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ABSTRACT

Haugh and Box (1977) and Pierce (1977) presented dynamic regression

(transfer function) procedures for examining possible interrelationships

among more than one time series variable. This report employs these pro-

cedures in an empirical analysis of U.S. relative lumber prices, U.S.

housing starts, and U.S. log exports to Japan.

The reduction in the variance of the residual noise series (relative

to that of the univariate output ARIMA model) because of the influence of

the input series is not large. Possible misspecifications of the multi-

variate causal structure and discrepancies in the modeling procedure are

discussed.
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INTRODUCTION

Buongiorno and Balsiger (1977) and Oliveira et. al. (1977) applied

univariate autoregressive - integrated - moving - average (ARIMA) model

building procedures to lumber price data. A logical extension of these

univariate analyses is to examine the interrelationships among two or

more time series analysis of relationships among U.S. lumber prices, U.S.

housing starts, Japanese housing starts, and U.S. log exports to Japan.

This analysis was conducted at the request of the U.S. Forest Service.

The objective was to determine the extent of any time series influence

on domestic lumber prices of the other three variables.

The structure of this report: 1) a multivariate modeling procedure

proposed by Haugh and Box (1977) is briefly outlined; 2) Haugh's dynamic

regression modeling procedure is applied to the four time series variables

listed above, and 3) the results of this modeling effort are discussed,

and various reasons for a lack of success are proposed.
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CONCEPTUAL MODEL AND THE MODEL BUILDING PROCESS

A transfer function model may be written as a linear relationship among

past values of an input and an output series; i.e., for the bivariate case we

have

(1 - 6 B - . . . -	 Br) y*	 (w
o
 - w

1
B - .1	 r	 t . . - w

s B
s
) x

t-b '
(1)

where y; is the transformed and differenced output series;1' xt is the trans-

formed and differenced input series; 6 1 , • •	 6
r
 are parameters associated

with lagged values of the output series; we • • ws, are parameters associ-

ated with current and lagged values of the input series; and B is the backward

shift operator defined as X
t
B
k

.k_Xt= By generalizing (1) to apply to i

input series and assumes that an independent noise component is also present

in the model in a form which can be represented by an ARIMA model (see Appendix

A), the resulting multivariate transfer function - noise model may be repre-

sented as follows:

	

m wi (B)	 6(B)

	

Yt = . E T:T§F	 +	 at, t= 1, • • • N,
1=1 1

where >1 is the output series; xt t , i = 1, • •	 m, is the ith input series;

.B si
1S	

) is the input lag polynomial and 6.(B) =
11

is the output lag polynomial both for input series

to noise process; and 6(B) = (1 - 6B - • • •1 
e Bq) and 0(B) = (1 - •

1 B - • • • - • BP) are moving-average and autoregressive

lag polynomials, respectively, for the noise model. In this paper, we will

only consider single-equation models such as (2); however, it is possible to

(2)
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generalize (2) to more than one output series, say, y* j = 1,jt'
. •, h,

and have a system of h equations. Model (2) also may be referred to as a

dynamic regression (distributed lag) model connecting the input series with

one or more output series.

We report on building models such as (1) following a procedure

suggested by Haugh (1972) and Haugh and Box (1977). The Haugh model

building procedure consists of six stages. Since the details and supporting

theory behind this methodology are fully discussed in the literature already

cited, the six stages will be only briefly outlined here:

(a) The first stage consists of fitting univariate ARIMA models to each

	

individual series; i.e., y t , xit , i = 1, • •	 m. A general form for uni-

variate ARIMA models is

(B)y* = 8 (B)uytyy

wheref(B) = (1 -4) B- • • • -4) BP), 8 (B) = (1 -
yl

B - • • • -8 yqBq),yl	 YP	 Y 

and u is white noise and is termed the "univariate innovation" series foryt

yt , and as before the asterisk denotes that yt has been appropriately trans-

formed and/or differenced to achieve stationarity. It should be noted that

the polynomial lag orders, p and q, in (3) do not necessarily equal those in

(2). Similarly, each input series will have a univariate ARIMA model such as

(0i (B)xlt 	 ei (B)uit ,	 = 1 , • • ., m,	 (4)

where +1 (B) and 8 i (B) are polynomial lag operators similar to those previously

defined, and uit is the univariate innovation series for xit . (See Appendix

A for more discussion of ARIMA models.)

