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ABSTRACT 
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f o r e c a s t i n g  performance 

The purposes o f  t h i s  s tudy a re  two: 1) t o  compare t he  f o r e c a s t i n g  

a b i l i t i e s  o f  t h e  t h ree  methods: u n i v a r i a t e  au to reg ress i ve  i n t e g r a t e d  moving 

average (ARIMA), m u l t i v a r i a t e  au to reg ress i ve  i n t e g r a t e d  moving average 

(MARIMA), and v e c t o r  au to reg ress i on  (bo th  unconstrained--VAR--and 

Bayesian--BVAR) and 2 )  t o  s tudy t h e  i dea  t h a t  one advantage o f  v e c t o r  

au to regress ions  i s  t h a t  t he  models can e a s i l y  and i nexpens i ve l y  be r e e s t i m a t e d  

a f t e r  each a d d i t i o n a l  da ta  p o i n t .  A l l  o f  these methods have been shown t o  

p rov ide  f o r e c a s t s  t h a t  a re  more accura te  than  many econometr ic methods, which 

r e q u i r e  more resources t o  implement. 

These methods were a p p l i e d  t o  seven economic v a r i a b l e s :  r e a l  GNP, 

annual i n f l a t i o n  r a t e s ,  unemployment r a t e ,  t h e  money supp ly  ( M I ) ,  g ross 

p r i v a t e  domest ic investment ,  t h e  r a t e  on f o u r -  t o  six-month commercial paper ,  

and the  change i n  bus iness i n v e n t o r i e s .  The major r e s u l t s  o f  t h i s  s tudy  a re :  

1) on average, t h e  method t h a t  per forms b e s t  i n  terms of  t h e  r o o t  mean square 

e r r o r  (RMSE) i s  t h e  m u l t i v a r i a t e  ARIMA model; 2) t h e  u n i v a r i a t e  ARIMA and BVAR 

methods pe r f o rm  approx imate ly  t h e  same on average; 3 )  r e e s t i m a t i n g  t h e  VAR 

model a f t e r  each da ta  p o i n t  i nc reases  t h e  accuracy of t h i s  method; 4 )  

r e e s t i m a t i n g  t h e  BVAR model a f t e r  each da ta  p o i n t  becomes a v a i l a b l e  decreases 

t h e  accuracy o f  t h i s  method; and 5) the  VAR method u s i n g  r e e s t i m a t i o n  i s  

approx imate ly  as accura te  as t he  BVAR method. 



UNIVARIATE AND MULTIVARIATE ARIMA VERSUS VECTOR AUTOREGRESSION FORECASTING 

I. I n t r o d u c t i o n  

The main purpose o f  t h i s  research  i s  t o  compare f o r e c a s t s  from t h r e e  

popu la r  t ime  s e r i e s  methods o f  f o r e c a s t i n g :  ARIMA, MARIMA, and VAR-BVAR. As 

p a r t  o f  t h i s  e f f o r t ,  we examine t he  problem o f  whether t he  VAR and t h e  BVAR 

models should  be rees t imated  a f t e r  every  new da ta  p o i n t .  The a b i l i t y  t o  

r ees t ima te  these models e a s i l y  and i nexpens i ve l y  has been c la imed as one 

advantage o f  these models compared t o  ARIMA and MARIMA models. However, t h e r e  

seems t o  be a  l a c k  o f  s t ud ies  concern ing t h i s  aspect  o f  VAR and BVAR models. 

The da ta  used i n  t h i s  s tudy  a re  q u a r t e r l y  observa t ions  on t h e  f o l l o w i n g  

v a r i a b l e s :  r e a l  GNP (RGNP), t h e  GNP d e f l a t o r  (INFLA), t h e  unemployment r a t e  

(UNEMP), t h e  money supply  ( M I ) ,  g ross p r i v a t e  domest ic investment  (INVEST), 

t he  r a t e  on f o u r-  t o  six-month commercial paper (CPRATE), and t h e  change i n  

bus iness i n v e n t o r i e s  (CBI) .  The models used i n  t h i s  s tudy  were a c t u a l l y  

es t imated  i n  t he  change i n  t he  l o g  o f  RGNP, t h e  change i n  t he  l o g  of INFLA, 

UNEMP, t he  l o g  o f  M I ,  t he  l o g  o f  INVEST, CPRATE, and CBI over  t h e  t ime  p e r i o d  

1948:IQ through 1979:IVQ. (The s t a r t i n g  p o i n t  o f  t h e  e s t i m a t i o n  t ime  p e r i o d  

was a d j u s t e d  f o r  t he  l ags  i n  t h e  cor responding models.) The models were then  

used t o  f o r e c a s t  t he  l o g  o f  RGNP (LRGNP), t h e  l o g  o f  INFLA (LINFLA), t h e  l o g  

o f  M I  (LM1 , UNEMP, t he  l o g  o f  INVEST (LINVEST) , CPRATE, and CBI . 

