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Two key challenges emerge when initiating individual-tree growth models for bare
ground or very young plantations. Both involve the need for a list of individual trees with
known or predicted size and known expansion factor (number of trees per unit of area
represented by each tree). In the case of bare ground or young plantations with no tree
measurements, the tree list must be generated based on some assumptions about the size
distribution. Even when a measured tree list is available, simulations resulting from input
of the very young tree lists do not produce future stands with observed levels of tree size
diversity because initial tree lists do have not differentiated to a degree that allows
deterministic growth predictions to drive observed growth differences. Tree growth,
particularly in the presence of initial size differences and competition, is a deviation
amplifying process. Therefore, initial height and DBH distributions are critical for
accurately simulating tree size differentiation. The main objectives of this work are to
understand and model how differentiation emerges and evolves in relatively homogeneous
newly planted seedlings, how early silvicultural practices affect tree size distributions, how
well our current growth models can represent the process of size differentiation, and how
to identify features of simulation models to improve simulation of young stand
development under varying site conditions and silvicultural practices.

Estimating the progression of tree size differentiation during the first decade or two
of Douglas-fir plantation development is challenging due to the multiplicity of factors that
influence seedling growth and are not typically measured or knowable in forest operations.
From a modeling perspective, these factors contribute an important stochastic component
to deterministic growth estimates during the first years after planting. The increased
variability in growth that results from the addition of these stochastic components drives
size differentiation among trees. However, as trees grow and start competing with each
other, a greater portion of the growth variability among trees in the stand can be accounted
for by predictors such as its initial size, crown ratio, and relative social position. Thus, at
these older stages, the deterministic component of the models can amplify the size
differentiation to produce realistic future structure with less need for introducing
stochasticity.
The overall goal of this dissertation research was to develop and compare
methodologies to generate tree lists for young plantations and to project growth of both
generated and measured tree lists of Douglas-fir newly planted forest in a manner that
produces stand structures or size distributions that resemble observed stands of later ages
that started with similar initial conditions.
Weibull distributions were first fitted to height distributions of trees on individual
plots in a large dataset compiled from research plots designed to test growth responses to
early silvicultural treatments. Different approaches to introducing varying degrees of
variability on fitted smooth Weibull distributions were explored with the objective of
representing as closely as possible the variation of the observed tree heights around the
smoothed distributions. The hypothesis tested was that different degrees of initial size
variations can cause a significant impact on simulated stand structures 15-20 years later.
Simulations demonstrated that the CIPSANON growth model for intensively managed
Douglas-fir plantations was quite unresponsive to different initial size variation in out
planted nursery seedlings that had not been through their first growing season. However,
initiating CIPSANON with tree lists from older plantations (>5 years), the simulations
produced stand structure at plantation ages 15-20-yrs that represented the observed tree
size differentiation with sufficient accuracy. The poorest performance of the model resulted

from initiating the model with generated or measured trees lists for plantations with age <
5yrs, suggesting that additional stochastic variation was required in annual height growth
predictions during the first five years of plantation development. Three alternatives
variance-covariance structures were used to represent the residual variability around fitted
height growth equation. The parameters for these alternative variance-covariance
structures were used to incorporate stochastic variation into deterministic CIPSANON
height growth predictions during this initial five-year period after planting. The alternatives
included: 1) white noise (based on a random component with constant variance around
predicted height growth); 2) proportion noise based on a random component proportional
to initial tree height; and 3) noise proportional to height as in alternative 2 plus
autocorrelated noise with 1-yr lag (AR(1)) based on the observed covariance among
successive residuals on the same tree). The three alternative simulation approaches
produced significantly more accurate tree lists for 5-yr-old plantations than purely
deterministic simulations. The white noise approach produced unrealistically greater height
differentiation than the observed in 2-yr-old plantations, leading to overprediction of height
variability in 15-yr-old plantations. Results from the other two approaches were similar.
The inclusion of stochasticity during these first five years also reproduced observed
patterns in height rank changes over time, in DBH size structures, and in amelioration of
multimodality identified as an artifact of the DBH assignment procedure (each tree
assigned a DBH in the year that each tree exceeded breast height or 1.37 m). Other model
impacts included reductions of 6.8 to 5.1% in cumulative net volume growth at plantation
age 30 years compared to purely deterministic predictions.
Finally, the effects of different vegetation regimes on tree size distributions during
the first two decades after planting were analyzed. Vegetation regimes were grouped by
the number of spring releases received. Treatment regimes impacted DBH proportionally
more than height size distributions, and the effects of different treatment regimes on the
size distributions of both variables were not the same. Spring releases produced an upward
shift in the whole DBH distribution, but with respect to height the shorter trees were more
positively affected than taller trees. This differential effect on different portions of the
height distribution lasted for the first decade, but gradually disappeared over the second