(3)
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(b) The estimated residual or innovation series obtained from the

univariate models in the first stage, i.e., uyt ,	 * •, umt , are then

cross-correlated at various lags. In other words, estimate the cross-

correlation function for pairs of univariate innovation series. The estimated

cross-correlations are then employed in a chi-square test for independence

between the innovation series. Haugh (1976) suggests the following two al-

ternative test statistics:

= N •
M
 E	 f..(k) 2,

k -M

and S* = N 2 •
M
 E	 (N - 1.3k = -M

where N is the number of observations in each residual series, ji
) is the

estimated cross-correlation between innovation series i and j at lag k (for

series i), and M is selected to be "sufficiently large to encompass all lags

where non-zero theoretical cross-correlations might reasonably occur," (Cramer

and Miller, 1976, p.88). SM and SA have approximate chi-squared distribu-

tions with 2 • 1 + 1 degrees of freedom. These statistics can be compared with

appropriate table values as a test against the two series being independent.

If the value of S M or S* exceeds the selected table value, this suggests that

some of the theoretical cross-correlations of the innovation series are non-zero

and that there may be a time-series relationship between the two series.

Similar test statistics may be used to test the "direction" of any signi-

ficant overall test statistic by measuring the significance of the positive

or negative lags. Granger and Newbold (1977) suggest using (5) with k = 0,1,..M

to test positive lags and k = -M, -(M + 1), ..., -1 for the negative lags.

(5)

(6)
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(c) Assuming the chi-square tests suggest that a relationship may

exist, one then examines the pattern of the cross-correlation functions (par-

ticularly that of the significant cross-correlations) to identify appropriate

forms for the lag polynomials in the transfer function model connecting the

innovation series. In other words, the cross-correlations between u
yt and

u
lt 

are used to identify a model of the form

Y(B)	 A(B)

uyt = $(B) ult	 E(B) at'
	 (7)

where y(B), *(B), A(B), and E(8) are all polynomial lag operators whose

order and preliminary coefficient estimates are obtained from the estimated

residual cross-correlations, r. (k),	
ult'
	 u .•

ij	 1t,	 Yt

(d) Once preliminary coefficient estimates are obtained for model (6),

the univariate ARIMA models, (3) and (4), are substituted in (7) to provide

a preliminary transfer function model, i.e.,

Yt	 * (B) *(B) (B) lt	 * (B)E(B) 
a
t

* "2 

e Y (B)y(e).1 (B) *	
e Y (B)A(8)

y	 1	
x + Y

(8)
o (B)	 e(e)1	

*. FTBi xit + T(B)at.
1

Final parameter estimates for model (8) are then obtained via a nonlinear

least squares regression algorithm such as described by Marquardt (1963).

(e) The fitted bivariate model is then checked for adequacy of fit

as described by Box and Jenkins (1963) and for significance of the parameter

estimates. If necessary, modifications are made to the model and it is re-

estimated.
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(f) Once a final bivariate model is obtained, the estimated residuals

from this model are cross-correlated with the innovation series for input

two and steps (b) through (e) are repeated to expand the transfer function

model to include two input series. If more than two input series are pro-

posed, the same steps are repeated for each input series.

The contribution or "explanatory" power of each input series may be

roughly measured by comparing the standard deviation of the transfer function

residual series for each additional input series with the standard deviation

of the innovation series for y
t' 

i.e., u
yt 

If the input series provide ad-
'

ditional "explanation" of the time series behavior of u yt , i.e., in addition

to that explained by model (3), then the standard deviation of the transfer

function model residuals should be smaller.

Granger and Newbold (1976) suggest that identification of transfer func-

tion models is simplified if the residual series are standardized before the

cross-correlation function is estimated. For this study, it was observed em-

pirically that the cross-correlations of standardized residuals were identical

with those of the original residuals. An examination of the computational

algorithm used for estimating the cross-correlations explains why this is so.

Box and Jenkins (1976) give the following algorithm for calculating cross-

correlations r (k) between two time series variables a and $:a$

C (k)
r
a$

(k) -  a'
S
a
S
$

n-k
Twhere C (k) =

n 
E (a. -a)	 - ) k = 0, 1, . .	 h,af3	 j.i 	 (Bj+k

Cab
(-k) = C (k) k = 1, 2, . .	 h ,

Oa

(8.1)
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n
Sa	aa=	 (a) = 1	 -	 2 ,

 i=1

	 	 1
S =	 (0) = — ESs
	 0	 n 

i=1
-	 2

To standardize the residual series, divide it by its estimated standard

error , then for S , S , and C to obtain

	

1	
n

S* =	 E (a. -
a	 .	