11. Time Se r i es  Models 

The f o l l o w i n g  i s  a  ve r y  b r i e f  d e s c r i p t i o n  o f  t he  t ime  s e r i e s  models used 

i n  t h i s  s tudy .  The u n i v a r i a t e  ARIMA models a re  d iscussed i n  d e t a i l  i n  Box and 



Jenk ins  (1976). T iao  and Box (1981) p r o v i d e  a  more d e t a i l e d  d e s c r i p t i o n  o f  

t h e  m u l t i v a r i a t e  ARIMA models, and L i t t e r m a n  (1986) and Doan, L i t t e rman ,  and 

Sims (1984) d iscuss t he  VAR and BVAR models. A l l  o f  these models a re  

p a r t i c u l a r  ve rs ions  o f  t he  genera l  t ime  s e r i e s  model of o rde r  ( p , q >  g i v e n  by:  

where 

( 2  

and 

B  = backsh i f t  ope ra to r  (e.g., BSZ i , ,  = z , , ~ - , ) ,  

I = k  x k  i d e n t i t y  m a t r i x ,  - 

z = v e c t o r  o f  k  v a r i a b l e s  i n  t h e  model, - 

@ j ' s  and - e j l s  = k  x  k  ma t r i xes  o f  unknown parameters, 

e0 = k  x  1  v e c t o r  o f  unknown parameters,  and - 

a  = k  x 1  vec to r  of random e r r o r s  t h a t  a re  i d e n t i c a l l y  and - 

independent ly  d i s t r i b u t e d  as N ( O , C ) .  

Thus, i t  i s  assumed t h a t  the  a,,,'s a t  d i f f e r e n t  p o i n t s  i n  t ime  a re  

independent ,  b u t  n o t  n e c e s s a r i l y  t h a t  t h e  elements o f  a t  a re  independent a t  

a  g i v e n  p o i n t  i n  t ime.  

The u n i v a r i a t e  models use o n l y  p a s t  h i s t o r y  o f  the  i n d i v i d u a l  s e r i e s  

b e i n g  modeled. Thus, t hey  do n o t  use any i n f o r m a t i o n  f r om o t h e r  s e r i e s  t h a t  



may be r e l a t e d  t o  t h e  se r i es  be ing  f o r e c a s t .  The MARIMA, VAR, and BVAR models 

use i n f o r m a t i o n  f r om o t h e r  r e l a t e d  s e r i e s  t o  a t tempt  t o  o b t a i n  b e t t e r  

f o recas t s .  These models d i f f e r  i n  how they model the  r e l a t i o n s h i p s  among t h e  

s e r i e s .  Both VAR and BVAR assume t h a t  the  r e l a t i o n s h i p s  can be approximated 

by u s i n g  o n l y  au to regress ive  components o f  t he  more general  au to reg ress i ve  

i n t e g r a t e d  moving average (ARIMA) models. The d i f f e r e n c e  between the  VAR and 

t h e  BVAR models i s  i n  the  method o f  e s t i m a t i n g  t h e  models r a t h e r  than i n  t h e i r  

form. 

The n-period-ahead f o r e c a s t s  f r o m  these models a t  t ime  t ( z t ( n ) >  a r e  

g i v e n  by:  

where, f o r  any va lue  o f  t,n,m, [xt+,-,1 i m p l i e s  t he  c o n d i t i o n a l  expected 

va lues  o f  the  random v a r i a b l e s  ;,+,-, a t  t ime t. I f  n-m i s  l e s s  than o r  

equal  t o  zero,  then  t h e  c o n d i t i o n a l  expected va lues a re  t h e  a c t u a l  va lues o f  

t h e  random v a r i a b l e s  and t he  e r r o r  terms. I f  n-m i s  g r e a t e r  than  zero,  t hen  

t h e  expected va lues a re  t he  b e s t  f o r e c a s t s  a v a i l a b l e  f o r  these random 

v a r i a b l e s  and e r r o r  terms a t  t ime  t. Because t he  e r r o r  terms a r e  u n c o r r e l a t e d  

w i t h  p resen t  and p a s t  i n f o r m a t i o n ,  t h e  bes t  f o r e c a s t s  o f  t h e  e r r o r  terms f o r  

n-m g r e a t e r  than z e r o  a re  t h e i r  c o n d i t i o n a l  means, which a re  ze ro .  The 

f o r e c a s t s  can be generated i t e r a t i v e l y  w i t h  t he  one-period-ahead fo recas ts  

t h a t  depend o n l y  on known va lues o f  t h e  v a r i a b l e s  and e r r o r  terms. The 

l o n g e r- l e n g t h  f o r e c a s t s ,  i n  t u r n ,  depend on t he  sho r t e r- l eng th  fo recas ts .  



111. Development of  Models f o r  Fo recas t i ng  

Because we wish t o  t e s t  which method p rov ides  b e t t e r  fo recas ts ,  we 

d i v i d e d  t he  da ta  i n t o  two p e r i o d s .  The da ta  f r om  1947:IQ th rough  1979:IVQ 

were used t o  es t ima te  the  models f o r  each method w i t h  ad jus tments  i n  t h e  

s t a r t i n g  p e r i o d  f o r  the  l ags  i n v o l v e d  i n  t he  cor responding models. The l a s t  

26 obse rva t i ons  ( f r om  1980:IQ th rough  1986: I IQ)  were used t o  t e s t  t he  f o r e c a s t  

accuracy o f  these models i n  terms o f  r o o t  mean square e r r o r  (RMSE) o f  t h e  

f o recas t s  f o r  one t o  e i g h t  q u a r t e r s  ahead. 

The ARIMA models were developed us i ng  t h e  method o f  Box and Jenk ins 

(1976).  Th is  i s  an i t e r a t i v e  method t h a t  i nvo l ves :  1) t e n t a t i v e l y  i d e n t i f y i n g  

a model by examining a u t o c o r r e l a t i o n s  o f  t he  s e r i e s ;  2) e s t i m a t i n g  t he  

parameters o f  t h i s  model; and 3 )  a p p l y i n g  d i a g n o s t i c  checks t o  t h e  r e s i d u a l s .  