decade, responses to SRs treatments tending to converge with the untreated control in
absolute cumulative height growth.
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1. Chapter 1: General Introduction
Douglas-fir (Pseudotsuga menziesii var. menziesii [Mirb.] Franco) is the most
important timber species in the U.S. Pacific Northwest (PNW). Effective commercial
management of the vast area covered by this productive species requires that both current
and future stand conditions as well as the growth response to different management
practices must be considered.
The development of trees within a given stand depend to a large extent on their
initial size distribution, growth distribution among these trees, early density-independent
seedling survival patterns and later density-dependent mortality. Forest growth models
have been developed as a quantitative tool to conceptualize and forecast stand dynamics
and individual tree development through a rotation, allowing accurate representations of
future stand conditions managed under different silvicultural treatments or regimes
(Weiskittel et al., 2011).
Growth models for Douglas-fir have been under development for more than 70
years, first in the form of yield tables followed by stand growth equations, and more
recently based on more sophisticated computer simulation models based on stand- or treelevel equations (Hann & Riitters, 1982; Ritchie, 1999). Most of the early forest growth
models were focused on stand and tree ages older than 20 years, probably due to long
rotations ages, primary focus on rotation age yield effects of mid-rotation silvicultural
treatments, and the large number of stands that were either naturally regenerated or planted
at high initial stand densities that necessitated numerous thinning removals. In addition,
quantity and quality of data required for modeling early stand dynamics of both naturally
regenerated and planted forests have only recently become available.
Only during the last 25-30 years, driven by the concept financial analysis of
industrial forest plantations, investment in forest land by large financial institutions
(Kuusela & Lintunen, 2019), and the effort to keep the PNW competitive in the world wood
market (Adams, 2005), commercial management of plantations has explored and
implemented intensive silvicultural practices that have resulted in shorter rotation lengths
(i.e. genetically improved trees, new nursery technology to produce target seedlings better
matched for growth and survival on specific site types, site preparation, planting at lower
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initial stand densities, competing vegetation control after planting, and fewer or no thinning
removals before final harvest, among others (Talbert & Marshall, 2005)). Large
investments in genetic improvement, nursery technology, site preparation and competing
vegetation control has motivated more accurate economic analysis of the increase in yields
produced by each of these practices. Therefore, refining the ability of forest managers to
simulate stand development under intensive silvicultural practices during the first 15-20
years after planting has become increasingly important to maximizing economic return.
Growth models can be classified as stand, size class, or individual-tree models,
depending on the resolution of forest attributes retained and projected by the models. Most
current efforts in model development aim to amplify the signal and reduce the noise, i.e.,
maximize the deterministic component and minimize the stochastic component (Burkhart
& Tomé, 2012). Model estimates rely on deterministic understanding of stand dynamics
and corresponding deterministic predictions from regression equations to estimate
expected growth rates based on initial tree, stand, and site conditions and ignoring the
random variability around the regression mean, although this residual error or random
“unexplainable” variability is quantified to assess the efficacy of the deterministic
prediction equations.
In traditional individual-tree growth models, initial tree lists represent the initial
size distribution, and these tree lists are the starting point to predict future growth. The
initial stand conditions represented in these initial tree lists therefore have a significant
impact on early growth distribution and thus on future stand structure. In fact, Maruyama
(1963) recognized the relevance of the initial conditions in determining future ones under
the law-like principle which applied into forest dynamics states that variation among the
individual trees within a stand is a key element in stand dynamics because growth in the
presence of competition is a deviation amplifying process.
An ideal tree list includes the following information for each tree: species, diameter,
total height, height to crown base, and expansion factor (number of trees per unit area
represented by the sample tree). These lists generally come from traditional ground-based
inventories, or more recently from LIDAR-assisted forest inventories (Mauro et al., 2019).
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Current inventories that yield tree lists together with growth model projections of
these tree lists are essential to: 1) facilitate the analysis of tree and stand responses to
different silvicultural options, including the response of final stand yield; 2) develop
harvest schedules with long-term sustained yields which, ultimately, allows the estimation
of reasonable economic value of total forest ownerships. This last use is fundamental for
acquisition appraisals, sustainable certification schemes (e.g. FSC, SFI), and various other
planning activities.
Forest managers commonly must make quick and important decisions, particularly
when considering forestland acquisitions, without benefit of tree lists for bare ground
(recent clear-cut harvests) or for young stands with no formal measurements. In this regard,
many algorithms for tree list imputation such as most similar nearest neighbor (Moeur &
Stage, 1995) have been used successfully in various other types of forest landscape
analyses, and others have been developed by expanding on similar concepts (Gehringer &
Turnblom, 2014). However, generation of tree lists representing planted seedlings from
years 0-15 and simulating their growth under intensive forest management are challenging
due to the relative uniformity of newly planted seedlings and the variable growth of
individual trees over the first decades of plantation development.
In some cases, complete tree lists are available, for example, when inventory
protocols call for measuring every height on trees sampled from plots in young plantations,
or all diameters at breast height (DBH) on trees from plots sampled in slightly older
plantations that have reached or exceeded breast height (1.37 m). However, subsampling
of DBH in young plantations when total height (HT) is measured on all trees within sample
plots, or subsampling HT and height to crown base (HCB) in older plantations when DBH
is measured on all trees within sample plots, minimizes time and cost of obtaining an
inventory, but introduces some inaccuracy and potential bias during the process of
imputing DBH, HT or HCB. In extreme cases, particularly for 0-3-yr-old plantations, a
complete tree list must be generated from stand-level attributes such as estimated average
height and number of trees per hectare and/or tree nursery specifications.
Differentiation is a process driven by differential growth rates superimposed on
initial size structure (size distribution) within a stand. Accurately representing future stand
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structures should be a key objetive for modelers, since it can determine total stand
productivity through variability in individual-tree resource acquisition (Pretzsch & Biber,
2010; Schwinning & Weiner, 1998) and resource use-efficiency (Binkley et al., 2013).
For the first years after planting the following factors play an important role in
seedling growth and differentiation: (1) silvicultural operations - including site preparation,
harvest debris management, type of seedling container, seedling handling, planting quality,
planter experience, competing vegetation control, and initial stand density; (2) site type ̶
including soil attributes and implications for water holding capacity and root penetration,
temperature and precipitation regime, evapotranspiration, and slope and aspect, and plant
community type; and (3) tree attributes ̶ including genetics, health and nutrient status,
hardening time, and seedling damage among others.
Unfortunately, it is virtually impossible to model the effects of the factors
enumerated in the previous paragraph as deterministic mechanisms, in part because it is
not feasible to measure them all and in part because current understanding of their effects
and interactions are poorly understood. Instead, the effects of all these intrackable factors
contributed to the error term from the regression models. One consequence is that growth
models will always return the same outputs for a given set of measurable predictor
variables that are input to model. From the modeler point of view, the nature of the
differentiation process has a large stochastic component through early stages of stand
development, although the portion of the variation that can be predicted from initial tree,
stand, and site conditions increases as the trees mature (Miina & Heinonen, 2008; Stage,
1973). Regardless, if the stochastic component of growth is ignored when simulating future
development, particularly from early stand stages, unrealistic stand structures, as
represented by size class distribution, will ensue.
The earliest method developed to represent the observed variability around
regression equations that continues to be applied in many individual-tree growth models
was tripling (Stage, 1973). Although the details vary among models and different versions
