CAN LONGLEAF PINE PLANTATIONS BE
MODELED BY CALIBRATING MIXED-EFFECTS
MODELS OF OTHER SPECIES?

Curtis L. VanderSchaaf

ABSTRACT

A growth-and-yield model system applicable for the relatively greater growth rates of more recently planted longleaf pine
(Pinus palustris Mill.) is needed. The present analysis uses mixed-effects models of other pines fit using measurements
across a more complete range of stand development stages to predict the future development of contemporary longleaf
pine plantations. This approach could be useful when there are insufficient measurement ages across a rotation for newer
silvicultural treatments. Testing data were obtained of container-planted longleaf pine in central Louisiana. Mixed-effects
models both published and newly fit were used for testing purposes. Calibration ages of 6, 7, 8, 9, and 11 were helpful in
“molding” trajectories of other species to the characteristics of these longleaf plots at age 20. However, to obtain accurate
predictions at ages beyond 20 may require calibration measurements of longleaf pine at older, but still mid-rotation ages. It
appears that there are likely “optimum” ages to conduct an inventory such that models of other species can be calibrated to

produce accurate predictions at ages 25, 30, 35, etc.

INTRODUCTION

A complete growth-and-yield model system for the relatively
greater growth rates of more recently planted longleaf
pine (Pinus palustris Mill.) silvicultural systems is needed,
particularly on cutover sites. These newer silvicultural
systems often plant containerized seedlings, conduct
herbaceous weed control treatments, and are established
using relatively intensive site preparation, etc. This mixed-
effects modeling approach asks if absolute age can be
modified such that it is a relative measure rather than an
absolute measure, and if so, perhaps the biological growth
patterns can be applied across a range of species.

Thus, when entering data into traditional growth-and-yield
models (for example, a stand table), the simulator can be
considered to be “calibrated” to site-specific conditions.
However, mixed-effects models could be advantageous
because calibration can include more than one temporal
observation that may allow for a better calibration and
ultimately prediction of the future basal area trajectory.

VanderSchaaf and others (2020) showed a variety of mixed-
effects basal area species models following calibration
produced reasonable estimates of stand development for
other species. The thought process was perhaps mixed-
effects models could be calibrated using younger data from
a stand of interest to produce reasonable estimates at older,

more common rotation ages. Could you in a sense “stretch”,
“pull”, etc., through calibration of a mixed-effects model,

a growth trajectory of a model developed using data with
measurements across stand development stages of another
species to produce reasonable projections for a trajectory

of the species of interest? As shown in figure 1, can we take
observed data from a longleaf pine stand and use it, through
the calibration process, to “mold” a loblolly pine model (or
any species or combination of species) such that we obtain

a more appropriate trajectory through time for our (e.g.,
longleaf) stand of interest? Alternatively, we can think of it as
can we “borrow” information from a loblolly pine model to
better regulate how young data “mold” the stand of interest’s
trajectory through time.

Basal area is thought to be advantageous as the variable of
calibration, as opposed to volume, to ultimately produce
volume of the species of interest because basal area
measurements are not dependent on other relationships such
as individual tree volume equations. The objective of this
analysis is to use mixed-effects models of other species to
predict the future development of more recently established
longleaf pine plantations. It also examines if using more
than one measurement to calibrate the models increases
predictive ability.
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Figure 1—Black curve is a loblolly pine basal area trajectory (in this example from VPI). The white circles are observed basal areas (used in calibration)
and the black circle is an observed basal area from block 4 used to test this modeling approach. The black line is a linear regression line fit using
observations from ages 6 to 11. The dashed line, following calibration, are future projections by age obtained by always using observed data at age 11
as the previous basal area. The gray curve, following calibration, depicts basal area at age 12 using observed data from age 11, predicted basal area at
age 13 using predicted basal area at age 12, and then subsequent annual predictions of basal area using the previous predicted annual basal area.

METHODS

Two linear mixed-effects equations presented in
VanderSchaaf and others (2020) were used in this analysis.
One fit using loblolly pine (Pinus taeda L.) from east Texas:

InBA, = (2.6179+u,)+(-0.1782)In(Age, /Age )+(0.4583+u,)InBA, 1)
where

In is natural logarithm; BA is basal area (square feet per
acre); the variances of 1, and u,, are 0.1505, and 0.006589,
respectively, there is also a covariance of -0.02998, and
the constant random error variance is 0.02071; i indexes

a specific stand, and j indexes the current and previous
measurements. The dataset used to fit these equations is
further referred to as ETX.

And the same equation form fit using a combined dataset
of loblolly pine from east Texas and central Mississippi,
ponderosa pine (Pinus ponderosa Lawson and C. Lawson)
from the inland Northwest, and red pine (Pinus resinosa
Aiton) from Ontario:

InBA, = (2.1755+u,,)+(-0.4686)In(Age, /Age)+(0.5508+,)InBA )
where

In is natural logarithm; BA is basal area (square feet per

acre); the variances of u,and u,, are 0.2563, and 0.01236,
respectively, there is also a covariance of -0.05446, and the
constant random error variance is 0.01518; i indexes a specific
stand, and j indexes the current and previous measurements.
The dataset used to fit these equations is further referred to

as ALL.