If t h e  r e s i d u a l s  do no t  pass t h e  d i a g n o s t i c  checks, then  t he  t e n t a t i v e  model 

i s  mod i f i ed ,  and s teps two and t h r e e  a re  repeated.  Th i s  process con t inues  

u n t i l  a s a t i s f a c t o r y  model i s  ob ta i ned .  

For t he  MARIMA model, we developed a model by u s i n g  t h e  method o f  T i a o  

and Box (1981). Th i s  method i s  s i m i l a r  t o  t h a t  of t he  Box and Jenk ins method 

f o r  u n i v a r i a t e  models, except  t h a t  c r o s s- c o r r e l a t i o n s  between t h e  s e r i e s  a r e  

added and modeled f o r .  

For t he  VAR and BVAR models, we used s i x  l ags  o f  each v a r i a b l e  and a 

c o n s t a n t  i n  each equa t ion .  I n  t h e  BVAR models, severa l  parameters s p e c i f y  t h e  

p r i o r  d i s t r i b u t i o n  used i n  t he  e s t i m a t i o n  process.  To s p e c i f y  these 

parameters,  we used the  "Minnesota"  p r i o r  as i d e n t i f i e d  i n  t h e  RATS program 

f r o m  VAR Econometr ics.  



Because o f  t h e  l a r g e  number o f  parameters i n v o l v e d  i n  t h e  models, we do 

n o t  p resen t  t h e  models i n  t h i s  paper. The models can be ob ta i ned  f rom t h e  

au tho r  on reques t .  

I V .  Forecas t ing  Resu l t s  

The models developed f o r  t h i s  s tudy were used t o  f o r e c a s t  the  seven 

v a r i a b l e s  f o r  a f o r e c a s t  h o r i z o n  o f  up t o  e i g h t  q u a r t e r s  over  the  p e r i o d  of 

1980:IQ th rough  1986 : I IQ .  These were ac tua l  f o r e c a s t s  and d i d  n o t  use any 

i n f o r m a t i o n  w i t h i n  t h e  f o r e c a s t  hor i zon .  Thus, t h e  number o f  f o recas t s  we 

have f o r  each f o r e c a s t  l e n g t h  v a r i e s .  For one-quarter-ahead f o recas t s ,  we 

have 26 obse rva t i ons ;  f o r  two qua r t e r s  ahead, we have 25 observa t ions ,  e t c .  

For t he  purposes o f  t h i s  s tudy,  we c a l c u l a t e d  t h e  r o o t  mean square e r r o r  

(RMSE) as a measure o f  f o r e c a s t  accuracy.  The r e s u l t s  a r e  presented i n  t a b l e s  

1 through 7. Tables 8 th rough  14 p resen t  t he  cor responding ranks f o r  t h e  

d i f f e r e n t  methods. 

LRGNP 

For LRGNP, t h e  b e s t  method f o r  one- t o  s ix- quar ters- ahead f o r e c a s t i n g  

was t h e  MARIMA. For seven and e i g h t  qua r t e r s ,  t h e  b e s t  model was the  s t a t i c  

VAR. The BVAR model was second b e s t  f o r  f o r e c a s t  ho r i zons  o f  one, t h ree ,  

seven, and e i g h t .  The UARIMA model was g e n e r a l l y  f i f t h  o r  s i x t h  except f o r  

t h e  one-quarter-ahead f o r e c a s t ,  i n  which i t  was t h i r d .  Table 15 p resen ts  t h e  

average r a n k  o f  t h e  s i x  methods by  v a r i a b l e  over  a l l  e i g h t  l ags .  From t h i s  

t a b l e ,  we see t h a t  t h e  MARIMA method has t he  s m a l l e s t  average rank, 1.88, 

w i t h  t he  s t a t i c  VAR model second a t  2.38. 



LINFLA 

For LINFLA, t h e  b e s t  method f o r  a l l  f o r e c a s t  l eng ths  was t h e  UARIMA 

model. The rees t imated  BVAR model was second b e s t  f o r  one- t o  f o u r - q u a r t e r  

and s i x- qua r t e r  f o r e c a s t s .  The rees t imated  VAR was second bes t  f o r  f i ve- ,  

seven-, and e i g h t - q u a r t e r  f o r e c a s t s .  The method w i t h  t he  b e s t  average rank  

was t h e  UARIMA model, w i t h  t he  rees t imated  BVAR second bes t .  For t h i s  

v a r i a b l e ,  t he  r e e s t i m a t i o n  f o r  bo th  t he  BVAR and t h e  VAR models p rov i ded  an 

i nc rease  i n  accuracy compared t o  t he  s t a t i c  models. The MARIMA was t h e  wo rs t  

p r e d i c t o r  f o r  t h i s  v a r i a b l e .  

For LM1, t he  MARIMA method was bes t  f o r  one- t o  f i v e- q u a r t e r  f o r e c a s t s ,  

t he  UARIMA method was b e s t  f o r  s i x -  and seven-quarter f o r e c a s t s ,  and t h e  

rees t ima ted  BVAR was b e s t  f o r  e i gh t- qua r t e r  f o r e c a s t s .  The MARIMA method was 

b e s t  i n  terms o f  average rank  ove r  t he  e i g h t  q u a r t e r s ,  w i t h  t h e  s t a t i c  BVAR 

second. Rees t imat ion  o f  t he  VAR and BVAR models lowered the  accuracy of t h e  

f o recas t  on average. 