of a given model, tripling involves splitting each single tree record into three new records
with the same initial conditions, but different expansion factors whose sum is constrained
to be equal to the original expansion factor of the tripled tree (Hann et al., 2011; Stage,
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1973). Each of these tree records is then associated with corresponding portions of a normal
distribution with mean zero and standard deviation defined by the error distribution around
growth prediction equations. The representation of the empirical error around the growth
prediction equation (tree basal area growth in the case of Prognosis, and DBH and height
in CIPSANON) ensures that the weighted average of the three associated records remains
unbiased.
These tripling approaches essentially increase size variability by adding a pseudorandom component to the deterministic prediction, where the pseudo-random component
is based on the weighted averages of different portions of the residual distribution obtained
from the fitted growth equations. One of the main disadvantages of these tripling methods
is the computational time required to carry the expanded tree lists from one growth cycle
to the next.
Other truly stochastic methods have been commonly used to introduce variability
into projected tree lists and consequent size distributions and appear theoretically sound
and capable of reproducing observed variability in individual tree growth and stand-level
tree size distributions (Miina, 1993; Miina & Heinonen, 2008; Stage & Wykoff, 1993).
These methods involve incorporating unexplained variability into the individual tree
growth models predictions by drawing random numbers from an assumed distribution of
the residuals around the fitted growth equations. These approaches can be combined with
an expanded tree list generated by tripling to allow simulation of the natural variability in
size differentiation that may not be present in the initial tree list or be simulated by
subsequent deterministic growth predictions. However, some authors have suggested that
more rigorous attention must be paid to generate and assess methodologies to incorporate
stochastic structures into forest growth models (Burkhart & Tomé, 2012; Fox et al., 2001).
The most common approach to preserve observed variation when predicting
deterministic components has been to incorporate unstructured variation by drawing
random deviations from an appropriate distribution and adding them to each deterministic
prediction (Miina, 1993; Stage & Wykoff, 1993). This approach has been implemented,
for example, to impute heights from traditional H-D curves, a method that if not assisted
by adding stochasticity will produce unrealistically narrow height variation for trees of a
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given diameter (Zhang et al., 2020). One variation on this approach is to base variability in
predictions on the observed distribution of residuals around the fitted H-D regression curve
(Mainwaring et al., 2019), in a similar manner to introducing noise around tree basal area
growth when the tree list becomes too large for tripling (Stage, 1973). The only assumption
required for introducing this stochasticity is the distributional assumption for the observed
residuals (e.g., a standardized normal distribution re-scaled to the observed MSE (Mean
Squared Error); (Mainwaring et al., 2019; Stage & Wykoff, 1993)). However, this
assumption is often assumed and not rigorously tested.
Overall, few published papers address alternative ways to generate accurate tree
lists in young plantations and compare their relative efficacy. Probably, the most
commonly known is the work by Van Deusen (1984). Little research applies rigorous
statistical methods to simulate variability around recently planted initial tree lists and to
incorporate a combination of stochastic and deterministic growth estimates to enhance the
simulated Douglas-fir stand structures to attain generated distributions resembling those
observed during the first decades after planting.
Finally, intensive management of Douglas-fir for timber production involves
clearcutting of even-aged stands followed by establishment of plantations and control of
completing vegetation. The Oregon Forest Practices Act (OFRI, 2018) requires
regeneration of clear-cuts within six years after harvesting, with a specified minimum
number of trees per unit area that are deemed “free-to-grow”. Landowners achieve this
regeneration requirement by planting an adequate number of trees and ensuring their ability
to grow above competing vegetation. Planted seedlings must contend with not only
naturally regenerated conifers and hardwoods but also woody and herbaceous species that
rapidly colonize the site and compete with the seedlings for water, nutrients, and light
(Harrington et al., 1995).
To ensure growth and survival of Douglas-fir seedlings, competing vegetation is
commonly controlled by post-planting spring releases (SR) treatments often in
combination with chemical and/or mechanical pre-planting site preparation. Spring
releases have shown to significantly increase seedling survival (e.g. Rose et al., 2006) and
growth rate (e.g. Newton and Preest, 1988; Wagner et al., 2006; Rose et al., 2006). The
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effects of vegetation management on the development of tree DBH, height, and volume,
have largely focused on the short-term (3-7 years after planting), although some studies
have tracked plantation development to older ages where experimental units (plots) are
sufficiently large (≥10 years; Harrington et al., 1995; Flamenco et al., 2019).
The general appoach used to analyze most experiments imposing different types,
intensities and timing of vegetation control treatment has been conventional ANOVA and
regression models in which only the mean responses to covariates were assessed, i.e., the
effects on only the location parameter of the conditional size distribution, assuming
indepenent and identical distribution (iid) of the error terms. However, no inherent
biological mechanisms justify the assumption or simplification that treatments and other
covariates influence only the location of the response distribution, with no effects on other
aspects such as shape or scale parameters or different percentiles (Koenker & Zhijie, 2002).
In assessment of forest growth, the response of other features of the distribution are
apparent (e.g., Knowe et al., 1992; Maguire, et al., 2009) and have important implications
for stand dynamics, stand structural objectives, and economic performance with respect to
tree and log size distribution. In this regard, quantile regression (QR) offers an attractive
alternative for assessing the response of the entire size distribution to silvicultural
treatments. Quantile regression is an extension of classical regression predictor variables
(in this case, a class of silvicultural treatment) that has potentially varying effects on
different segments of the response variable distribution. Identification of these
heterogeneous effects by QR can provide additional information beyond conventional
(normal-based) mean regression techniques; specifically, QR can approximate the entire
conditional distribution of the response variable, providing additional information of
significant utility in many applications (Koenker & Zhijie, 2002).
Some of the most important questions addressed in this work involve: the
development of tree size variability over the first 20 years of the plantation from a relative
homogeneous stand of seedlings at age 0; the predictability of growth and size
differentiation from deterministic models under different initial conditions; the degree of
stochastic variation in initial tree lists and in subsequent growth simulations required to
transform distributions otherwise resulting from average growth predictions to noisier and
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more realistic observed size distributions; and the effect of different vegetation release
management regimes on different portions of the DBH and height size distributions at
different ages during the first 20 years of Douglas-fir stand development.
Chapter 2 of this dissertation focuses on assessing alternative approaches to initial
tree list generation. This objective entailed investigation of the potential for smooth
distributions to represent observed tree size distributions of planted Douglas-fir seedlings
in 0- to 20-yr-old plantations. Different methods to incorporate different degrees of
variability around these smoothed size distributions are then explored for their relative
performance in representing observed distributions. A final analysis explores if different
container types produce different seedling distributions.
Chapter 3 applies an individual-tree, spatially-implicit deterministic growth
simulator, CIPSANON, to project forward the initial Douglas-fir size distributions
generated in Chapter 2, and compares the resulting stand structures with the observed size
distributions for the same set of plots and for an independent dataset collected in the PNW
region from plots on field trials with the same initial planting density. In addition, different
variance-covariance structures are used to characterize the variability around the height
growth equation for the modelling dataset. These structures were later used to reintroduce
stochasticity around the deterministic predictions following two approaches. Stand size
structures simulated by the model were validated against observed stand structures and
compared to the performance of purely deterministic predictions for both height and DBH
distributions, individual tree size trajectories, and future volumes, among other attributes.
Chapter 4 addresses the impact of different regimes for competing vegetation
control on different portions of height and DBH size distributions, as well as how these
treatment regimes effect change over time using a linear quantile mixed model approach.

