Louisiana State University

LSU Digital Commons

LSU Historical Dissertations and Theses Graduate School

1989

Methods of Parameter Estimation of Linear Regression Models
for Yield Prediction.

Man Yong Shin
Louisiana State University and Agricultural & Mechanical College

Follow this and additional works at: https://digitalcommons.Isu.edu/gradschool_disstheses

Recommended Citation

Shin, Man Yong, "Methods of Parameter Estimation of Linear Regression Models for Yield Prediction."
(1989). LSU Historical Dissertations and Theses. 4878.
https://digitalcommons.Isu.edu/gradschool_disstheses/4878

This Dissertation is brought to you for free and open access by the Graduate School at LSU Digital Commons. It
has been accepted for inclusion in LSU Historical Dissertations and Theses by an authorized administrator of LSU
Digital Commons. For more information, please contact gradetd@Isu.edu.


https://digitalcommons.lsu.edu/
https://digitalcommons.lsu.edu/gradschool_disstheses
https://digitalcommons.lsu.edu/gradschool
https://digitalcommons.lsu.edu/gradschool_disstheses?utm_source=digitalcommons.lsu.edu%2Fgradschool_disstheses%2F4878&utm_medium=PDF&utm_campaign=PDFCoverPages
https://digitalcommons.lsu.edu/gradschool_disstheses/4878?utm_source=digitalcommons.lsu.edu%2Fgradschool_disstheses%2F4878&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:gradetd@lsu.edu

INFORMATION TO USERS

The most advanced technology has been used to photograph and
reproduce this manuscript from the microfilm master. UMI films the
text directly from the original or copy submitted. Thus, some thesis and
dissertation copies are. in typewriter face, while others may be from any
type of computer printer.

The quality of this reproduction is dependent upon the quality of the
copy submitted. Broken or indistinct print, colored or poor quality
illustrations and photographs, print bleedthrough, substandard margins,
and improper alignment can adversely affect reproduction.

In the unlikely event that the author did not send UMI a complete
manuscript and there are missing pages, these will be noted. Also, if
unauthorized copyright material had to be removed, a note will indicate
the deletion.

Oversize materials (e.g., maps, drawings, charts) are reproduced by
sectioning the original, beginning at the upper left-hand corner and
continuing from left to right in equal sections with small overlaps. Each
original is also photographed in one exposure and is included in
reduced form at the back of the book.

Photographs included in the original manuscript have been reproduced
xerographically in this copy. Higher quality 6" x 9" black and white
photographic prints are available for any photographs or illustrations
appearing in this copy for an additional charge. Contact UMI directly
to order.

University Microfiims International
A Bell & Howell information Company
300 North Zeeb Road. Ann Arbor. MI 48106-1346 USA
313:761-4700 800/521-0600






Order Number 9025340

Methods of parameter estimation of linear regression models for
yield prediction

Shin, Man Yong, Ph.D.

The Louisiana State University and Agricultural and Mechanical Col., 1989

U-M-1

300 N. Zeeb Rd.
Ann Arbor, MI 48106






METHODS OF PARAMETER ESTIMATION OF LINEAR REGRESSION
MODELS FOR YIELD PREDICTION

A Digsertation

Submitted to the Graduate Faculty of the
Louisiana State University and
Agricultural and Mechanical College
in partial fulfillment of the
requirements for the degree of
Doctor of Philosophy

in
The School of Forestry, Wildlife, and Fisheries

by
Man Yong Shin
B.A., Kyung-Hee Universgity, 1981
M.A., Kyung-Hee University, 1983
M.S., Iowa State University, 1986
December 1989



ACKNOWLEDGEMENTS

I vish to express my special thanks and sincere gratitude to
my major professor, Dr. Quang V. Cao, for providing me the
opportunity to pursue this program and for his understanding and
guidance during the course of this research. I would also like to
thank the other members of my committee, Drs. Jimmy L. Chambers,
Luis A. Escobar, James E. Hotvedt, and Ben D. Jackson, for their
advice and encouragement during the course of this study.

My appreciation is also extended to the Committee on Southern
Foreast Tree Improvement and the USDA Forest Service, for the data
used in this study. I am also grateful to both graduate and
undergraduate students in the School of Forestry, Wildlife, and
Fisheries for their friendship and advice during my stay at LSU.

The deepest gratitude goes to my parents in Korea, for
supporting me in many ways throughout my long academic career. And
finally, to my vife Tae Hee, vho has understood and supported me
for last six and half years in the United States of America. I
would also like to share this great pleasure with my lovely kids,

Gee Hae and Samuel.

ii



TABLE OF CONTENTS
Page
ACKNOWLEDGEMENTS «..ceececeesacecoscssosvssnsonnnsssncnnnnes ii
TABLE OF CONTENTS ¢..cvocceveescecerscenonosnnonasnasoersass iid
LIST OF TABLES ..vceceeetotsstncnoossocncasacosocancansonss vi
ABSTRACT ...cvuvenenecsecosseononnsssssaanssnssannsannssnss Viii
INTRODUCTION sovvevosossossanoesasacnssnoossssssssonsascnns 1

STUDY I: Biased Estimation of Parameters for Yield
Prediction Models.

ADBEract c.iiieeciessrssncssnrrosescnsaressannssrssonnne 4
Introduction «.occevvevsrnrnccsassssoncessssnnansasnse S
Literature Review .c..cviiicrrrtrcnccsrsnsnsersennnnne 7
Ridge regres8s8ion ..cceeecesccenccionacsscscnasnans 8
Principal components regression ....cceeceerccaas 11
James-Stein estimation .....cvcviiiiiiieciienannn 13
Materials and Methods .....veeevvveenssscncosssssnnnons 15
Data .cccccesecveasosstcressssesseccssnrsonncassns 15
Procedure ....cveesevvrenosscscssssssessnsssssssns 19
Model form for yield prediction .....cc000e 20
Multicollinearity diagnostics ...eccosceeces 20

Biased estimation of parameters
for yield models .eveceecncessscevscsasonnes 26

Ridge regression ....cceceseveennecsans 26
Principal componentse regression ....... 28
Stein-rule estimator .cccivssrtvcecanans 29
Evaluation criteria ...vcevvvvecvenscncncess 30

1ii



Page
Results and DiscusBSion sceveeceesicvecrastocsasncesaos 32
Summary and ConcluBions c...cvevevsecosssvassscscaaccs 39

STUDY II: Calibration of Yield Prediction Models for A
Specific Locality and A Specific Seed Source.

AbBYract ..ceiierrovecasorssessrassssassessnasnorassnse 40
Introduction i.ccceevrevoresessrsonnsssrasasssssasense 41
Literature Review ....cvvisetvccectcersccncnsnsnnnsoes 43
Calibrating regression models in forestry ....... 43
Stein-rule estimation ....cviviciiiiinrinenaen 44
Materials and Methods ......cvvivvevenrisncscsesonnnss 47
1.1 X - O T R R ) 47
Procedure ....coceeevnesssesevscssonscsncnsssersens 52
Model forms for yield prediction ....ccc0c.s 52

Stein-rule estimator for calibrating
yield prediction models .....cccvveevinnanen 53

Evaluation criteria ...c.cvveeevvvisnvenanans o4

Resulte and Discussion ....cciieivenerccvecrorinancnas 56
Calibration of yield models to a locality ....... 56
Calibration of yield models to a seed source .... 64
Summary and ConclusBions .ceeerecccevctssoccsancsssscns 73

STUDY III: Use of the Kalman Filter Technique to Update Yield
Prediction Models.

AbBLract ...cceceseececr st esroersrsnnerrvoscssrsas 74
Introduction s ernsnorseesetsscssrssresasasas 75
Literature Review ...cecivieceecsassscscsosrsonenancnns 77
Updating forest inventories ......ccevvvevsvencen 77

iv



Page
Updating regression parameter estimates ......... 78
Kalman filter estimation ...vcecernvsnceveccennns 79
Materials and Methods ......cvcecrevressescscssccenncs 81
1= - T a1
Procedure ...cecceeesscsesosssccnssocesssnssonnns 81
Model form for yield prediction ....ccc0000. 84

Kalman filter estimator for updating
yield prediction modelg ...cceoevensceccenns 84

Prior information ......scvcieetsvasancananses 85
Evaluation criteria +...cvvevienrereccnncens as

Results and Discugsion .....ccvceveveecsorncnnnennnes 89
Prior information from the Hill Farm data set ... 89

Prior information from other localities of
the Southwide Seed SOUTrCe secveveersortcnronnnses 94

Summary and Conclusion® ....eesvevevvescssosscecnsansss 101

LITERATURE CITED ® & 8 5 2 0 0 0 P 0SB SR OSSO DPO e EPPID NSNS 103

VITA 9 8 00 00PN ILEP LSRN S IO RNIEIENE OIS ESIOPSESIVIOEOIEBERESIOSTETOSDN 110



Number

2.

3.

LIST OF TABLES

STUDY I

Number of plots present in the Southwide Loblolly Pine
Seed Source Data, by locality and seed source .......

Data gummary of stand variables for the fit and test
data sets L O Y I B B B B BN BN NN B BN RN RN RE B RN A BN B BN N RE BN B RN R BN RN B R RN

Simple correlations among independent variables used
in the yield prediction model .......ccvvverveccccnses

Variance inflation factor analysis for the fit

data 8t (c.iiieeroretrsrtrecrraanrieanstesensensonne

Condition numbers and variance proportions for the fit
data set as multicollinearity diagnostics ...........

Parameter estimates of the yield prediction model
from gix different estimation methods ..........cc.n

Evaluation statistics from six estimation methods for
the test data set and the pooled data set ...........

Page

17

18

22

23

25

33

34

Ranks of evaluation statistics for six estimation methods

for the test data set and the pooled data set .......

STUDY II

Stand attributes for the fit and test data sets,
by locality ceevcecereevererassasssnocrvsssnnccsssosss

Stand attributes for the fit and test data sets,
Dy 8e8d BOUIrCE .eocecenscesransannssssasosasscscasssnse

Parameter estimates of Burkhart et al. (1972) ’'s model
for twelve localities in the fit data set, using OLS
and Stein-rule estimators ceeceeeecccecscnnsccrcnccens

Evaluation statistics for three estimation methods,
by eriterion and locality ...covuverssnvensnvossnones

Sum of ranks over twelve localities for three
egtimation methodB ...cceceevcecerscrssconcssccocsonca

Parameter estimates of Burkhart et al. (1972) ’s model
for fifteen seed sources in the fit data set, using
OLS and Stein-rule estimators ....ceceovsvesosanrance

vi

36

48

50

57

S99

62

65



Number

7.

8'

1.

9.

10.

11.

Page

Evaluation statistics for three estimation methods,
by criterion and seed BOUrCE ..cvcveersoervansssanvea 67

Sum of ranks over fifteen seed sources for three
estimation methods .cccevericierveresrsncesvscsosnsees 70

STUDY III

Number of plots for the West Gulf region states from
the Southwide Loblolly Pine Seed Source Study ....... 82

Stand attributes of the fit and test data sets
used in this Btudy .eeeevrvsrerrecosseccessessrsvaceas 83

Stand attributes of two different sources of prior
information used in this study ...cooveveccssssscenes a7

Prior information used in this study based on the
Hill Farm dat@ 8%t seceeevroscesnsvssssansonsassonsas 90

Parameter estimates of the yield prediction model when
prior information was based on the Hill Farm data set,
by estimation methods8 ....vsevvvecesssonrrnasnsnsnnss 9i

Evaluation statistics for three estimation methods when
prior information was based on the Hill Farn
data Bet sivverererctonnrsersoerossrosvrcvnsvsccsennsnoe 92

Ranks of evaluation statistics for three estimation
methods vhen the Hill Farm data set wvas used as
prior information ...ciecrerrecrscscnrenccrsencesnrons 93

Prior information based on parameter estimates of
geven localitieg ..iceevseecciccncesoscnssnnsssnnnnas 95

Parameter estimates of the yield prediction model when
prior information vas based on seven localities from
the Southvide Loblolly Pine Seed Source Study ....... 96

Evaluation statistics for three estimation methods when
prior information was based on seven localities from
the Southwide Loblolly Pine Seed Source Study ....... %8

Ranks of evaluation statistics for three estimation

methods vhen the seven localities were used as
prior information .....ciiiiiiiieiiiiiiiiseriiitenann 99

vii



ABSTRACT

Different parameter estimation wethods of yield prediction
models vere investigated using data from the Southwide Loblolly
Pine Seed Source Study. This project consisted of three distinct
gstudies. Each study dealt with a possible situation in which other
parameter egtimation methods rather than the ordinary least asquares
(OLS) estiwmator might be used. Three different evaluation
statistics vere computed to select the "best" estimation method for
each situation.

The objective of the first study was to select the best
estimator for a yield model which had multicollinearity among
independent variables. Three types of biased estimators were
compared vith the ordinary least squares estimator in te;ma of the
predictive ability of the yield model. Ridge estimators wvere
better than the OLS estimator in dealing with multicollinearity
problems. Among methods used for selecting the ridge parameter k,
Mallows’s (1973) Ck statistic provided the best ridge estimator.

On the other hand, principal components and Stein-rule estimators
performed poorly compared to the OLS estimator in prediction
problems. However, the improvement of yield prediction by ridge
estimator wvas not enough in terms of volume per acre. Thus, the
OLS estimator might be'preferable due to the simplicity.

The second study dealt with the calibration of yield
prediction models to a specific locality and seed source by using
Stein-rule egtimatorse. The Stein-rule estimators provided better

viii



yleld prediction for a specific locality than OLS estiwmators. For
seed sources, however, the Stein-rule estimators offered little
gain in prediction compared with the OLS estimators.

In the third study, Kalman filter estimators were used to
update yield prediction models by combining OLS estimators from the
sample data with some prior information. Two different sources of
prior information were applied in this study. Kalman filter
egtimators performed better in both cases than OLS estimators.
Kalman filter estimators also predicted yield better vhen prior
information wag obtained from inside the study area than from

outside of the study area.
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INTRODUCTION

Regression techniques are used to predict the variable of
interest based on the relation between two or more quantitative
variableg. VYield prediction models are regression equations that
express yield per unit area as a function of age, measures of site
quality, and stand density. Yield per unit area can be easily
predicted by substituting the stand attributes from inventory data
into the yield model.

Coefficients of yield models have primarily been estimated by
uging the ordinary least squares (OLS) estimation method, due to
several favorable properties of the OLS estimator. The 0OLS
estimator is unbiased and has the smallest variance among all
linear unbiased estimatora. However, precise yield prediction
under some situations may not be accomplished with the OLS
estimation method. Other parameter estimation techniques should be
coﬁsidered as alternative to OLS in order to improve yield
prediction.