Data Used in Both Model Testing and Model
Development

Study Site Description

The study site is on two soil complexes on the Kisatchie
National Forest (KNF) within the humid, temperate, Coastal
Plain and flatwoods province of the West Gulf Region of the
Southeastern United States. The site is on uplands suitable for
restoring longleaf pine forests. Site preparation consisted of a
hot burn prior to planting.
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Treatment Establishment by Forest Service, U.S. Department of Agriculture personnel
Research plots were established in a randomized complete in Pineville, LA. Seedlings, 1-0 container stock, were planted
block design of four blocks with three treatments (three in March 1998.

pine species) each installed in the fall of 1997. Each of the

12 research plots measured 96 by 96 feet and contained seedlings in April 1998 on all 12 plots. A triclopyr tank-mix

16 rows of 16 seedlings arranged in 6- by 6-feet spacing. was applied as a directed foliar spray to hardwood trees and
Blocking was by soil complex (two blocks on each complex) shrubs in April 1998 and June 1999

Hexazinone was banded over the rows of planted pine

and topographic location within each complex. The three
More information can be found in Haywood and others

(2015). Table 1 provides summary statistics by species and
age. This dataset will further be referred to as LSLL, excluding
age-20 data of longleaf pine. The age-20 data of longleaf pine
is used for model testing purposes. The longleaf pine data
from ages 6 to 11 exclusively will further be referred to as LL.

southern pines studied, loblolly, longleaf, and slash pine
(Pinus elliottii Engelm. var. elliottii), were randomly assigned
to different plots within each block.

Seeds for all three species were supplied by the Stuart Seed
Orchard, KNF, Louisiana, and were open-pollinated native
Louisiana parent trees. Seedlings were grown in containers

Table 1-Summary statistics of data used in both model testing and fitting (longleaf pine) and model fitting (slash and loblolly
pine), (n = 4 per species)

Slash pine Quadratic mean diameter Total height

6 4.0 0.46 3.6 44 84 16.46 70 103 26.7 1.85 249 285
7 44 0.37 41 48 103 14.00 91 120 28.7 1.99 270 308
8 a7 0.41 44 5.2 n7 15,73 104 136 313 A 294 33.2
9 5.0 0.4 4.6 54 129 15.73 116 149 36.6 246 34.0 38.8
1 54 0.4 51 6.0 150 12.87 141 168 423 2.90 394 454
20 6.6 0.56 6.0 73 199 1149 191 216 57.5 499 53.2 63.1

Longleaf pine Quadratic mean diameter Total height

6 31 0.26 2.8 34 42 6.41 36 51 18.5 0.56 17.9 19.1
7 3.7 0.25 34 4.0 59 765 53 69 218 0.43 214 22.3
8 41 0.29 3.7 44 7 8.99 64 83 25.0 0.65 24.2 257
9 44 0.31 40 48 84 9.2 75 95 30.1 0.98 291 312
1 5.1 0.32 47 55 12 11.55 101 126 36.3 122 34.8 375
20 6.7 0.42 6.3 73 169 16.92 151 191 58.3 2.89 553 62.2

Loblolly pine Quadratic mean diameter Total height

6 3.9 0.43 3.4 43 76 13.59 60 92 257 170 233 212
7 43 0.36 3.9 47 94 12.43 80 110 274 1.80 25,0 292
8 a7 043 4.2 5.2 108 1410 92 126 301 2.22 212 320
9 49 0.45 4.5 55 121 14.76 104 140 355 242 32.3 376
1 55 0.47 5.0 6.1 147 13.71 131 164 40.7 292 371 434
20 6.7 0.74 6.0 75 190 22.64 161 211 56.8 7.05 49.2 63.2

SD=standard deviation; Min=minimum; Max=maximum.
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Validation Analyses

Prediction errors, following transformation back to the
original units, were compared between equations (equations
1 and 2) using the validation process proposed by Arabatzis
and Burkhart (1992). The difference between the predicted
and observed basal area per acre (e, = PBA, - BA , respectively,
for each individual plot [i]) was calculated for all equations.
The mean residual (¢) and the sample variance (v) of residuals
were computed and considered to be estimates of bias and
precision, respectively. An estimate of mean square error
(MSE) was obtained combining the bias and precision
measures using the following formula:

MSE=& +v 3)

To account for logarithmic transformation bias, the
procedure recommended by Baskerville (1972) was used.
All validation statistics presented in this paper are based on
untransformed errors.

Additional Models

After preliminary analyses, it was thought to test mixed-
effects models using other, more complete, and available
datasets in terms of measurements across a range of

stand development stages on the same site. Hence, data
from a long-term loblolly pine planting density study
(VanderSchaaf and Burkhart 2012) was used to fit the same
model form (equation 1) described above using the model
fitting approach and criteria utilized by VanderSchaaf and
others (2020). Quadratic mean diameter and trees per acre
were measured annually between ages 5 and 21 on one of
the Coastal Plain sites and to age 22 on the other site. On
the Piedmont sites, measurement ages end at 18 at one
location and 21 at the other. At the latter Piedmont site, one
replication had measurements to 22 years of age. This dataset
will be further referred to as VPI. Parameter estimates of
equation 1 for this additional model are shown in table 2.