1.1

Dissertation Objectives
The overarching goal of this study was to develop methodologies to generate

realistic tree lists that represent observed size structures of intensively managed Douglas-
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fir during the first 15-20 years after planting. The specific objectives of this dissertation
research were to: (1) explore alternative methodologies to generate initial tree lists that
represents the initial total height size variation; (2) evaluate the relative performance of
deterministic growth model predictions with respect to tree size differentiation when
compared with observed differentiation, starting from different initial conditions (tree lists)
at difference plantation ages; (3) develop and compare different approaches to incorporate
stochasticity around average expected growth based on regression equations, with the
objective of enhancing model capability to represent the observed size structures, evaluated
in part by quantifying the emergence and development of within-stand tree size variability
over time; and (4) assess how different regimes of competing vegetation control
differentially affect DBH and height distributions at a given age, and how these effects
changed over the first decades after planting, so that past competing vegetation control can
be considered in the tree list generation process.
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2. Chapter 2: Douglas-fir seedling size distributions at time of plantation
establishment
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Abstract
The development of individual trees within a stand can be characterized by their
initial size distribution, growth distribution among the trees, early density-independent
mortality patterns and later density-dependent mortality. The initial size distribution can
have a significant impact on early growth distribution and future stand structure. The
objective of this analysis was to develop a methodology to quantify initial tree size
distributions of young Douglas-fir plantations under different initial conditions, including
seedling age and stock type. Double-truncated and standard Weibull distributions were
fitted to empirical distributions by parameter recovery using the method of statistical
moments. The basic seedling data to which seedling distributions were fitted were collected
from Douglas-fir plantations that had not yet been through their first growing season (0year-old) and from older plantations ranging in age from five to 20 years. Empirical tree
height distributions in 0-yr-old plantations showed substantial differences in degree and
pattern of initial variation within and between study sites, probably due to differences in
nursery specifications that were an intentional part of the study design, conscious decisions
to plant seedlings to match site conditions (target seedlings), or efforts to represent
operational practice at that time and place. Superimposed on these systematic sources of
variation was random variation in the size of trees selected for planting within a given
experimental unit. Variability around the smoothed size distributions was generated and
compared with empirical data using two methods: a) drawing different numbers of random
trees from the theoretical probability density function (pdf) and; b) imposing different
degrees of Gaussian noise around implied proportion of trees per hectare implied for the
quantiles of the fitted theoretical distributions. The goal was to generate the degree of
random noise around these distributions using both approaches to match the empirical
variability in seedlings on a given plot. The effect of specified stocking type (container,
bare-root or a combination of both) on the location and scale parameters of the initial
seedling distribution did not affect the height distribution parameters of Douglas-fir
seedlings in 0-yr-old plantations. However, seedlings that were deliberately sorted by size
class or grown in different container sizes and subsequently planted in separate
experimental units did affect the scale and range of the height distribution.
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2.1

Introduction
The development of trees within a given stand can be characterized by their initial

size distribution, growth distribution among the trees, and mortality patterns across the size
distribution (Hara, 1993). The growth of different size classes depends partly on initial tree
size distribution. For instance, if a given initial tree size distribution is very narrow, the
variation in growth is likewise narrow relative to an initial tree list with a much wider range
in initial tree size. The patterns in initial tree size and subsequent growth distribution
determines the future stand structure. Thus, the first step toward predicting a realistic stand
structure is to accurately represent initial size distribution.
In this chapter, the focus was on assessment of alternative methods to generate tree
size distributions under different conditions (i.e. plantation age and stock type) based on
information typically available in landowner records for Douglas-fir plantation in the
Pacific Northwest region of the United States (PNW). Given that total height is the most
common measurement on any trees that might be measured in young plantations before
reaching breast height (1.37 m), and the fact that a lower stem diameter is rarely measured
on operational units, total height distribution was the primary focus of this research.
The most common approach for generating a tree list to represent the number of
seedlings per unit of area in various height classes starts with fitting a probability density
functions (pdf) of one or more theoretical distributions to plot- or stand-level empirical
distributions. The selection of a suitable distribution is evaluated by several criteria,
including their relative flexibility to accommodate the different shapes observed in
empirical distributions, their accuracy or “goodness-of-fit”, and the ease by which they can
be integrated to estimate the number of trees in specific size classes (Burkhart & Tomé,
2012).
Nursery specifications such as minimum and maximum seedling tree height play
an important role in determining the initial height distribution immediately after planting
(0-yr-old plantations). Other less influential sources of variation in measured seedling
height included planting practices such as depth of planting. The tree height variability
observed in the 0-yr-old plantations for this analysis was therefore attributable to a
combination of both nursery and planting practices.
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Because landowners typically request seedlings of a given average size or within a
given size range, and nurseries otherwise sort out cull seedlings before packing, selecting
theoretical pdfs with left and right truncation points were regarded as highly desirable.
Furthermore, nursery specifications for seedlings planted on research plots forming the
basis of this analysis were probably more precise than has been typical of operational
planting units in order to minimize experimental error, represent operational needs
achieved by “target seedlings”, or reach a compromise between these two conflicting
objectives.
The need to generate tree lists typically arises in situations where field
measurements of seedling heights are not available, or where growth predictions are needed
for unplanted harvested units or units scheduled for harvest. In these cases tree list
generation can be achieved by imputation from other plots (e.g., Gehringer & Turnblom,
2014), or the parameters of a distribution (pdf) can be estimated based on as little or as
much information as might be available for the target stand or site (e.g., Biging et al., 1994;
Van Deusen, 1984). Two alternative methods are commonly used for estimating
parameters of a size distribution, i.e., parameter recovery (PRM; Hyink & Moser, 1983)
and parameter prediction (PPM; Clutter & Bennett, 1965).
Initial tree size variability around a smooth distribution (defined by a pdf) coupled
with equations for predicting growth and mortality may be an effective basis to project
future stand development. However, introducing some variability characteristic of the
empirical distribution may produce better results. Among many possible approaches to
introducing random noise around the smoothed distributions, two would seem to offer
strong potential for accurately simulating future stand structures. One would involve a set
of random draws from the smooth pdf and the other would require introduction of some
level of variability in the number of trees per unit area predicted by the pdf for various size
classes.
Among the first decisions that a forester must make in a reforestation project is the
selection of the stock type (containerized versus bareroot; container type/size if
containerized; total age, i.e., number of years spent in sowing bed or container and number
of years in transplant bed if bareroot). The impact of this selection on the growth and
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survival of seedlings has been well documented (e.g., Rose et al., 1997; Wightman et al.,
2018). However, the impact on the initial size distributions has been restricted to
comparative averages among stock types (total height, basal diameter, DBH, root volume);
therefore, further assessment of stock types effects on location and spread of the initial
seedling distributions deserves attention.
The general goal of this study was to develop a methodology to generate realistic
initial tree size distributions of planted seedlings in 0- to 20-yr-old plantations. Specific
objectives included: (1) identify the best probability distribution to represent observed
distributions of tree height; (2) assess the performance of the PRM for achieving accurate
fits of the probability distribution to the data; (3) assess alternative methods for
incorporating size variability into the smoothed distributions; and (4) quantify how
different stock types affect the parameters of the selected distributions.
2.2

Materials and Methods

2.2.1 Study sites and data
The current project utilized data from experiments designed and established with
the common objective of testing tree and stand responses to differing silvicultural
treatments. These studies were selected because they were measured generally every year
from plantation age 0 to 5 years and every 2-3 years afterwards (Table 2.1). Also, the sites
cover a large portion of the PNW region where Douglas-fir is planted in pure plantations
and intensively managed (Fig. 2.1).
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Table 2.1. Main attributes of studies constituting the data source for the seedling size
analysis. Treatments include number of release treatments from competing vegetation
(VR); harvest removals (HR); fertilization (F); initial seedling size (SS); and soil
compaction (COMP). For the ECR, DPS and CW studies, data from only a subset of the
tested vegetation release treatments were used in this work. Data Sources: VMRCVegetation Management Research Coop., LTSP- Long-Term Soil Productivity network.
Data
source

Study
Name

Sites

Blocks/trees
per plot

Treatments

Measurements

Seedling
type

Tree
records

Reference
Publication

VMRC

CPT

4

4/36

8 VR

Styro-15

~27k

LTSP

1

4/170

~68k

1

4/100

2VR, 3HR,
2COMP
2VR, 3HR

1+1

LTSP

Fall River
(FR)
Molalla

0:5, 8, 12
0:5
0:8/0-3-5, 10,
15, 20
0:5, 8, 10, 15

Plug + 1

~21k

VMRC

2m2yr

2

4-5/36

2VR, 2F,
2SS

0:6

2+0

~26k

VMRC

HERB1

2

24 plots/49

8VR

1+1

~23k

VMRC

Combined
(CW)