1	
1

no i=1=1

	

S* = 1	 E (0i - 1) 2 , and0 na i=1

C* (k) =
n-k1
E (a. - a

na
a
a j=1

(0	 -j+k

Upon substitution of these standardized quantities in (8.1), the estimated

standard error of each series cancels, leaving the original equation.

APPLICATION TO FORESTRY DATA

The data for the analysis reported in this paper were provided by the U.S.

Forest Service, Pacific Northwest Forest and Range Experiment Station in

Portland. Four data series were examined and are shown in Table 1. In terms

of the notation employed in the previous section, RUSLP = ylt , LXJAP = 
xlt,

USHS = x2t and JHS = x3t . The data consisted of monthly observations for the

January 1965 to December 1976 period, which resulted in 144 observations.

Univariate ARIMA models were fitted to each of the four series, following

the procedures suggested by Box and Jenkins (1976). The resulting models
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a/TABLE 1. Identification of Data Series 

Abbreviation	 Series

RUSLP
	

Relative U.S. softwood lumber wholesale price
index (1967 = 100) (relative to the all commodity
WPI)

LXJAP	 Log exports from U. S. to Japan (MBF)

USHS	 U. S. housing starts (annual rate, thousands
of starts seasonally adjusted, expressed on
annual basis)

JHS	 Japanese housing starts (actual number, unad-
justed)

a/ The data series were provided by the U. S. Forest Service, Pacific
Northwest Forest and Range Experiment Station, Portland, Oregon.
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are presented in Table 2 with the usual information concerning the

"goodness of fit" of ARIMA models. (See Appendix A for a description of

the identification and fitting of the univariate models.)

The estimated residual series obtained from the models in Table 2 were

then pairwise cross-correlated to obtain the estimated cross-correlations

presented in Table 3. Comparing these estimated cross-correlations with

1/2their approximate standard error of N- or .08, leads to the conclusion that any

feedback effect between RUSLP and the three input series seems to be of se-

condary importance. The strongest links between RUSLP and LXJAP appear to

be at lags 0 and 1, between RUSLP and USHS at lag 1, and between LXJAP and

JHS at lag -1 (indicating that JHS is an input series to LXJAP).

A second test for independence of the pairs of residual series is to

employ the chi-square test statistics given above in (5) and (6). These two

test statistics were computed for three different sets of lags, 12, 24,

and 36 (Table 4), using the cross-correlations in Table 3. It may be in-

ferred from these test statistics that the series pairs LXJAP - RUSLP and

LXJAP - JHS are not independent.

Tables 5 and 6 present the results of chi-squared tests applied to posi-

tive and negative lags, respectively. The results confirm those of the overall

chi-squared test and the identification of input and output series based on

significant individual cross-correlations. It appears from these tables

that the possibility of feedback between the series may be discounted.

The following intermediate transfer function model relating the stan-

dardized residuals of LXJAP (Ult) and RUSLP (U ) was obtained by followingyt

the identification and fitting procedure outlined previously.
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TABLE 4. Chi-Squared Test Statistics for Lagged Cross-Correlations
of Residual Series a/

Residual Pair M ■ 12 M = 24 M = 36

LXJAP, RUSLP 42.51S/ 69.88--b/ 94.24-J
)/

(44.78)• (76.11)•/ (107.42)g

LXJAP, USHS 18.38 44.33 70.35

(19.39) (49.67) (83.01)

LXJAP, JHS 45.64•/ 67.88—67.88— 88.20—

(48.42) c/(74.88)— (101.88)•

USHS, RUSLP 27.30 44.56 67.42

(28.60) (48.85) (78.24)

USHS, JHS 23.06 39.32 77.61

(24.06) (43.04) (6.541)

JHS, RUSLP 28.62 46.52 66.12

(30.49) (51.67) (77.66)

a/— Values are for Sm = N	 r1 2 (k)2k=-m

with 2m + 1 degrees of freedom.

