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The Combination of Forecasts

J. M. BATES and C. W. J. GRANGER
Department of Economics, University of Nottingham

Two separate sels of forecasts of airline passenger data have been combined 1o
form a composite set of forecasts. The main conclusion is that the composite set
of forecasts can vield lower mean-square error than either of the original forecasts.
Past errors of cach of the original forecasts are used to determine the weights 1o
attach to these two original forecasts in forming the combined forecasts, and
different methods of deriving these weights are examined,

Combining Point Forccasts: The Simple Average Rules, OK?

Jeremy Smith and Kenneth F. Wallis

Department of Economics
University of Warwick
Coventry CV4 7AL. UK
[K.F.Wallis@warwick.ac.uk]

February 2005

Abstract ''his paper explores a possible explanation of the forecast combination puzzle, that
simple combinations of point forecasts are repeatedly found to outperform sophisticated
weighted combinations in empirical applications. The explanation lies in the effect of finite-
sample error in estimating the combining weights. /A small Monte Carlo study and a
reappraisal of an empirical study by Stock and Watson (2003a) support this explanation.

Published in nfernational Journal of Forecasting (1989), 5, 585-588
Combining Forecasts: The End of the Beginning or the Beginning of the End?”

I. Scott Armstrong
The Wharton School, University of Pennsylvania

Abstract

Research from over 200 studies demonstrates that combining forecasts produces consistent
but modest gains in accuracy. However. this research does not define well the conditions
under which combining is most effective nor how methods should be combined in each
situation. Rule-based forecasting can be used to define these conditions and to specify more
effective combinations.

Introduction

“Combining Forecasts” by Clemen (1989) is a milestone on the topic of combining forecasts. His paper
summarizes a great amount of research from different fields in a concise and readable manner. It will save time for
those who do further research on combined forecasts.

Statistical Seience
1999, Vol. 14, No. 4, 382417

Bayesian Model Averaging: A Tutorial

Jennifer A. Hoeting, David Madigan, Adrian E. Raftery and Chris T. Volinsky

Abstract. Standard statistical practice ignores model uncertainty. Data
analysts typically select a model from some class of models and then
proceed as if the selected model had generated the data. This approach
ignores the uncertainty in model selection, leading to over-confident in-
ferences and decisions that are more risky than one thinks they are.
Bayesian model averaging (BMA) provides a coherent mechanism for ac-
counting for this model uncertainty. Several methods for implementing
BMA have recently emerged. We discuss these methods and present a
number of examples. In these examples, BMA provides improved out-of-
sample predictive performance. We also provide a catalogue of currently
available BMA software.

Key words and phrases: Bayesian model averaging, Bayesian graphical
models, learning; model uncertainty, Markov chain Monte Carlo.

<?9 "% 9

,’8"




# $ %&

( ) *
: *7T 05" % $°" "7
3 $ 5 o "
3 2 1 5 O [ 1]
* 3 1] $
% 5%
# 5 S & "%
8 % 0 o
) & % * @
+
% AS$ " O /0O
" B% A " $
o 1"" 0 % *06 $ ) .C

,; 5" % $" 0 " % 0"
0$ O 5& "4 * |




"o @2)

&1

\F -
o Lo
o
m
o -
o © *
S K<
A
& ©
o o
o o~ Ll
> +
Lo
1o}
T o
A S R
| | I L B
. I I I ]
" o t 8
| | | | 1 ©
| | | | N
N N B © ]
| | | | —
I | | I foe)
| | | | —
I I I I ~
I I | | —
IR S S S ol e
” ” ” ” 0
I S W -+ 3
. ¢ | |®
o s <«
I I I I 3
Ab o | =
| | | o
v ] | I I — .
I R B e N
| L ” @
| N | )
| |
| ' | ~
“E— [ #“‘\ 6 A
I I
Lo | W @ | ©
S - B B e - <
- N | .” ” ™
, ” ” ” ~
| I I I
s ¢ 13
LN o Lo o n o Lo o
m ® o «& o o9 S &
o o o o o o o o

$ %

D

S),(GA; *D
"3 %

5:F:4%%

H4:60"

* %

%

$

$ %

HA4:

%

$%

OII

%

% $% .