UNEMP 

For UNEMP, t he  MARIMA method was bes t  f o r  one- t o  seven- quarter 

f o r e c a s t s  w i t h  t he  r ees t ima ted  VAR b e s t  f o r  e i g h t - q u a r t e r  f o r e c a s t s .  The b e s t  

method i n  terms o f  average rank  was t h e  MARIMA method. Rees t imat ion  i nc reased  

t h e  accuracy o f  t h e  VAR method b u t  decreased t he  accuracy o f  t h e  BVAR on 

average. 



L I  NVEST 

For LINVEST, t he  bes t  methods were UARIMA f o r  one- quar ter  f o r e c a s t s ,  t h e  

rees t imated  VAR f o r  two- and th ree- quar te r  f o r e c a s t s ,  and MARIMA f o r  f o u r -  t o  

e i gh t- qua r t e r  f o r e c a s t s .  On average, t he  MARIMA method was bes t .  

Reest imat ion improved t he  accuracy o f  bo th  t h e  VAR and BVAR methods. The 

rees t imated  VAR was more accura te  than t he  rees t ima ted  BVAR method. 

CPRATE 

For CPRATE, t he  b e s t  methods were s t a t i c  VAR f o r  one- t o  f o u r- q u a r t e r  

fo recas ts ,  MARIMA f o r  f i v e- q u a r t e r  f o r e c a s t s ,  and UARIMA f o r  s i x -  t o  e i g h t -  

q u a r t e r  f o r e c a s t s .  On average, t he  bes t  f o r e c a s t  method was t he  MARIMA 

method. Rees t imat ion  decreased the  accuracy o f  bo th  t he  VAR and BVAR methods. 

For CBI, t h e  b e s t  methods were MARIMA f o r  one- quar ter  f o r e c a s t s ,  s t a t i c  

VAR f o r  two- and f i v e - q u a r t e r  f o recas t s ,  and rees t ima ted  VAR f o r  s i x-  t o  

e i g h t - q u a r t e r  f o r e c a s t s .  Reest imat ion inc reased  t h e  accuracy of t he  VAR 

method b u t  decreased t h e  accuracy o f  the  BVAR method. 
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The o v e r a l l  average ranks f o r  the  s i x  methods are:  

UARIMA 

MARIMA 

VAR 

S t a t i c  

Reest imated 

BVAR 

S t a t i c  

Reest imated 

Thus, t h e  b e s t  method i n  terms o f  average rank  over  a l l  seven v a r i a b l e s  

and e i g h t  f o r e c a s t  l eng ths  was t he  MARIMA method. The worst  was t he  s t a t i c  

VAR. 

Table 16 p resen t s  t he  average ranks by l a g  f o r  t he  s i x  methods. From 

t h i s  t a b l e ,  we see t h a t  t he  bes t  method f o r  one- and three-  t o  s i x- qua r t e r  

fo recas ts  was t h e  MARIMA method ( w i t h  t he  r ees t ima ted  VAR t i e d  f o r  f i r s t  for 

seven- quarter f o r e c a s t s ) .  The rees t imated  VAR method was b e s t  f o r  two- quar ter  

f o r e c a s t s .  The MARIMA and rees t imated  VAR were t i e d  f o r  seven- quarter 

f o r e c a s t s .  The UARIMA method p rov ided  t h e  b e s t  f o r e c a s t s  f o r  e i gh t- qua r t e r  

f o r e c a s t s .  



V. S p e c i f i c  Comparisons 

I n  t h i s  sec t i on ,  we compare t h e  methods based on two c r i t e r i a :  1)  t h e  

number o f  f o r e c a s t  hor i zons  i n  which one method f o r e c a s t s  b e t t e r  than t he  

o t h e r  by v a r i a b l e ;  and 2)  t h e  average rank  (when o n l y  t he  two methods be ing  

compared a re  i nc l uded  i n  t h e  r ank ing )  ove r  the  seven v a r i a b l e s  by f o r e c a s t  

ho r i zons .  

UARIMA versus MARIMA 

For  f i v e  o f  t he  seven v a r i a b l e s  (LRGNP, LM1, UNEMP, LINVEST, AND 

CPRATE), t h e  MARIMA method p rov ided  b e t t e r  f o r e c a s t s  than  t he  UARIMA f o r  a  

m a j o r i t y  o f  t he  f o r e c a s t  hor i zons .  The MARIMA method a l s o  p rov i ded  b e t t e r  

f o r e c a s t s  f o r  one- t o  f i v e- q u a r t e r  ho r i zons  than t h e  UARIMA. Thus, on 

average, t he  MARIMA method d i d  b e t t e r  than  t he  UARIMA method. 

UARIMA versus VAR ( s t a t i c )  

The UARIMA method p rov ided  b e t t e r  f o r e c a s t s  than  t he  s t a t i c  VAR method 

f o r  t h r e e  v a r i a b l e s  (LINFLA, LM1, AND LINVEST), w h i l e  t h e  s t a t i c  VAR p rov i ded  

b e t t e r  f o r e c a s t s  f o r  t h r e e  v a r i a b l e s  (LRGNP, CPRATE, and CBI) i n  terms of  

number o f  f o r e c a s t  hor i zons .  The two methods t i e d  f o r  UNEMP. For t h e  

f o r e c a s t  hor i zons ,  t h e  UARIMA method p rov i ded  b e t t e r  f o r e c a s t s  f o r  one th rough  

f o u r  and s i x  through e i g h t  qua r t e r s ,  w h i l e  the  s t a t i c  VAR method p rov i ded  

b e t t e r  f o r e c a s t s  f o r  o n l y  t he  f i v e - q u a r t e r  hor i zon .  Thus, when compared by  

v a r i a b l e ,  t h e  two methods t i e d ;  b u t  when compared by  f o r e c a s t  ho r i zon ,  t h e  

UARIMA method was b e t t e r .  