4

2/36-64

3SS, 2VR

0:5, 8, 12, 15,
20, 22/24
0:5, 8, 10

~11k

VMRC

Delayed
(DPS)

2

2/25-36

2VR

0:5, 8, 10

Styro-815-60/
1+1
1+1

Rosner &
Rose, 2006
Ares et al.,
2007
Harrington
&
Schoenholtz,
2010
Rose &
Ketchum,
2003
Rose et al.,
1999
Wightman et
al., 2018

VMRC

Evaluating
Common
R. (ECR)
CoSInE

1

1/36

2VR

0:4, 7, 10

1+1

~0.5k

4

2/64

2VR

0:1

1+1/
Styro-20

~1.5k

VMRC

~2k

Wightman
& GonzalezBenecke,
2019
Dinger &
Rose, 2009
Guevara et
al., 2019
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Figure 2.1. Location of the sites by study name
All the studies had different vegetation management regimes as a primary treatment
of interest. The specifics of the vegetation management regimes were simplified in this
analysis to the number of releases applied. Some studies specified a maximum allowable
cover of competing vegetation after release treatments, and many did not. However,
preliminary analysis suggested little additional predictive power was gained from using
some form of competing vegetation cover as a covariate, and operational relevance favored
the simplicity of using only the number of treatments. For most of the studies, the number
of releases represented the number of years of consecutive spring releases immediately
after planting. The only exception to the above was two of the CPT (Critical Period
Threshold) treatments in which one entailed four years of release after a one-year delay
with no treatment (OTTTT) and another entailed three years of release after a two-year
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delay with no treatment (OOTTT). The first case (OTTTT) was therefore pooled into the
same category as four years of release immediately after planting (with no delay) followed
by a fifth year with no treatment (T4), and the second case (OOTTT) was pooled into the
same category as three years of release immediately after planting followed by two years
with no treatment (T3). Secondary treatments included fertilization, debris management,
tillage or differing initial seedling size.
All 381 study plots of the study dataset were measured at plantation age 0 years,
i.e., immediately after planting and then annually after each of the first five growing
seasons. After the plantations passed their fifth growing season, measurement schedules
differed among studies. Figure 2.2 shows the number of plots measured by number of
applied spring releases and the most frequent plantation ages of re-measurement. The
figure also provides a good sense of the number of plots that each study contributed to the
analysis dataset at different plantation ages.
Plot sizes ranged from 0.0225-ha on the Boot site of the Delayed study to 0.105-ha
at Fall River. All trees on all plots were measured for height at indicated plantations ages
(Table 2.1). Tree heights ranged from an average of 0.43 m at plantation age 0 years to
18.14 m at 20 years, with initial densities of planted trees ranging from 1076 to 1680 trees
per hectare (Table 2.2). Plot site quality covered a relatively narrow and high range from
32 to 44 m (King, 1966; base age 50 years at breast height; Table 2.2).
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Figure 2.2. Number of plots in the analysis dataset by number of spring releases (SR) and
plantation age as labelled at the top of each panel (0, 5, 8, 10, 12, 15 and 20 years). Number
of spring release treatments (SRs) are indicated on the x-axes (ctrl= no SRs; T1=one SR;
T2=two SRs; T3=three SRs; T4=four SRs; T5=five SRs).
Table 2.2. Summary statistics of tree and plot level attributes at the most common
measurement ages. DC stands for basal diameter at approximately 15 cm from the ground.
Site index (SI) represents King’s (1966) site index (m at 50 years breast height age).
Variable

Statistic

Height (m)

DBH (cm)

DC (mm)

SI (m)

Age (years)
8
12

0

5

15

20

Min

0.02

0.22

0.3

Max

1.13

6.06

9.6

1.66

1.5

5.8

14.7

18.6

24

Mean

0.43

3.10

5.95

10.18

13.19

18.14

Min

0.00

0.00

0.00

0.50

0.40

4.50

Max

0.00

9.80

16.90

24.10

28.20

35.00

Mean

0.00

3.36

8.09

14.15

16.62

19.58

Min

1.0

5.0

6.0

---

---

---

Max

19.0

155.0

226.0

---

---

---

Mean

5.8

57.6

128.7

---

---

---

Min

32

32

32

37

36

37
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Density
(trees · ha-1)
Number of plots
Number of trees

Max
Mean
Min

44
39.7
1076

44
39.7
389

42
39.9
389

42
40.5
638

42
40.7
462

42
41.3
396

Max
Mean
N
n

1680
1323
381
22424

1680
1236
370
20307

1651
1065
189
11439

1108
1020
110
4252

1641
1233
111
10981

1591
1243
95
9299

2.2.2 Selection of total height distribution model
Many authors refer to the selection of the probability distribution as a critical
component of the process of modeling tree size distributions (e.g., Burkhart & Tomé,
2012). Numerous functions with two, three and four parameters have been proposed, fitted
to data, and compared for representing diameter distributions of different forest species
under different silvicultural regimes: lognormal (Bliss & Reinker, 1964), gamma (Nelson,
1964), beta (Clutter & Bennett, 1965), Weibull (Bailey & Dell, 1973), Johnson’s SB
(Hafley & Schreuder, 1977), logit-logistic (Wang & Rennolls, 2005), and Burr XII (Wang
& Rennolls, 2005).
The Weibull probability distribution is one of the most frequently used models to
describe tree size distribution in many parts of the world, including the western U.S.
(Krurnland & Wensel, 1979; Little, 1983; Opalach, 1989). Several variants have been used,
but in plantations, one of the most popular forms has three parameters and the following
pdf:
𝑓(𝑦; 𝑐, 𝑏, 𝑎) = (𝑐/𝑏)((y − a)/b) 𝑐−1 𝑒 [−(

𝑦−𝑎 𝑐
) ]
𝑏

[1]

where a, b, and c are the location, scale, and shape parameters respectively. Shape
parameters <1 produce negative exponential reverse j-shaped distributions typically found
in uneven-aged stands. Shape values between 1 and 3.6 produce positively skewed
distributions, values about 3.6 produce symmetric distributions close to the normal
distribution, and shapes larger than 3.6 produce negative skewed distributions. Generally,
even-aged stands are characterized by shape parameters > 1 (Burkhart & Tomé, 2012).
The location parameter a is used to define the minimum possible DBH or height in
a given stand, but because sometimes it is not easy to define, the two-parameter form is
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used assuming a=0. This assumption has been reported to be beneficial in some forestry
applications because it forces the shape parameter to adopt wider range of values (Maltamo
et al., 1995).
Forest inventories commonly designate a minimum DBH threshold 𝑙 to define the
smallest trees to be measured (Curtis & Marshall, 2005), generating a left truncated
Weibull distribution:
𝑦−𝑙 𝑐