*
%

7% % B%

$

5

2% 1"7




+ +

; % /L M5" 7 5 % ! % $
>, % N%5 5% - 5 + 5 6"
N%5 $"5%0 K@ 5 "% % $K 5
" N%S O " S ES % N%5 * JK %
5% K 5
O0%55" % $ "N "5 % 5 0 S
! N $ % ;o % "9 5% $+ % O
7 % N 5+ 6"5% 0 K 5%
% $ %
"y " H 2 %5" 0 % )
9 5 o" " N5 "05" $ $ 9
5 $ 5 "905 , % 6" 55% $ "KK
0 K%
75 % 7 0 5" 9 $% " "5 %8
0 ,@ % " $5% 9 + %
7 7 $ %7" " 5" $$ L $
5%85% 0 @+E % $ " "% 5 %




1

A
I

[ake 10

U

[0 ork Day

Kids n =102
kid average = 6,903

Parents n = 33
Parent average = 5,443

Evidence for a trimmed mean




>+-

+ 3

Actual pennies in jar = 3,936

Closest kid guess = 3,892
D = +44 (within black line )

Closest parent guess = 3,325
D=-611

Kids trimmed mean = 3,527
D=-409

Parents trimmed mean = 4,332
D= +396

Kid AND Parent trimmed
mean = 3,930 or D= -6
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5 $ % 3 E(M,)=1(X,9) Can use
5 OR E(M,)=9(W,w) > different data,
OR 05" S . variables,
Gg . L . and/or forms
B% G40 " E(M,)=n(Z,/)
:_:‘/0 00"5 2 E(Mcombined): f(Ml!MZ!"'!Mn)
9 n
> ¥ : E( M combined) = kM,
G OR * i=1
05"S. 1
G $ * ) k, == ; for simple average

E(Mcombined) :C + kl)M1+ k2>M2+>>)+ kn)M n s for regreSSion
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General form, Y = f (X) + ¢

Where; Y is the response, X is a vector of predicoables ande is the residual, the deviation
of the response variable form the relationshipigkX to Y.

n
MARS form, Y= BF.(X)+
|
i=1
Where; Y, X, anéare the same as above, B~the " BF that represents the transformation of a
single predictor variable or interaction over itsterval, n is the number of basis functiohss
the coefficient associated with the particular BF

k
2nd Order Polynomial form, Y=0,+ b+

k

k
bij)(in+e

i=1 j3i

Where;/ is the expected value awds the coefficient associated with the particulaput or
independent variable x

ebo+ blx .
1+ gbbx-

Where,p(x) is logit transformation and calculates changes$og odds of the dependent, not changes in thendigme itself as in OLS.

etc. A 7 $% $

Logistic Regression form, p(X) =
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Regression Analysis: Cd observed versus M oMM,
The regression equation is

Cd observed =- 0.0186 + 0.302 M , +0.270M , +0.485M , $$ % B%
Predictor Coef(k ) SECoef T P $

40" %

Constant(C) -0.0186 0.0359 -1.16 0.248

M 0.3021 |0.1421 2.13 0.037
M, 0.2697 §.1533 1.76 0.083
M 0.4854 §.1251 3.88 0.000

S=0.00786183 R-Sq = 86 R-Sq(adj) = 86.0%

E(Mcombined):C+k1>M1+k2)M2+”)+kn)Mn

$$ $ 4 5 05" $




O:

3

K+ KK
K>K KK
K- KK

>>K

> * >

>>

>>




X X X
X % Xxxx L x xxxx‘ X S x X e %
6 MK x x Xxx X&
x X x X
% v x x X x % x
X x X X X
X X xx‘xx X X‘x&x‘xx
A s 25 &x%\‘ (% s et % X K
% ' x TX L x> X X
x x x
b x x x
% % e X N xx% Iy xxx
X X % X
N ) 9 w}‘; S 52
*W ° x xR X X% x
X0 x xX x X x
pos x x x
xx(\ X % Ax " XX* " X
ok, ple| AR A 0 | L LgmE
X o }gc > X S x
X " K% X & o X% se x " *
X X X X x X XX 50 8
x >§ x AP {g\@t x % *’;‘sc
X X Z&;&‘ x ? X 305 R
X x x x % x 2 x
x}Sx x ><‘>>c<‘><~ ;§°>§<~X‘ % Xe XX ‘ x
x X x x
X g x RN x X %i*"fc R A
% X |x X ;% X% % x x 9
% 0 x yx& X X< 2 @
x X X % X % x
T T T T T T 1 T
> >




%




. '44E

6E | " 5l &
3 B: :( :+ B,(+

I % Gl
3 05
3 A7 "5 %
cC D
I G * 5,
I 15 *5$%.
I /0" 0 % *5
I ) "OR!'* 0 " 7
I 5@ %
5 *

05" % %



%

+ -
%
@)
+ - @)
S o o < o
© & O P o
1 0 o6 9 S & ---0Q
o e % B
e} @) =
o O (a o @
' (] ©)
_ L o
CU adjustment for
I convertibles
I I I I I I I
i i i ) % <
@ I < < 8 O

45
O OR N%
® % N%
o 5 5
+25=06.8
+1s=3.4
( SJ>+
5
-1s=-34
-2s=-6.8

Mean Absolute Percent Error (MAPE)

* 4.38% (apparent; during model building)

* 4.28% (predictive; since model built)

Note: <10% considered highly accurate
by Lewis (1982)
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