1	 1
Values in parenthesis are S* = N 2 Z (N	 iki) -1 r

12
(k) 2

k=-m

with 2m + 1 degrees of freedom.

-/ Significant at a = .05

S/ Significant at a = .025

g Significant at a = .01
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Table 5. Chi-Squared Test Statistics for Positive Lags of Cross-Corre-
lations of Residual Series a/

Residual Pair

LXJAP, RUSLP

LXJAP, USHS

M = 12	 M = 24	 M = 36

25.8221 b/37.92—	 49.67

12.43	 24.50	 30.71

LXJAP, JHS 22.90— 37.28 50.03

USHS, RUSLP 18.04 30.48 41.51

USHS, JHS 12.01 20.12 32.23

JHS, RUSLP 13.83 23.85 36.63

a/— Values are for S = N	 r (k) 2, with m + 1 degrees of freedom.
m	 k=0

b/
— Significant at a = .05

SI Significant at a = .025

J/ Significant at a = .01
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TABLE 6. Chi-Squared Test Statistics for Negative Lags of Cross-Corre-
lations of Residual Series a/

Residual Pair M = 12 M = 24 M = 36

LXJAP, RUSLP 16.69 31.96 44.57

LXJAP, USHS 5.94 19.83 39.65

LXJAP, JHS 22.75 30.60 38.16

USHS, RUSLP 9.26 14.08 25.91

USHS, JHS 11.05 19.19 33.18

JHS, RUSLP 14.79 22.67 29.49

-1a/
Values given are for S

m = N	 r12
(k) 2, with m - 1 degrees of freedom

k=-m

h/ Significant at a = .05

SI Significant at a = .025

4! Significant at a = .01
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U = 0.19 u
yt	 lt

(.09)

Substitution of the ARIMA models leads to a model of the form of (9),

which is the fitted model relating the two series; i.e.,

	

(.10) (.09)	 (.02)	 (.07)

-	
2 2.22 = (.17 - .28B)(10

-7
) 

(1	 8)x*
4 + (1 - .75B - .31B

2

(1 
it	

a
lt' 

(9)

t	 (1 - .698)	 (1 - .46B)

	

(.22)	 (.08)

where yt = RUSLP, xlt = LXJAP, aft is a white noise series, and the numbers

in parenthesis associated with each estimated coefficient are the estimated

standard errors of the respective coefficients.3/

The estimated standard deviation of the residuals from model (9) is

.1229 . 10-5 , which results in a 6.2 (12.0) percent reduction in the standard

deviation (variance) of the residuals from the univariate ARIMA model of RUSLP.

Model (9) is dominated by the noise model which is almost identical to the

univariate model for RUSLP. This result, along with the slight reduction

in the standard deviation of the residuals, suggests that LXJAP has little

to add (relative to the univariate model) in "explaining" the time series

behavior of RUSLP. This implication will be discussed further in the next

section.

The following bivariate model connecting RUSLP and USHS was also con-

structed as an experiment to verify that none of the relevant cross-correlations

are significant:
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(.13) (.13)	 (.14)	 (.13)

(1 
_ D)

.1 2_-2.22 . ((-.20 + .218)(10
-6

)
(1	 8)24.4 + 

(1 - .60B - .348
2

) 
a
2t' 

(10)
It

(1 - .88B)	 (1 - .34B)

(.14)	 (.14)

where yt = RUSLP, x2t = USHS, and a2t is a white noise series. The estimated

standard deviation of the residuals from this model is .1285 . 10-5 which is

a 1.9 percent (3.8 percent) reduction from the estimated standard deviation

(variance) of the residuals from the univariate model. Judging from the domi-

nance of the noise model in (10) and from the lack of significance in the es-

timated input lag coefficients, the chi-square test was correct in suggesting

independence between the innovation series for RUSLP and USHS. In spite of

this lack of evidence of a strong relationship between these two series, at-

tempts were made to expand model (9) by adding USHS as a second input series.

The modified Haugh modeling process (i.e., ignoring the constraint on the

noise model) resulted in the following trivariate model:

(.10) (.08)
(.09)

2 22	 (.13 - .288)(10-7 )	 .4	 .42(1	 B)2y;_.