There are several problems associated with foréstry data.
¥hen a yield prediction model is developed,_multicollinearity might
be considered because qf its bad effects on the yield prediction.
The adverse effects of multicollinearity on regression models have
been emphasized by numerous authors (Hoerl and Kennard 1970a,
1970b; Brown and Beattie 1975; Chatterjee and Price 1977; Mitchell

and Hann; 1979; Belsley et al. 1980; Bare and Hann 1981). To deal
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vith the wmulticollinearity problem, biased estimation methods often
have been used aa alternatives to the OLS technique. These
methods result in estimators that are biased but have lover mean
squared error compared to OLS estimators. Howvever, research is
needed to determine vhich biased estimator performs better than the
OLS estimator in terms of prediction capability of yield wmodels.

Another possible problem that forest managers may face is the
application of yield models, that are based on the entire region,
to a small subregion of interest. The variability in environmental
factors of the small subregion is not fully explained by the
regional model. So far, a few estimation techniques have been
adopted to adjust the regional parameters. A Stein-rule estimator
can be used to calibrate yield prediction models to different
subregions. In this process, the regional parameter estimates are
appropriatély wveighted to fit to a specific locality or seed
source.

The other problem is to improve the precision of yield models
without collecting more sample data. This can be done by updating
OLS parameter estimates with some prior information. These types
of modification methods are knovn as feedback procedures.

Kalman filter estimation is one of the feedback procedures
that combines the OLS estimate with prior information by using
Bayesian estimation methodology. The Kalman filter estimator is
simple and very straightforvard in application because no
assumption is made in the distributional form of the sample data

except for the assumption on the errors. The Kalman filter



" estimator should be evaluated againgt OLS estimator to select a
proper parameter estimation method for yield prediction models.
With the consideration of the possible gituations described

above, this study vas divided into three distinct cases and

conducted to identify the "best" estimation method for each case.

The objectives of this study are as follows:

1) to improve the precision of yield models by using biased
estimations,

2) to calibrate yield models for different localities and different
seed sources by using a Stein-rule estimator, and

3) to update yield models by using Kalman filter estimation

techniques.



STUDY 1
BIASED ESTIMATION OF PARAMETERS FOR YIELD PREDICTION MODELS

ABSTRACT

Three types of biased regression estimators were compared to
the ordinary least squares (OLS) estimator in order to select the
"best® estimator when multicollinearity existed. The biased
estimators vere ridge regression, principal components regressicn,
and Stein-rule estimators. The evaluation was conducted based on-
the predictive ability of a yield model develoﬁed by Matney et al.
(1988). A total of 522 plots from the data of the Southvide
Loblolly Pine Seed Source study vas used in this study.

All three ridge estimators were better than OLS in terms of
predictive ability. The ridge estimator obtained by using Mallows’s
(1973) Ck statistic performed the best. On the other hand, the
other tvo biased estimators, principal components and Stein-rule
estimatora (James and Stein 1961), performed poorly when compared to
the OLS estimator., Thus, ridge estimators can be recommended as an
alternative estimator when multicollinearity exists among
independent variables. However, The performances of all estimators
did not showv any enough difference in terms of evaluation
statisticse. Thua, the OLS estimator might be preferable due to ite

simplicity.



INTRODUCTION

Foresters are often required to make estimates of wood volume
yvield. Yield estimation accomplishes a key role in supporting
management plans and determining the amount of cutting on the
forest. Therefore, accurate yield prediction is essential to
effective forest management planning.

Multiple linear regression techniques have been employed in the
quglopment of yield prediction models since Mackinney and Chaiken
(1939) first applied them to loblolly pine stands. Model parameters
usually have been estimated using the ordinary least squares (OLS)
method, that produces estimates that have lower variance than other
linear unbiased estimators. However, the OLS estimators can have
large variance when multicollinearity exists among variables in the
data.

Yield prediction models require stand variables such as age,
dengity, and site index as independent variables. Since the yield
models are developed by multiple linear regression techniques, the
presence of multicollinearity should be considered in the estimation
of parameters for the prediction models. If high correlation exists
betwveen some of the independent variables, then the regression model
is said to contain multicollinearity between these variables.
Problems can arise depending on the degree of multicollinearity that
the regression model exhibits (Marquardt 1970; Kmenta 1971). When
high multicollinearity is involved in a regression model, there are

S



gome adverse effects on parameter estimates such as imprecise
estimates and incorrect signs of regression coefficients.

To avoid most of the pitfalls of the OLS method in the presence
of multicollinearity, biased estimation techniques such as ridge
regression, principal components regression, and Stein-rule
estimators have been used. Since the 1970’s, much research has been
conducted on obtaining biased estimators with better overall
performance than OLS when multicollinearity is present (McDonald and
Galarneau 1975; Gunst and Mason 1977; Dempster et al. 1977; Bare and
Hann 1981).

The concerns of multicollinearity have been recently addressed
in forestry. Mitchell and Hann (1979) discussed ridge regression
methodology for dealing with multicollinearity and also presented an
algorithm for obtaining the coefficients in ridge regression. Bare
and Hann (1981) concluded, in the development of a basal area growvth
model for ponderosa pine, that the use of ridge regression produced
precigse and stable estimates of model parameters.

Past works om the biased estimation methods, especially in the
field of forestry, mainly focused on mean squared error (MSE) of
parameter egtimates for the selection of good regression estimators.
Hovever, this Etudy concentrated on the predictive ability of the
models in selecting the "best" estimator because that is vhat the
users (forest wanagers) are interested in.

In this study, biased estimation techniques for dealing with
multicollinearity are presented and evaluated to select the "best"

estimator in terms of predictive ability of yield models.



. LITERATURE REVIEW

Among the many possible estimators of coefficients in a linear
regression wmodel, least squares estimator has been the wmost popular.
It is an unbiased estimator of the regression parameters and has the
smallest variance of all unbiased linear functions. Howvever, the
least squares estimator can be extrewmely unstable vhen there exists
multicollinearity in the data. There are two major adverse effects
of high multicollinearity. First, it results in the possibility of
very imprecise estimates of the regression coefficients. Second,
high multicollinearity can cause wrong signs of regression
coefficients from vhat are expected (Hoerl and Kennard 1970a, 1970b;
Brown and Beattie 1975). Chatterjee and Price (1977) pointed out
that vhen a new independent variable is added or deleted, regression
coefficients affected by multicollinearity are drastically changed.
To obtain appropriate estimators under conditions of
multicollinearity, therefore, considerable attention has been
focused on biased estimation of the parameters of a linear
regression wmodel.

A number of alternatives to OLS may be preferable although they
produce biased estimates. The objection to bias may not be strong
depending upon the intended use of the regression models (Hocking
1976). The important issue would appear to be vhether or not the

resulting estimators perform better than the OLS estimation method.



Ridge Regresaion

Ridge regression sacrifices unbiasedness to obtain parameter
estimates that have a smaller wmean squared error (MSE)., The ridge

estimator proposed by Hoerl and Kennard (1970a) is
1

bpp = (X'X + kD) "X’y (1)

vhere

bRR = the ridge estimator,

X = standardized matrix of independent variables,

X' = transpose of X,

Yy = ptandardized dependent variable vector,

I = identity matrix, and

k = ridge parameter.

Since the 1970’s, there has been much interest in ridge
regregsion., The concept of ridge regression has been examined by
many researchers (Marquardt 1970; Mayer and Willke 1973; McDonald
and Schving 1973; McDonald and Galarneau 1975). Much of the
discussion. centered around.the choice of the constant k. It is
recognized that the OLS estimator is unlikely to be a satisfactory
estimator wvhen the design matrix (X’'X) is badly conditioned due to
multicollinearity. Ridge regression can be used to remedy this
problem. The important step in ridge regression is to choose a
value for k such that the ridge eatimator has smaller mean squared
error than the OLS estimator. To improve the coefficients of the
models, numerous methods have been proposed for determining the
value of k. The ridge trace is one common technique proposed by

Hoerl and Kennard (1970a, 1970b). The ridge trace is a plot of all



regresesion coefficients over a range of values for k. A k value is
chosen when the regression coefficients first become stable in the
ridge trace. Marquardt (1970) proposed another method based on the
variance inflation factor (VIF). VIF is the diagonal elements of
the inverse of the correlation matrix. Marquardt proposed a k value
such that the maximum VIF of ridge estimator is between 1 to 10, and
close to 1 if possible. Simulation studies have been conducted to
determine the improvement of the mean squared error of estimates
(McDonalds and Galarneau 1975; Dempster et al, 1977; Hoerl and
Kennard 1976; Gibbons 1983).

Some other criteria have been proposed to select k when the
prediction capability of the wmodel is more important than the
precision of coefficients of the models. Research on this topic has
been sketchy so far. Myers (1986) summarized three general criteria
to select the value of k for prediction performance of regression
models. The criteria are Mallovs’s (1973) Cp-like statistic,
Allens’'s (1974) PRESS-like statistic, and the generalized cross
validation (GCV) proposed by Golub et al. (1979).

Cp wvas proposed by Mallowa (1973) as a criterion for selecting
a regression wmodel. Cp is a measure of total squared'error.
Mallovae’s criterion in a ridge regression context, Ck' has been used
by some researchers to select k. Erikson (1981) used ridge
regression to directly estimate lagged effects in marketing and
diacuasged the Ck statistic as one of the prediction criteria for
ridge regression. Li (1986) discussed the asymptotic optimality of

Ck in the setting of ridge regression.



Allen (1974) proposed PRESS (predicted residual sum of squares)
as a cross validation technique for the selection of a suitable
regression model. When prediction capability is an important
criterion for a choice of k, a PRESS-like statistic can be used in
ridge regression. This statistic is very similar to the PRESS
statistic in OLS. The method consists of dropping one observation
at a time, estimating the model, and predicting its left-out
observation. The sum of squares of the predicted residuals is
computed for each choice of k. Delaney and Chatterjee (1986), using
Monte Carlo simulation technique, evaluated several methods of
choosing ridge parameter k including the PRESS-like statistic.
Erickson (1981) also reviewed the PRESS-like statistic and compared
it with other prediction criteria.

The generalized cross validation (GCV) advocated by Golub et
al. (1979) providee another criterion to choose k for improving the
prediction capability of a model. This technique selects the k that
minimizes a weighted mean squared prediction error. The weights are
derived as a function of the design matrix. Golub et al. (1979)
shoved that the GCV does not require an estimate of variance. The
GCV statistic has been used to choose ridge parameter'k in several
studies (Erikson 1981; Delaney and Chatterjee 1986; Li 1986; Bates
et al. 1987).

éare and Hann (1981) introduced ridge regression to the field
of forestry, using it to select independent variables during the
development of a basal area growth model for ponderosa pine. They

concluded that the use of ridge regression produced a meaningful

10



predictive model with interpretable coefficients. Howvever, no study
so0 far has been done to improve the predictive capability of yield

models based on data with multicollinearity problems.

Principal components regression has received considerable
attention as a method for dealing with ill-conditioned data (Massy
1965; Johnson et al. 1973; Lott 1973; Fomby and Hill 1978 ).
Principal componente regression is a wmethod of inspecting the sample
data or design wmatrix X'X for directions of variability and using
this information to reduce the dimensionality of the estimation
problem.

The occurrence of small eigenvalues of correlation matrix X’'X
is a warning of the presence of multicollinearity problem. Terms
that have reasonably small eigenvalues of X’'X are deleted to obtain
principal components estimators. Thus, the principal components

egtimator is given by

v -1
=Y e c (2)
Bpg ,513 %
vhere

QPC = the principal components estimator,
eJ = Jth eigenvalue of X'X,
gj = jth eigenvector of X'X,
c =y 'X’ and

3 T hHYY

r = number of terms to be retained so that (p-r) terms are

deleted from p parameters.

The most important thing in principal components regression is

11
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hov to determine the (p - r) terms to be deleted in order to reduce
the dimensionality of the estimation problem. Judge et al. (1985)
discussed two approaches on this topic. The first approach, which
wvag somevhat arbitrary, involved deleting those components
asgoclated with small eigenvalues. The second approach was based
upon tests of hypotheses using classical or MSE tests. Hill et al.
(1977) provided a listing of such tests and their interpretations.
Lott (1973) and Massy (1965) discussed alternative methods of
selecting terms to eliminate. The methods utilized the observed
values of the response variable and did not necessarily result in
eliminating the terms with the smallest eigenvaluea. The
disadvantage is that R2 may decrease as terms are deleted.

Mansfield (1975) demonstrated that even the procedure using response
variables to decide which terms to eliminate did not consistently
identify the proper terms in caaea(of strong multicollinearity.

So far, limited studies have been conducted in the field of
forestry using principal components regression. Fries (1965) used
eigenvalues and eigenvectoras to find the pattern of variation in
stem form for different species. Kozak and Smith (1966) also used
similar approaches to estimate tree taper but concluded that simpler
methods vere adequate. Principal components regression {(Liu and
Keister 1977) was used to develop equations for defining stem
tapera. Nevcomer and Myers (1984) also adopted principal components
analysis to separate form variance from size variance for 7 tree
gpecies and to express form variance as a set of independent linear

functions of the measured variables.



ames-Stein Estimation
James and Stein (1961) proposed a compromise estimator for the
mean of a wmultivariate normal distribution having a uniformly lower

mean squared error than the sample mean:

eJSE(i) = (1 - C)xi (3
vhere

eJSE(i) = James-Stein estimator for group i,
ii = gample average for group i,

lli 2
c =(k -2)V/YX.°,

i=1 *
n, = number of observatione in group i,
k = number of groups, and
v = common variance of groups.

There exists a risk of the estimator (3) being swmaller than
that of ii for k>2 (Stein 1955; James and Stein 1961). Efron and
Morris (1972a, 1972b, 1973a, 1973b, 1975) used the empirical Bayes
approach to develop the James-Stein rule. Their estimator is

modified by Lindley and Smith (1972) as follows:

eJSE(i) = U+ (1 - D)(xi - (4)
vhere
Kk
U=y Xi / k,
i=1
D = (k - 3)V/S, and
k
S = Y (X, - U)z.
i=1 1

James-Stein estimators have not performed consistently well in
gimulation studies. In Vinod’s (1978) simulation they did well in
only one of three cases. Gunst and Mason’s (1977) simulation showed

that there is no proof that mean squared error of James-Stein

13



estimators is lower than that for OLS. Their results indicated that
James-Stein estimators performed better than OLS when the columns of
the design matrices wvere not close to being dependent, but were not
much of an improvement for nearly collinear data.

James-Stein estimators were first used in forestry in the early
1980's by Burk and Ek (1982) to improve estimation efficiency in
forest inventory problems. After comparing the estimator with
maximum likelihood estimators, they concluded that the James-Stein
estimator improved the precision of inventory in terms of total mean
gquared error. Green (1986) discussed the James-Stein estimator as
an empirical Bayes estimation to update forest inventory.

For the estimation of regression coefficients, Mayer and Willke

(1973) discussed the use of Stein-rule estimators of the form:

hSR=d*_l_)_ (5)

where

QSR = Stein-rule estimator,

b = ordinary least squaree estimator,

d = max [0, (1 - cv/b’b)] for 0 < ¢ < 2(p-2)/(h+2),

v = the error sum of squares using b,

p = the number of eigenvalues of X'X, and

h = the number of degrees of freedom on vhich v is based.

