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Abstract

Introduction

A statistical analysis was performed on data from a
provenance test of Pinus banksiana LAMB. 1.5 year-old openpollinated seedlings from 47 stands collected in five distinct
soil-moisture classes within a pine-barren landscape, in westcentral Wisconsin. A large-scale environmental gradient across
the nursery bed and small-scale among-microsite variability
were evident in seedling responses. We compared three analyses in terms of their capabilities for accounting for such within-experimental area variation: (A) a “standard analysis” using
ANOVA for a randomized complete block design, (B) trend
analysis in addition to (A), and (C) correlated errors in addition
to (B). PROC GLM of the Statistical Analysis System (SAS)
was used for analyses (A) and (B); PROC MIXED was necessary for analysis (C). We concluded that analysis (C) was the
best option for adequately modeling the data, reducing the
error variance and consequently, detecting significant differences among sets of stands grouped by soil-moisture classes.
We suggest that the row and column position of each experimental unit in provenance or progeny tests with forest species
be recorded in order to allow for the possibility of conducting
analysis of this type. As an important caveat, we found an
unexpected bimodal likelihood surface when PROC MIXED
included a term for correlation among plots; this requires use
of the PARMS statement when applying PROC MIXED.

A typical experimental design for provenance and progeny
testing with forest trees is the randomized complete block
design (RCBD) (WRIGHT, 1976; ZOBEL and TALBERT, 1984;
GUMPERTZ and BROWNIE, 1993), with each entry (entries can be
provenances, progenies, clones or ramets) appearing in one plot
per block and multiple trees (seedlings) per entry per plot
(usually 4 to 10 trees per plot) (BRIDGWATER et al., 1983). This
model can be written:

Key words: Trend analysis, correlated errors, spatial autocorrelation,
PROC MIXED, provenance test, progeny test, Pinus banksiana, genetic
variation, within block variability.
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where Yijk = observation on the kth seedling of the jth entry in
the ith block, µ = overall mean, bi = effect of the ith block,
tj = effect of j th genetic entry, bi x tj = interaction of block by
entry (also known as plot error), and eijk = within plot error
term, i=1,...b, j=1,...t, and k=1,...nij, where b, t and nij are the
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number of blocks, entries and seedlings-per-plot for the j th
entry in the ith block, respectively.
Typically, blocks are spatial entities; the goal of blocking is
for the environment to be homogeneous within blocks and for
most of the environmental variation to occur among blocks.
Blocking can remove environmental variation by employing
“block” as a source of variation in an analysis of variance.
However, the assumption of homogeneity within blocks is
often difficult to meet with field experiments of forest trees.
Sometimes, the experimental area contains a large and systematic environmental gradient that can cause heterogeneity within (as well as among) blocks. There may also exist scattered
microsites, in which some plots may exhibit an exceptional
growth (e.g. nutrient-rich microsites), and others may show
poor growth (e.g. a frost pocket or a poorly drained spot).
Frequently, poor microsites result in greater mortality, creating
additional design imbalance.
One factor that makes it difficult for blocks to be homogeneous in experiments with trees is the large block size
necessary due to the large number of entries. The number of
entries and the minimum space required for a tree to grow
without competition for several years can make block size so
large that it is impossible for the within-block variation to be
small, particularly if the site has irregular topography. If more
than 50 entries per block are tested, within-block variation
may become unacceptably large (BRIDGWATER et al., 1983).
Consequently, a RCBD analysis can result in a significant
block x entry interaction. This bi x tj interaction term is critical
for the interpretation of the results because if block and/or
entry are considered as random effects (common in forest genetic experiments), the block x entry would be the appropriate
error term to test for entry effects. If this term is large, it reduces the chances that the entry effect will be found significant.
An alternative to large non-homogeneous blocks is to use
fixed blocks of smaller sizes in an incomplete block design. If
large and complete blocks were used in a field test already,
eventually smaller incomplete blocks could be redefined for
analyses purposes (although such alternative was not developed in the present paper).
Even with a good plot design, a field test may result in positive correlations among neighboring plots (spatial autocorrelation), because plants that are close together share similar
microenvironmental conditions. This autocorrelation results in
the violation of the assumption of independent error terms for
standard analysis of variance; also, in this case within-block
variability can not be neutralized by randomization (ZIMMERMAN and HARVILLE, 1991; MAGNUSSEN, 1994). Negative correlations are also possible due to competition among neighboring
trees.
We present a case study of a population/progeny test of Pinus
banksiana LAMB., which manifested a large environmental
gradient leading to a large within block variation. Our data
also demonstrated autocorrelation among plots (probably due
to microsite variation) and moderate mortality. It would not be
unfair to call our case study a “messy data” scenario, but one
that is fairly common in practice.
We demonstrated the inadequacy of a “standard” RCBD
analysis using the popular General Linear Model procedure
(PROC GLM) of the Statistical Analysis System (SAS) (SAS
1988), even including a trend analysis. However, the (relatively
new) “MIXED” procedure of SAS can incorporate models with
correlated errors and has the flexibility to consider various
design complexities, including unbalanced and/or missing data,
and give the correct result. We believe that the proper use of
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PROC MIXED addresses simultaneously the problem of large
scale variation (gradient) and small scale variation (microsites)
within the experimental area.
Methodology
Objectives and study area
The original objective of our research was to address the
question of the patterning of genetic variation among Pinus
banksiana populations within a landscape, in the absence of
strong climatic and altitudinal clines and with the likely
presence of an intensive gene flow among populations. Our
hypothesis was that, even small environmental forces, such as
differences in soil and moisture availability, might impose a
sufficiently large selective force to create genetic differences
among stands within a landscape. We expected that if such differentiation were present, we could find significant differences
in early growth traits of seedlings in a progeny test. Our sampled area was an approximately 30 km x 30 km pine barren
landscape in the Black River State Forest and Jackson County
Forest in west-central Wisconsin. We collected open-pollinated
seeds from 86 individual trees from 47 stands (also called populations). Each stand sampled was assigned to one of five categories of a site index that we constructed and called ‘soilmoisture classes’. The index includes characteristics of soil
texture and soil drainage based on soil surveys [Wisconsin
Department of Natural Resources (DNR), Nontechnical Soil
Description Report; all Jackson County Soils. DNR, Madison,
Wisconsin. 19 p.], and distance to the water table and presence
of ‘indicator species’, based on ‘habitat types’ (KOTAR and
BURGER, 1996). Soil moisture classes take five values, from I
(sandy soil, very well drained, dry habitat) to V (sandy-loamyclayey, very poorly drained, dry-mesic habitat) (Table 1).
Initially, we grew seedlings from these populations in a randomized complete block design population/progeny test for six
months in a greenhouse at the University of Wisconsin –
Madison.
Randomized complete block design (RCBD) and field layout
After the greenhouse stage, seedlings were planted in a
common garden population/progeny test in a nursery bed at
the Wilson State Nursery (Boscobel, Wisconsin) where they
grew for one year. This paper considers the analysis of those
1.5-year-old seedlings. The common garden test followed a
randomized complete block design, with 4 blocks and 3-rowseedling plots. The 47 stands were unevenly represented by 86
half-sib families (trees): 13 stands were represented by 3 families, 13 stands by 2 families and 21 stands by a single family.
Each stand belonged to a unique soil-moisture class. In our
analyses, stands were considered to be nested within the five
categories of soil-moisture classes.
In each block of the common garden test, the plots were laid
out in a 5 x 18 grid. The seedlings were evenly spaced at 19 cm
intervals; with all 4 contiguous blocks, the layout became a 5 x 72
grid. We will refer to the five rows of seedlings along the long
dimension of the nursery bed as “columns” and the 72 rows
perpendicular to the long dimension of the nursery bed as
“rows” (Figure 1). Four randomly assigned plots per block were
filled with randomly chosen seedlings from the same test material but for which data were not recorded and which we call
‘dummy’ seedlings; this was done to make any competition
effects as uniform as possible.
After one year in the nursery, we determined seedling height
and timing of budset. Then, we harvested all the seedlings and
obtained dry weights for stem, foliage, root, shoot: root ratio
and foliage: root ratio. We consider stem dry weight and second-

Table 1. – Soil-moisture classes (I to V) based on soil and habitat characteristics for 47 Pinus banksiana
stands in west-central Wisconsin.

* Habitat PVHa Pinus-Vaccinium-Hamamelis.
† Habitat PVRh Pinus strobus-Vaccinium-Rubus hispidus with ground water influence.

where: Yijkl = plot average for the lth family in the kth stand
nested within the j th soil-moisture class in the ith block,
bi = effect of the ith block, a j = effect of the j th soil-moisture
class, t(a)j k = effect of the kth stand nested within the j th soilmoisture class, bi x a j = effect of the interaction of block by soilmoisture class, bi x t(a)j k = effect of the interaction of block by
stand (again nested); i = 1, 2, ...4; j = 1, 2, ...5; k = 1, 2, ...47;
l = 1, 2 or 3, and eijkl = error.