𝑓𝑙 (𝑦; 𝑐, 𝑏) = (𝑐/𝑏)(y/b)

𝑐−1 −[( 𝑏 ) ]
𝑒
𝕀𝑦>𝑙

[2]

where b and c are the scale and shape parameters as defined above, and 𝑙 is the arbitrary
left truncation point provided by the user. Van Deusen (1984) used the truncated two
parameter form since it is more convenient when modelling mixed species naturally
regenerated stands where parameter a can be very difficult to define.
Young plantations develop very irregular diameter distributions and, to a lesser
degree, height distributions due to the variety of factors that affect the initial growth stages.
Thus, distributions that can accommodate a wide variety of conditions are mandatory for
this type of modeling. Hafley & Schreuder (1977) and Wang & Rennolls (2005) used the
skewness and kurtosis coefficients as a criteria to predefine candidate distribution forms,
understanding that if the data yield combined skewness and kurtosis levels outside the
range that can be characterized by a given distribution, the distribution does not have the
flexibility to fit the data well. Skewness measures symmetry; negative values mean a long
tail to the left and positive values a long tail to the right. Meanwhile, kurtosis is a relative
measure of “tailedness” many times confounded with “peakedness” by authors (Westfall,
2014), where small values are associated with heavy tails and vice versa. Thus, kurtosis is
related to the propensity of the distribution to generate outliers relative to expectations from
a normal distribution. Mathematically, the skewness coefficient, √𝛽1, is defined as:
√𝛽1 = 𝜇3 ⁄𝜇21.5
and the kurtosis coefficient, 𝛽2, as:
𝛽2 = 𝜇4 ⁄𝜇22
where 𝜇𝑘 represent the kth central moment.
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To illustrate, consider the plot-level distribution of total seedling heights in 0-yrold plantations, i.e., seedlings fresh from the nursery, planted into bare ground, and not yet
through their first growing season. Left and right truncation points must be imposed on any
smooth distribution characterized by a pdf with an inherently wider domain, preferably
consistent with nursery specifications designed to meet experimental and/or operational
needs.
Mathematically, a random variable 𝑥 is said to be truncated from below if, for some
threshold value 𝑏, the exact value of 𝑥 > 𝑏 is known for all cases, but, unknown for all
cases 𝑥 ≤ 𝑏. Likewise, truncation from above indicates that the exact value of 𝑥 < 𝑏 is
known for all cases, but, unknown for all cases 𝑥 ≥ 𝑏 (Breen, 1996).
Both the pdf and cdf (cumulative distribution function) of the double-truncated
Weibull distribution provide helpful insights into the nature of the distribution. Let x ′
denote a double-truncated two-parameter Weibull random variable, with
x′ = 𝑥 | 0 < 𝑙 ≤ 𝑥 ≤ 𝑟,
where 𝑥 ∼ Weibull (b, c), b > 0 and c > 0, and l and r are left and right truncation points,
respectively. The cdf and pdf of x ′ , 𝐹(x’) and 𝑓(x’), respectively, are defined as:
𝐹(𝑥)−𝐹(𝑙)

𝐹(x’) = 𝐹(𝑟)−𝐹(𝑙) =
𝑓(𝑥)

𝑓(x’) = 𝐹(𝑟)−𝐹(𝑙) =

𝑒

𝑙
𝑥
−( )𝑐
−( )𝑐
𝑏 −𝑒 𝑏

𝑒

𝑙
𝑟
−( )𝑐
−( )𝑐
𝑏 −𝑒 𝑏

𝑥
𝑐 𝑥 𝑐−1 −( )𝑐
( )
𝑒 𝑏
𝑏 𝑏
𝑙
𝑟
−( )𝑐
−( )𝑐
𝑒 𝑏 −𝑒 𝑏

[3]

[4]

The following figures exemplify the effect of different truncation points on the pdf
and cdf of a double-truncated Weibull distribution with the same shape and scale
parameters (Fig. 2.3).
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𝑓(𝑥 ′ )

𝐹(𝑥 ′ )

Figure 2.3. Example of how different truncation points ([30,60], [30]50], and [40,60] for
rows 1,2 and 3, respectively) change the pdf (𝑓(𝑥 ′ ), first column) and cdf (𝐹(𝑥 ′ ), second
column) of a double-truncated Weibull height distribution with the same shape and scale
parameters for describing seedling height distribution.
For trees of older ages, a standard Weibull distribution with two parameters
(location assumed fixed at 0) could be used, understanding that as trees get older the
truncation points imposed by nursery sorting practices trend to disappear, generating
smooth declines on mass probability at the extremes.
2.2.3 Parameter prediction methods
Field measurements are often not available to construct a tree list that can be
projected to estimate the future stand for various purposes like harvest scheduling,
allowable cut levels, and many other aspects of forest planning. One common remedy to
this lack of a tree list it to predict parameters of a diameter distribution from stand
characteristics that can be associated with the distribution, e.g., site quality, number of trees
planted, age, and vegetation control. As mentioned above, two techniques have been long
used in forestry, i.e., parameter prediction methods (PPM) introduced by Clutter & Bennett
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(1965), and parameter recovery methods (PRM) introduced by Hyink & Moser (1983). A
combination of both methods also has been applied to produce a growth and yield model
for yellow-poplar (Knoebel et al., 1986).
2.2.3.1 PPM
The PPM uses the relationship between available stand and site attributes and the
parameters of a given distribution function. Each parameter of the distribution is regressed
on the stand covariates to obtain the locally adjusted distribution.
In order to apply PPM, a database must be assembled by measuring the size variable
of interest across stands covering the relevant range of management conditions that the
foresters expect to encounter. The stand or plot should have enough trees to allow an
accurate estimation of the specified parameters of the preferred distribution. The first step
is to fit the selected distribution to the data for a large number of sampling units, typically
individual fixed area plots. The most common method for estimating the parameters for
each of these plots or stands is maximum likelihood estimation because Maximum
Likelihood Estimates (MLEs) offer robust statistical properties for making inferences (e.g.,
asymptotic minimum variance) (Royle & Dorazio, 2008; Zhou & McTague, 1996).
However, the Method of Moments (MM) or percentile methods also offer appealing
alternatives.
The second step requires regressing each of the obtained parameters for each
sampling unit against the set of stand and site covariates that are available and expected to
influence tree size distribution. Standard variable selection methods are applied to find the
most important covariates to explain as much of the variation in a given parameter estimate
among plots as possible. Examples of covariates that are easy to obtain with sufficient
accuracy and that are often known in advance or estimable with sufficient accuracy include
number of trees per hectare, age, site index, and vegetation control for bare ground or young
stands, and for older stands basal area and quadratic mean diameter (Mehtätalo, 2014).
An important consideration when fitting a distribution to data is the fact that the
parameters to be estimated are correlated. Due to this correlation, various combinations of
parameters estimates can lead to very similar distributions. Furthermore, this correlation
carries over to the error terms between parameter prediction equations, leading to biased
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and inconsistent estimates if the cross-equation correlation is not accounted for (Kmenta,
1986). Seemingly unrelated regression (SUR) is a relatively simple system-of-equations
approach that can be applied to account cross-equation correlations (Kmenta, 1986). Most
statistical software packages have routines that facilitate parameter estimation with this and
other systems-of-equations techniques (e.g., Henningsen & Hamann, 2015).
One disadvantage of the above method is that each step of modeling produces
errors. Cao (2004) combined fitting of the theoretical distribution to the data from each plot
with estimation of parameter prediction equations into one likelihood function. This
likelihood function simultaneously summed the plot-specific likelihoods and maximized
the comprehensive likelihood function and thereby optimized the fit of predicted
parameters and associated distribution to the data. This approach eliminated the initial step
of estimating plot specific parameters, but most important, the combination of fitting and
prediction errors is minimized by simultaneous estimation. Mehtätalo (2013) compared
Cao’s approach with the traditional PPM model on DBH distribution of 59 plots of Scots
pine, reporting fewer rejection rates for the former approach using Kolmogorov-Smirnov
(K-S) test (Daniel, 1978). However, a larger root mean square error (RMSE) for stand
volume also resulted due to heavier tails to the right of the distributions produced by Cao’s
method.
Alternative approaches minimizing the sum of squared differences between
observed and expected cumulative probabilities have also proposed and evaluated, yielding
better results than the general PPM and the SUR estimation method (Poudel & Cao, 2013).