They chose a weight d that provided smaller mean squared error than
least squares estimators. James and Stein (1961) shoved that mean
squared error of the Stein-rule estimator (5) wvas minimized if

c=(p - 2)/(h + 2).
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MATERIALS AND METHODS

Data

Data for this study came from the Southwide Loblolly Pine Seed
Source Study, vhich wvas established in 1952-1953 to determine the
genetic variation associated with geographic variation for loblolly
pine (Wells and Wakeley 1966). Seeds from 15 geographic areas
involving 9 Southern states were obtained. The seedlings from these
sourcea‘vere planted at each of 12 locations in a randomized
complete block design with 4 replications. Because of drought after
establishment, however, only 2 replications remained in 3 locations.
Each replication in this study was regarded as a plot. A total of
522 plots was available. Each seed source plot contained 121 trees
on a 6 ft x 6 ft spacing. The inner 49 trees on each plot were
measured at 1, 3, 5, 10, 15, 20, and 25 years after planting,
although the last three measurements at some locations vere made at
age 16, 22, and 27 instead.

Height of the 49 weasurement trees on each plot vere noted at
time of planting, and survival wvas recorded the first May and June
thereafter. Diameter at breast height was recorded starting at the
tenth growing season.

Total cubic-foot volume outside bark per acre was computed
using Burkhart et al.’s (1972) individual tree volume equation.
Also, the mean height of the tallest 350 percent of surviving trees
at each age was used as average height of the dominante and

15



codominants for each plot. This approach was employed by Golden et
al. (1981) on the same data set because crown class data were not
available.

The number of plots used in this study by locality and seed
gource is presented in Table 1. Because only data after the tenth
groving season are generally available for the development of growth
and yield models, data collected before age 10 were not used to
estimate parameters of yield prediction models. Furthermore,
remeasurements from these permanent plots formed time series data.
The autocorrelation among the error terms of the time series data
vag detected (p > 0.1) by Durbin-Watson test (Neter et. al. 1985).
To remove the effect of autocorrelation problems on yield prediction
models, only one age class from each plot was randomly selected.
This process was adopted to simulate the temporary plot data similar
to those used for developing yield models.

Yield prediction data for this study were divided randomly into
a fit data set and a test data set. Regression coefficients of the
model were estimated from the fit data set. The test data set vas
used to validate the ability of the yield models to accurately
predict volume yield for an independent data set. The fit data met
consisted of 261 plots randomly selected from a total of 522 plots
available. The remaining 261 plots were withheld to form the test
data set. This half-and-half data splitting method is popular when
the collection of new data is neither practical nor possible for
model validation (Sﬁee 1977). The fit and test data sets vere found

to be similar in stand attributes (Table 2).
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Table 1. Number of plots present in the Southwvide Loblolly Pine Seed Source Study Data, by
locality and seed source

- - - - - - . 4 A = e = A R T = e R e S = P At - - e e = . A D D = e e e -

------------------ Number of plotg - - - - - = = = = - = =« = = ~ - =~
03 4 4 4 4 4 4 4 4 4 36
07 6 10 6 4 6 4 4 5 4 10 6 10 4 4 84
13 4 4 4 4 4 4 4 4 4 36
15 4 4 4 4 4 4 4 4 4 36
17 4 4 4 4 4 4 4 4 32
25 4 4 4 4 4 4 4 4 4 36
26 4 4 4 4 4 4 4 4 4 36
28 2 4 2 2 2 2 2 2 2 4 2 4 2 2 34
29 4 4 4 4 4 4 4 4 4 36
32 4 8 4 4 4 4 4 4 4 8 4 8 4 4 68
36 2 2 2 2 2 2 2 2 16
40 4 8 4 4 4 4 4 4 4 4 8 4 8 4 4 72
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Table 2. Data summary of stand variables for the fit and test data

gets
"""""" a/  Wamber 7
Yariable of obs. Minimum Maximum Mean
T T L L T T Tt data gt - - m e
Age (years) 261 10 27 18
Hd 261 18 79 48
N 261 24 1185 540
v 261 123 6779 2597
------- Test data set - - - - - - - - -
Age (years) 261 10 27 18
Hd 261 14 78 49
N 261 49 1160 480
v 261 121 6751 2620

- - et wn e - = - - - —n - = e = = o o A S G S - o e e o e e e e G e R e A g e W

= Notations:

Hd = Average height of the dominant and codominants in feet.
= Number of trees per acre.
V = Total volume per acre in cubic-foot outside bark.
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Procedure
The process of data standardization was employed before fitting
the model. Standardization is werely a transformation on variables
that eliminates all units of measurements and forces the
standardized variables to have the same mean and the same amount of

variability. The standardized variables are computed from:
*

y; = (1//n-1) (yi - y)/sy (6)
* _
xiJ = (1/Jn-1) (xi:j - xJ)/sJ (7)

Yy = the ith observation of the standardized dependent variable,

Yy © the ith observation of the original dependent variable,
xiJ* = the ith observation of the standardized jth independent
variable,
i3 = the ith observation of the original jth independent variable,

Yy = mean of the observations for the original dependent variable,

¥_. = wean of the observations for the original )th independent
variable,

a_ = the standard deviation of the original dependent variable,

8_ = the standard deviation of the original jth independent

variable, and

n = number of observations.

Tvo wain advantages of standardization of data are known. One is to
eliminate rounding error when precision is lov for computing inverse
of the X’'X matrix. The other is to enable regression coefficients

to be more directly comparable. Parameter estimates for the

original yield prediction model are given by
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gJ=(a/a)p_' (9
Y pJ J
= - X (10)
Bo =7 i}=:1233
vhere
QJ = parameter estimate of the original jth independent variable,
QU* = parameter estimate of the standardized jth independent
variable, and
go = parameter estimate of the intercept for the original model.

Model form for yield prediction

The model form developed by Matney et al. (1988) for yield
prediction vas used for this study:

In(v) = b0 + bl(llA) + b2 ln(Hd)/A + b3 In(N)/A + b4 ln(Hd) (1

vhere

V = total cubic-foot wolume outside bark per acre,

A = total stand age in years,

H, = average height of the dominants and codominants in feet

N = number of surviving trees per acre, and

In(x)

natural logarithm of x.

Multicollinearity diagnostics
Multicollinearity means that the model has redundant

information because of linear dependency among independent
variables. In this study, four diagnostics (simple correlations
among independent variables, variance.inflation factors (VIFs),
system of eigenvalues of X'X, and variance decomposition

proportions) were used to detect the strength of the linear



dependencies and hov much the variance of each regression
coefficient is inflated.

Correlation is a measure of the intensity of association. 1In
multiple regression, however, the simwple correlations do not always
underscore the extent of the multicollinearity problem because
multicollinearity often involves associations among multiple
independent variables. Even though the simple correlations do not
indicate the extent of multicollinearity, they may provide guideline
values to see vhich one-on-one associations exist (Myers 1986). The
values of simple correlations among independent variables are
presented in Table 3. As a general rule if the correlation
coefficient between the values of two independent variables is
greater than 0.8 or 0.9, then multicollinearity is a problem (Judge
et al. 1988). 1In this study, the absolute values of correlation
coefficients among independent variables ranged from 0.8385 to
0.9863, signifying a degree of multicollinearity.

The VIFs represent the inflation that each regression
coefficient experiences above the ideal level if the correlation
matrix were an identity matrix. They provide more a productive
approach for detection than do simple correlations. They indicate
vhich coefficients are adversely affected and to what extent. It is
generally known that if VIF exceeds 10 there should be at least some
concern with multicollinearity (Myera 1986). As shown in Table 4,
the VIFs of variables 1/A and 1n(Hd)/A vere 222.1 and 120.8,
regspectively, indicating that a multicollinearity problem should be

suspected,
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Table 3. Simple correlations among independent variables used in
the yileld prediction wodel

a/
Variable 1/7A ln(Hd)/A In(N)/A ln(Hd)
1/A 1. 0000 0. 9863 0. 9646 -0.9085
ln(Hd)/A 1, 0000 0.9472 -0.8385
In(N)/A 1.0000 -0.8858
In(H,) 1. 0000

. - - - D GG e T T G R D e e e M - e = = -

a/ Notations:

A = Stand age in years.

Hd = Average height of the dominant and codominants in feet.
= Number of trees per acre.
In(x) = Natural logarithm of x.



Table 4. Variance inflation factor analysis for the fit data set

a/
Variable Variance inflation factor
1/A 222.1
ln(Hd)/A 120.8
In(N)/A 14.5
ln(Hd) 18.8

a/ Notations:
A = Stand age in years.
Hd = Average height of dominants and codominants in feet.
= Number of trees per acre.
ln(x) = Natural logarithm of x.
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Eigenvalues of the correlation matrix can also be used to
detect the wulticollinearity problem. A near-zero eigenvalue
indicates a strong linear dependency. MNulticollinearity can be
measured in terms of the condition number of correlation wmatrix

vhich is given by

Q. = T (12)

vhere
)
Amax

M

the condition number of the ith eigenvalue,

the largest eigenvalue of the correlation wmatrix, and

the ith eigenvalue of the correlation matrix.

A large condition number is evidence that the regression
coefficients are unstable. When the condition number exceeds 30,
multicollinearity should be suspected (Belsley et al. 1980). Table
5 shovs that the smallest eigenvalue in this study had a condition
number of 36.38, signifying a multicollinearity problem.

It should be emphasized that a serious multicollinearity does
not dgposit its effect on only one regression coefficient. The
variance decomposition proportions should be analyzed to determine
vhat proportion of the variance of each coefficient is attributed to
each dependency. According to the analysis of variance proportions
in this study (Table 5), the precision of estimating regression
coefficients for 1/A and ln(Hd)/A vas damaged by the linear

dependency with high variance proportions for the smallest

eigenvalue. It geems that the variable ln(Hd) does not have a lot



Table 5. Condition numbers and variance proportions for the fit
data set as multicollinearity diagnostics

Eigenvalue Condition number 1/7A ln(Hd)/A In(N)/A ln(Hd)
3.767380 1.0000 0. 0003 0. 0006 0. 0046 0.0033
0. 177395 4, 6084 0. 0006 0.0115 0. 0090 0.2114
0.052379 8. 4809 0. 0075 0.0270 0.9475 0.0214

0. 002846 36. 3821 0.9916 0. 9609 0.0389 0.76e40

- - e Y 4 e = ST AP S R M m e e e R G e e T A e Y AR T R B e e W SR A e



of variation. Thus, based on the analysis of variance proportions,
the variables 1/A and ln(Hd)/A basically seem to be the same.

Based on the above diagnostics, some wmulticollinearity was
detected in the data. As a result, an alternative estimation method

to OLS should be recommended for the yield prediction model.

Biased estimation of parameters for yield models

In addition to ordinary least squares estimators, biased
estimators such as ridge regression, Stein-rule estimator, and
principal components regression wvere obtained to determine which
estimation technique performs best in terms of the iwprovement of
the prediction capability of the yield wmodel.

Ridge Regression --- The performance of the ridge regression
estimator depends on hov well the ridge parameter k is determined.
Obviously, in yield prediction wodels with multicollinearity, the
prediction capability should be improved by using an appropriate
value for k. In this study, three criteria of choosing k vere
Mallowa’s (1973) Cp-like statistic, Allens’s (1974) PRESS-like
gtatistic, and the generalized cross validation (GCV) proposed by
Golub et al. (1979).

Mallows’s criterion in a ridge regression context is

C, =sssk/$2- n+2+2trH) (13)
vhere
SSEk = the sum of squared error using ridge regression,
32= the mean squared error from OLS estimation,
n = number of observation,



Hk = hat wmatrix in ridge regression, which is computed by
1

X(X’X + kI) "X’, and
tr(Hk) = trace of thé hat matrix for ridge regression.
The PRESS-like statistic, a modification of Allens’s PRESS, used in
this study is given by

n
PR(Ridge) = (1/m) ¥ [ e? 2

L i.k/(l - hii,k) ] (14)
vhere
&k ° the ith residual for specific value of k, and
’
hii k- the ith diagonal elewents of hat matrix.
14

On the other hand, the generalized cross validation (GCV) advocated
by Golub et al. (1979) is to select a value for k that minimizes a

veighted mean squared error prediction. The criterion is given by

GCV = SSEk/(n - [1 + tr(Hk)] )2 (15)

Most ridge regression is applied to the standardized form of

the model. The ridge estimator (1) in standardized form is given by

* - -1
bpep ° (R .+ kI Tay (16)

vhere

Rxx = the correlation matrix of independent variables, and

rxy the vector of simple correlation of the independent
variables and the dependent variable.

For different values of k from O to 1, the three criteria Ck
gtatistic, PR(Ridge), and GCV wvere computed using the standardized
form of the data. A value of k which minimized the statistic was
chosen for each criterion. The parameters of the yield prediction

model were then estimated from equation (16), resulting in three

yield equations.
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Principal componente regression --- The reduction of the
dimension of the estiwation problem implies a trade-off that

balances bias against reduced sampling variances. These

considerations are particularly important in the case of principal

28

components regression. The matrix form of a linear regression model

can be transformed as follovs:

Yy = Xg + e
y = XPP'§ + e
y = 28 + g (17)
vhere
y = vector of dependent variable from standardized data,
X = matrix of independent variables from standardized data,

= the orthogonal eigenvectors of X’X,

w
n

the unknovn parameters to be estimated,

vector of errors distributed'as N(O,OZI),

o
]

& =P, and
Z = XP vhich is the matrix of principal components.
The principal components estimator of g is obtained by deleting one
or more of the principal components, applying OLS to the resulting
model and waking a transformation back to the original parameter
space. The matrix Z can be partitioned into two parts, Z1 to be
retained and 22 to be deleted. Thus the model (17) can be rewritten

Y = zﬂ% + zng + e (18)

Hhengzis set equal to zero, the least squares estimator of Q1 is

easily computed from §1= (21'21)-121'1. The principal components

-~
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estimator is obtained from an inverse linear transformation:
bec = Pi&y (9

The major question in the principal components regression is
hov to select components for deletion. The simplest vay is to
select 22 agssociated with small eigenvalues. Based on the
eigenvalue analysis, in this study, one eigenvalue had the condition
number of 36.38 (Table 5). Thus, one principal component
corresponding to the small eigenvalue wvas deleted and the principal
components estimator (19) was computed.

Stein-rule Estimator --- Vinod and Ullah (1981) discussed a
Stein-rule estiwmator in the regression context. The estimator is
derived by the Bayesian interpretation with a prior distribution of
£-N(0,6f(X'X)-1), vhere qfis the variance of QL In other vords,
the Stein-rule eatimator is a compromise between the sample
information and prior information of the estimates. Since the prior
information g has mean zero, the estimator shrinks the OLS estimator

tovard the origin. As a result, the Stein-rule estimator is given

by
= - 2, iy '
QSR = [ (pe”/b’X'Xb)1 b (20)
vhere
ESR = Stein-rule estimator,

b = ordinary least squares estimator,

p = the number of eigenvalues of X'X,

52 = the mean squared error from the OLS, and

X = matrix of independent variables from the standardized data.