	

(1 - B)xlt	 -.°7)(1°
-6

)(1	 B)x2t-1(1 - .5328)

(.29)

(.04)	 (.08)

- .67B - .3882)
at ,

where yt = RUSLP, xlt = LXJAP,= USHS, and at is a white noise series.x2t

The estimated standard deviation of the residuals from model (11) is .1228.10 -5

which results in a 6.3 (12.2) percent reduction from the estimated standard

(1 - .4082)

(.09)
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deviation (variance) of the residuals from the univariate model. Given the

insignificance of the estimated coefficient in the input lag function for x2t,

model (11) is quite similar to model (9). In other words, if x2t is dropped

from model (11), the rest of the equation is almost identical to model (9).

A third transfer function model relating JHS and LXJAP was also fitted:

(.06)

.4 , 	 (-.20)(104)  (1 - B) (1 - B 12)x3i 21:(2t
(1 + .51B)

(.19)

(.05)

+ (1 - .918) a

(1 - .49B) t

(.10)

where x = LXJAP and x
3t 

= JHS. The estimated standard deviation of the2t

residuals from this model is 11.121, a 5.1 percent (10 percent) reduction

from the estimated standard deviation (variance) of the residuals from the

univariate model. JHS apparently is not strongly connected to LXJAP as an

input series. The connection is weak enough that the chi-square test could

detect no evidence of dependence between JHS and RUSLP, which are connected

through LXJAP.

Tables 7,8, and 9 give the cross-correlations and chi-square test for

independence of the residuals of the two bivariate models (9) and (12) with

the remaining time series. In no instance is there evidence of any previously

undetected relationship among the series.

(12)
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TABLE 8.	 Chi-Squared Test Statistics for Cross-Correlations of Bi-
variate Residuals with Univariate Residuals a/

Residual pair M = 12 M - 24 M = 36

USHS, LXJAP-JHS 18.90 51.94 79.81

(19.91) (58.95) (96.12)

RUSLP, LXJAP-JHS 33.03 58.43 91.32

(34.74) 64.47 (107.71)!/

USHS, RUSLP-LXJAP 26.10 39.00 59.56

(27.62) (42.86) (69.80)

JHS, RUSLP-LXJAP 25.56 45.00 60.14

(27.25) (51.21) (70.18)

a/
Values are for Sm = N	 r12 (k) 2 with 2m + 1 degrees of freedom.k=-m

-1Values in parenthesis are S* = N2 2	 (N - iki) r12 (k)2k = -m
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TABLE 9. Chi-Squared Test Statistics for (+) Lags of Cross-Correla-
tions of Bivariate Residuals with Univariate Residuals a/

Residual pair M = 12 M = 24 M = 36

USHS, LXJAP-JHS 11.33 27.66 46.92

RUSLP, LXJAP-JHS 19.77 35.28 47.08

USHS, RUSLP-LXJAP 18.31 25.54 36.73

JHS, RUSLP-LXJAP 15.75 25.30 34.90

!/ Values are for S = N 	 r (k) 2, with m + 1 degrees of freedom.
m 	=0 12
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CONCLUSION

As is evident from models (9) through (12), the results of trying to

fit a dynamic regression model to the data set at hand were disappointing.

The improvement, in terms of a reduction in the estimated standard deviation

of the residuals, was small for inputs JHS and LXJAP, and almost negligible

for input series two, USHS. There is more than one plausible explanation

for this lack of fit.

First of all, we may be using the wrong data set. For instance, the

data for USHS have been expressed in annual terms and seasonally adjusted.

It is quite possible that these two adjustments have removed the interesting

components of this time series. Moreover, the price index employed, RUSLP,

may not be as sensitive to the two input series as would be an actual spot

price series for some representative West Coast grade of lumber. The log

export market is dominated by western hemlock logs, while the housing lumber

market primarily consists of Douglas-fir; thus, one would not a priori ex-

pect Douglas-fir prices to be as sensitive to changes in export levels as

would western hemlock prices.

The modeling procedure may not have been successful because of the pos-

sibility of feedback between the output series and the time series. Theore-

tically, it could be argued that as lumber prices go up, the demand for log

exports would decline. On the other hand, the demand for housing seems to

be more sensitive to money supply conditions than to the cost of lumber.