2.2.3.2 PRM
Directly modeling the parameter estimates that result from fitting distributions to a
set of data (PPM) can be difficult for biological interpretation and sometimes may lead to
unrealistic outcomes, particularly if the prediction equations are extrapolated. An
alternative method predicts aggregated stand attributes such as mean diameter, basal area
or dominant height, and then solves for parameters that constrain the distribution to
produce the predicted stand aggregated attributes (Hyink & Moser, 1983). The cited
advantage of this method relies on the fact that stands attributes, such as various moments,
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are better understood and easier to justify and interpret than the distribution of parameters
from a theoretical distribution (Burkhart & Tomé, 2012; Mehtätalo & Lappi, 2020).
Three types of recovery models are available depending on statistics used in the
recovery algorithm. These statistics can be moments, percentiles, or a mixture of the two.
Weiskittel et al. (2011) recognized PRM based on moments as the primary method to link
stand with size-class models because it ensures numerical compatibility, simplicity,
interpretability and unique solutions.
Opalach (1989) described the conceptual model of PRM as follows:
𝑉 = ℎ1 (𝑡, 𝐾, 𝑌) + 𝜀

[5]

̂ = ℎ2 (𝑉̂ , 𝑌)
𝛷
where:
V= vector of observed time-varying stand attributes that must be estimated and forms the
basis for parameter recovery
t = stand age
K = vector of time-invariant stand attributes
Y = vector of time-varying stand attributes
ℎ1 = system of k regression equations
𝜀 = k × 1 error vector
̂ = estimated parameter vector
𝛷
ℎ2 = mathematical relationship between 𝛷 and estimated stand attributes
𝑉̂ = estimate of V
If available, the logical truncation points for the expected stand height distribution
of seedlings in 0-yr-old plantations would generally be the minimum and maximum
seedling heights requested from the nursery. Statistics for central tendency (average) and
dispersion (variance) of seedling heights at each plot were needed to recover the shape and
scale of the distribution by simultaneously solving the following system of equations
numerically using the Newton-Raphson algorithm:
𝑟
̅̅̅
ℎ𝑡𝑖 = ∫𝑙 𝑖 ℎ𝑡𝑖𝑗 𝑓(ℎ𝑡𝑖𝑗 |𝜙𝑖 ) 𝑑(ℎ𝑡)

[6]

𝑟
2
2
̅̅̅̅̅
ℎ𝑡 2 𝑖 = ∫𝑙 𝑖 ℎ𝑡𝑖𝑗
𝑓(ℎ𝑡𝑖𝑗
|𝜙𝑖 ) 𝑑(ℎ𝑡)

[7]

𝑖

𝑖
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where:
̅̅̅
ℎ𝑡𝑖 = mean tree height for plot i
ℎ𝑡𝑖𝑗 = total height of tree j on plot i
𝑓(𝑥|𝜙𝑖 ) = chosen distribution with vector 𝜙𝑖 of 2 parameters for plot i
̅̅̅̅̅
ℎ𝑡 2 𝑖 = mean of total height squared for tree j on plot i
𝑟𝑖 , 𝑙𝑖 = right and left truncation points for plot i
Nursery specifications were not available for most of the field trials, so the
truncation points and the aggregated stand attributes were calculated at the plot level from
the trees measured immediately after planting (no predictions of aggregated attributes were
involved).
The collection of all the moments of a Weibull distribution uniquely define the
distribution. In this study, just the first two moments were used to recover the whole
distribution because only two unknowns (scale and shape parameters) required prediction
after assuming conformity to the truncated Weibull distribution. In order to assess how
well the PRM performed, the resulting parameter estimates were compared with the
maximum likelihood estimates (MLEs) for the same set of plots. Under regularity
conditions, the MLEs have two desirable statistical properties that provided a robust
comparison with PRMs: 1) consistency, i.e., the estimator converges on the unknown
population parameter, 𝜃, as the sample size (n) approaches infinity; and 2) asymptotic
efficiency, i.e., the following function of the estimator converges at a rate of 1/ √𝑛 on the
normal distribution:
√𝑛(𝜃̂ − 𝜃) ∼ 𝑁[0, 𝑣(𝜃)]

[8]

where, 𝑣(𝜃) is the Cramer-Rao lower bound (theorem 10.1.12 of Casella & Berger (2002)).
Finally, the Kolmogorov-Smirnov test was also used to check if the empirical data
were well represented by the distributions implied in these recovered parameters. The
statistic 𝐷𝑛 is computed as follows (Eq. [9]), and under the null hypothesis that the
empirical cdf (𝐹̂ (𝑥)) equals the theoretical distribution (𝐹(𝑥)), where √𝑛 𝐷𝑛 is distributed
according to the Kolmogorov distribution.
𝐷𝑛 = 𝑠𝑢𝑝𝑥 |𝐹̂ (𝑥) − 𝐹(𝑥)|

[9]
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2.2.4 Introducing random variability into fitted Weibull height distributions
Once the smoothed tree height distributions were obtained as fitted pdfs, variability
around the size distributions was generated by the following two alternative approaches:
a) drawing different numbers of random trees from the theoretical pdf, and b) dividing the
smoothed distribution into [1/30]th quantiles, computing the corresponding height for each
quantile, determining the proportion of total trees per ha (tph) in each respective quantile
based on the fitted distribution, and imposing three different degrees of random noise on
the tph of each quantile based on random draws from a normal distribution with four
different standard deviations.
For the first approach the inverse transformation method (Devroye, 1986) was used
to generate independent random sample draws from the theoretical distribution. Considering
the Weibull distribution with 𝑙 and 𝑟 left and right truncation points respectively, the random
number generator based on the inverse transformation method is constructed as follows:
𝐹 −1 (𝑝) = 𝐺 −1 {𝐺(𝑙) + 𝑝 ∙ [𝐺(𝑟) − 𝐺(𝑙)]}
𝑥𝑘 = 𝐹 −1 (𝑢𝑘 )