The Stein-rule estimator veights the OLS estimator by the
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factor 0 ¢ 1- (pezlg'X'xg) £ 1. The yield prediction model was
fitted to estimate coefficients using the estimator (20). The

resulting equation should have a lover MSE over the OLS equation.

Evaluation criteria

Parameter estimates of the yield prediction model vere cbtained
from the fit data set using each of the biased estimation methods.
In addition, the OLS technique was employed to estimate the
parameters of the model. Thus, six final equations were evaluated
to determine which method provided the "best® results in terms of
prediction performance of the model under the multicollinearity
situation.

To evaluate the estimation methods, candidate estimators wvere
compared based on the following three evaluation criteria.

1. Mean difference, vhich is a weasure of bias of a model.

Diff = (1/n)z Diffi
i=1

vhere

A

Yy " ¥y ¢ difference between the ith observed and

Diffi
predicted volume per acre, and

the number of observations.

n
2. Mean abgolute difference, which is a measure of precision of

a model.

n
IDiffl = (lln)leiffil
i=1

3. Mean squared difference, vhich is similar to the mean
absolute difference, but is more more sensitive to outliers.
2

n
Diff? = (1/n) ¥ (Diff )°
i=1
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These atatistics wvere computed separately for the test data and
the pooled data (both fit and test data sets). The test data
repregented an independent data set, Qhereaa the pooled data were
regarded as the representative of the population.

The evaluation criteria vere computed based on volume per acre
rather than the logarithm of volume which was the dependent variable
-in the yield model. This wvas because volume per acre was really the
variable of interest.

The final six equations vere ranked relative to one another
based on each criterion, with rank 1 corresponding to the smallest
value. Then the overall rank wvas calculated as the sum of the ranks
over three criteria. The "best" system of yield prediction equation

was the one with the smallest overall rank.



RESULTS AND DISCUSSION

The k values from prediction-oriented selection criteria ranged
from 0.00012 to 0.00065. The minimum values for Ck' the PRESS-like
statistic, and generalized cross validation vere obtained when k was
0.00013, 0.00065, and 0.00012, respectively. These k values vere
congervative (close to zero). Hocking (1976) reported that for his
data, Ck statistic vas more conservative in producing a smaller k
value than the ridge trace and VIF criteria. 1In this study, the
PRESS-like criterion produced the least conservative (largest k)
biased estimation of the coefficients, whereas Ck and GCV resulted
in similar values for k.

Six sets of coefficients of the yield prediction model (11)
were obtained from the fit data set (Table 6). The six estimation
methods were OLS, three ridge estimators based on different criteria
of choosing k, principal components regression, -and Stein-rule
estimator. The results of evaluation on the test data set and the
pooled data set are presented in Table 7.

For both validation data sets, three ridge regression methods
performed slightly better than the OLS. Especially, ridge
estimator based on the Ck statistic performed better than the OLS
for all evaluation statistica. The principal components estimator
had the swallest mean difference and the largest mean absolute and
squared difference for both data sets. Thus, this estimator vas not
only the least biased but also the 1éaat precise for yield
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Table 6. Parameter estimates of the yield prediction model from
gix different eastimation wethods

- e - om . n - Y e e R R Y " S S S R e R TR S S D SR e G e e W B S D WD A e e e . -

8/ | mmeemeeee e semesecessscoocmsusss oo c— e
Eedmator . N i S N - Pa____
OLS 0. 2038 -61.7273 3.0816 8. 7655 1.8884
J-S 0. 2186 -61. 6054 3.0755 8.7482 1.8847
Ck 0. 0998 -59.9155 2.6386 8. 7320 1.9162
PR(Ridge) -0. 2487 -53. 9804 1. 2856 8. 6080 2.0048
GCV 0. 1035 -60. 0494 2.6873 8. 7345 1.9142
PC -2.5309 -21.3997 -7.1846 8. 4873 2.95945

- e - v G5 Ee e S e b G e = o T A D SR P G D WS D D G G S G S G G0 L M R S G e =

8/ Notétion:

OLS = Ordinary least squares estimator,
J-8 = James-Stein estimator,

Ck = Ridge estimator based on Mallowe’s (1973) statistic
(k = 0.00013),

PR(Ridge) = Ridge estimator based on Allens’s (1972) PRESS-like
statistic (k = 0.00065),
GCV = Ridge estimator based on the generalized cross
validation (k = 0.00012), and
PC = Principal component estimator.



Table 7. Evaluation statistics from six estimation methods for the test data set and the pooled

data set
---------- Tegt data get ---------- --------- Pooled data get ----------
a/ b/ c/ —
Estimator Diff IDiffl Diff2 Diff IDiff Diff
oLs 118.92 395.58 330725 182. 40 422.36 365786
J-S 120, 11 396. 32 332054 183. 53 423.07 367181
Ck 117.97 394. 40 329112 180.76 421.61 363798
PR(Ridge) 118.80 395. 16 330482 180. 24 423.68 365003
GCV 118.94 395.33 330436 181.98 422,62 365417
PC 101. 66 405. 09 335177 157.31 435,73 369511
a/ n A
Diff = (1/n) % Diffi, vhere Diffi il S i difference between the ith observed and predicted
i=1 volume per acre.
b/ n
IDiffl = (1/m) T IDiffiL
i=1
c/ n
Diff = (1/m ¥ (Diff )2,

i=1

veE



prediction. On the other hand, the Stein-rule estimator
consistently performed wvorse than the OLS estimator for all
evaluation statistics in both validation data sets.

The ranks based on the three criteria are presented in Table 8.
The overall ranks were similar for both the test data set and the
pooled data set, indicating that each estimator performed
consigstently for an independent data set as well as for the
population.

Ridge estimators performed aliéhtly better than OLS estimators.
The Ck criterion produced the best impfovement in terms of
prediction capability of the model. The PRESS-1like and GCV criteria
also provided some improvement of prediction over the OLS and ranked
second and third, respectively, in both validation data sets (Table
8). However, the ridge estimators gained 1 to 2 cubic feet per acre
in mean difference and mean absolute difference for both validation
data sets. This amount of improvement by ridge estimators over OLS
estimators may not be meaningful in practical applications. These
results vere similar to those obtained by Delaney and Chatterjee
(1986), vho compared ridge estimators to OLS estimator through Monte
Carlo simulations. They concluded that, for the predictive ability,
the OLS estimator performed as well as the ridge estimator from
PRESS-like statistic and even better than the ridge estimator from
GCV.

This study shoved that the use of OLS estimators might be
preferable for the predictive ability of the model vhen the data

have a wulticollinesrity problem. Judge et al. (1988) discussed a
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a/
Table 8. Ranks of evaluation statistics from six estimation methos for the test data set and the pooled

data set
-------- Test data set ---------- ~------ Polled data set --------
Rank Overall

Estimator Diff IDiffl 52222 Total Diff IDiff] EIEEZ Total sum rank

oLS 4 4 4 12 S 2 4 11 23 4

J-S 6 5 5 16 6 4 5 15 3l 6

Ck 2 1 1 4 3 1 1 S 9 1
PR(Ridge) 3 2 3 8 2 5 2 9 17 2

GCV S 3 2 10 4 3 3 10 20 3

PC 1 6 6 i3 1 6 6 13 26 S

- P - - ———— - - . - = = = - R 4m L = Y = - A - = - = P m e = m = e A P - -

8/ Numbers to represent relative performances of six estimation methods (1 being the beat and 6 being the

vorst) The overall ranks vere determined by the sum of the ranks over three evaluation statistics.

9c
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near-exact multicollinearity situation in which the ill effects of
small eigenvalues vere cancelled out, resulting in good predictions
from the OLS estimator.

The principal components estimator ranked fifth overall, below
the OLS estimator (Table 8). It ranked first in terms of wean
difference for both validation data sets, but ranked last in the
other tvo criteria (mean absolute difference, and mean squared
difference). Residual plots revealed that principal componenta
estimator produced residuals vhich were more symmetrical about the
zero line as compared with OLS estimators. In other vords, the
principal components estimator provided more systematical
overprediction and underprediction than the OLS estimator. As a
result, bias based on mean difference vas lover for principal
components estimators.

The better overall performance of the OLS estimator over the
principal components estimator was not expected and might be due to
the data structure. Kozak and Smith (1966) suggested that OLS
estimatore were adequate for estimating tree taper rather than
principal components regression methods.

The Stein-rule estimator consistently perforwed poorly for both
data sets in this study (Table 7). The Stein-rule estimator ranked
last overall for both data sets (Table 8). This indicates that
James-Stein estimator did not improve prediction in this study when
multicollinearity was involved. It iz known that Stein-rule
estimator is better than OLS in terms of lowver mean squared error

(MSE) of estimates, provided there are at least three parameters to



be estimated. However, this estimator was not frequently used in
the 1960’s and early 1970's, despite its theoretical superiority
(Vinod and Ullah 1981). The lack of faith on this estimator wvas the
main reason this estimator was not frequently used. Researchers
vere not sure vhether or not their data from practical problems
could meet the assumptions such as normal distribution and
independence of errors in order to use this estimator. MNoreover,
some simulation studies failed to prove the superiority of this
estimator over the OLS in terms of mean squared error (Gunst and
Mason 1977; Vinod 1978). Draper and Van Nostrard (1979) suggested
that Stein-rule estimator did not produce much of an improvement for

nearly collinear data.
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SUMNMARY ARD CONCLUSION

This study was conducted to select the “best"” estimation method
of linear regression yield models with multicollinearity. Attention
has been focused on biased estimation techniques for dealing with
multicollinearity. Several biased estimators were compared to
select the best estimator in terms of predictive ability of yield
models vith the OLS estimator.

Based on three evaluation statistics, ridge estimators vere
slightly better than the OLS in their performances. Hovever, care
should be focused on the method of choosing ridge parameter k. 1In
this case, the choice of k in ridge regression should be restricted
to prediction-oriented selection
criteria such as Ck' PRESS-like, and GCV statistics.

Ridge estimator with k based on the Ck statistic was the "best”
in'terms of the predictive ability. The Stein-rule and principal
component estimators did not perform as well as OLS estimators in
prediction problems for the data used in this study.

Even though ridge estimators performed vell in this study, the
gain in yield prediction wvas small. OLS might be used safely in
estimating parameters of yield equations even though

multicollinearity problems exist.
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STUDY II
CALIBRATION OF YIELD PREDICTION MODELS FOR A SPECIFIC
LOCALITY AND A SPECIFIC SEED SOURCE

ABSTRACT

A Stein-rule estimator wvas employed to calibrate yield
prediction modele to a specific locality and a specific seed source.
Data from 12 localities and 15 seed sources from the Southvide
Loblolly Pine Seed Source Study vere used in this study. The yield
model form developed by Burkhart et al. (1972) was used. Three
approaches for parameter estimates of the yield prediction model
vere evaluated: the ordinary least aquares (OLS) for the entire
region, the OLS for a specific subregion, and a Stein-rule estimator
vhich is a compromise of the previous two approaches.

The Stein-rule estimator provided more precise yield prediction
than the twvo OLS estimators for calibrating the model to a specific
locality and to a specific seed source. The gain in terms of the
predictive ability by the Stein-rule estimator was not as pronounced

for seed sources as for 1oéalities.
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INTRODUCTION

Mathematical modele for yield prediction have been fitted to
data from wide geographical areas and broad ranges of site using the
ordinary least squares (OLS) estimation technique. In many cases,
hovever, forest managers are interested in yield prediction for
specific subregions such as counties and stands. The yield models
do not necessarily provide precise prediction for specific
applications of swall subregions (Smith 1983). The main reason for
poor performance is that regional yield models do not fully account
for the variation in site quality, climatic conditions, drainage
pattern, and genotypic characteristics of a specific forest area
(Gertner 1984). For regional estimates these unexplained factors
are usually averaged out, but for subregional estimates, this may
not be the case. Thus, the resulting estimates may have large
variances.

On the other hand, the OLS estimation fitting to sample data
for the subregion may not result in good yield prediction due to the
small size of the data set. Therefore, it is frequently desirable
to adjust the regional parameters to different subregions using
gample data from the subregions. An alternative to OLS should be
adopted vhich uses all available information on the subregion and
therefore iwproves the predictive ability of yield models.

Stein-rule egtimators can be used in calibrating models for
this purpose. These estimators incorporate prior information (which
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is previous knowledge about the parameters) from the entire region
with sample information from the subregion to provide precise yield
prediction for the subregion of interest. When forest managers have
many localities of interest and want to precisely estimate
regression coefficients of yield models for each of the localities,
a Stein-rule estimator can be computed by combining information from
all localities and from that specific locality.

Similarly, foreet geneticists may be interested in yield
prediction equations for different seed sources in order to reveal
the genetic effects on volume yield. In this case, the Stein-rule
estimator can also be employed to improve the predictive ability of
yield models for a specific seed source, wvhich is considered a
subregion.

The objective of this study is to calibrate yield prediction
models for a gpecific locality and a specific seed source by using a
Stein-rule estimation method in order to improve the predictive

ability of yield models.
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LITERATURE REVIEW

The followving literature reviewv is focused on the calibration
efforts of regression models in forestry and on the applications of

Stein-rule estimators.

Calibrating Regression Models in Forestry

Calibration methods are used to adjust the parameters of a
regional model to a subregion of interest. Calibration techniques
use all available information on the subregion and possibly provide
more precise parameter estimates for the subregional model. Thus,
in the field of forestry, some calibration techniques for regressiocn
models have been used. Stage (1981), in his forest grovwth
projection system (PROGNOSIS), employed a regression revision
procedure for localizing an individual tree diameter increment
model. The model was localized by revising only the intercept term,
vhile the other parameters were kept constant.

Smith (1983) used an annual adjustment factor to localize
egstimates of annual diameter growth for individual trees provided by
STENS, a regional growth projection system. The annual adjustment
factor is simply the ratioc of the mean observed diameter growth from
the subregion to the mean regional predicted diameter growth.

A sequential Bayesian procedure was adopted by Gertner (1984)
to localize a nonlinear diameter increment model. The regional
parameters of the model vere sequentially adjusted for each time
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period, using information from previous periods. Unlike linear
models, the nonlinear model required an iterative procedure for

parameter adjustment.

Stein-Rule Estimation
James and Stein (1961) proposed a biased estimation technique.

The estimator is

6, U - (k-z)sz/i;:_:lyiz) 7 (1)
vhere
éhs= James-Stein estimator for group i,
Yy © sample average for group i,
62 = common variance for groups, and
k = number of groups.

Since that time, efforts for the application of this estimator have
been made, mainly by Efron and Morris (1972a, 1972b, 1973a, 1973b,
1975)., They used the empirical Bayes approach to develop a
Stein-rule estimator. The development provides more useful
information for.both identifying appropriate applications and for
generalizing and extending the James-Stein results.

Morris (1977) used formal Bayesian ideae given by Baranchik
(1970) to derive an estimator very similar to that of James and
Stein (1961). The estimator is minimax and admissible for the equal
variance case. Morris (1977) derived estimators for both the equal
and unequal variance among groups.