Cross-correlations in Table 3 indicate there is some evidence for feedback

between LXJAP and RUSLP and between USHS and RUSLP; however, chi-square

test results for the negative lags do not support this hypothesis.
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The possibility of feedback relationships among the four series sug-

gests the need for considering a simultaneous structural model consisting

of more than the three variables. For instance, LXJAP could be treated as

an output series which is the result of input series such as Japanese

housing starts and international and U.S. log supplies. In turn, RUSLP

would be a function of domestic log supply and production costs. Such a

system of equations would allow including variables which may be influencing

more than one output series and would allow for the influence of supply-

side forces on prices. To model such a feedback system, follow a model

building strategy as outlined by Granger and Newbold (1976 and 1977).



FOOTNOTES

1/
— Both yt and the x; are assumed to be jointly covariance stationary;

in other words, the original series say, yt and xt , are assumed to

have been appropriately transformed and/or differenced to obtain

stationarity.

2/
- It should be noted that if one were strictly adhering to Haugh's

modeling procedure that a second-order term would be included in the
input lag operator polynomial or the output polynomial for 'cit.
Haugh and Box (P. 126) state that the orders of the noise a
model lag polynomials can be no greater than the larger of the
orders for the input and output lag polynomials. Box and Jenkins
and Granger and Newbold, however, do not employ this constraint.
Moreover, it was found that the estimated standard deviation of
the residuals increased with the constraint.

-23-
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APPENDIX

Gerald W. Whittaker

A.1

This appendix gives the results of the identification and fitting stages

of the univariate modeling procedure for relative U.S. softwood lumber wholesale

price index, log exports to Japan, housing starts, and Japanese housing starts.

The iterative model fitting procedure popularized by Box and Jenkins (1970)

was followed in the analysis of each time series. This procedure assumes that

a time series is the result of an input of random numbers to a linear filter

which imposes some relation along the values of the output series and the values

of the random input series. It is further assumed that the autoregressive

integrated moving average (ARIMA) class of models will represent this type of

time series. These assumptions imply that a time series may be represented by

the sum of weighted past values of the series and weighted values of the random

input to other series. ARIMA models require that the time series to be modeled

display a constant statistical structure throughout their length (e.g., vary

about a constant mean). This property, called stationarity, is achieved by

differencing the series until the estimated autocorrelation function (ACF) decays

to zero in a few lags.

The general form of the univariate ARIMA models is

tO
y
 (B) y* = 0 (B) u

ytt	 y

where • (B) = (1 - .
1

B -
Y	 BP),

YP

A (B) = (1 - 0
yl

8 - — e BP)
Y	 YP	 '

u
yt is the residual series, and the asterisk denotes that y has been appro-

priately differenced and transformed.

A.1
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The first stage in univariate model fitting is to choose the number and

order of the 4 (B) and 8 (B) parameters. This is done by a comparison of

the estimated autocorrelation function (ACF) of the series with the autocor-

relation functions of known series. When 4
Y
 (B) and 0 (B) have been tenta-

tively chosen, the series is fitted by the use of an appropriate nonlinear

least squares estimation routine. The residuals of the tentative model are

checked for randomness by the use of a chi-square statistic calculated from

the ACF of the residuals. If the chi-square statistic is not significant,

the model is assumed to be adequate and the model building procedure is termi-

nated. Otherwise, another model is selected and the fitting and diagnostic

checking procedures are repeated until the residual series is white noise.

Box and Jenkins note that the ARIMA class of models may be applied to

a wider variety of time series if a transformation is used to stabilize the

variance of the residuals. In this study, the approach of Box and Cox (1964)

was used to select a transformation of the form:

Z = x , A# 0,

Z = lnx, X = 0.
(A.1)

A maximum likelihood estimate for A is selected by fitting the ARIMA

° model to x (A) = (X
X
 - 1)/AX E-1 for various values of X (where x is the geo-

metric mean of the series), and choosing the value of A which results in

the smallest residual sum of squares.

The Ohio State version of the Box-Jenkins programs available at OSU

can be used to specify several different values of X to be fitted to the above

model. For example, the following table shows the values of X, the associated
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sum of squares for Japanese housing starts (JHS), and a second order equation

fitted to the data:

A .1 0.0 -0.1 -0.2 -0.5

SA 1.7140 x 10 10 1.6954 x 10 1 ° 1.6835 x 10" 1.6779 x 10 10 1.7024 x 10"

S(A)	 1.6954 x 10 10 + (1.5451 x 10 10 )A + (3.3589 x 10 10 ) A2

To select the transformation (minimum sum of squares) either plot the

data and select the minimum visually (see Figure A.1), or fit a second order curve

and take the first derivative to find the minimum. In all four series ana-

lyzed, the relationship between A and the residual sum of squares was approxi-

mated very well by a quadratic function.