Additionally, datasets of two datasets were created and

used to fit equation 1. The VPI dataset was combined with
ETX, further referred to as ETXVPI, and the loblolly pine,
ponderosa pine, and red pine dataset (ALL), further referred
to as ALLVPI. Furthermore, LL was combined with these
datasets. It was combined with the VPI dataset (further
referred to as LLVPI), the ETX dataset (further referred to as
LLETX) and the ALL dataset (further referred to as LLALL).
The reason for combining the younger LL data with these

Table 2—Parameter estimates and standard errors (in parentheses) of equation (1) by model-fitting dataset for mixed-

effects models

Covar

Dataset b, b, b, Var b Var b,Var (byb,) neg 2LL AiC n

LLALL 214191 -0.44908 0.55833 0.01589 0.57486 0.02670 -0.12230 -688.3 -674.3 202
(0.m228) (0.08794) (0.02241) (0.00087)  (0.10517) (0.00494)  (0.02276)

ALLVPI 149807 -0.4410 0.69682 0.00500 0.40034 0.01874 -0.08587 -7650.9 -7636.9 390
(0.04514) (0.05018) (0.00908) (0.00013) (0.03839) (0.00179) (0.00825)

LLALLVPI 153334 -0.42332 0.68983 0.00519 0.53497 0.02470 -0421 -7463.3 -1449.3 394
(0.04927) (0.05041) (0.00998) (0.00013) (0.04941) (0.00230) (0.01060)

LLETX 2.77348 -0.05602 0.43115 0.02210 0.36516 0.01559 -0.07399 -1911 1771 97
(0.12458) (0.13020) (0.02267) (0.00171) (0.06847) (0.00341) (0.01507)

ETXVPI 1.63685 -0.24032 0.67124 0.00442 0.37698 0.01780 -0.08142 -7189.8 -1175.8 285
(0.04740)  (0.05335)  (0.00949) (0.00012) (0.03502)  (0.00168) (0.00763)

LLETXVPI 1.68533 -0.22630 0.66132 0.00467 0.49457 0.02307 -0.10633 -6981.4 -6967.4 289
(0.05157) (0.05401) (0.01038) (0.00013) (0.04501) (0.00216) (0.00981)

LLVPI 114065 -0.74988 0.77134 0.00258 0.29338 0.00997 -0.05405 -8184.2 -8170.2 194
(0.05763)  (0.09654)  (0.01016) (0.00007)  (0.01253) (0.00030)  (0.00198)

VP, b, 1.20082 -0.42958 0.76229 0.00261 0.00121 - - -8611.3 -8601.3 191
(0.02767)  (0.06862)  (0.00461) (0.00007)  (0.00015) - -

VP, b, 115535 -0.53679 0.76970 0.00276 - 0.00004 - -8496.7 -8486.7 191
(0.02639)  (0.06697) (0.00443) (0.00008) - (0.00001) -

b,Varand b,Var are estimates of the random effects variance components when applicable, Covar (b,b,) is the covariance estimates between b and b, when applicable, neg 2LL is -2 negative log-likelihood,
and AIC is Akaike Information Criterion. For the VPI dataset models, since convergence criterion was not obtained when including both b0 and b2 as random effects, there is no covariance between the
random effects of b0 and b2; - = lack of parameter estimates; LL = longleaf pine age 11 and younger in Central Louisiana; VPI = loblolly pine in the Atlantic Coastal Plain and Piedmont; ETX = loblolly pine in
east Texas; ALL = ETX plus loblolly pine in Mississippi, ponderosa pine in the inland Northwest, and red pine in Ontario.

For both model fitting criterion, more negative numbers are superior. n is the number of clusters (or plots) used in model fitting.
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Table 3—Parameter estimates and standard errors (in parentheses) of
equation (1) by model-fitting dataset for fixed-effects models

Dataset b, b, b, Var neg 2LL AIC n

LSLL 091222 -043080  0.82224  0.00185 -193.5 -185.5 56
(0.07966)  (0.04290) (0.01854)  (0.00035)

LL 0.74564  -2.15966 0.79986  0.00084 -67.8 -59.8 16
(010592)  (0.24302)  (0.02670)  (0.00030)

neg 2LL is -2 negative log-likelihood; AIC is Akaike Information Criterion; LL = longleaf pine age 11 and younger in Central
Louisiana; LSLL = all loblolly and slash pine ages, longleaf pine age 11 and younger in Central Louisiana.

For both model fitting criterion, more negative numbers are superior. n is the number of individual basal area observations

(not plots) used in model fitting.

other datasets is to determine if by combining observed
younger data with more biologically-complete datasets using
a mixed-effects modeling approach, can we then achieve
better predictions beyond the observed younger data of the
species of interest (longleaf in this case)? When modeling
newer silvicultural treatments of the species of interest, it
may be best to use models fit of other species that were also
intensively managed. Here, we were not necessarily able to do
that per se, although the VPI dataset was relatively intensive
at the time of study establishment.

Finally, datasets of three datasets were created and used

to fit equation 1. ETXVPI was combined with LL, further
referred to as LLETXVPI and ALLVPI was combined

with LL, further referred to as LLALLVPI. Datasets were
combined to help determine if predictive ability is improved
following calibration for the species of interest when there
is more variability in the model fitting dataset (e.g., if there
is more variability in the random effects, is that beneficial to
produce better calibrated projections). Validation analyses
were conducted for these models in a similar fashion as
described above.

Additionally, for comparative purposes to the calibrated
mixed-effects models, a fixed-effects model using only ages 6
to 11 of the longleaf pine data (LL) was fit. Additionally LSLL,
which is loblolly and slash pine data ages 6, 7, 8, 9, 11, and 20
and the longleaf data from ages 6, 7, 8, 9, and 11 (excluding
age 20), was used to fit a fixed-effects model. Parameter
estimates of equation 1 for this additional model are shown
in table 3.

