {Z2J Zt- ARMA(p,q) {yt}

¥1- ARIMA(p,d,q) ARMA P AR q MA d
{zJ ARIMA(p,1,9)
¥1 5
ARIMA(p,,q) 6 ( , 2539)

5 ARIMA(p,1,q) {ZJ {¥1

ARIMA(p,l,q) VA {¥1
ARIMA(0,1,0) Zt =00+ et Y =00 Yt 1+ st
ARIMA(U) Zt=00+"zt I+et =00+ (1+<) Yt i~q Y 2+ B
ARIMA(2.1) ze=00+& Zt1+  Zt 245t Vt=00+ (1+h) W1+ (da- A) .2

-<h Yt'3+ E
IMA(U) Zt =00+et* 018-| Yt =00+ Yt I+ Et- Olet-l
IMA(L,2) Zt =00+ B" 018-1“ 02t-2  Yt=00+ Vt i+ Et- 0iB-I~ 02et-2
ARIMA(L1,1) Zt=00+h zt-1+ B Olet-l  YE=00+ (L +<ny Y1~ Yt 24 Bt
~ 18-
SARIMA
(P,D,Q)1 (seasonal integrated autoregressive and moving average order P,D,Q) p
SAR (seasonal autoregressive) Q SMA (seasonal moving average)

D {vt}

{zt SARMAP,QI  {¥} 7



6 PKY), pKZY pjz,) ARIMA(p,d,q)
ARIMA(p.d.0)
Yt Yt Zt = z
Random walk pk O pk O
AR(11) 0 pk 0 , k=2 .
AR21) 0 pr 0 k =3
IMAd.I) pk 0 k=2 0
IMA(L,2) pk 0 k=3 0
ARIMA(L,1, ) 0 0
7 SARMAP,Q)I {¥J
SARMA(P,Q), {YJ
SARD)I Yt =0(3+¥Y | +et
SAR@)! Yt=0B+ WL+AL Yt-2L+et
SMA(LI Wt =0@+et- Olet L
SMA@)1 Yt = O3+ et- o et - O2Let-2L
SRAMAL )1 Yt =0G+A. At-L+et_ Olet-L
SARMAPOQI L =1 pk
pK pk pkk 8
8 PKZ)pjz] SARMA(P,Q)2
SARMAP.Q).2 zt z
SAR(1)R pj2 PZL .. 0 PBk=° 7m k=24 36, .
SAR(Q)Z pPL p2 .. 0 Pk =° ™1k =36, 48, .
SMA(L)2 pk=0 k=24, 36, . PL1 P — 0
SMAQ2)R pk=0 k =36, 48, . Pi2D Posd — 0
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SARMA(P,1.QL ¥ SARMA(P,,Q),2
{23

1) Zt- SAR()2 yt- SAR(, )R zt=V X1
2l =00+ A2 zt-izvet
Yt =00+ (1 +M.2) -12_ "2 "i-24+et

2 Zt- SMA()Z  ¥1- SIMALL)R  Zt=V Xt
Zt = Oo+tet-G 12t 12
Y =00+ ¥t 12+ et- 012et-12

3 Zt- SARMA(LL)R  ¥1- SARIMA(LLDR Zt=V Drt
Zt =°0+ <klzt-12+ £t~ °12st-12
Yt =00+ (1 +<j\y Y-12 12 \t-24+ £t~ °12ft 12

ARIMA(p,0,0)XSARIMA(PD.Q)L A
d D
{*3
28 f=vw ru L=1) ¥1-
ARI(L) XSARI(L)R  Zt- AR) XSAR(L)R
Zt =00+ h zt i+M22zt-12- fafal zt-13+ et
4

- 4

(identification) (estimate parameters)