Figure 1. – Plot layout for the Pinus banksiana provenance/progeny
common garden test.

arily foliage dry weight as response variables to illustrate our
analyses in this paper; the results from analyses of other variables will be discussed elsewhere, in the context of drawing
genetic conclusions from this study. We estimated the plot
average (over seedlings) using SAS PROC MEANS (SAS,
1988). We found it necessary to transform the plot averages for
stem dry weight and foliage dry weight by the square root to
lead to a satisfactory distribution of residuals. These transformed plot averages constitute our basic data set.
We conducted a standard RCBD analysis of variance using
an extension of model [1], but we included soil-moisture classes
with stands nested within these soil-moisture classes. We considered but then eliminated terms for “family” because we
found that variation among families was not significant in any
of the tested models throughout all of our analyses. This nonsignificance may be due in part to a) the very small number of
families per stand, b) an insufficient seedling age for fully
expression of the among family genetic differences or c) “noise”
due to transplanting effects. Thus, our resulting model was:

We considered blocks as random because we viewed them as
a sample of a larger population of possible experimental site
conditions. We considered stands as random because they are a
sample of a larger population of possible stands (Pinus banksiana stands within the studied area) for which we wanted to
make inferences. Analysis used SAS PROC GLM (SAS, 1988).
Trend analysis
General trends due to environmental gradients within the
experimental area can be removed via “trend analysis”, a
regression technique that uses a predicted “yield value” as a
covariate (KIRK et al., 1980; BROWNIE et al., 1993). The yield
value (the expected growth of a seedling due to its position) can
be estimated by fitting a quadratic response surface or other
polynomial model, using an imposed grid of Cartesian coordinates on the experimental area. Terms of the quadratic-surface
model are used for describing plot position effects, making the
block term unnecessary (BROWNIE et al., 1993).
We conducted a trend analysis by augmenting model [2]
(without the block terms) with the terms of a quadratic response surface model plus the corresponding interactions,
using a grid of 5 units – columns- along the x axis and 72 units
– rows- along the y axis. Then the model becomes:

where m and p index column and row respectively, b1 to b5 are
regression parameters to be estimated, Cm = column position,
Rp = row position, a j x Cm ...t(a)jk x R2p = corresponding interactions of soil-moisture classes and stand with the quadratic
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response-surface terms, m = 1...5, p = 1...72, and the other
terms are as before. Again, the analysis used PROC GLM. We
consistently found that in evaluating the significance of the
interaction terms in [3] across numerous models, the only
relevant interaction was that between stand (nested in soilmoisture classes) and column. However, the quadratic pattern
for column did not fit the data well. Extensive analyses showed
that there was a great deal of variability across columns that
could not easily be described by a polynomial model. Thus we
modified the trend analysis by considering column as a random
effect (row remained as fixed effect). Since we consistently
found non-significant interaction between rows and columns,
we removed the cross-product term. The resulting model becomes:

In this model, stand [t(a)jk], column (Cm), and stand by
column [t(a)jk x Cl] interaction were considered random effects,
and soil-moisture class (a j) and the covariates (Rp and R2p) are
considered fixed effects. Note that column no longer had a
corresponding regression term since it was now a random
“class” variable. It is convenient to center and scale the values
of row so that their means are 0 and their maximum and minimum values are 1 and –1, respectively.
Analysis incorporating spatially correlated errors using
PROC MIXED
Although model (B) successfully reduced the residual error
by modeling environmental trends within the experimental site
(using information on columns and rows), we also noted some
microsites with particularly good growth and other microsites
with poor growth, likely due to uneven distribution of nutrients
and drainage. An example of a microsite with good growth is
the area contained in rows 48 to 51 in column 3, block 3; an
example of a microsite with poor growth is the region described
by rows 68 to 71 in column 3, block 4 (Table 2). Even after
removing the large-scale systematic variability by our modified
trend analyses, it was possible that small-scale variation
among-microsites could have a statistically significant impact.
The variation among microsites at different distances could be
approached as a problem of spatial autocorrelation (for example, see the paper of SOKAL and ODEN, 1978).
One approach to account for the variation among microsites
was the use of correlated error models. Such models attempt to
account for small-scale variation in soil properties through
correlations among the plot errors. For our data, we invoked
models which assume that the strength of the correlation between two errors, Corr(emp, eqr), is greatest for adjacent plots
but decreases exponentially as the distance between the plots
increases (BROWNIE et al., 1993):