RESULTS

Model Fitting

For most datasets, models with two random parameters
(both a fixed and mixed component) achieved convergence
criteria for equation 1 (table 2). There is some variability
among the fixed-effects parameter estimates (b, b , and

b,) among the datasets. For all datasets the random-effect
covariance was negative. For the VPI dataset, model
fitting criteria could only be met when using one random

parameter. The model with b random had better model
fitting statistics but often predictive ability of an independent
dataset doesn’t necessarily agree with model fitting ability.
Hence, both model forms were reported and tested.

Entirely fixed-effects models of equation 1 (table 3) had fairly
different parameter estimates than mixed-effects models
presented in table 2. Differences are likely due to the young
nature of the data (table 1). Additionally, models presented in
table 3 are technically not biologically correct because they
ignore the behavior of individual stand trajectories when
estimating parameters, often one of the advantages of mixed-
effects models is their ability to account for individual stand
behavior when estimating the population average (PA) trend,
or the fixed-effect component of the model.

Model Testing

Most mixed-effects models, whether calibrated or not,
underpredicted observed basal areas at age 20 (table 4).

The best performing models in terms of both bias (e)

and MSE was the age 11-only calibration and the PA of

the VPI, Random b, model and the LLVPI model when
calibrating using only ages 7, 8, and 9. However, based on
the summation of MSE across all calibration age sets, the
LLVPI model behaved the best followed by the VPI, Random
b, model. Excluding the age 11-only calibrations, additional
observations used in calibration substantially improved
predictive ability for most models, the exception being the
LLVPI model when age 11 was also used in calibration along
with ages 7, 8, and 9. However, excluding the age 11-only
calibrations, in many cases the PA model or uncalibrated
model for a particular dataset performed the best. Models fit
using some amount of the VPI dataset generally performed
the best while models containing the ETX dataset generally
performed the poorest (fig. 2).

In many cases the use of only age 11 in calibration improved
predictive ability. The LL Fixed model greatly overpredicted
stand development because the mid-rotation inflection
point of the basal area trajectory was not yet observed (figs.
1 and 2).
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Table 4—Model validation results following calibration of equation (1) by dataset and ages used in calibration, n = 4

VPI, Random b0 VPI, Random b2
Calibration ages

-12.09 60.15 206.2 -3.44 55.88
7 -53.03 60.13 28724 -40.70 49,50
78 -4554  39.90 21140  -33.59 33.72
7,89 -37.35 46.13 14410  -26.38 40.40
7,891 -15.81 60.33 310.3 -1.03 58.33
Ll -9.22 63.12 148.2 -1.37 59.40

ALLVPI

Calibration ages e v
PA -12.59 92.08 250.7 -12.67 68.29
7 -49.14 64.77 2479.3  -52.69 66.78
7,8 -45.49 43.69 21129 -46.1N 39.05
78,9 -39.35 51,56 15998  -38.95 45,61
78,91 -19.80 63.29 455.4 1417 52.39

-1145 7014 201.2 -8.57 64.84

1706.1
1162.2
736.4
107.8
61.3

MSE
228.8
28426
22211
1562.8
253.3
1384

-1110 92.56 2157 -3509  133.31 1364.4
-46.58 6542 22351 -12.69 9767  5380.9
-44.89 4406 20594  -69.53 7538 4909.9
-39.96 49.86 16468  -63.82 71,69 41507
-23.09 61.93 595.1 -47M 7819 22979
-10.13 68.67 m3 -3313 92.97 1190.4

LLALLVPI LLVPI
v e v MSE

-13.96 70.04 264.8 7.7 5116 364.8
-54.58 67.96 30474 -14.96 73.04 297.0
-48.27 40.04  2369.6 -11.54 40.81 174.0
-40.26 46.76 16675 -543 3721 66.8
-15.02 51.96 2776 11.48 62.04 193.9

-10.20 64.71 168.7 18.99 7183 438.5

LLETX ETXVPI LLETXVPI LL Fixed
Calibration ages

-40.97 14520 18240  -2786 8258
7 -82.94 10396 69833  -71.93 81.43
7,8 -78.09  83.96 61816  -64.18 54.98
7,89 -1.01 8832 51306  -55.09 62.28
7,8,9,1 -51.47 89.83 27389  -27.95  58.83
Ll -39.78 10372 1686.1 -23.71 67.66

858.6
5255.7
4173.5
3097.0
840.0
629.7

-28.78 84.98 9135  Fixed 16490 19839  27388.9
-13.18 8258 54385
-65.21 56.00  4308.0 LSLL Fixed
-55,94 63.32 3192.2 v

-28.59 58.87 876.5  Fixed -12.91 55.25 222.0
-25.08 69.26 698.4

PA =population average prediction for a model-fitting dataset where no calibration of the mixed-effects model occurred; e = residual, or the difference between the predicted and observed basal area; v =
variance of residuals; MSE = mean square error (see equation 3); LL = longleaf pine age 11 and younger in Central Louisiana; LSLL = all loblolly and slash pine ages, longleaf pine age 11 and younger in Central
Louisiana; VP! = loblolly pine in the Atlantic Coastal Plain and Piedmont; ETX = loblolly pine in East Texas; ALL = ETX plus loblolly pine in Mississippi, ponderosa pine in the inland Northwest, and red pine in

Ontario.