UARIMA versus VAR ( rees t imated)  

The rees t imated  VAR method p rov ided  b e t t e r  f o r e c a s t s  f o r  f o u r  o f  t h e  

v a r i a b l e s  (LRGNP, UNEMP, LINVEST, AND CBI), t h e  UARIMA method was b e t t e r  f o r  

two (LINFLA and LMl) ,  and t he  two methods t i e d  f o r  CPRATE. I n  terms o f  

f o recas t  hor i zons ,  t he  r ees t ima ted  VAR method p rov ided  b e t t e r  fo recas ts  f o r  

one th rough  seven qua r t e r s .  The rees t imated  VAR was thus  a  b e t t e r  f o r e c a s t  

method, on average, than t he  UARIMA method. 

UARIMA versus BVAR ( s t a t i c )  

The UARIMA method f o recas ted  b e t t e r  than the  s t a t i c  BVAR method f o r  f o u r  

v a r i a b l e s  (LINFLA, LM1, LINVEST, and CBI) and f o r  f o u r-  th rough  e i g h t - q u a r t e r  

h o r i z o n s .  These two methods thus p rov i ded  ve ry  s i m i l a r  performance, w i t h  t h e  

UARIMA be ing  s l i g h t l y  b e t t e r .  

UARIMA versus BVAR ( rees t imated)  

The UARIMA method f o r e c a s t e d  b e t t e r  than t he  rees t ima ted  BVAR method f o r  

f ou r  v a r i a b l e s  (LINFLA, LM1, CPRATE, AND CBI) and f o r  two- th rough  

e i g h t- q u a r t e r  hor i zons .  The UARIMA method was thus s l i g h t l y  b e t t e r  than t h e  

r e e s t i m a t e d  BVAR method. 

MARIMA versus VAR ( s t a t i c )  

The MARIMA method f o recas ted  b e t t e r  than t he  s t a t i c  VAR f o r  f o u r  

v a r i a b l e s  (LRGNP, LM1, UNEMP, and LINVEST), and t he re  was a  t i e  f o r  CPRATE. 



The MARIMA method p rov i ded  b e t t e r  f o r e c a s t s  f o r  a l l  f o r e c a s t  ho r i zons .  Thus, 

t he  MARIMA method was a  b e t t e r  f o r e c a s t  method than  t he  s t a t i c  VAR. 

MARIMA versus VAR ( rees t imated)  

The MARIMA method f o recas ted  b e t t e r  than t he  rees t ima ted  VAR f o r  fou r  

v a r i a b l e s  (LRGNP, LM1, UNEMP, and LINVEST), t i e d  f o r  CPRATE, and f o recas ted  

b e t t e r  f o r  one- quar ter  and three-  through seven- quarter ho r i zons .  The MARIMA 

method was thus t h e  b e t t e r  f o recas t  method. 

MARIMA versus BVAR ( s t a t i c )  

The MARIMA method f o recas ted  b e t t e r  than t he  s t a t i c  BVAR f o r  s i x  of t h e  

seven v a r i a b l e s  ( a l l  b u t  LINFLA) and f o r  one- th rough  s i x- q u a r t e r  ho r i zons .  

Thus, t h e  MARIMA method was s u b s t a n t i a l l y  b e t t e r  than t h e  s t a t i c  BVAR method. 

MARIMA versus BVAR ( rees t imated)  

The MARIMA method f o recas ted  b e t t e r  than t h e  rees t ima ted  BVAR f o r  s i x  o f  

t h e  seven v a r i a b l e s  ( a l l  b u t  LINFLA) and f o r  a l l  f o r e c a s t  ho r i zons .  Thus, t h e  

MARIMA method was s u b s t a n t i a l l y  b e t t e r  than t he  rees t ima ted  BVAR method. 

VAR ( s t a t i c )  versus VAR ( rees t ima ted )  

The rees t imated  VAR method f o recas ted  b e t t e r  than t he  s t a t i c  VAR method 

f o r  t h r e e  v a r i a b l e s  (LINFLA, UNEMP, and LINVEST), t i e d  f o r  CPRATE, and 



fo recas ted  b e t t e r  f o r  one- th rough  f ou r- qua r t e r  and s i x -  th rough  e i g h t- q u a r t e r  

f o recas t  ho r i zons .  Thus, t h e  r ees t ima ted  VAR was s l i g h t l y  b e t t e r  than  t h e  

s t a t i c  VAR method. 

VAR ( s t a t i c )  versus BVAR ( s t a t i c )  

The s t a t i c  BVAR method f o recas ted  b e t t e r  than t he  s t a t i c  VAR method f o r  

fou r  v a r i a b l e s  (LINFLA, LMI, UNEMP, and LINVEST) and f o r  one- through 

f i v e- q u a r t e r  and seven- th rough  e i gh t- qua r t e r  f o r e c a s t  ho r i zons ,  w i t h  a  t i e  

f o r  t h e  s i x- q u a r t e r  ho r i zon .  Thus, t he  s t a t i c  BVAR method p rov i ded  b e t t e r  

f o recas t s  than t h e  s t a t i c  VAR method. 