A.2 Identification 

This section presents the estimated autocorrelat ion functions of the four

series examined in this study: relative U.S. softwood wholesale price index

(RUSLP), log exports to Japan (LXJAP), U.S. housing starts (USHS), and Japanese

housing starts (JHS). The ACF of the raw data is given in each case, as trans-

formation was found to have little effect on the identification.

Relative U.S. Softwood Lumber Wholesale Price Index (Table A.1)

The ACF of the original series fails to decay, and the ACF of the first

difference continues to show a sinesoidal pattern up to at least lag 36. The

second difference was selected because the ACF was generally smaller than that

of the first difference, especially at higher lags.

The ACF of the second difference (V2) shows a complex pattern which may

be interpreted as a mixture of damped exponentials, suggesting a mixed ARIMA

(p, d, q) process where p > 1 and/or q > 1. Fitting of several alternative
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mixed models established that a mixed process of order 1, 2, 2 gave an ade-

quate fit to the data.

Log Exports to Japan (Table A.2)

The ACF of the original series fails to decay after 36 lags, indicating

non-stationary behavior. The ACF of the first difference is ambiguous, as

the first 5 lags seem to show smooth exponential decay, while the later lags

show an alternating decay. Both types of behavior suggest a mixed process

of order 1.1. The estimated partial autocorrelation function displays a

smooth exponential decay, reinforcing selection of 1, 1 model with both the

AR and MA parameters positive.

U.S. Housing Starts (Table A.3)

The autocorrelation function of the original series fails to damp out

after 36 lags, indicating non-stationary behavior. The estimated autocorre-

lation function of the first difference displays psuedo-periodic behavior,

and the estimated partial autocorrelation function shows two non-zero values

at lags 1,and 2, leading to identification of the series as an autoregressive

process of order 2.

Japanese Housing Starts (Table A.4)

The ACF of the original series fails to damp out, while the ACF of one

differencing operation order 1 shows a large autocorrelation at lag 12.

This suggests a seasonal model is required. The standard deviation of the

series differenced once by order one and once by order 12 is smaller than that
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of the series differenced only once by order one. This result leads to se-

lection of (1 - B 1 )(1 - B 12) as the degree of differencing necessary to

achieve stationarity. A significant autocorrelation at lag 12 of the sta-

tionary series suggested that a seasonal parameter might be required. After

fitting several alternative models, the model (1 - (00)(1 - B)(1 - B12)Zt

= (1 -	 B)(1 - 0
12

B12
)
a
t was selected.
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TABLE A.1. Estimated Autocorrelations - Relative Softwood Lumber Wholesale
Price Index (RUSLP)

Lags	 Original series, i.e., Zt

1-12	 .97	 .92	 .86	 .80	 .75	 .70	 .65	 .60	 .55	 .50	 .46	 .40

13-24	 .35	 .29	 .24	 .19	 .15	 .12	 .09	 .07	 .06	 .05	 .05	 .04

25-36	 .04	 .04	 .04	 .04	 .04	 .04	 .03	 .03	 .03	 .03	 .03	 .03

Standard deviation of series: 20.55
Chi-square statistic: 906.7 (df = 28)

Lags	 1st difference, i.e., (1 - B)Zt

	

1-12	 .56	 .21	 -.01	 -.13	 -.05	 -.04	 -.03	 -.03	 .01	 .04	 .16	 .15

	

23-24	 .07	 -.02	 -.18	 -.21	 -.22	 -.22	 -.12	 -.11	 -.15	 -.07	 -.01	 .05

	

25-36	 -.03	 -.09	 -.08	 -.10	 -.08	 -.06	 -.08	 -.02	 .01	 .06	 .09	 .07

Standard deviation of series: 4.153
Chi-square statistic: 97.3 (df = 28)

Lags	 2nd difference, i.e., (1 - B) 2 Z t

	

1-12	 -.10	 -.15	 -.11	 -.23	 .07	 .03	 .00	 -.04	 -.01	 -.10	 .15	 .08

	

23-24	 .02	 .08	 -.15	 -.03	 .00	 -.12	 .07	 .07	 -.12	 .00	 .03	 .15

	