where d(mp, qr) = the center-to-center distance between the
plots in the mth column and pth row with the plot in the qth
column and rth row, and q is a parameter to be estimated. The
among-plot correlation [Corr (emp, eqr)], which we call rmp, qr, was
included in our model as a way to account for the effect of
small-scale variation among-plots. Thus, adding this term to
those for model (B) allowed for the simultaneous treatment for
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both large-scale and small-scale environmental variation. This
combination of trend analysis together with correlated errors is
known as a “random field linear model” because its theory is
based on certain stochastic processes known as “random fields”
(ZIMMERMAN and HARVILLE, 1991). The resulting model is:

Stand (t(a)jk), column (Cm) and stand by column interaction
(t(a)jk x Cm) were considered random effects, whereas a j soilmoisture class, Rp row position, and R2p squared row were considered fixed effects. The among-plot correlation (rmp, qr)
accounted for the spatial autocorrelation.
Model [6] could be analyzed with the MIXED Procedure of
SAS, designed for statistical models with both random and
fixed effects with a range of error structures (LITTELL et al.,
1996, SAS, 1996a and b). PROC MIXED uses restricted maximum likelihood (REML), also known as residual maximum
likelihood (SEARLE et al., 1992), for estimation of variance components instead of the usual Least Squares used by PROC
GLM (Other options are possible but we feel REML is the most
appropriate).
In order to determine if a specific variance component is significant, the model must be fitted twice, once including and
once excluding the component; then the change in the likelihood must be evaluated5). For consistent terminology, we will
call the model with the component in question the “full model”
and the model without this component the “reduced model”.
For large samples, the difference between minus twice the
logarithm of the likelihood (-2RLL) for the reduced and full
models results in an approximate chi-square test with one
degree of freedom for each parameter tested. This test is called
the likelihood ratio statistic (LITTELL et al., 1996). Thus,

and the partial p-value for this test is

where i = number of parameters tested.
In table 3 we provide the SAS program for model [6] – also
referred to as (C) – along with brief comments. We also include
as an example of a reduced model that omitting stand nested
within soil-moisture classes from model [6]; the other reduced
models are formulated similarly. For information about the
programs corresponding to models (A) and (B), contact the
senior author.
Results and Discussion
RCBD analysis
The plot averages of stem dry weight (without transformation to square root) are given in table 2. The design is highly
unbalanced due to the different numbers of families per stand
as well as the (moderate) mortality during winter; this resulted
in a total of 61 missing plots from a total of 344 plots. (Implicit

5)

There is the option COVTEST on the PROC MIXED statement, which
provides a z-statistic and the corresponding p-value for testing Ho: a2x = 0.
However, this test, is based on asymptotic properties, is not very
reliable if the degrees of freedom to estimate the variance component
is small (LITTELL et al., 1996). The test described here is more reliable.

Table 2. – Plot average of stem dry weight (STE) in mg for 1.5-year-old Pinus banksiana seedlings. B = block, R = row, P = provenance, F = family. Missing plots are indicated with a period.
Provenances and families labeled '0' are dummy seedlings.

in our model is the assumption – which we checked – that the
mortality is random). An analysis of variance using PROC
GLM, using the RCBD model (A) (equation [2]), suggested that

the overall differences among soil-moisture classes were not
significant, and that there were no significant differences
among stands within soil-moisture classes (Table 4). The error
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Table 3. – SAS program for trend analysis with correlated errors using PROC MIXED (model C).

term for testing soil-moisture classes is approximately the
Means Square (MS) of Block x Soil-Moisture + MS of
Stand(Soil-Moisture) – MS of Block x Stand(Soil-Moisture),
using the method of synthesis (MILLIKEN and JOHNSON, 1984).
Note that the Block x Soil-moisture interaction is significant;
this may contribute to the non-significance of soil-moisture
classes.
Trend analysis
A visual examination of the seedlings in the common garden
test identified a strong within-block gradient in growth across
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the five columns (i.e. the gradient was perpendicular to the
larger dimension; Figure 1). This is evident by noting generally
larger values of stem dry weight in columns 4 and 5 and
smaller values in columns 1 and 2 (Table 2). This pattern is
moderately consistent across the four blocks. Apparently, the
management of neighboring nursery beds (timing of seedling
lifting, shade effect and pattern of irrigation) influenced our
experimental seedlings. Also, there appeared to be smaller
fluctuations across the rows, probably due to drainage variation. Thus, the standard RCBD analysis is inadequate to
account for this within-block variation.