VAR ( s t a t i c )  versus BVAR ( rees t ima ted )  

The rees t ima ted  BVAR method f o recas ted  b e t t e r  than  t h e  s t a t i c  VAR method 

f o r  f o u r  v a r i a b l e s  (LINFLA, LM1, UNEMP, and LINVEST) and f o r  a l l  f o r e c a s t  

ho r i zons ,  w i t h  a  t i e  f o r  t h e  s i x- qua r t e r  ho r i zon .  Thus, t h e  r ees t ima ted  BVAR 

method p rov i ded  b e t t e r  f o r e c a s t s  than  t he  s t a t i c  VAR method. 

VAR ( rees t ima ted )  versus BVAR ( s t a t i c )  

The rees t ima ted  VAR f o r e c a s t e d  b e t t e r  than t he  s t a t i c  BVAR f o r  t h r e e  

v a r i a b l e s  (LINFLA, LINVEST, and CBI),  t i e d  f o r  LINVEST, and f o recas ted  b e t t e r  

for two- through f ou r- qua r t e r  and s i x -  th rough  e i gh t- qua r t e r  hor i zons .  Thus, 

these  two methods p rov i ded  s im i  1  a r  f o r e c a s t  performance, w i t h  t he  r ees t ima ted  

VAR s l  i g h t l y  b e t t e r  i n  terms of  f o r e c a s t  ho r i zons  . 
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VAR ( rees t imated)  versus BVAR ( rees t imated)  

The rees t ima ted  VAR fo recas ted  b e t t e r  than  t he  rees t imated  BVAR f o r  f i v e  

v a r i a b l e s  (LRGNP, UNEMP, LINVEST, CPRATE, and CBI) and f o r  a l l  f o r e c a s t  

ho r i zons .  Thus, t h e  r ees t ima ted  VAR was a  b e t t e r  f o r e c a s t  method than t h e  

rees t ima ted  BVAR. 

BVAR ( s t a t i c )  versus BVAR ( rees t imated)  

The s t a t i c  BVAR method f o recas ted  b e t t e r  than  t he  rees t imated  BVAR 

method f o r  f i v e  v a r i a b l e s  (LRGNP, LMI, UNEMP, CPRATE, and CBI) and f o r  a l l  

f o r e c a s t  hor i zons .  Thus, t h e  s t a t i c  BVAR method p rov i ded  b e t t e r  fo recas ts  

than  t h e  rees t ima ted  BVAR method. 

V I .  Summary 

For  t he  v a r i a b l e s  used i n  t h i s  study, we have ob ta i ned  t he  f o l l o w i n g  

r e s u l t s :  1) t he  MARIMA method p rov i ded  b e t t e r  f o r e c a s t s  than any of t he  

methods cons idered i n  t h i s  s tudy;  2 )  t he  UARIMA method p rov ided  b e t t e r  

f o r e c a s t s  than  t he  s t a t i c  VAR method; 3) t he  r ees t ima ted  methods p rov i ded  

b e t t e r  f o r e c a s t s  than  t h e  UARIMA method; 4)  t h e  UARIMA method p rov i ded  

s l  i g h t l y  b e t t e r  f o r e c a s t s  than  e i t h e r  the  s t a t i c  o r  rees t imated  BVAR methods; 

5) t h e  r ees t ima ted  VAR p rov i ded  s l i g h t l y  b e t t e r  f o r e c a s t s  than t he  s t a t i c  VAR; 

and 6) t h e  r ees t ima ted  BVAR method p rov ided  worse f o r e c a s t s  than t he  s t a t i c  

BVAR method. 
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Table 1. Comparison o f  Root Mean Square Forecast Er rors  - LRGNP 

Forecast Horizon i n  Quarters 
(number o f  observat ions)  

Method 

Un iva r ia te  ARIMA .0105 .0182 .0249 .0308 .0369 .0422 .047 1 .0520 

Mu1 t i v a r i a t e  A R I M A  .0089 .0155 .0148 .0179 .023 1 .032 1 .042 1 .0527 

Vector Autoregression 

S t a t i c  .0131 .0159 .0222 .0264 .0290 .0328 .0364 .0416 

Reestimated .0113 .0163 .0257 .0295 .0342 .0366 .042 1 .0454 

Bayesian Vector 
Autoregression 

S t a t i c  .0104 .0165 .0220 .0265 .0318 .0357 .0390 .0432 

Reesti mated .0107 .0175 .0239 .0294 .0358 .0406 .0449 .0502 



Table 2. Comparison o f  Root Mean Square Forecast Er rors  - LINFLA 

Forecast Horizon i n  Quar te rs  
(number o f  observat ions)  

Met hod 

Un iva r ia te  A R I M A  .0034 .0065 .0099 .0140 .0177 .0208 .0242 .027 1 

Mu1 t i  v a r i a t e  A R I M A  .0100 .0233 .0380 .0542 .0716 .0895 .I083 .I266 

Vector Autoregression 

S t a t i c  .0118 .0194 .0315 .0409 .0559 .0680 .0800 .089 1 

Reestimated .009 1 .0155 .0225 .0295 ,0379 .0465 .0573 .0649 

Bayesian Vector 
Autoregressi on 

S t a t i c  

Reesti mated 



Table 3. Comparison o f  Root Mean Square Forecast Er rors  - LM1 

Forecast Horizon i n  Quarters 
(number o f  observat ions)  