For the mixed-effect model, calibration ages are those ages used in calibration. For age 7, the previous measurement age and basal area was age 6.

For the LLVPI model when calibrated using ages 7, 8, and
9, the VPI, Random b, PA model, and the VPI, Random

b, when calibrated using ages 7, 8, 9, and 11, and when
calibrated using just age 11 data, absolute percent errors of
3.50 percent, 1.83 percent, 4.42 percent, and 3.81 percent,
respectively were produced.

DISCUSSION

The VPI dataset likely performed best since the data
consists of annual measurements by stand (plot) trajectory
to common rotation ages which likely captures the entire
biological behavior of a stand basal area trajectory. Plus,
models fit using this dataset likely behaved well because of
relatively greater early management activities and planting
genetic stock (Amateis and others 1988) as compared to the
ETX (Lenhart and others 1985) and ALL datasets. These
observed longleaf pine trajectories are relatively productive

120

at age 20 for this species (table 1) (e.g., Cram and others 2010,
Haywood 2015). Perhaps for less productive longleaf pine
sites in this region the ETX dataset may perform better. Since
loblolly has been shown to be relatively more productive than
longleaf when previous generation management activities
were used (numerous studies), at least early in the rotations, it
was thought that the ETX dataset would be more appropriate
for more recently established longleaf pine sites, since more
recently established longleaf pine sites were thought to be
more productive relative to longleaf plantations established
using previous generation management activities. However,
as stated earlier, these longleaf plots at age 20 are highly
productive for this species and apparently more productive
on average than previous generation loblolly from the
Western Gulf. The observed basal areas at age 20 were 163,
191, 171, and 151 square feet per acre.
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Figure 2—0bserved and predicted longleaf pine basal area per acre by block (B). The gray and black unsmooth curves are the average basal areas by age from the
VPl and ETX datasets, respectively—these curves ignore individual stand (or plot) behavior and merely are included to provide some indication of average predicted
behavior across all stands. The black line is a linear regression using only ages 6 to 11in model fitting, the upper and lower dashed lines are the VPI, Random b, and
ETX models calibrated using age 11-only observations, respectively. Bold gray and black curves are the VPI, Random b, and ETX models, calibrated using ages 7 to 11,
respectively. Light gray and black curves are the population average trends for the VPI, Random b2 and ETX models, respectively. The white circles are observed basal
areas and the black circles are observed basal areas at age 20. Curves extend to age 20, and beyond, by using age 11 observed basal area per acre as the regressor

value in the equations (e.g., equation 1).

Following calibration, the PA behavior of the mixed-
effects models added an inflection point to the predicted
longleaf pine trajectories after age 11 basically remedying
the substantial overprediction that would have occurred at
age 20 if the general trend from ages 6 to 11 (LL) had been
maintained (fig. 2). Hence, the calibration data and the PA
behavior of the mixed-effect models are working in unison
to produce a more biologically correct basal area trajectory
for ages beyond those used in calibration. We are in a sense
“borrowing” information from other species to produce a
more likely basal area trajectory through time of our longleaf
pine plantations.

In many studies where longleaf was established with

loblolly and slash pine, the basal area trajectories of longleaf
eventually caught up to those other species and in some cases
exceeded production of those other species. Table 1 shows
longleaf basal area per acre is starting to approach those of

loblolly and slash, having on average, the greatest basal area
periodic increments from ages 9 to 11 and then 11 to 20. Most
likely each species is going to have some range of calibration
ages that is going to result in the calibration process
producing relatively accurate future basal area trajectory
estimates. For instance, perhaps the inclusion of age 15 (or

by itself) into the calibration ages used for this dataset would
produce better predictions for longleaf, but perhaps for
ponderosa pine the “optimum” age for calibration may be
around 25 or 30 since in general ponderosa pine has relatively
longer biological and traditionally managed (e.g., for timber
production) economic rotation ages.

How do we as managers optimize our resources in terms

of time, costs, etc., to conduct inventories that will result

in our ability to best predict future stand development? In
order to get accurate results at ages 35 or 40, if desired, does
spending money to conduct an inventory at age 10 help, or is
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an inventory at age 20 sufficient, yet, you have to wait those
additional 10 years to produce sufficient long-term estimates
of stand development. This additional waiting time can be
problematic if one is trying to project research studies such
as silvicultural options and genetic selection to financially
and biologically mature ages. Additionally, these “optimum”
calibration ages may vary by site quality and management
activity by species. Perhaps a longleaf pine dataset of
relatively lower productivity at age 20 than that used here
would have younger, or older, “optimum” ages.

For the VPI dataset models, generally the observed longleaf
data were less than the average basal area per acre behavior
across time, while for the ETX dataset the observed data
were greater (fig. 2). Most likely, for the VPI datasets, the
younger data resulted in underprediction at age 20 because

it pulled the VPI PA trend down, while for the ETX datasets
(and likely the ALL datasets), the average behavior (and/or
model parameter estimates) were not flexible enough to allow
the observed longleaf data to “pull it up.” In many cases the
use of only age 11 in calibration improved predictive ability
because of less underprediction (table 4, fig. 2). Perhaps for
longleaf pine when calibrating these models using more
observations, of younger ages, calibration can be problematic
because of the observed data’s ability to pull the calibrated
trajectory down.