Table 4. – Analysis for randomized complete block
design (model A), using PROC GLM.

SM = Soil-moisture class. Error term for testing SM is
= 0.95MSBLOCK x SM + 0.84MSSTAND(SM) 0.79MSBLOCK x
– 0.004MSERROR. Error term for testing
STAND(SM)
STAND(SM) is = 0.938MSBLOCK x STAND(SM) +
0.062MSERROR.

The resulting analysis using model (B) (equation [4])
suggests that column position (Cm) and row position (Rp) are
highly significant (Table 5). This confirms the effects of systematic row and column contribution to the variability from the
RCBD model. Note the substantial reduction of the error mean
square from 0.546 in the randomized complete block design
(Table 4) to 0.333 in the modified trend analysis (Table 5).
However, the soil-moisture effect is only weakly significant
(P-value = 0.067). There was also weak significance for the
stand by column interaction (P-value = 0.055) (Table 5).
Analysis incorporating spatially correlated
errors using PROC MIXED
Table 6 presents the partial P-values for the variance components and correlation using the likelihood ratio test for the
random effects and the F-test for the fixed effects. An example
of how the partial P-values were estimated is shown in table 7.
Note that the differences among soil-moisture classes are now
strongly significant (partial P-value = 0.005; Table 6), as
opposed to the results from the previous analysis. We have now
accounted for the spatial autocorrelation as well as the system-

Table 5. – Analysis for modified trend analysis using
PROC GLM (model B).

SM = Soil-moisture class. Error term used for
SOIMOIST was 0.882MSSTAND(SOIMOIST) + 0.035MS
COLUMN x STAND(SOIMOIST) + 0.083MSE; for STAND was
0.883MSCOLUMN x STAND(SOIMOIST) + 0.117MSE; and for
COLUMN was 0.867MSCOLUMN x STAND(SOIMOIST)
+ 0.133 MSE. Significant P-values are in bold.

atic variability (note that the error term is now reduced to
0.313) so that the soil-moisture class effect is now found to be
significant.
The significance of the column by stand (within soil-moisture
class) interaction (partial P-value = 0.002, Table 6) suggests
that there is a genotype x environment interaction, where some
stands behave differently depending on the column in which
they are located; (we note that there are important differences
in sunlight and moisture availability among columns). The
high significance of the among-plot spatial autocorrelation
(Table 6) confirms the existence in the nursery bed of a smallscale spatial structure among plots. Correspondingly, this
speaks to the utility of PROC MIXED, which allows us to take
into account spatially-structured correlations.
Alternative models examined
We considered the possibility that the increased significance
of the soil-moisture effect using model (C) (equation [6]) might

Table 6. – Edited output of SAS program for model (C), modified trend analysis and correlated errors
using PROC MIXED.

NDF = numerator degrees of freedom, DDF = denominator degrees of freedom. Significant P-values
are in bold.
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Table 7. – Example of computation of partial P-values using the likelihood ratio statistic.

be due to using PROC MIXED instead PROC GLM, since the
former might have handled the imbalance better, rather than
be the inclusion of the plot spatial autocorrelation term. Thus,
we used PROC MIXED for models [A] and [B] and obtained
essentially the same results as those found with PROC GLM
presented in Tables 4 and 5. Thus, we believe that model [C] is
better primarely because of the inclusion of the spatial term
(rmp, qr).
We also considered the possibility that the heavy imbalance
that resulted in the absence of many stands in some of the
columns may be responsible for the basic outline of our results.
We removed seven stands that were represented in only one or
two columns and reran an analysis (not shown) using model
[C]. The results were essentially unchanged. We also considered the ‘random coefficient model’ (LITTELL et al., 1996,
Chapter 7) for describing the interaction between stand and
column. However, this approach did not prove capable of adequately describe the data.
A potential problem in maximizing the likelihood
that can occur with spatial correlation
In analyses with the variable square root of foliage dry
weight, (not stem dry weight used in the previous sections), we
employed a model similar to model [C]. In examining a reduced
model (omitting stand nested in soil-moisture classes) for
foliage dry weight, we discovered that PROC MIXED computed
a larger likelihood value than for the full model (including
stand nested in soil-moisture class). This is a violation of the
theory that requires that the likelihood of the full model must
be at least as large as that with the reduced model. We resolved this inconsistency by finding that the likelihood surface is
bimodal (Figure 2). During iterations of the REML procedure
with the full model, the program converged to a local maximum
that was smaller than the global (overall) maximum. The
smaller peak in figure 2 represents the local maximum
whereas the larger peak shows the global maximum. This
resulted from the starting values that the program automatically assigned to the variance terms and the spatial autocorrelation. These starting values caused the interactions to reach
the lower peak, as opposed to the higher one which represents
the true REML values. Based on our experience, PROC MIXED
has a tendency, on occasion, to converge to a local – but not
global – maximum, when spatial correlation structures are
included in the model (SAS, 1996b).
This difficulty can be corrected in PROC MIXED programs
by using the PARMS statement in both the full and reduced
models. This requires providing either single starting values or
a grid of starting values for all random components and the
spatial autocorrelation of the model (SAS, 1996b). For the stem
dry weight we used single starting values (table 3). For foliage
dry weight a broad grid of values was chosen with the selected
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Figure 2. – Surface of the logarithm of the restricted maximum likelihood (RLL) for the square root of foliage dry weight of 1.5-year-old
Pinus banksiana seedlings. Note the existence of two peaks.