25-36	 -.01	 -.07	 .02	 -.03	 -.01	 .05	 -.09	 .00	 -.01	 .03	 .05	 .12

Standard deviation of series: 3.824
Chi-square statistic: 34.4 (df = 28)
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TABLE A.2.	 Estimated Autocorrelations - Log Exports to Japan

Lags Original Series, Zt

1-12 .72	 .60	 .54	 .50	 .52	 .39 .39 .32 .32 .39 .35 .36

13-24 .28	 .31	 .29	 .21	 .22	 .16 .10 .08 .10 .12 .13 .16

25-36 .17	 .17	 .16	 .15	 .13	 .07 .06 .05 .04 .09 .08 .00

Standard deviation of series:	 6.1085 x 104
Chi-square statistic: 	 456.5	 (df = 28)

Lags 1st difference,	 (1 - B)Zt

1-12 -.31	 -.10	 .03	 -.13	 .28	 -.23 .13 -.13 -.12 .19 -.09 .19

13-24 -.23	 .12	 .10	 -.18	 .14	 -.01 -.06 -.06 -.06 .02 -.04 .06

25-36 .01	 .00	 .03	 .01	 .08	 -.09 -.01 .01 -.13 .14 .09 -.15

Standard deviation of series: 4.4852 x 104
Chi-square statistic: 75.45 (df = 28)



difference,	 (1 - B)Zt

-.25	 -.11	 .20	 -.01

.00	 .06	 .01	 -.20

.10	 .04	 .08	 .01

-.01 .09 .02 -.05 .18 -.12 -.05 .08

.18 .06 -.20 .20 -.13 -.14 .00 .00

.02 .07 .05 .02 .02 .02 .09 .01

Lags	 1st

1-12

13-24

25-36
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TABLE A.3. Estimated Autocorrelations - U.S. Housing Starts (USHS)

I Lags	 Original series, Zt

1-12

13-24

25-36

.93	 .90	 .88	 .84	 .80	 .76	 .71	 .66	 .61	 .55	 .49	 .45

.40	 .34	 .28	 .21	 .18	 .11	 .05	 .00	 -.06	 -.12	 -.15	 -.18

-.22	 -.23	 -.25	 -.28	 -.29	 -.31	 -.31	 -.32	 -.33	 -.32	 -.32.	 -.32

Standard deviation of series: 416.91
Chi-square statistic: 1035.1 (df = 28)

Standard deviation of series: 150.2
Chi-square statistic: 55.8 (df = 28)
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TABLE A.4. Estimated Autocorrelations - Japanese Housing Starts

Lags	 Original Series

	

1-12	 .85	 .76	 .74	 .70	 .64	 .60	 .62	 .64	 .64	 .60	 .61	 .65

	

13-24	 .54	 .46	 .43	 .40	 .34	 .29	 .29	 .30	 .31	 .27	 .30	 .33

	

25-36	 .26	 .20	 .19	 .19	 .13	 .09	 .10	 .13	 .14	 .12	 .15	 .18

Standard deviation of series: 3.100 x 104
Chi-square statistic: 1,045 (df = 30)

Lags	 1st difference, i.e.,	 B)Zt

	

1-12	 -.21	 -.23	 .06	 .05	 -.05	 -.22	 -.01	 .11	 .14	 -.19	 -.11	 .51

	

13-24	 -.11	 -.16	 .00	 .13	 -.05	 -.16	 -.05	 .02	 .16	 -.24	 .01	 .33

	

25-36	 -.05	 -.18	 .03	 .15	 -.07	 -.14	 -.07	 .05	 .15	 -.23	 .01	 .27

Standard deviation of series: 1.621 x 104
Chi-square statistic: 122 (df = 30)

Lags	 1st and seasonal differences, i.e., (1 - B)(1 - 2B 1 )zt

	1-12	 -.20	 -.10	 -.02	 -.17	 .00	 -.04	 .06	 .15	 .04	 .12	 .02	 -.34

	

13-24	 -.02	 .12	 -.11	 .04	 .00	 .08	 .01	 -.10	 .01	 -.13	 .08	 -.14

	

25-36	 .01	 .00	 .08	 .07	 -.02	 -.05	 -.13	 .09	 -.03	 -.01	 .09	 .09

Standard deviation of series: 1.565 x 104
Chi-square statistic: 44.4 (df = 30)
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