Literature dealing with applications of the Stein-rule

estimators are limited. Carter and Rolph (1974) applied a procedure
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very similar to the James-Stein estimator to estimation of fire
alarm probabilities. Stein-rule estimator was used by Fay and
Herriot (1979) with census data to improve income estimates for
small communities. Looney and Brock (1979) used Stein-rule
estimator to improve small area estimates based on the data from
National Center for health statistics.

In forestry literatures, Stein-rule estimators have wainly been
employed to estimate forest inventory. A Stein-rule estimator vas
first used in forestry in the early 1980’s by Burk and Ek (1982).
They applied Stein procedures to simultaneous estimation problems in
forest inventory. Green (1986) discussed the James-Stein estimator
as an empirical Bayes estimation to update forest inventory. More
recently, Green et al. (1987) estimated volume harvested per acre in
softwoods and hardwoods by county in Louisiana, using a Stein-rule
estimator.

Stein-rule estimators have been also used in the context of
regression models (Mayer and Willke 1973; Gunst and Mason 1977;
Vinod and Ullah 1981). Vinod and Ullah (1981) discussed Stein-rule
estimators and derived a Stein-rule estimator using Bayesian
interpretation for regression models. Efron and Morris (1972b)
shoved that an empirical Bayes approach can be used to derive a
Stein-rule estimator of linear regression models. Lindley and Smith
(1972) wmodified the James-Stein estimator to obtain a Stein-rule
estimator:

by =b+ {1 -A/(A+ V) (b, -~ b (2)
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vhere
DL = Lindley’s Stein-rule estimator,
b = parameter estimates obtained by OLS for the entire region,
Qi = parameter estimates obtained by OLS for the ith subregion,
A = common variance of sample data for that subregion, and
YV = variance of parameter estimates for the entire region.

In the field of forestry, the application of Stein-rule
estimators for regression models ig limited. Green and Stravderman
(1986) used a Stein-rule estimator to simultaneously estimate
coefficients in 18 eastern hardvood volume equations. They
concluded through simulation that the Stein-rule estimator wvas
biased, but produced better predictions than the least squares

egstimates.
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MATERIALS AND METHODS

Data

Data used in this study also came from the Southwvide Loblolly
Pine Seed Source study (described in study I). The data set
consists of 12 localities and 15 seed sources.

Similar to the bissed estimation study, only data for age 10
and thereafter vere used to estimate parameters of yield models for
different localities and seed sources. Also, one age class from
each plot vas randomly selected in order to remove the effect of
autocorrelation due to remeasurements of each plot.

For each of 12 localities, data were randomly divided into a
fit data set and a test data set using a half-and -half data
splitting method. The fit data set (248 plots) vas used to estimate
coefficients of the yield model. The remaining 249 plots which
formed a test data set vere withheld to validate the prediction
capability of the model. The pooled data (fit and test data sets)
vere also used to validate the model’s prediction capabiiity for the
population. The stand attributes for the fit and test data sets are
presented by locality in Table 1 and by seed source in Table 2.

Total cubic-foot volume outside bark per acre vas computed by
using Burkhart et al.’s (1972) individual tree volume equation.
Average height of dominants and codominants for each plot vas
computed by the mean height of the tallest 50 percent of surviving
trees at each age.
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Table 1. Stand attributes for the fit and test data sets, by locality

- > - - — " S " - - " T o D S b e T A . . T M A P R e - - -

Locality Location Volume Age Hd TPA  HNumber Volume Age Hd TPA HNumber
Number of Plots of Plots
""""""""""""""""""""" - - - Fit DataSet - - - - - - Test Data Set - - -

03 Worcester County, MD 2659 18.4 46 621 18 2467 17.5 43 672 18

07 Craven County, NC 2349 18.2 52 440 41 2489 18.2 53 457 41

13 Newberry County, SC 3076 19.7 48 739 18 2745 15.3 40 928 18

15 Dooly County, NC 2300 16.4 38 815 18 2160 16.1 38 834 18

17 Spalding County, GA 3403 17.8 47 561 16 3498 19.3 51 493 15

25 Coosa County, AL 1777 17.9 45 280 18 1833 17.5 48 297 18

26 Talladega County, AL 3051 16.1 48 784 9 3567 16.4 52 779 11

28 Pearl River County, MS 2357 17.4 39 986 17 1813 15.2 33 1105 17

29 ¥inston County, NS 1638 17.8 49 200 18 1948 18.4 51 216 17

32 Washington Parish, LA 4354 19.6 38 611 34 4657 17.7 56 743 34
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Table 1. (Continued).

- o - e " - VD = = e = = = = R W SR = e e e = P R D R " AR R R SR A . - - -

Locality Location Yolume Age Hd TPA- Number Yolume Age Hd TPA Number
Number - of Plots of Plots
T T T T  Fit pata Set - - - - - - Test Data Set - - -

36 Cherokee County, TX © 1845 14.2 45 275 6 1150 13.3 40 337 6
40 Clark County, AR 4955 16.9 52 566 35 4458 18.8 56 480 36
-_;; ________________________________________________________________________________________________

= Total volume per acre outside bark in cubic-foot.

b/ Stand age in years.

e/ Average height of dominants and codominants in feet.

-4 Humber of trees per acre survived.

=%
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Table 2. Stand attributes for the fit and test data sets, by seed source

-------------------------------------------------------------------------------------------------

Seed Source Reigon Volume Age H. TPA Number Yolume Age H, TPA Number
Number ’ d of plots d of plots

U Ritbataset - - - - - - Test Data Set - - -
301 Eastern MD 2409 18.1 49 591 ¢ 14 3082 18.8 54 3568 13
303 Southeastern NC 3085 19.4 56 437 30 2863 17.6 50 538 28
305 Eastern NC 2122 15.9 46 515 15 2899 17.3 50 569 14
307 Western SC 2372 16.8 48 493 iS 2799 19.9 54 378 15
309 Southwvestern GA 2271 16.4 46 513 14 2775 16.6 49 583 14
311 Northvestern GA 2416 17.6 46 436 15 2396 18.1 49 449 15
315 Northern AL (Cullman) 3133 16.4 47 624 7 3329 19.6 48 726 7
317 Northeastern AL ©1552 15.9 43 424 15 2261 15.5 43 497 15
319 Northern AL (Jefferson) 2682 18.1 51 498 12 2724 19.2 S0 3531 15
321 Northeastern MS 2491 19.3 52 388 15 2754 17.6 49 536 14
323 Southeastern LA 3034 19.5 56 485 28 2473 16.7 48 533 29
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Table 2. (Continued).

- - - - ——— - - - - S S A e R = = D e A - e A A - - —

Seed Source Reigon Volume Age H, TPA Number Volume Age H, TPA Number
d d
Number of plots of plots
- - - Fit Data Set - - - - - - Test Data Set - - -
325 Eastern TX 4390 19.0 45 638 13 2570 14.5 44 640 15
327 Southwestern AR 2507 17.0 43 59 28 2497 16.6 42 710 25
329 Western TH 1862 15.3 42 502 ‘15 2518 19.0 49 454 15
331 Northwestern GA 3256 20.5 355 439 15 2602 18.5 50 406 15

- - - - - G5 "B = h e s - - " Y v = e = e P = = AR = G = R TR AR AR SR M e A e A R - = - -
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Procedure

Let us assume that data are available for the entire region,
but our interest is focused on a specific subregion. There exist
three possible approacheé for parameter estimates of yield
prediction.models.

The first approach involved the use of OLS technique to

52

estimate regression coefficients of yield models using data from the

entire region. This approach had an advantage of utilizing all
data. However, the wide range of data from the entire region
resulted in predictions not specific enough for the subregion. 1In
the aeéond'approach, the OLS technique vas employed to estimate
regreséi;n coefficients of yield models using only data from the
subregion of interest. This approach concentrated on that specific
subregion at the expense of losing information from other
subregions. A Stein-rule estimator vas used in the last approach to
combine sample information from the gubregion and prior information
from the entire region. This approach provides a compromise of the
previous tvo approaches.

‘ Furthermore, twvo scenarios were considered in this study. In
the'first gcenario, each of the 12 localities vas considered as a
subregion. The second scenario assumed that each of the 15 seed

sources vas a subregion.

Model forms for yield prediction
In thie study, a yield prediction model developed by Burkhart

et al. (1972) was used. The model form is given by



log(V) = bo + bl(l/A) + b2(Hd/A) + ba(N/IOO) + b4(A)[log(N)] (3)
vhere

V = total cubic-foot volume outside bark per acre,

A = gtand age in years,

Hd = average height of the dominants and codominants in feet.

N = number of surviving trees per acre, and

log(x) logarithm (base 10) of x.

Stein-rule estimator for calibrating yield prediction models

Stein-rule estimators can be considered as the weighted average
of least squares esgimatora from the subregion and from the entire
regioﬁ. Vinod and Ullah (1981) discussed a Stein-rule estimator in
the regresaion context based on Lindley and Smith’s (1972) approach.

The estimator is given by

= ) - pa2 - B)'X'K(b - -
QB =b+I[1-p8 /{(l_:i b)'X X(!_:i _l_:_))](_b_i b) (4)
vhere
gs = Stein-rulé estimator,
b = ordinary least squares estimates obtained from fitting yield

-

model over the entire region,

= ordinary least squares estimates obtained from fitting yield

o

models over the ith subregion,
p = the number of independent variables in yield model,
8~ = the estimated mean squared error obtained from the data of

the ith sample data, and

>
"

matrix of independent variables for sample data.

Since this estimator vas derived using Bayesian interpretation,
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several underlying assumptions related to Bayes theory needed to be
made. The yield prediction wmodel can be expressed in general vifh
the folloving wathematical notation:

Yy = Xg + e (9)

vhere

vector of dependent variable in the yield prediction model,

parameters to be estimated in the yield prediction model, and

Y
£

(1]
[}

vector of errors in the yield wodel.

One assumption for this model is that the dependent variable y is
normally distributed with mean X£ and variance 621. Another
assumption is that the parameter E of the yield prediction model for
the ehtire region i; also normally distributed with mean b and
covariance 6§(X'X)-1, vhere qf ig the variance of g.

The Stein-rule estimator (4) wvas employed to calibrate the

yield prediction model (3) for a specific subregion.

Evaluation criteria

The three approaches in each of the two scenarios mentioned
above vere evaluated based on three evaluation criteria, vhich
included mean difference (BIEE), mean abgolute difference (fEIEET),
and mean squared difference <BI;;7). These criteria defined in
study I.

These three statistics vere computed separately for the test
data and the pooled data (both fit and test data sets). The test

data represented an independent data set, whereas the pooled data

represented the population.
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A ranking wmethod vas then adopted to evaluate the performances
of the three approaches. A rank of one to three (one being best)
vag given to each criterion. The overall rank vas computed as the
sum of the ranks for all subregions (localities or seed sources)
geparately for the test data and pooled data sets. Finally, the sum
of overall ranks for test data and pooled data sets vas used to
decide the "best” estimation method for calibration of yield

prediction models.



RESULTS AND DISCUSSION

For each of the 12 localities and 15 seed sources, the
perfofmances of the Stein-rule and OLS estimators in terms of
predictive ability were evaluated. Results and discussion for each

gcenario are give separately as follows.

Calibration of yield models to a locality

Ordinary least squares estimates of regression coefficients of
the yield model (3) were obtained for all locélities, using the fit
data set. 'Stein-rule estimator vas then computed for each locality
(Table-é). The resulting yield prediction equations of 12
localities vere evaluated. The three statistics and their
corresponding ranks were found for both the test and pooled data
sets (Table 4). Overall ranks for the estimators vere then
determined based on the ranks of all localities (Table 5),

As expected, Stein-rule estimators performed consistently well
on both data sets and ranked first overall. Out of 12 localities,
the Stein-rule ;stimators performed better than the two OLS
estimators in 8 and 9 localities for the test data set and pooled
data set, respectively. For the rest of localities, they ranked
second on both data sets.

Based on the mean difference (Diff), which represented a
measure of biag of the model, Stein-ruie estimator provided less
bias than OLS estimators in both validation data sets. This result
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Table 3. Parameter estimates of Burkhart et al. (1972) ‘s model
for tvelve localities in the fit data set, using OLS and
Stein-rule estimators

- e Em D S G0 TR D D e SR G e SR R S D T P D S ey e e S S ER R e AR A U Y R e e A A e e -

Locality
Number = Estimators by, By e by . Py ..
a/
All OLSAll 1.0421 2.1140 0. 3418 0.0273 0. 0232
b/

03 OLS ¢/ 2.1857 -5.0778 0. 2595 0.0444 0.0121
Stein 2.0843 -4, 4401 0. 2668 0. 0249 0.0131

07 0OLS 1.5950 ~5.0524 0. 3881 0.0532 0.0148
Stein 1.5187 -4.0627 0.3817 0. 0496 0. 0160

13 OLS 1.3101 -5, 3441 0. 4991 0. 0490 0.0150
Stein 1.3053 -5.2109 0. 4963 0. 0486 0.0152

15 . 0Ls « 2.6563 -6,9597 0. 2745 0. 0222 0. 0065
Stein 2.6069 -6.6823 0. 2766 0.0224 0.0070

17 0oLS 3.9555 -15, 2941 0. 1058 0.0541 -0.0024
Stein 3.8441 -14.6283 0.1148 0.0531 -0.0014

25 OLsS 1.6598 4.9101 -0.0092 0.0281 0. 0260
" Steiln 1. 5469 4. 3992 0. 0549 0. 0280 0. 0255

26 0OLS 1.5741 0. 2206 0. 2780 0. 0233 0.0178
Stein 1.4611 0.6230 0. 2916 0.0242 0.0190

28 oLS 0. 7869 4, 5444 0. 3480 0.0184 0. 0250
Stein 0.8111 4,3138 0. 3474 0.0192 0. 0248

29 OLé 1.2517 -1.0563 0.3178 0. 0649 0.0236
Stein 1.2071 -0.3805 0. 3229 0. 0569 0. 0235

32 oLsS 1.0666 -0.8278 0. 4588 0. 0265 0.0192

Stein 1.0623 -0.3188 0.4386 0.0266 0.0199
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Table 3. (Continued).

- o - G5 S R L R e = G W T O D S S Ae T T D GS G GE ET D EE  m D R e e v e W -

Locality
Number Eotimators Do .. Py s I P Pa____
36 OLs 2.7394 -19.6690 0.6254 0.1058 -0.0127
Stein 1.85680 -8B.3564 0.4781 0.0651 0.0060
40 OLS 1.7632 -0.7301 0.2054 0.0341 0.0216

Stein 1.6058 -0.1092 0.2352 0.0326 0.0220

2/ Ordinary least squares estimates for all twelve localities.

b/ Ordinary least squares estimates for that locality.

g/ Stein-rule estimates for that locality.



Table 4. Evaluation statistics for three estimation methods, by criterion and locality.