(diagnotic checking) ! (model for forecasting) 7

1~046° &09)
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TO3AOUNTHIA

MyualLea

h 4

thunuewnaens

WHDUQQTNLV\NTZGN‘HQG‘[&JLQG

Tobuaadvsuwennsot

7 L
5
19
. . 1963 Barnard (
Granger and Newbold, 1986) 2 simple
everage . . 1969 Bates Granger Barnard
weighted everage . . 1974 Newbold Granger weighted everage

! 2 -

- - stepwise autoregression
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1983 Winkler ;, Makridakis
1 weighted everage Newbold Granger
(243 Makridakis and Winkler;
Cleman and Winkler; Makridakis; Batchelor and Dua 1983, 1986, 1989 1995

(combining forecast)

1. (combining forecast)
2. (combine)
3.
4.
2 simple
everage weighted average simple everage

weighted average

weighted average

(combined forecasting)

3
(simple moving
average: SMA) (single exponential smoothing:
SES)

2 (Brown’s double exponential smoothing: DES)
2 (Holt's linear exponential c.ooothing:
LES) 3 (Brown’s triple exponential

smoothing: TES)
(exponential smoothing for exponential trend: ESE) (Regression

analysis: REG)
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- (Holt-Winters  smoothing: HWS)

(Regression analysis: REG)
1 GEnpde noving aerage SVAD
()

(horizontal)

®
2.
_yt+yt-i+-+yt-k+i
ot+1 — k=
yt+m = yt+1 1m>2
yt = t
ot+l = t+1
yH#m = t+m, m>2
k =
[
(exponential smoothing)
1
( , 2539)
1 0

(smoothing constant)
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2 it (singe eqoonertial smoathi

SES) (SMA)
(a)
(horizontal)
1
1
2 (a) O<a <1
3
Yt+l =ayt +a(l-a)yt i +a(l-a)2yt 2 +..
zayt+(l-a)9t
yt+m = Yt+1 . m" 2
vt t
W 1
Ytem = t+m, m>2
a = ;0<ac<l
01 30 (Sullivan

(a)
and Claycombe, 1977; Montogomery; Johnson and Gardiner, 1990; Makridakis; Wheelwright

and Hyndman, 1998 , 2543)

(SSB) !

2 Bonn's do

eponental syoohing S
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2. (a) O<a <1

[ t
At =(l-a)Atl+ayt
4, [ yt

Al =(-aA l+a\

5
at = 2At - Af
= At+ (L-(l-a)2~t
bt =17 (At-At)
= bt-1 +a2et
6.
9t+m =3t +btm , m>|
yt = / t
ot+m = t+m, m>|
a = SN i (ka <1
at = t
bt = t
Al s [ t
Ai = [ t
a4 2 (Hdlts line
eponental  shoothing LES
(DES)
2
' 3 4
2 2 {a 1?) O<a<l 10</?<1
SSE
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at =ayt +(l-a)At
bt =p(at —at-1)+ (1 —p)t>t-l

4.
Yt+m = at +btm ,m>|
yr = / t
ot+m = t+m, m>|
a =
j0<ac<l|
3
; 0<3<l
atht = t
5 mi 3 Bowrs triple
eqponental snoothing TES
(quadratic) ! 2 (DES)
3
L
92 : (a) Kac< SES
3 [ t
At =(l-a)At_i ay¢
4 {
At = (I- a)A'tt +aAt
5 {
At =(1-0"-!+aAt
6.
at =3At -3A't + At
tot = - 10 - 2 «6- 5a)At - 2(5- +(4- 3a)A;)
Cte  °2¢ (At-2AttAI)
.

yt =at +btm+ctm2 1m>|

yt o = / t
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Ot+m ~ t+m, m >|
a = ; O<acx<l
at,bt/ct = t
At t
At t
At = [ t
(Hat-\Winters snoathing BAD
[ 2 (LES)
3
1 24S
1
12 4
2. 3 («,/? y) Ckacl, 0</?<1 1
o<y <1 SSE
3
3.