Met hod 

Un iva r ia te  A R I M A  .0121 .0173 .0186 .0236 .0260 .0274 .029 1 .0282 

Mu1 t i v a r i a t e  ARIMA .0093 .0135 .0162 .0208 .0253 .0281 .0307 .0327 

Vector Autoregression 

S t a t i c  .0113 .02 14 .0285 .0316 .0345 .0378 .0405 .043 5 

Reestimated .0116 .0186 .0240 .0290 .0353 .0425 .0495 .0517 

Bayes i an Vector 
Autoregression 

S t a t i c  .0111 .0162 .0188 .0238 .0264 .0282 .0294 .0277 

Reestimated .0114 .0168 .0198 .0252 .0279 .0295 .0301 .0272 



Table 4 .  Comparison o f  Root Mean Square Forecast Er rors  - UNEMP 

Forecast Horizon i n  Quarters 
(number o f  observat ions)  

Met hod 

Un iva r ia te  A R I M A  .3948 .8400 1.2821 1.7236 2.1464 2.4978 2.7907 3.0399 

M u l t i v a r i a t e  A R I M A  ,2375 .3828 .4946 .6317 .8139 .9682 1.1847 1.3963 

Vector Autoregression 

S t a t i c  .6130 1.0561 1.5024 1.9118 2.0114 2.1124 2.0428 1.7813 

Reesti mated .3922 .6765 .9507 1.1807 1.2778 1.2691 1.2963 1.1841 

Bayes i an Vector 
Autoregressi on 

S t a t i c  .3561 .6566 .go59 1.11 10 1.2734 1.3833 1.4726 1.5441 

Reestimated .3657 .6936 .9882 1.2472 1.4605 1.6128 1.7388 1.8387 



Table 5 .  Comparison o f  Root Mean Square Forecast  E r r o r s  - LINVEST 

Forecast  Hor i zon  i n  Qua r te r s  
(number o f  obse rva t i ons )  

Method 

Uni v a r i  a t e  ARIMA .0617 . lo80 . I390 .I681 . I924 .2067 .2  1 97 .2297 

Mu1 t i v a r i a t e  ARIMA .0693 . I105 .I255 .I221 .I211 .I389 .I651 .I915 

Vecto r  Au to regress i  on 

S t a t i c  .0804 .I385 .I801 .2039 .2385 .2913 .3416 .3903 

Reest imated .0701 .0997 .I181 .I264 .I299 .I600 . I928 .2405 

Bayesi an Vec to r  
Au to regress i  on 

S t a t i c  

Reestimated .0624 .lo61 .I354 .I617 .I834 .I985 .2118 .2219 



Table 6. Comparison o f  Root Mean Square Forecast Er rors  - CPRATE 

Forecast Horizon i n  Quarters 
(number o f  observat ions)  

Met hod 

Un iva r ia te  ARIMA 1 .8513 2.7046 2.7298 3.1601 3.3749 3.3921 3.5630 3.3606 

Mu1 t i v a r i a t e  ARIMA 1.6583 2.4154 2.5584 2.9660 3.3179 3.4421 3.6318 3.5465 

Vector Autoregression 

S t a t i c  1.4220 1.8478 1.8916 2.7020 3.3343 3.4835 3.7579 3.9126 

Reesti mated 1 .5863 2.1981 2.2703 2.8068 3.5251 3.7273 4.301 6 4.7924 

Bayesian Vector 
Autoregression 

S t a t i c  1.6710 2.4037 2.7153 3.1013 3.3328 3.4908 3.6093 3.5020 

Reestimated 1.7037 2.4957 2.8300 3.2836 3.5925 3.8103 3.9987 3.8622 



Table 7.  Comparison o f  Root Mean Square Forecast  E r r o r s  - CBI 

Forecast  Hor i zon  i n  Qua r te r s  
(number o f  obse rva t i ons )  

Met hod 

U n i v a r i  a t e  A R I M A  25.8302 32.5999 33.1308 32.4058 32.8064 33.5075 34.3202 34.9580 

Mu1 t i v a r i a t e  A R I M A  22.9790 30.0738 33.2789 33.3005 33.3776 34.1595 35.0898 35.9638 

Vec to r  Au to regress ion  

S t a t i c  27.8589 26.5161 26.7075 25.5477 24.1644 27.1594 31.5004 32.9816 

Reest imated 24.7857 27.5193 28.3064 29.1183 26.9541 24.9368 24.9646 28.4324 

Bayesi an Vec to r  
Au to regress ion  

S t a t i c  23.8216 29.6996 31.9864 33.9975 34.7556 34.7826 35.5538 35.9068 

Reest i  mated 24.5126 31.4291 34.4877 37.8798 39.1500 38.2419 38.5923 37.3361 



Table 8. Rankings o f  t h e  D i f f e r e n t  Methods i n  Terms o f  RMSE f o r  LRGNP 

Forecas t  Hor i zon  i n  Qua r te r s  
(number o f  obse rva t i ons )  

Met hod 

U n i v a r i a t e  A R I M A  3 

Mu1 t i v a r i a t e  A R I M A  1 

Vector  Au to regress ion  

S t a t i c  

Reest imated 

Bayesian Vector  
Au to regress ion  

S t a t i c  

Reest imated 



Table 9. Rankings of the D i f f e ren t  Methods i n  Terms o f  RMSE f o r  LINFLA 

Forecast Horizon i n  Quar te rs  
(number o f  observat ions)  