Clearly, calibration is in a sense a “give-and-take”, or a
“power struggle,” between the observed data, which is being
used to calibrate, and the PA trend of the mixed-effects
models. What is often referred to as “shrinkage” of the
cluster-specific or plot/stand-specific behavior to the PA
trend. The ability of the observed data to “mold” or “alter” the
path of a PA trend likely greatly depends on the variability

of the random effects, in addition to the calibration sample
size. Even though a PA curve may be grossly incorrect for a
plot of a particular species, if the random effects have large
variances they will likely be flexible enough to be adjusted to
the behavior of the calibration (or species of interest) species
through the calibration process, particularly if the calibration
sample size is large.

For this model form (e.g., equation 1), whether the oldest
calibration age and basal area or, alternatively, predicted ages
and basal areas, are used as the previous prediction age and
basal area can influence projections (fig. 1). Based on these
results, as utilized in figure 2, it appears best to always use
the oldest calibration age and basal area (the last observed
age and basal area) as the previous age and basal area (in this
particular case the observed basal areas at age 11). This is in

opposition to using predicted basal areas to predict future
basal areas.

Results here are promising but calibration among species
may not be a complete panacea and without issues. It
appears different trajectory shapes among species, and to
some extent stands in general, reduces predictive ability.
Further study needs to be conducted using ages of 15 and

20 in calibration and study needs to be conducted of other
longleaf plantations. These longleaf pine plots were relatively
productive for this species.

LITERATURE CITED

Amateis, R.L.; Burkhart, H.E.; Zedaker, S.M. 1988. Experimental design
and early analysis for a set of loblolly pine spacing trials. Gen. Tech. Rep.
NC-120. U.S. Department of Agriculture Forest Service: 1058-1065.

Arabatzis, A.A ; Burkhart, H.E. 1992. An evaluation of sampling methods
and model forms for estimating height-diameter relationships in loblolly
pine plantations. Forest Science. 38: 192-198.

Baskerville, G.L. 1972. Use of logarithmic regression in the estimation of
plant biomass. Canadian Journal of Forest Research. 2: 49-53.

Cram, M.M.; Outcalt, KW.; Zarnoch, S.J. 2010. Growth of longleaf and
loblolly pine planted on South Carolina sandhill sites. Southern Journal
of Applied Forestry. 34(2): 79-83.

Haywood, J.D. 2015. Influence of herbicides and improvement cutting,
fertilization, and prescribed fire on planted longleaf pine development.
Forest Science. 61(2): 363-369.

Haywood, J.D.; Sword Sayer, M.A.; Sung, S.S. 2015. Comparison of planted
loblolly, longleaf, and slash pine development through 10 growing
seasons in central Louisiana—an argument for longleaf pine. In: Holley,
A.G.; Connor, K.F; Haywood, ].D., eds. Proceedings of the 17th biennial
southern silvicultural research conference. e-Gen. Tech. Rep. SRS-203,
Asheville, NC: U.S. Department of Agriculture Forest Service, Southern
Research Station: 383-390.

Lenhart, ].D.; Hunt, Jr., EV,; Blackard, J.A. 1985. Establishment of
permanent growth and yield plots in loblolly and slash pine plantations
in east Texas. In: Shoulders, E., ed. Proceedings of the third biennial
southern silviculture Research Conference. Gen. Tech. Rep. SO-54. New
Orleans: U.S. Department of Agriculture Forest Service: 436-437.

VanderSchaaf, C.L.; Burkhart, H.E. 2012. Development of planting density—
specific density management diagrams for loblolly pine. Southern
Journal of Applied Forestry. 36(3): 126-129.

VanderSchaaf, C.L.; Huang, S.; McConnell, T.E.; Yang, Y. 2020. Can a
mixed-effects basal area equation fit using one species produce accurate
estimates following calibration using data of another species? In: Bragg,
D.C.; Koerth, N.E.; Holley, G.A., eds. Proceedings of the 20th biennial
southern silvicultural research conference. e-Gen. Tech. Rep. SRS-253.
Asheville, NC: U.S. Department of Agriculture Forest Service, Southern
Research Station: 31-41.

122 LONGLEAF PINE MANAGEMENT



	Keynote
	A Status Report on Silviculture in the South—Amazing Successes, and Challenges That Remain
	James M. Guldin


	Prescribed Fire
	Radial Growth Response of Shortleaf Pine (Pinus echinata) and Post Oak (Quercus stellata) to Climatic Variability and Management in Southeastern Oklahoma
	Rodney E. Will, Arjun Adhikari, Ronald Masters, Henry Adams, Omkar Joshi, and Chris Zou

	Flammability of Litter From 50 Southeastern Tree Species Along Mesophication Gradients
	J. Morgan Varner, Jeffrey M. Kane, Jesse K. Kreye, and Timothy M. Shearman 

	Variation in Bark Allocation and Rugosity Across Seven Co-Occurring Southeastern U.S. Tree Species
	Timothy M. Shearman and J. Morgan Varner

	Temporal Effects of Hurricanes and Prescribed Fire on Fuel Loading and Pine Reproduction in the Southeastern United States
	Lauren S. Pile Knapp, Shanyue Guan, Bo Song, and G. Geoff Wang