Level; Lt =a(yt -st-s)+(l-a)(Lt 1+
Trend, bt =P(Lt -Lt_1)+(l-p)bt 1

Seasonal; -Lt)+(l-y)St_s
3.2
Level, Lt - «5%  +(i axLt-i + bt-i)

Trend; b, =p(Lt L, 1)+ (I-pjbthi
Seasonal; ¢y =T .2 +(l-y)St-s

4,

yttm —bt + btm + St-stm  1m>!



4.2

Yt+m = 0-t + btm)St-s+m 'm—l

yt = / t
yttm = t+m, m>|
Lt,bt,st = t
a =
; 0<(7<
p .
; 0</?<
y =
<P <
4 : 4
(eqponentia soathing for exqonential rend; BB
2 2 (a ) 0<«<l 10</%<
SSE
3.
Ll = AT 4 N0 YHm = StHtHm

st =St iTt_1+ 0£t t+1=StTt+ cet+1

Tt =Tt 1+ afk; t/St-1 T+l = Tt+ afk; t+1 t
yt = / t
yttm = t+m, m>|
a =

;O<a<l|
=) =
1 0<P <

Tt = t



(Recession analysis: REG)

, 2539)

81 (time variable)

(coded value)

yt =Po +Pit +et

yt =Po +Pit+p2t2 +et

exponential Y t=PoPItEt

®

8.2 (dummy variable)

1

yt =P0 +P2XIt +paxat +we+P X(L-)t +£t

yt -Po +Pit+ p2XIt +p3X2t + 4-+ pLx(L-Nt + £t
PO = (y-intercept)

P1=

i,i=23..L

Yt = Po + Pt +P2t2 +P3xIt +P4x2t + e+ PL+x(L-t + et

yt = PoP2XItp3X2t” -PLXIL 1 £t
yt = PoPitP2XItP3X2t-"PLXL 1Met



Inyt

average)

45

( logarithm yt
y'

Inyt =GnP0) + (|nP2)xit -... + (InpL)x(L-i)t + (Inet)

yt = Po + p2xit + ==+ PLx(L-i)t +et

Inyt = (INP0) +(INPi)t + (p2)xit +... + (InpL)x(L-ipt +(Inet)
yt = PO +Pft+ p2xit +p3xat +..+ P[X(L-1t +e't

po = (y-intercept)

i,i=23...L

0 t
(combined forecasts) (weighted

Newboid Granger (1974)

1

2 1= ByliLaLoNGKpRWUNIVERSITY 1

9t = X wiVt()

ef) =~ t=yt A ,1=123...p

y@ =

yt =
W =

P =
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! Newbold Granger (1974)

2
1
2
6
(mean absolute error: MAE)
(mean absolute deviation: MAD) (mean square
error: MSE) (root mean square error: RMSE)
(mean absolute percentage error: MAPE)
3
(mean absolute percentage error: MAPE)
(Shearer, 19%4; Hanke and
Reitsch, 1995; , 2539 , 2543)

(mean square error: MSE)
(Thompson, 1990 , 2543)

(mean error: ME)

Yt - ot

vaee= 1 YU oo
Z(yt-Y1)2
X (Yt-Yt)
VE=-"N —

Yt = t

Yt = t
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(MAPE) 9
(Lewis, 1982)

9

MAPE (%)
<10
10-20
20-50
>50 !

(ME)
ME
ME
ME 0

(2520)
- .. 2513-2518
ARIMA (2,00)
ARIMA

(010) X SARIMA (0,11)P

(2522)

. 2506-2520 !



(2528)

(2529) SES,  DES,

( ’ -
50, 60, 70, 80, 90, 100, 110 120 -

(2539) !