Met hod 

Uni v a r i  a te  ARIMA 1 1 1 1 1 1 1 1 

Mu1 t i v a r i a t e  ARIMA 5 6 6 6 6 6 6 6 

Vector Autoregression 

S t a t i c  6 5 5 5 5 4 4 4 

Reesti mated 4 3 3 3 2 3 2 2 

Bayesi an Vector 
Autoregression 

S t a t i c  3 4 4 4 4 4 5 5 

Reesti mated 2 2 2 2 3 2 3 3 



Table 10. Rankings o f  the  D i f f e r e n t  Methods i n  Terms o f  RMSE f o r  LM1 

Forecast Horizon i n  Quar te rs  
(number o f  observat ions)  

Method 

Uni v a r i  a te  ARIMA 6 4 2 2 2 1 1 3 

Mu1 t i v a r i a t e  ARIMA 1 1 1  1 1 2 4 4 

Vector ~ u t o r e g r e s ' s i o n  

S t a t i c  3 6 6 6 5 5 5 5 

Reestimated 5 5 5 5 6 6 6 6 

Bayesian Vector 
Autoregressi on 

S t a t i c  . 2 2 3 3 3 3 2 2 

Reestimated 4 3 4 4 4 4 3 1 



Table 11.  Rankings o f  t h e  D i f f e r e n t  Methods i n  Terms o f  RMSE f o r  UNEMP 

Forecast  Hor i zon  i n  Qua r te r s  
(number o f  obse rva t i ons )  

Met hod 

-- - - - 

U n i v a r i a t e  ARIMA 5 . 5  5 5 6 6 6 6 

M u l t i v a r i a t e  ARIMA 1 1 1 1 1 1 1 2 

Vector  Au to regress ion  

S t a t i c  6 6 6 6 5 5 5 4 

Reestimated 4 4 3 3 3 2 2 1 

Bayesian Vec to r  
Au to regress ion  

S t a t i c  2 2 2 2 2 3 3 3 

Reest imated 3 3 4 4 4 4 4 5 



Table 12. Rankings o f  t he  D i f f e r e n t  Methods i n  Terms o f  RMSE f o r  LINVEST 

Forecast Horizon i n  Quar te rs  
(number o f  observat ions)  

Met hod 

Uni v a r i  a t e  ARIMA 1 3 4 4 4 4 5 3 

Mu1 t i v a r i a t e  ARIMA 4 4 2 1 1 1 1 1 

Vector Autoregressi on 

S t a t i c  6 6 6 6 6 6 6 6 

Reestimated 5 1 1 2 2 2 2 4 

Bayes i an Vector 
Autoregression 

S t a t i c  3 5 5 5 5 5 4 5 

Reesti mated 2 2 3 3 3 3 3 2 



Table 13. Rankings o f  t h e  D i f f e r e n t  Methods i n  Terms o f  RMSE f o r  CPRATE 

Forecast  Hor i zon  i n  Qua r te r s  
(number o f  obse rva t i ons )  

Met hod 

U n i v a r i a t e  ARIMA 6 6 5 5 4 1 1 1 

Mu1 t i v a r i a t e  ARIMA 3 4 3  3  1 2 3  3  

Vec to r  Au to regress ion  

S t a t i c  1 1 1 1  3 3  4 5 

Reest i  mated 2 2 2 2 5 5 6 6 

Bayes i an Vector  
Au to regress ion  

S t a t i c  

Reestimated 



Table 14. Rankings o f  the D i f f e r e n t  Methods i n  Terms o f  RMSE f o r  C B I  

Forecast Horizon i n Quarters 
(number o f  observat ions)  

Met hod 

U n i v a r i a t e  ARIMA 5 6 4  3 3 3 3 3 

M u l t i v a r i a t e  A R I M A  1 4  5 4 4  4  4  5 

Vector Autoregression 

S t a t i c  6 1  1 1 1 2 2 2 

Reestimated 4  2 2 2 2 1  1 1 

Bayes i an Vector 
Autoregression 

S t a t i c  2 3 3 6 5 5 5 4  

Reestimated 3 5 6 5 6 6 6 6 



Tab le  15. Average Rank by  V a r i a b l e  

V a r i a b l e  

Met hod LRGNP LINFLA LM1 UNEMP LINVEST CPRATE CBI 

U n i v a r i a t e  ARIMA 5.38 1 .OO 2.63 5.50 3.50 3.63 3 .75 

Mu1 t i v a r i a t e  ARIMA 1.88 5.88 1.88 1.13 1.88 2.75 3.88 

V e c t o r  A u t o r e g r e s s i o n  

S t a t i c  2.38 4.75 5.13 5.38 6 .00 2.38 2 .OO 

Reest imated 4.13 2.75 5 .50 2.75 2.38 3.75 1.88 

Bayes i an V e c t o r  
A u t o r e g r e s s i o n  

S t a t i c  

Reest imated 



Table 16.  Average Rank by Lag 
-- - - - -- - -- 

Forecast  Hor i zon  i n  Qua r te r s  

Method 

Uni v a r i  a t e  ARIMA 3.86 4.43 3.71 . 3.71 3.71 3 .14 3.29 3.14 

Mu1 t i v a r i  a t e  ARIMA 2.29 3.00 2.71 2.43 2.14 2.43 3.14 3.86 

Vec to r  Au to regress ion  

S t a t i c  4 .86 3 .86 4.00 3.86 3.86 3 .86 3.86 3 .86 

Reest imated 4 .14 2.86 3.14 3.14 3.43 3.29 3 .14  3.29 

Bayesi an Vec to r  
Au to regress ion  

S t a t i c  

Reest imated 