	Bottomland and Riparian Forests
	Occurrence and Growth Dynamics of Natural Regeneration in an East Texas Bottomland Hardwood Forest
	Lydia J. Voth Rurup, Kathryn R. Kidd, Jeremy P. Stovall, Brian P. Oswald, and Steven B. Jack

	Evaluating Watershed-scale Effects of Longleaf Pine Restoration on Water Yield using a Paired Watershed and Modeling Approaches
	Devendra M. Amatya, Herbert Ssegane, Mohamed D. Hamidi, and Carl C. Trettin

	Impact of Forest Land Use Changes on Groundwater Resources in a Basin of Lower Mississippi River Alluvial Valley Over the Past 100 Years
	Ying Ouyang

	Options for Riparian Buffer Tree Planting in North Alabama
	Callie Jo Schweitzer, Daniel C. Dey, and Naijiang Wang

	The Effect of Drought on Loblolly Pine (Pinus taeda) Photosynthesis and Whether Thinning or Genetic Entry Can Improve Plantation Drought Resilience
	Norman J. Cone IV, Joshua P. Adams, Michael A. Blazier, Mary Ann S. Sayer, and Michael C. Tyree


	Loblolly Pine Management
	Three-Year Growth of Loblolly Pine Seedlings Following Herbaceous Weed Control Applications of Sulfometuron, Imazapyr, Hexazinone, and Indaziflam
	Andrew W. Ezell, Andrew B. Self, John E. Ezell, and Jason Belcher

	Use of Glufosinate to Control Natural Pines—a Possible Replacement for Glyphosate
	Andrew W. Ezell, Andrew B. Self, and John E. Ezell

	Four-Year Results of a Chopper® Gen2™ and Forestry Garlon® XRT Rate and Timing Study for Loblolly Pine Site Preparation on the Lower Coastal Plain of Georgia
	David C. Clabo and E. David Dickens

	Fertilization and Post-Drought Recovery Growth Help Compensate for 9 Years of Precipitation Reduction in a Mid-Rotation Pinus taeda Plantation in the Western Gulf Region, USA
	Noah T. Shephard, Omkar Joshi, Cassandra R. Meek, and Rodney E. Will

	Control of Natural Pines Using Site Preparation Mixes With Imazapyr, Glyphosate, Saflufenacil, BAS #1, and BAS #2
	A. Brady Self and Andrew. W. Ezell

	Russell R. Reynolds, Pioneering Forest Service Silviculture Researcher
	Don C. Bragg

	First Year Height Performance of Planted Loblolly Pine Following Site Preparation and Herbaceous Release Treatments on a Lower Coastal Plain Site
	Stephen E. Peairs


	Natural Disturbances and Climate Change
	Forest Landowner Resources for Hurricane and Soil Salinization Preparation and Recovery in the Southeastern United States
	Nancy Gibson, Steven McNulty, Michael Gavazzi, Chris Miller, and Elijah Worley

	Effects of Tornado and Salvage Harvesting Disturbances on Vegetative Community Dynamics in Upland Mixed Pine—Hardwood Stands Within the Davy Crockett National Forest, Texas
	Cassey L. Edwards, Amber N. Blair, Sally J. Shroyer, Alanna B. Crowley, Kathryn R. Kidd

	Current and Emerging Risks to Southeastern U.S. Forests
	Kelsey Bakken, Steven McNulty, Michael Gavazzi, Eva Paradiso, and Elijah Worley

	Adapting Traditional Forest Management Practices to Address Changing Environmental Stresses
	Elijah Worley, Steven McNulty, Michael Gavazzi, Kelsey Bakken, and Eva Paradiso

	Exploring Economics of Loblolly Pine Management in Drought Using Efficiency Analysis
	Noah T. Shephard, Andres Susaeta, Omkar Joshi, and Rodney E. Will

	Evaluation of Landowner Accessible Control Methods for Japanese Stiltgrass (Microstegium vimineum)
	Casey L. Beam, Courtney M. Siegert, Joshua J. Granger, and Raymond B. Iglay

	Connecting Strategic Planning with Forest Operations Using the Forest Adaptive Management Online User System (FAMOUS)
	Kelsey Bakken, Eva Paradiso, Steven McNulty, Michael Gavazzi, and Elijah Worley

	Assessing the Flood Tolerance of Willows and Cottonwoods Planted in Riparian Cropland of the Lower Mississippi Alluvial Valley
	Thu Ya Kyaw, Courtney M. Siegert, Heidi J. Renninger, and Randall J. Rousseau


	Longleaf Pine Management
	Can Longleaf Pine Plantations be Modeled by Calibrating Mixed-Effects Models of Other Species?
	Curtis L. VanderSchaaf

	Linkage Between Longleaf Pine Seedling Morphology and Grass Stage Emergence
	Mary Anne S. Sayer and Shi-Jean Susana Sung

	Seasonal Biennial Burning Has Negligible Effects on Longleaf Pine Basal Area Growth
	John L. Willis, Ajay Sharma, and John S. Kush

	Understanding Wind Risk to Forests: Towards Mechanistic Models of Wind Risk in the Southeastern Coastal Plain
	Jeffery B. Cannon, Brandon T. Rutledge, R. Kevin McIntyre, Angela M. Holland, and Steven B. Jack

	The Percentage of Trees Bearing Cones as a Predictor of Annual Longleaf Pine Cone Production
	Thomas W. Patterson