----- Tegt Data Set - - - - -- - - - - Pooled data gset - - - -
Locality a/ b/ ————2c/ . —_— Rank
NRumber Estimator iff IDiff] Diff Diff 1Dif£1 Diff Sum
- d/ _

03 OLSAll 138.33 (3) 408.95 (3) 273400 (3) 131.82 (3) 388.91 (3) 238053 (3) 19
OLS =7.57 (2) 190.79 (1) 65868 (1) - -2.13 (1) 188.79 (1) 60649 (1) 7

tein 6.94 (1) 209.08 (2) 77141 (2) 11.57 (2) 199.02 (2) 67213 (2) 11

07 OLSAll 21.96 (1) 404.38 () 246598 (3) -61.03 (2) 342.82 (3) 180894 (3) 15
oLSs 127.09 (3) 386.33 (2) 231703 (2) 73.03 (3) 298.44 (2) 151382 (2) 14

Stein 113.75 (2) 383.41 (1) 227475 (1) . 55.80 (1) 296.66 (1) 148615 (1) 7

13 OLSAll -263.73 (3) 393.49 (3) 340570 (3) -315.32 (3) 472.11 (3) 420857 (3) 18
OLS 73.16 (2) 179.41 (2) 45812 (2) 36.49 (2) 158.04 (2) 36824 (2) 12

Stein 67.66 (1) 179.23 (1) 45777 (1) 31.05 (1) 157.84 (1) 363936 (1) 6

15 OLSAll -129.18 (3) 178.54 (1) 112007 (3) -131.23 (3) 260.13 (3) 181894 (3) 16
OLS -55.03 (1) 184.88 (3) 45653 (2) -25.26 (1) 130.99 (2) 33167 (2) 11

Stein -56.72 (2) 181.84 (2) 43528 (1) -28.36 (2) 129.23 (1) 31920 (1) 9

17 OLSAll 370.82 (3) 593.84 (1) S75946 (2) 531.13 () 747.15 (3) 896183 (3) 15
OLS -227.82 (2) 638.44 (3) 614763 (3) -103.85 (2) 460.51 (2) 407907 (2) 14

Stein -198.41 (1) 618.74 (2) 571623 (1) -73.35 (1) 450.44 (1) 389206 (1) 7

25 OLSAll 75.08 (1) 227.17 (1) 100802 (1) 125.41 (1) 322.54 (1) 198869 (1) 6
OLS 406.41 (3) 626.45 (3) 681389 (3) 245.80 (3) 638.42 (3) 732711 (3) i8

Stein 358.22 (2) 562.28 (2) 541366 (2) 236.33 (2) 585.02 (2) 607689 (2) 12
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Table 4. ({(Continued).

----- Test Data Set - - - - - - - - - Pooled data get - - - -

Locality —— ’ —_— Rank
Number Estimator Diff IDiff} Diff Diff IDiff1 Diff Sum
26 OLSAll -592.66 (3) 592.66 (3) 699595 (3) -647.30 (3) 647.30 (3) 798822 (3) 18
oLS 228.60 (2) 313.68 (2) 248019 (2)' 132.83 (2) 289.01 (1) 197424 (2) 11

Stein 69.99 (1) 298.03 (1) 174291 (1) -18.10 (1) 304.53 (2) 1678580 (1) 7

28 OLSAll -454.90 (33 454,90 (3) 416210 (3) -522.24 (3) 539.86 (3) 695191 (3) 18
OLS 39.05 (20 155.34 (2) 48594 (2) 17.72 (1) 168.62 (2) 62277 (1) 10

Stein ~1.98 (1) 132.95 (1) 39254 (1) -27.44 (2) 163.90 (1) 66107 (2) 8

29 OLSAll 272.95 (3) 366.55 (3) 227317 (3) 252.25 (3) 337.96 (3) 201415 (3) 18
oLS -143.56 (2) 295.14 (2) 219932 (2) -70.56 (2) 253.73 (2) 153660 (2) 12

Stein -44,49 (1) 250.45 (1) 150602 (1) 6.00 (1) 226.16 (1) 112592 (1) 6

32 OLSAll -54.45 (1) 412,32 (1) 329939 (1) -59.75 (3) 515.81 (3) 523989 (3) 12
OLS -90.08 (3) 513.22 (3) 399306 (3) ~32.36 (1) 437.66 (2) 305544 (2) 14

Stein -81.21 (2) 486.82 (2) 357941 (2) -33.43 (2) 431.05 (1) 293531 (1) 10

36 OLSAll 182.87 (1) 311.82 (1) 186567 (1) 131.79 (1) 334.70 (2) 175253 (2) 8
oLS 337.49 (3 425.26 (3) 225389 (3} 1696.63 (3) 1696.63 (3) 4044788 (3) 18

Stein 272.50 (2) 374.90 (2) 199914 (2) 161.91 (2) 298.38 (1) 136382 (1) 10
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Table 4. ({(Continued).

----- Tegt Data Set - - - - - - - - ~ Pooled data set - - - -
Locality —s — Rank
Number Estimator Diff IDiff] Diff Diff IDiff) Diff Sum
40 OLSAll 654.51 (3) 807.18 (1) 1302473 (1) 939.08 (3) 1084.20 (2) 7409968 (2) 12
oLs -607.15 (2) 1008.64 (3) 2584182 (3), -248.735 (2) 1197.18 (3) 7512683 (3) 16
Stein -292.29 (1) 842.80 (2) 1589345 (2) 48.14 (1) 1056.87 (1) 6769766 (1) 8
a/ n |
iff = (1/n)}:Diffi, vhere Diffi =Yy ?i = difference between the ith observed and predicted volume
i=1 per acre.
b/ n
iDiffl = (1/n) X IDifft,
i=1
g/—y n 2
Diff”™ = (1/n) L (Diff)".
i=1
d/

"~ Values in parentheses denote the ranks of the estimators relative to one another for that statistic.
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Table 5. Sum of ranks over twelve localities for three estimation methods

----- Test Data Set - - - - - a/ - - - - Pooled data get - - - - -

Estimator Diff (DIZfi Diff? Total g‘f""'fii Diff IDIffl Diff? Total g‘f""fii :::k 0:2::11
"""""" - - - -Sunofranks- - -- - --'-Smoframks - ---
OLSAll 28 24 27 79 4 A 3z 32 95 1 174 3
OLS 27 29 28 84 1 23 ?5 25 73 2 157 2
Stein 17 19 17 53 8 18 15 15 48 9 101 1

a/ The number of localities vhere that estimator vas ranked first (out of 12 localities).
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vas not expected because OLS estimators are unbiased, vhereas
Stein-rule estimators are biased. There are two possgible
explanations. First, the evaluation was conducted using validation
data sets different from the fit data set. Second, the evaluation
statistice vere based on volume per acre, not logarithm of volume
vhich 1s the dependent variable of the yield model. OLS estimators
therefore did not provide unbiased prediction for volume yield.

The mean absolute difference (iDiffi) and mean squared
difference (5:222) of voluﬁe per acre vere measures of precision of
the model. The ranks based on these two statistics showv that
Stein-ruleﬁeatimato{s provide& more precise yield predictions than
the other two estimators.

The OLS estimator derived from a specific locality ranked
second, better than the overall OLS estimator in predicting volume
yield. It was éxpected that OLS estimates for the entire region
provided poorer yield prediction for a specific locality because the
yield model for the entire region did not fully explain the
variation among localities in site quality, local climatic changes,
interaction begveen trees, etc. (Turnbull 1977).

In order to reveal the amount of imppggenent from the
Stein-rule estimator over the OLS from a specific locality, the
average mean difference and the average mean absolute difference
from 12 localities were computed for these two estimators in both
validation data sets. In the test data set, the Stein-rule
estimator vas better than the OLS by 64.90 cubic feet per acre in

mean difference ‘and by 33.09 cubic feet per acre in mean absolute
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difference. In the case of pooled data set, the Stein-rule
estimator also gained by 162.83 and 134.88 cubic feet per acre for
the mean difference and the wmean absolute difference, respectively.

Therefore, the calibration of yield models to a specific
locality using the Stein-rule estimator should provide large
improvement in terms of bias and precision when this technique is
applied to large areas.

Stein-rule estimators appeared to be promising for calibrating
yield prediction models to a specific locality. Thus, the
prediction capability of yield wodels could be improved by
incorpo?ating inforqation froﬁ the entire region with sample
1nformétion from that locality. For this purpose, Stein-rule

estimators was useful under the usual normality assumptions.

Calibration of yield models to a seed source

Stein-rule estimation technique was adopted to calibrate the
yield model (3) to each of the 15 seed aourges.' The resulting
parameter estimates from three estimators are presented for 15 seed
sources (Table‘S).

Using three statistics, the performances of the three
estimators vere evaluated for each seed source. Ranks by each seed
source (Table 7) and overall ranks for the three estimators (Table
8) vere then determined based on the evaluation statistics.

Stein-rule estimator performed well on both validation data

sets and ranked first overall. Although the Stein-rule estiwator

vag sguperior to the other two estimators on both validation data
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Table 6. Parameter estimates of Burkhart et al. (1972) °s model
for fifteen seed sources in the fit data set, using OLS
and Stein-rule estimators

Seed source

Number . etimator Py . S S - S P Pa_____
a/
All OLSAll 0.9482 4.1577 0.3174 0.0177 0.0251
301 OLS 0.4403 4.3980 0.3883 0.0380 0.0266

Stein 0.4840 4.3773 0.3822 0.0362 0.0264

303 oLs 1.3633 -5.7465 0.4893 0.0663 0.0140
Stein 1.3248 -4.8286 0.4733 0.0618 0.0150

305 oLS 2.2068 -2.8618 0.2371 0.0182 0.0129
Stein 1.9287 -1.3105 0.2548 0.0181 0.0156

307 . - OLS . 1.2585 -6.3059 0.5402 0.0708 0.0152
Stein 1.1662 -3.1917 0.4739 0.0550 0.0181

309 oLs 1.8227 -4.4894 0.3304 0.0380 0.0147
Stein 1.6678 -2.9571 0.3281 0.0344 0.0165

311 OLS 2.3403 0.0732 0.0108 0.0340 0.0173
Stein 2.2478 0.3445 0.0311 0.0329 0.0178

315 oLs 1.2630 -2.2461 0.5234 0.0339 0.0152
Stein 1.2628 -2.2440 0.5233 0.0339 0.0152

317 OLS  0.5441 2.8020 0.4174 0.0375 0.0282
Stein 0.6518 3.1632 0.3908 0.0322 0.0274

315 oLs 1.4156 -5.4168 0.4587 0.0497 0.0155
Stein 1.2403 -1.8256 0.4057 0.0377 0.0191

321 oLsS 1.6868 -5.6826 0.4532 0.0528 0.0115
Stein 1.34495 -1.1272 0.3903 0.0365 0.0178

323 oLS 2.0418 -4.6460 0.3001 0.0300 0.0133
Stein 1.8670 -3.2391 0.3029 0.0280 0.0152



Table 6. (Continued).

- - - " - A - - 4O - - L A S R o= e A TR T R G - A G e " - e -

Seed source
Number Egtimator b b b b b

325 OoLs 1.9774 -6.1293 0.3391 0.0280 0.0150
Stein -0.3653 17.2871 0.2641 0.0046 0.0380

327 OLS 0.7727 8.5346 0.2755 -0.0005 0.0274
Stein 0.7869 8.1809 0.2788 0.0010 0.0272

329 oLs 1.2565 1.8834 0.2774 0.0294 0.0237
Stein 1.0512 3.3980 0.3040 0.0216 0.0246

331 OLSs 1.9363 -7.5163 0.3803 0.0593 0.0113
Stein 1.7327 -5.1112 0.3674 0.0507 0.0142

a8/ Ordinary least squares estimates for all fifteen seed sources.



Table 7.

Evaluation statistics for three estimation methods, by criterion and seed source

- ———— . > = =y - = D = = L S A . e - S TR = . % R @ e S - R G e S =

Seed
Source

Number Estimators

- - - - -

- —— - ——— -, " o  Tm W= = = - . = e S AR #s - - A A S AP S e Em e S R A A e e - - P m = = G e e e - - -

303

305

307

309

311

OLSAll
OLS
Stein

OLSAll
0oLS
Stein

OLSAll
CLS
Stein

OLSAll
OLS
Stein

OLSAll
oLS
Stein

OLSAll
OLS
Stein

~516.37
247.83
109. 28

67.15
7.41
26.31

2.70
217.13
69. 00

191.18
25.85
91.19

132.09
122.35
103. 36

-61.41
-431.72
-10.81

547.60
350,12
288. 90

382, 37
427.49
392.95

256.37
312.09
253.72

549. 21
754.00
671.86

367.98
376. 18
375. 48

403. 97
593. 89
414.79

(3)

(2)
1)

1)
(3
(2)

(2)
(3)
(1)

(1)
(3
(2)

1)
(3)
(2)

(1)
)
(2)

508638
204761
137447

277070
346606
280078

110087
201196
112424

491328
1032742
751746

313867
318312
3007358

291178
739760
282619

(3)
(2)
(1

n
3
(2)

188
(3)
(2)

(1)
(3
(2)

(2)
§c))
(1)

{2)
(3)
(1)

-490. 95
127.38
13.45

67.26
32.60
33.60

-39. 22
82.28
-6.93

56. 41
-138.65
-69. 58

50.79
63.52
36.57

47.97
-257.31
83.48

(3)
(2)
(1)

(3)
(1)
(2)

(2)
(3)
(1)

1)
(3)
(2)

(2)
(3)
(1)

(1)
(3)
(2)

552.12
333.25
308.62

420.98
448, 27
425.83

326.75
389. 52
309. 38

470.82
656. 15
569.73

316. 34
273.00
286. 20

392. 28
525.01
414.87

(3)
(2)
(1)

(1)
(3)
(2)

(2)
(3)
1)

1)
(3)
(2)

(3)
(1)
(2)

1)
(3)
(2>

480053
184555
149647

359642
381291
346113

193169
382509
240236

381020
1172340
831497

209099
185709
184024

330587
642930
329281

(3)
(2)
(L)

(2)
(3)
(1)

(1)
(3)
(2)

1)
(3)
(2)

3
(2)
(1)

(2)
(3
1
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Table 7. {Continued).