values based on estimates obtained without the PARMS statement. The grid of values was (0 to 0.05 by 0.025), (0 to 0.1 to
0.05), (–0.03 to 0.03 by 0.1) and (0.48) for the random terms
stand, interaction stand by column, spatial autocorrelation and
error, respectively. With the use of the PARMS statement, the
likelihood for the reduced model was never larger than that for
the full model, in agreement with theory. Figure 2 was developed from the output of a PROC MIXED program for foliage dry
weight similar to that presented in table 3. For graphical
purposes, we used a fairly fine grid of PARMS values. Thus,
when using models including a term for spatial autocorrelation, particularly if the sign of this autocorrelation is negative,
we strongly recommend use of the PARMS statement.
Conclusions
We found that trend analysis was an important addition to
the standard RCBD in accounting for large-scale environmental variation within the experimental area. The further

addition of correlated errors, using PROC MIXED, also accounted for the apparent small-scale microsite variation. This led to
the best description of our data. This model resulted in an
error term that allowed us to detect significant differences
among soil-moisture classes. Analysis including spatial autocorrelations, may be helpful for other examples with complicated spatial structure. When using common garden studies for
provenance testing, information on the row and column position of each experimental unit should be recorded in order to
make trend analysis and the inclusion of correlated errors possible.
PROC MIXED is also more versatile than PROC GLM for
including several random factors. This can be particularly relevant in nested models. However, we wish to point out two
drawbacks to PROC MIXED. First, running PROC MIXED can
be very time consuming. Some of our programs took up to 45
minutes of CPU time to run (Hewlett Packard mainframe computer HP9000/H50, 128 Mb memory). The use of a grid of
values for the PARMS statement and the use of the
DDFM=SATTERTH option tend to be very time consuming.
When appropriate, we found it useful for saving CPU time to
provide single starting values instead of a grid of values for the
PARMS statement (although a grid was sometimes necessary
to avoid achieving a local maximum). In addition, it may be
useful to omit the DDFM=SATTERTH option whenever it is
not necessary (for example, when screening models or for
reduced models). Second, we felt that the PROC MIXED
release version 6.12 is somewhat cumbersome in that it does
not automatically provide the likelihood ratio statistic for
testing estimated variance components and spatial autocorrelation. Such tests required further runs with reduced models.
Despite these concerns, PROC MIXED is strongly recommended for the types of analysis we considered.
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Interactions of Genotype with Site for Height and Stem Straightness
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Summary
The magnitude and importance of genotype x environment
interactions (GXE) for stem height and straightness at 2, 10,
14 and 23 years of age were estimated for Pinus taeda L. planted at four sites in Zimbabwe. Genetic correlations between
heights at different sites varied from low to high (0.18 to 0.95).
They were not consistent across the different ages, but were
generally high between all sites at younger ages and progressively diminished with age. These results suggest that early
growth assessments may not be reliable for predicting GXE at
maturity. Genetic correlations between stem straightness
scores at different sites also varied from low to high (-0.13 to
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0.95); those between sites A and C, and between sites B and D,
were consistently high (>0.84) at ages greater than 2 years.
On the basis of the magnitude of genetic correlations, site B
was generally the best selection site for height. At 23 years,
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