	Planted Longleaf Pine Stands in the Face of a Tropical Cyclone
	Seth W. Bigelow, Andrew W. Whelan, Jeffery B. Cannon, Gregory Starr, Christina L. Staudhammer, Gavin R. Kenney, and Steven T. Brantley


	Upland Hardwoods Management
	Natural Pruning Varying With Sweetgum Variety and Density
	Joshua P. Adams, Michael Blazier, and Curtis L. VanderSchaaf

	Thirty Years of Cooperative Oak Research and Technology Development in The Southern Region
	Stacy L. Clark, Scott E. Schlarbaum, Barbara Crane, and Tom Tibbs

	Effects of Forest Management Practice (Prescribed Burning) on Mercury Transport: a Case Study in a Paired Experimental Watershed in the Lower Coastal Plain of South Carolina
	Peijia Ku, Martin Tsui, Troy Farmer, Huan Chen, Devendra Amatya, Carl C. Trettin, and Alex Chow

	Fifth Year Development of Natural Regeneration Following Pre-Commercial Herbicide Release Treatments
	Stephen E. Peairs and Wayne K. Clatterbuck

	Is There Hope for Hybrid Poplars in the Southern United States?
	Randall J. Rousseau, Kiah M. Smith, Mark Murphy, and Taylor Bowling

	Water Use, Efficiency, and Stomatal Sensitivity in Eastern Cottonwood and Hybrid Poplar Varietals on Contrasting Sites in the Southeastern United States
	Heidi J. Renninger, Leah F. Stewart, and Randall J. Rousseau


	Shortleaf Pine Management
	Development and Competitive Status of Shortleaf Pine Seedling Sprouts After Prescribed Burning in a Mid-Atlantic Mixedwood Forest
	Matthew G. Olson

	Are Local Seed Sources Still Recommended for Planting Shortleaf Pine in Southern New Jersey and Central Pennsylvania?
	Grant Gallagher and Matthew G. Olson

	Height of Pitch and Shortleaf Pine is Increased by Intraspecific Competition 13 Years After Planting in the Southern Appalachians
	W. Henry McNab

	Restoration Planting of Pitch and Shortleaf Pines After Clearcutting a Mixed Hardwood Stand on a Ridge Site in the Southern Appalachians: Lessons Learned After 13 Years
	W. Henry McNab


	Poster Sessions
	Hedonic Analysis of Loblolly Pine Plantation First Thinning Costs
	T. Eric McConnell

	Probabilistic Estimates of Costs for Treating Southern Pine Beetle Infestations by Cut-and-Leave Suppression Measures During an Outbreak
	Curtis L. VanderSchaaf, T. Eric McConnell, Michael K. Crosby, Jason J. Holderieath, James R. Meeker, Chris A. Steiner, Brian Strom, Crawford (Wood) Johnson

	Projecting Stand Development and Economics of Longleaf Pine Planted Outside its Known Historical Range
	Curtis L. VanderSchaaf, Michael A. Blazier, Joshua P. Adams

	Breast Level Height Displacement: Do Standing Trees Sink Into the Soil
	Curtis L. VanderSchaaf, Boris Zeide, and William B. Patterson 

	Ability of Site Index to Differentiate Merchantable Yield in Southern Yellow Pine Plantations
	Curtis L. VanderSchaaf

	Developing a Simple Longleaf Pine Plantation Growth and Yield Model for the Gulf Region
	Curtis L. VanderSchaaf

	Growth Response of Mature Longleaf Pine to Drought and Thinning at The Harrison Experimental Forest in South Mississippi
	John R. Butnor, Robert J. Eaton, and C. Dana Nelson

	A Photographic Record of The First Silvicultural Research by The Southern Forest Experiment Station
	Don C. Bragg

	Effects of Planting Stock on Growth and Survival in an Artificially Regenerated Shortleaf Pine Forest in the Southern Appalachian Mountains
	Tara L. Keyser and Amelia L. MacDonald


	_Hlk78354839
	_Hlk97111059
	_Hlk54599803
	_Hlk80867534
	_Hlk74916058
	_Hlk10106897
	_Hlk71732962
	_Hlk77616331
	_Hlk78528015
	_Hlk77414874
	_Hlk58428823
	_Hlk100328355
	_Hlk77423539
	_Hlk77022041
	_Hlk77024705
	_Hlk56360094
	_Hlk77868401
	_Hlk56360902
	_Hlk78201851
	_3znysh7
	_2et92p0
	_Hlk79404195
	_ENREF_1
	OLE_LINK1
	_Hlk84310732
	_Hlk78181637
	_Hlk78443124
	_Hlk77884846
	_Hlk72400178
	_heading=h.gjdgxs
	_Hlk104364191
	_Hlk104364170
	OLE_LINK2
	OLE_LINK1
	OLE_LINK3
	_Hlk75772834
	_Hlk76559739
	_Hlk81480985
	_Hlk72397673
	_Hlk72738448
	gtr-268 21st BSSRC pg 112.pdf
	_Hlk78528015
	_Hlk77414874
	_Hlk58428823
	_Hlk100328355
	_Hlk77423539
	_Hlk77022041
	_Hlk77024705
	_Hlk56360094
	_Hlk77868401
	_Hlk56360902
	_Hlk78201851
	_3znysh7
	_2et92p0
	_Hlk79404195
	_ENREF_1

	gtr-268 21st BSSRC pg 127.pdf
	OLE_LINK1
	_Hlk84310732