- - . - S R e e e = = e - 5 - . e e - - - - - - - .-

Seed === 20 - ---- Test Data Set - - - - - B Pooled data get - - - - -
Source — ) —_ Rank
Number Estimators Diff IDiff1 Diff ) Diff IDiffi Diff Sum
315 OLSAll -51.65 (1) 500.70 (1) 331473 {1) 177.04 (3) 513.68 (3) 487152 (3) 12
OLS -234.58 (3) 704.82 (3) 724669 (3) -105.50 (2) 497.43 (1) 439744 (2) 14
Stein -120.56 (2) 542.07 (2) 385224 (2)' 83.44 (1) 500.17 (2) 410936 (1) 10
317 OLSAll 286.87 (3) 340.02 (1) 277843 (3) 911.38 (3) 1137.00 (1). 1783145 (3) 14
OLS 233.49 (1) 378.08 () 242690 (1) 788.54 (1) 1179.68 (3) 1018005 (1) 10
Stein 257.66 (2) 349.17 (2) 249748 (2) 851.43 (2) 1148.72 (2) 1419312 (2) 12
319 OLSAll -173.88 (2) 513.91 (2) 548003 (2) -129.32 (2) 455,28 (2) 422300 (2) 12
OLS -375.38 (3) 631.26 (3) 664273 (3) -203.11 (3) 628.66 (3) 3533578 (3) i8
Stein -145.56 (1) 491.04 (1) 467813 (1) -85.49 (1) 384.33 (1) 317255 (1) 6
321 OLSAll 252.85 (2) 295.64 (2) 205883 (3) 307.02 (3) 388.52 (3) 299121 (3) i6
OLS -283.73 () 341.46 (3) 201497 (2) -149.27 (2) 359.03 (2) 241702 (2) 14
Stein ~-19.97 (1) 248.75 (1) 93590 (1) 76.34 (1) 282.350 (1) 159338 (1) 6
323 OLSAll 57.77 (2) 364.62 (1) 246338 (1) 5.39 (1) 460.50 (2) 343355 (2) 9
OLS 176.82 (3) 376.61 (2) 295527 (3) 113.67 (3) 438.03 (1) 331025 (1) 13
Stein ~-43.84 (1) 398.62 (3) 251226 (2) -94,20 (2) 310.93 (3) 411279 (3) 14
325 OLSAll -72.81 (1) 390.32 (1) 390485 (1) 718.70 (1) 1163.95 (1) 1843489 (2) 7
OLS 2087.98 (3) 2087.98 (3) 5005210 (3) 2876.93 (3) 2876.93 (3) 2295348 (3) 18

Stein 815.51 (2) 856.27 (2) 1190010 (2) 1409.94 (2) 1573.35 (2) 1600384 (1) 11
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Table 7. ({(Continued).

- - ——— = " D M S S e = = e = = N P = e G e e e = e e e e o T = o P e TP R R AR AR = A A W =

Seed =20 = -~ -~ Test Data Set - - - - - = = = - - Pooled data gset - - - - -
Source — —_ Rank
Number Estimators Diff IDiffl Diff Diff iDiff1 Diff Sum
327 OLSAll 94.66 (1) 350.18 (1) 219000 (1) 72.21 (1) 364.11 (1) 252013 (1) 6
OLS 122.90 (3) 412.02 (3) 249514 (3) 86.51 (3) 420.37 (3) 269830 (3) 18
Stein 108.01 (2) 410.27 (2) 243811 (2) 73.01 (2) 418.73 (2) 265718 (2) 12
329 OLSAll 152.20 (2) 429;14 (3 410001 (2) 183.20 (3) 325.32 (3) 262264 (3) 16
OLS -167.28 (3) 416.34 (2) 432248 (1) ~78.95 (2) 301.72 (2) 246575 (2) 14
Stein -26.76 (1) 386.81 (1) 386812 (3) 37.02 (1) 277.28 (1) 229176 (1) 6
331 OLSAll 34.95 (2) 371.08 (3) 250146 (3) 32.07 (3) 420.20 (3) 360742 (3) 17
OLS -55.45 (3) 273.73 (1) 146170 (1) -16.47 (2) 326.14 (1) 249939 (1) 9
Stein -3.31 (1) 296.92 (2) 173347 (2) 7.40 (1) 351.66 (2) 289299 (2) 10
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Table 8. Sum of ranks over fifteen seed sources for three estimation methods

- - S e G = TS e S P T S Y e S R P R e = AR R R W . TP TR SR G = e = . . - W e A e -

----- Test Data Set - - - - -a/ - - - - Pooled data get - - - - -

Estimator Diff {Diffl H?fz Total g‘fmi’:i Diff IDiffi Diff? Total ::ml;:: g::k 0::::11
. sumoframks ---- - - Sumof ramke - - - -
OLSAll 31 24 27 82 7 32 30 33 95 5 177 2
OLS 37 40 39 116 2 36 34 34 104 3 220 3
Stein 22 26 24 72 7 22 26 23 71 8 143 1

- - - —— " - - - —— - — - = " W = = = = Y= = = m m TR W R R R Em R e R b S e e D D D A S = S R e e A - . - -

8/ The number of seed sources vhere that estimator vas ranked first (out of 15 seed sources).
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sets, the performance of the Stein-rule estimator vas not as good as
expected. Out of 15 seed sources, the Stein-rule estimator
performed better than the two OLS estimators in only 7 and 8 seed
sources for the test data set and the pooled data set, respectively
(Table 8). This result might be due to the fact that the difference
in yield prediction was not as pronounced in seed sources as in
localities.

On the other hand, the OLS estimator for all seed sources
ranked second overall and performed almost as well as the Stein-rule
estimators in the test data set. In the pooled data set, Stein-rule
estimators were somevhat better than the OLS for all seed sources in
terms bf predictive\ability of volume yield.

Unlike the results from different localities, the OLS estimator
for a specific seed source performed vworst overall among the three
estimators (Table 8). Since yields from different aeed sources vere
gimilar, OLS estimators derived from the entire data set should give
better yield predicticns than those from a specific seed source
(vith fewer observations).

The averaée mean difference for 15 seed sources was 143. 24
cubic feet for the OLS from the entire region and 130.08 cubic feet
for the Stein-rule estimator in the test data set. Thus, the
Stein-rule estimator resulted in a reduction of 13.16 cubic feet per
acre in mean difference for test data set. The Stein-rule estimator
vag also 21.80 cubic feet per acre lover in mean difference for the
pooled data set.

Hovever, the OLS from the entire region was better than the
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Stein-rule estiwator in terms of wean absolute difference for both
validation data sets. By using the Stein-rule estimator, the
precision of the yield wmodel was lost by 20.96 and 3.64 cubic feet
per acre for the test data and pooled data sets, respectively.

Even though Stein-rule estimator ranked first overall, the gain
obtained from the Stein-rule estimator may not justify the cowmplex
calibration procedures. OLS technique might be appropriate in this
case and a single regression equation might be adequate for all 135

seed sources in this study.
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SUHMARY AND CONCLUSIONS

The main objective of this study was to calibrate yield
prediction models to a specific locality or seed source by using a
Stein-rule estimator. Twelve localities and fifteen seed sources
wvere used for this study. OLS technique vas employed to obtain the
parameter estimates for the entire region and also for each
subregion (locality or seed source). By combining these two typeé
of estimators, the Stein-rule estimator was employed to provide more
precise yield prediction for a specific locality and a specific seed
source of interest. -

As expected, Stein-rule estimators performed well for
calibrating a yield prediction model to a specific locality, ranking
first. For seed sources, Stein-rule estimators were just slightly
better than OLé estimators, but might not be worth the extra

efforts.
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STUDY III
USE OF THE KALMAN FILTER ESTIMATION TECHNIQUE TO UPDATE
YIELD PREDICTION MODELS

ABSTRACT

The Kalman filter estimation technique was employed to update
yield prediction models. Two different sources of prior
information were used to modify the estimates from the sample data
using the Kalman filter. The Kalman filter and two OLS estimators
vere evaluated based on the predictive ability of the resulting
yield models.

The-Kdlman filtier estimator performed better than the other
estimators for both validation data sets. Also, plot data
collected inside of the study area formed better prior information
than those from outside of the sample data range. This indicated
that the quality of prior information wvas important in using

feedback procedures such as the Kalman filter approach.
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INTRODUCTION

The ordinary least squares (OLS) estimation methods have been
adopted to estimate parameters of yield prediction models using
sample data collected from the area of interest. Researchers
alvaye face the dilemma of choosing betwveen lover cost of data
acquisition and better model performance. Obviously the more data
collected, the better such models perform. It is thus desirable to
develop a system that efficiently uses all available information
rather than collecting additional data to improve yield estimates.

This system can be developed by feedback procedures that
modify p;rameter estimates of models by combining prior information
vith existing sample data. The feedback procedures have been
mainly conducted by using Bayesian estimation methodology for
updating forest inventory (Ek and Issos 1978a, 1978b; Green and
Strawderman 1985; Green 1986). Kalman filter estimation technique
is another feedback procedure. Unlike Bayesian estimators, the
Kalman filter is simple and intuitive because no assumption is made
of the diatribu%ional form of the prior and sample data. The only
assumption is that the errors are independent and identically
distributed. The Kalman filter has been used in forest inventory
gystems (Dixon and Hovitt 1979) and in localizing site index
equations (Walters and Burkhart 1987). A similar method can be
applied to the improvement of yield estimates from regression
methods.
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In this study, the Kalman filter estimator was used to update
yield prediction models. 1Its performance was then evaluated

against those of traditional OLS estimators.



LITERATURE REVIEW

The folloving literature reviev is focused on past vork on
updating forestry inventory and on updating regression coefficients
in forestry. Literature related to Kalman filter estimator is also

revieved.

| Updating Forestry Inventory

Updating parameters from a model wmeans improving the precision
of the model uweing all possible information. The updating efforts
in forestry fields have mainly centered on forest inventory. MNuch
research.for updating forest inventory has been done by Ek and
associetes (Ek and Issos 1978a, 1978b; Burk and Ek 1982). They
applied Jamee-Stein and empirical Bayes procedures to increase the
precision and efficiency of estimates for stand basal area and
stand volume. Prior information from nearby stands were merged
vith current information based on a forest survey from the area of
interest. Through simulation studies and analytical methods they
found that signliicant gains in efficiencies of the eatimates could
be realized, particularly when current information is limited due
to small survey data.

Dixon and Howitt (1979) used the Kalman filter in a forest
inventory system. They provided the conditional mean and
conditional covariance of the inventories using the Kalman filter
approach. They also compared the Kalman filter to a recursive
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estimator proposed by Ware and Cunia (1962) and concluded that the
variance of the Kalman filter estimator was almost alvays less than
the variance of the Ware and Cunia estimator.

Green (1986) revieved some updating procedures such as
empirical Bayes and compogite estimator for forestry inventory.
The composite estimator, a kind of Bayesian estimator, is basically

a weighted average of tvo or more other estimators.

Updating Regression Parameter Estimates

Green and Stravderman (1985), in the development of individual
tree volumg equations for hoth pine and hardwood, examined the
feasibil&ty of using empirical Bayes estimators (Zellner 1971; Box
and Tiao 1973) to construct volume equations with greater
predictive ability. They compared empirical Bayes estimators to
veighted least sduarea estimators énd concluded that the empirical
Bayes estimators should be used to improve the predictive ability
of volume equations only when good prior information was available.
They also found that the estimators could be used to reduce the
amount of field‘data necessary to produce an estimate with a stated
allowable error.

More recently, Walters and Burkhart (1987) presented a
procedure for the prediction of height-age relationship through the

ugse of updated equations. A site index equation wvas updated to a

particular stand by applying the Kalman filter estimator.
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Kalman Filter Estimation

Filtering is the estimation of the current state of a system
based on the current sample and all prior samples and information.
It is similar to empirical Bayes estimation. However, filtering
does not need any assumptions except that the errors are
independent and identically distributed, whereas the empirical
Bayes estimation requires the standard normality assumptions.
Kalman filter theory was introduced as an alternative approach to
the classical estimation problem by Kalman (19503. The theory,
vhich is commonly used in engineering fields, is a sequential
implementation of th Goldbergér-Theil mixed estiwmator (Theil 1963)
that combines prior information in linear models. Diderrich (1985)
derived the updating step of the Kalman filter estimator that is
equivalent to the Goldberger-Theil mixed estimator.

Many researbhers (Bierman 1976; Mehra 1979; Sorenson 1980;
Sallas and Harville 1981; Diderrich 1985) indicated the connection
between least squares estimation and the Kalman filter theory.
Sallas and Harville (1981) used the Kalman filter to obtain
recursive estim;tors, vhich vere extended to mixed wodels.
Diderrich (1985) concluded that the Kalman filter is just least
squares estimation made into a recursive process by combining prior
information with sample information. However, such
oversimplifications result in loss of important insight as an
estimation of a dynamic process (Welch 1987). The Kalman filter
estimator can successfully be used in time series data.

Duncan and Horn (1972) introduced parameter update equations
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based on a random coefficientse regression theory as a natural
extension of conventional regression theory. By expressing prior
expectation as part of the observation vector, they derived a
linear unbiased estimator with the minimum MSE for the coefficients
of a simple regression equation and then extended the results to
the Kalman filter model.

A Bayesian approach to regreassion theory presents another wvay
to viev the Kalman filter derivation. Meinhold and Singpurwvalla
(1983) derived the basic equations of Kalman filter theory from a
Bayesian point of view. They established the joint density of the
parameter and the predicted reéiduals, conditional on previous
ohgervationg. Broemeling (1985) viewed Kalman filtering ag part of
a Bayesian treatment of general linear models.

In the field of forestry, Kalwan filter estimators were used in a
forestry inventary system (Dixon and Howitt 1979) and localizing site

index equations (Walters and Burkhart 1987).



MATERIALS AND METHODS

Data

A portion of the data set from the Southvide Loblolly Pine
Seed Source study vas used in this study. A total of 226 plots
from the West Gulf region (Louisiana, Mississippi, Arkansas, and
Texas) vas chosen to develop a yield prediction model. The
detailed information about the data used in this study is presented
in Table 1. Similar to the previous studies, only one age class
from each of 226 plots was randomly selected to form a data set to
gimulate temporary Qlot data dften used for developing yield
models.

A half-and-half data splitting method wvas adopted to divide
the Weat Gulf region data into a fit and test data set. The fit
data get, repreéenting sample data, wvas used to estimate parameters
of yield prediction models using the OLS estimator. The test data
set, representing an independent data set, was ﬁithheld to evaluate
the performances of yield models from different regression
estimators. Th; pooled data set, vwhich was the combined fit and
test data sets, was used to represent the population. The Bummary'

of the stand attributes for both fit and test data sets is shown in

Table 2.

Procedure
In this study, regression coefficients of a yield model vas
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Table 1. Number of plots for the West Gulf region states from the
Southwide Loblolly Pine Seed Source Study

- - - - o - - - . AL o e e WS S D S S e S e = R AR W e = W S ER E em e e

Lecality number State Number of plots
28 Missisaippi 34
29 Mississippi 36
32 Louisiana 68
36 Texas 16
40 Arkansas 72



Table 2. Stand attributes of the fit and test data sets used in

this study
""""" a/ Wumber ot
Variable observations Mean Minimum Maximum
--------- Fit Data Set - - - - - - - - - -
Age 113 19 10 27
Hd 113 53 18 80
N 113 505 24 2099
v 113 3824 168 7133
-------- - Test Data Set - - - - - ~ - - - -
Age - 113 17 10 27
Hy 113 47 | 18 77
N 113 510 49 2198
v . 113 2915 106 6307

a/ Notation:

Age = Plantation age in years,
Hd = Average height of the dominant and codominants in feet,
= Number of trees per acre, and
V = Total outside-bark volume per acre in cubic-foot.



updated to improve its predictive ability using feedback
procedures. The Kalman filter estimator resulted from combining

the sample data and prior information.