(MAPE) X

(2539)
SES, DES, LES
(=30)
( =50, 70)
(2540) :
REG, SMA,  SES -

(243)

SMA, SES, DES, LES, TES, HWS REG

- (Holt-Winters  smoothing:

HWS) (Regression analysis: REG) 2



(2549)

Winkler Makridakis (1983)
Newbold Granger (1974) 5 10
(simple moving average: SMA)
exponential smoothing: SES)
(Brown’s double exponential smoothing: DES)

(Holt's linear exponential smoothing: LES)

(Brown's triple exponential smoothing: TES)

(Regression analysis: REG) -

49

(naive)

(single

(Holt-Winters smoothing: HWS)

(adaptive response rate exponential smoothing: ARRES)

Automatic AEP 1,001 (series)
Newbold Granger 1 3
(MAPE)

Makridakis Winkler (1983)
m 1,001
simple everage
(naive) (simple moving average: SMA)
(single exponential smoothing: SES)
response rate exponential smoothing: ARRES)

(Brown's double exponential smoothing: DES)

14

(adaptive
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(Holt's linear exponential smoothing: LES)

3 (Brown's triple exponential smoothing: TES)

- (Holt-Winters smoothing: HWS) (Regression analysis:
REG) Automatic AEP - (Box-Jenkins: B-J) Lewandowski's FORSYS
system  Parzen's ARIMA methodology Bayesian Forecasting MAPE

[
Attwell Smith (1991) m
Gate model Dirichlet process

Dirichlet model 2

Gate model

Batchelor Dua (1995) 4

real GNP growth (RGNP), inflation in the implicit GNP deflator (PGNP), the

growth of corporate profits (PROF) the umemployment rate (UNMP) 2
10 . . 1978-1987

(combine)

(MSE)

Pammer, Fong Arnold (2000)

Markov-chain Monte Carlo

1

Settimit Smith (2000) Linear Bayes

method, Algebraic approximate method Gibbs sampler method non-Gaussian



dynamic processes

51

Markov-chain Monte Carlo

Markov-chain Monte Carlo

Poisson model Linear Bayes method Algebraic

approximate method

de Alba

(seasonal)

1987

(Box-Jenkins: B-J)
10, 11 ©

10

Attwell Smith
(1991

model

Gibbs sampler method

Mendoza (2001)

(Box-Jenkins: B-J) 2
1971 1978
Maxican
1994 (trend)
MAPE -

(Bayesian method) -

(combined forecasting)

(Bayesian method)

Dinchlet model 2
Gate
Gate model

Dirichlet process

Pammer, Fong

Arnold (2000)

! 3 "ol
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10( ) (Bayesian method)
Settimit  Smith Linear Bayes method
(20 ) Linear Bayes ajgepraic approximate method Gibbs

method, Algebraic sampler method

approximate method
Gibbs sampler method
non-Gaussian
dynamic processes
Markov-cham Monte

Carlo

de Alba Mendoza
21 - MAPE -

1 - (Box-Jenkins: B-J)

B-J
(2520)
ARIMA (2,00)
ARIMA (010) X
SARIMA (0,1.1>12
(2522)

B-J



()

(2528)

(2529)

(2539)

(240)

(243

(Box-Jenkuis. 5-)

B-J,

S5 BES

B-J

BJ
(MAPE)

REG,
SMA, SES
B-J

BJ BJ

B-J

0, 60, 70, &,



(=28

(2539)

(243)

& b (Bux-Jenkins: B-))

B,

(combined forecasting)

SES DES, LES
(=30
70)

SMA, SES DES, LES,
TES, H\S REG

HWS

REG

(=0,



{
Winkler
Makndakis (1983)
Newbold Granger
(2974) 5

Makndakis

w inkier (1983)

(combined forecasting)

naive, SMA, SES,
LES, TES, REG, HWS,
ARRES Automatic
AEP

naive, SMA, SES,
ARRES, DES, LES,
TES, REG, HWS,
Automatic AEP, B-J,
ewandowski FORSYS
system, Parzer's ARMA
methodology

Bayesian forecasting

Granger

(MAPE)

Newbold
1 3
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