Model form for yield prediction
The wodel form for yield prediction developed by Burkhart et

al, (1972) was used in this study. The model form is given by

log(V) = b_ + b (1/A) + b2(H /A) + ba(N/IOO) + b4(A)[log(N)] (1)

0] 1 d
vhere
V = total cubic-foot volume outside bark per acre,
A = gtand age in years,
Hd = average height of dominants and codominants in feet,
N = number of surviving trees per acre, and
log(x) = logarithm (base 10) of x.

Total cubic-foot volume outside bark per acre was computed
uging Smalley and Bover’s (1968) individual tree volume equation.
The mean height of the tallest 50 percent of sﬁrviving trees at
each age vas ?onsidered as average height of the dominants and
codominants for each plot. Also, as in the previous studies, the
dependent and independent variables vere standardized such that
they have the same mean and variance. This process enhanced the

precieion in computing the inverse matrices.

Kalman filter estimator for updating yield prediction models

If there exists some prior information, it can be combined

vith sample data to update yield models. The prior information is
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defined as
_b_p=g+gp (2)
wvhere
Qp = a prior estimate of the parameter_a ’
f = parameter to be- estimated, and
gp = error vector of mean O and covariance matrix P.
Also, the sample information can be defined as follovs:
Yy = XB + e (¢c))
wvhere
y = vector of dependent variable,
X.= Matrix of;independeét variables, and
e = error vector of mean O and covariance matrix W.

In addition, the error vectors gp and e are assumed to be

uncorrelated. With this aassumption, the Kalman filter estimator is

given by:
QKF = Qp + Kly - xgp> ' (4)
vhere V
QKF = th? Kalman filter estimator, and
K = PX'[W + )(l”}{']_1 vhich is the gain calculation.

In this study, the Kalman filter estimator (4) was employed to
update the yield prediction model (1) combining information from

sample sample data with prior information.

Prior information
In order to access the importance of the quality of prior

information, two scenarios vere considered in this study. The



first scenario involved using an available data set as prior
information. Data from 55 plots in a different study conducted at
the Hill Farm Research Station were selected for this purpose. The
yield model (1) was fitted to the Hill Farm data set using OLS to
obtain parameter estimates and the covariance matrix. This
information wvas combined with the sample data from the West Gulf
region to update the yield model using the Kalman filter estimator
(4),

In the second scenario, it vas assumed that no data vas
available. Prior information came from different sets of
coefficients for t?e same yiéld model. For this purpose,
regreaéion coefficients were obtained from each of the geven
remaining localities of the Southvide Seed Source Study. Data
summary for these localities is presented in Table 3. Prior
information of the parameters for the yield model was assumed to
have mean and covariance equal to the sample mean and sample
covariance of the seven spete of parameter estimates. Green and
Stravderman (1985) used the published 6 coefficients of individual
tree volume eéuationa as prior information.

The two different types of prior information used in this
study might reveal how prior information affected the results of
updating yield models. The first source of prior information vas
obtained from inside of the sample data range. On the other hand,
the second source of prior information came from outside of the

¥est Gulf region. Thus, this study may provide insights on the



Table 3. Stand attributes of twvo different sources of prior
information used in this study

> G " = G = R T W D WS R R G S N e R S WD G T M M e e . S e A = -

Number of
Variable observations Mean Minimum Maximum
------- Hill Farm data get - - - - - - - - -
Age 55 17 10 29
Hd 55 S1 19 78
N 55 507 92 1200
v 55 3133 182 6211
- - - Southvide Seed Source localities outside of
the West Gulf region - - - - - - - -
Age 296 18 10 27
Hd 296 46 22 72
N 296 735 123 2642

v 296 3493 709 12484

o e A = R AR e - - = e e S e D S = = = = =
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as
importance of the quality of prior information in feedback

procedures.

Evaluation criteria

Three yield models from different parameter estimation methods
vere evaluated in this study. One included the OLS estimates
fitted to the sample data. Another had its estimates based on
prior information., Sometimes these estimates can be directly
applied to the stand of interest vithout collecting other data.

The third includéd Kalman filter estimates obtained by combining
OLS estimates with the prior ;nformation.

The three candidate yield models were evaluated based on mean
difference (53??3, mean absolute difference (iDiff!), and mean squared
difference {51222). These evaluation criteria were described in detail
in the previous studies. These criteria vere computed separately for
the test data and the pooled data (combined fit and test data sets).
The test data eef'represented an independent data set, whereas the
pooled data se} represented the population.

The yield models vere ranked based on each criteria, with rank
number one being best. For each estimator, the overall rank vas
calculated as the sum of ranks for all three criteria. Finally, the
"best" estimator vas determined by the one with the smallest overall

rank.



RESULTS AND DISCUSSION

It is apparent that the success of updating models depends
upon the choice of the prior information available. In this study,
tvo different sources of prior information were used to update

yield prediction models with the Kalman filter estimator.

Prior information from the Hill Farm data set

The parameter estimates of the yield equation and their
covariance matrix were obtained from the Hill Farm data set (Table
4), Thege,values used as priof information. The three estimates -
- OLS estimates from the sample data and from the prior
information, and the Kalman filter estimates - - are presented in
Table 5. The resulting three yield prediction equations were
evaluated based 6n three statistics for both the test data set and
the pooled data set (Table 6). The Kalman filter estimator
provided gains of 16.94 and 11.81 cubic feet pervacre over the OLS
in mean difference for test and pooled data sets, respectively. 1In
addition, this estimator also reduced mean absolute difference by
22.63 and 23.67 cubic feet per acre for the test and pooled data
gets.

Based on these evaluation statistics, overall ranks of the
estimators vere determined (Table 7). As expected, the Kalman
filter estimator ranked first in both of the validation data sets,
vhereas the OLS estimator based on the sample data ranked second,
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Table 4. Prior information used in this study based on Hill Farm

data set
Parameter Estimates
bo by b, by by
2.3375 -7.9635 0. 2896 -0.0062 0.0119

Covariance matrix of parameter estimates

- - A et o S S - = e D B8 8 W e e = R = e YR AR e

0 1 2 3 4
b0 9.253414 -0. 684965 -6.045962 0.000644 -0.001712
b1 -0.684965  3.142385 0.076970 -0.008212 0.006555
b2 -0.045962 0.076970 0.010387 0.000069 0.000224
b3 0.000644 -0.008212 0.000069 0.000071 -0.000015
b -0.001712V 0.006555 0.000224 -0.000015 0.000016



Table 5. Parameter estimates of the yield model vhen prior
information was based on the Hill Farm data set, by
estimation method

a/
b i i T 2 e I i -
OLS 1.3319 -3.5991 0. 4567 0. 0319 0.0180
Prior 2. 3357 -7.9635 0.2896  -0.0062 0.0115

Kalman filter 1.6925 -7.8390 0. 4682 0.0344 0.0142

8/ Notation:
OLS = Ordinary least squares estimates from the fit data
’ get,~
Prior = Parameter estimates from the prior information

based on the Hill Farm data set, and

Kalman filter = Kalman filter estimates obtained by combining the

sample data with the prior information.
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Table 6. Evaluation statistics for three estimation methods when
the prior information was based on the Hill Farm data set

D R - - S S o " - Y - . S SV TR U R e TR D A TS Y S D D R S - - S e TR e O e e

Estimator Diffa/ IDifiIE/ EIEEZE/

T L T T T T T T T T et Data Set - - - - - - - - -
oLs -44, 26 400. 99 416481
Prior 16.33 495. 41 623339
Kalman filter  -27.32 378. 37 354731

--------- Pooled Data Set - - - - - - = =

OLs -33. 47 435. 33 468967
Prior . 5139 567. 68 677481
Kalman filter -21.66 411.66 403114

8/ Mean differepce.

b/ Mean absolute difference.

g/ Mean squared difference.



Table 7. Ranks of evaluation statistics for three

used as prior information

estimation methos vhen the Hill Farm data set vas

--------------------------------------------------------- e e - o - > - . - .-

Estimator

Test data set

Diff

- - - ——— T o " P e e = = = e - = m A - A R D D R S - - T S W S A . W D S -

oLs

Prior

Kalman filter

Diff IDiffl
3 2

1 3

2 1

------ Polled data set ---------
—_— Rank Overall
Diff IDiffli Diff Total sum rank
2 2 2 6 13 2
3 3 3 9 16 3
1 1 1 3 7 1

€6



and the OLS estimator from prior information ranked last overall.
Kalman filter estimators can be expected to perform better
than OLS estimators only vhen good prior information was available.
In this study, the prior information came from data collected in
Northern Louisiana, which is located within the study area of the
West Gulf region. Thus, this type of prior information should be
valuable in improving parameter estimates of yield models. Green
and Strawderman (1985) traced different results in tree volume
prediction to the quality of prior information. Previous height
measurements vas used by Walters and Burkhart (1987) as excellent
prior info;mation for refining parameter estimates of site index

~

equations.

Prior information from other localitiegs of the Southwide Loblolly

Pine Seed Source

A different set of prior information vas adopted in updating
yield models. Parameter estimates from the other seven localities
of the Southwide Loblolly Pine Seed Source Study are shown in Table
8. The mean an& covariance matrix computed from these estimates
constituted prior information in this scenario. The OLS estimator
wvag uged to estimate parameters of the yield model (1) using the
same sample data from the West Gulf region. The Kalman filter
egtimator (4) was then employed to modify the OLS estimates with
the prior information. Parameter estimates for the three
estimation methods are shown in Table 9. For the resulting yield

prediction equations, the same statistics were used to evaluate

94



Table 8. Prior information based on parameter estimates of seven

localities
Parameter Estimates
Locality
numbers locatden . PO S . T Pa___
03 Maryland 1.8445 -4.0227 0.2781 0.0522 0.0159

07 North Calorina 1.7265 +-2.3223 0.2899 0.0266 0.0190
13 South Calorina 1.7358 -6.8030 0.4093 0.0541 0.0127

15 North Calorina 2.0505 -3.1658 0.3026 0.0239 0.0120

17 Gorgia 2.4767 -10.2309 0.35%0 0.0658 0.0065
25 . Alabama 1.4499 -5.0658 0.5096 0.0568 0.0181
26 Alabama 2.0876 -3.9396 0.2853 0.0278 0.0125

Covariance matrix of parameter estimates

bo by by by by
B, 0.107621 -0.460573 -0.013310 0.000310 -0.001247
b, -0.460573 7.197977 -0.092083 -0.037601  0.008462
b, -0.0133%0 -0.092083 0.007375 0.000880 0.000043
b, 0.000310 -0.037601 0.000880 0.000296 -0.000022

b, -0.001247 0.008482 0.000043 -0.000022 0.000018



Table 9. Parameter estimates of the yield model vhen prior
information vas bagsed on seven localities from the
Southwvide Loblolly Pine Seed Source Study

[Estimator i N 5 SO i S - I X S
oLS 1.3319 ~-3. 5991 0. 4567 0.0319 0.0180
Prior 1.9131 -5.0786 0. 3477 0. 0439 0.0138

Kalman filter 1.4365 -3.8187 0. 4346 0. 0336 0.0173
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their performances for both validation data sets (Table 10). The
resulting ranks from these evaluation criteria are shown in Table
11,

The Kalman filter estimator also performed better than the OLS
as 1in the previous situation. However, in this case, the amount
of improvement over the OLS was not as large. The Kalman filter
reduced the mean difference only by 3.39 and 5.74 cubic feet per
acre for the test and pooled data sets, respectively. A reduction
of mean absolute difference by 4.99 and 9. 14 cubic feet per acre
vas obtained by the Kalman filter estimator over the OLS.

The results vere consistent for all statistice for both data
sets. Aéain, the Kalman filter estimator ranked first, with the
OLS estimator second. The estimator from prior information ranked
last again and provided vorse results than in the previous case
where the prior information was from the Hill Farm data set. This
might be due to the difference in the qualities of two sources
prior information.

The prior information used in this case wvas from plots outside
of the West Gul% region, but the Hill Farm data were collected in
the same region as the sample data. The estimator based solely on
prior information did provide poorer prediction of volume yield
wvhen the prior information wvas outside of the sample data range.
The same logic probably explained vhy the Kalman filter estimator
consistently performed better when the prior information was from
the Hill Farm data set, based on the evaluation statistics. The

results indicated hov important the quality of prior information
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Table 10. Evaluation statistics for three estimation methods when

prior information wvas based on seven localities from the
Southvide Loblolly Pine Seed Source Study

Estimator Diff IDiffl BIEEZ
T T T T T T T . test Data et - - mmmmm oo
OLS ~44, 26 400. 99 416481
Prior 184.68 860. 12 744735
Kalman filter -40. 85 396. 00 397205

------- Pooled Data Set - - - - - - - -
oLSs -33.47 . 435. 33 468967
Prior " 55.67 931. 11 933674

Kalman filter -27.73 426.19 453329

- - ———— T " e - =~ - = - - e



Table 11. Ranks of evaluation statistics for three estimation methos vhen the seven localities vere
used as prior information

------- Test data set -------- ------- Polled data set -------
- 2 X — Rank Overall
Estimator Diff IDiff) Diff Total Diff IDiffl Diff Total sum rank
OLS 2 2 2 6 2 2 2 6 12 2
Prior 3 3 3 9 3 3 3 9 18 3
Kalman filter 1 1 1 3 1 B | 1 3 6 1

- - - - - ——— - —— S = A = = = B B = = At A = = = R e S = = . . - W . - e - - -
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100
vag in applying the Kalman filter estimation technique. Green and
Stravderman (1985) found little difference between empirical Bayes
and least squares methods for loblolly pine in terms of predictive
ability of individual tree volume equations. Moreover, they
coﬂcluded that for red maple, least squares was superior to
empirical Bayes estimation method. This might be because the prior
information used in that study wvas based on equations from data

collected at areas outside of the range of the sample data.



SUMMARY AND CONCLUSIDNS

The objective of this study was to update yield prediction
models using the Kalman filter estimation method. A total of 226
plots from the West Gulf region (Louisiana, Mississippi, Arkansas,
and Texas) comprised the sample data. After the data vere randomly
divided into the fit and test data sets, the yield prediction model
wag fitted to the fit data set using the OLS technique. The OLS
estimates were then modified by additional information (prior
information) using the Kalman filter estimator. 1In this study, twvo
different sets of prior information were used. One vas the Hill
Farm daté set collee;ed within the study area. The other came from
parameter estimates of the yield model fitted to data from seven
localities located outside of the study area.

For both types of prior information, the Kalman filter
estimator ranked better that the OLS estimators. Also, the Kalman
filter estimates from the first source of prior information (Hill
Farm data set) provided better prediction of volume yield than
those from the Eecond source of prior information (outside of the
sample data range). The OLS estimators ranked second and the

estimators based solely on the prior information ranked last

overall as expected.
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The Kalman filter technique is a promising approéch to update
yield prediction models. However, this estimator should be used
vith caution because the improvement in prediction requires good

prior information.
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