[10]
[11]

where:
𝐹(𝑝)−1

= the quantile function of the double truncated Weibull distribution evaluated
in p

𝐺 −1

= the quantile function of the Weibull distribution

𝐺(. )

= the cumulative distribution function (cdf) of the Weibull distribution

𝑝

= any number between 0 and 1

𝑥𝑘

=

uk

= kth random draw from a uniform (0,1) distribution, with k = 1, 2, . . . , ni

ni

= number of trees in plot i

random draws from the smooth double-truncated Weibull distribution, with
k = 1, 2, . . . , ni
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In both approaches, an index was needed to measure the number and magnitude of
deviations in tph by size class typically observed in an empirical distribution relative to
expectations from a smooth theoretical distribution. This index would measure the amount
of noise required to reproduce observed degrees of departure from smooth theoretical
height distributions. The measure selected in this analysis was the Reynolds error index
(Reynolds et al., 1988). The Reynolds index computes the sum of the absolute differences
of frequencies (relative or absolute) across all tree size classes between the distributions
being compared, in this case between the simulated distribution and the observed
distribution, as follows:
𝑒𝑖 = ∑𝑘𝑗=1|𝑓𝑗 − 𝑓̂𝑗 |

[12]

where:
𝑒𝑖 = Reynolds error index for plot i
𝑓𝑗 = simulated or “theoretical” proportion of tph in height class j
𝑓̂𝑗 = observed or “empirical” proportion of tph in height class j
k = number of height classes

The magnitude of the index depends on the width of the size classes and the sample
size. For this study, the number of classes was fixed at 30 and the widths of the size classes
were kept constant for a given plot and age. Sample size was varied to explore its effect on
average and standard deviation of the Reynolds index among plots.
Reference values for the Reynolds index were first generated based on comparison
of the empirical height distributions on each plot to the unaltered Weibull distributions
fitted to the same data by the PRM. These reference values then allowed evaluation of both
the first and second approaches described above for introducing variability around the
smooth Weibull distributions. The specific purpose of comparing the Reynolds indices was
to identify the most promising approach to creating a realistic pattern of noise, defined by
either a specific number of random draws to represent a plot in the first approach, or by a
specific number of standard deviations to characterize the Gaussian distribution from
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which random noise is drawn and added to the expected tph of each height class in the
second approach.

2.2.5 Effect of stock type on main distribution characteristics
Stock type is generally but not necessarily correlated with size distribution,
particularly when the seedlings for the various studies have come from different nurseries
and/or different years. In order to assess if the stock type affected the distribution
parameters at planting time, linear mixed-effects regression models were fitted with shape,
scale and range of the distribution treated as response variables regressed on stock type,
study, and site within study. Study and site nested within study were considered as random
effects, as show in the following model:
𝑦𝑖𝑗𝑘(𝑗)𝑙 = 𝜇 + 𝛼𝑖 + 𝛽𝑗 + 𝛾𝑘(𝑗) + 𝜀𝑖𝑘(𝑗)𝑙

[13]

where:
𝑦𝑖𝑗𝑘(𝑗)𝑙 = response variable (shape, scale or range of the MLE’s estimates) for ith stock
type in jth study, kth site within jth study, and lth plot
𝜇

= overall average

𝛼𝑖

= fixed effect of ith stock type

𝛽𝑗

= random effect of jth study, where 𝛽𝑗 ∼ 𝑁(0, 𝜎𝛽2 )

𝛾𝑘(𝑗)

2
= random effect of kth site within jth study, where 𝛾𝑘(𝑗) ∼ 𝑁(0, 𝜎𝛾(𝛽)
)

𝜀𝑖𝑗𝑘(𝑗)𝑙

= random error, where 𝜀𝑖𝑗𝑘(𝑗)𝑙 ∼ 𝑁(0, 𝜎 2 )

and 𝛽𝑗 , 𝛾𝑘(𝑗) , 𝜀𝑖𝑗𝑘(𝑗)𝑙 are assumed to be independent.
The stock types in this study were placed into one of three broad categories typical
of Douglas-fir plantations: 1) bareroot, i.e., seedlings grown in sowing beds for one or more
years, or started in sowing beds and finished with one or more years in transplant beds
(e.g., 1-0, 2-0, and 1-1 designate seedlings grown only in sowing beds for one year, only
in sowing beds for two years, and one year in the sowing bed plus one year in a transplant
bed, respectively); 2) plug+1 (i.e., seedlings started in greenhouse containers and then
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finished with one year of growth in a transplant bed); and 3) containerized (i.e., seedlings
grown in containers only and then planted directly on site). For this study the most popular
container type was a styro-15. This container has 251 cm3 of root volume capacity. The
two other container types deployed on the Combined Study (CW in Table 2.1) were styro8 and styro-60, having 130 and 1000 cm3 of root volume capacity, respectively (Wightman
et al., 2018). Plug+1 seedlings have become popular because, as a hybrid stock type,
growers can achieve the rapid growth of containerized seedlings in greenhouse conditions
and then put on rapid growth and acclimate (at least partially) in transplant beds. This stock
type has been shown to offer notably larger root collar diameter and more fibrous root
systems than containerized stock type (Dumroese & Owston, 2003).
2.3 Results and Discussion
2.3.1 Initial variation of measured tree heights by study and site
Height distributions of Douglas-fir seedlings in 0-yr-old plantations were quite
heterogeneous both between and within study sites (Fig. 2.4). For some cases, the withinsite heterogeneity matches the treatment specification; for example, the experimental
design in the Combined Study (CW101, CW102, CW103 and CW201) called for a factorial
with three container seedling sizes, evident in the two clusters of empirical cumulative
distribution functions per site, one cluster representing the Styro 8 and 15, and the other
representing Styro 60 (eCDFs; Fig. 2.4). Other studies showed very homogeneous initial
conditions in seedling height; for example, both Long-Term Site Productivity studies (FR
and Molalla) were notable in their seedling height uniformity, intentionally imposed to help
minimize experimental error in these highly manipulative studies. On the other hand,
seedling height variability was quite large in some studies due to a conscious decision to
represent the level of variability that is more characteristic of nursery stock planted on
operational units (i.e., HERB1 and CoSInE).
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Figure 2.4. Empirical Cumulative Distribution Functions (eCDFs) for Douglas-fir
seedling heights at plantation age 0 years. Each panel contains the plot-level eCDFs for
one site within a study, except for the CoSInE study in which all sites were grouped into a
single panel.
2.3.2 Choice of smooth distribution
The eCDF and the bivariate distribution of kurtosis-skewness coefficients of the
experimental plots (Appendix A.1) made a compelling case for the ability of the Weibull
distribution to accommodate the observed variety of shapes (Hafley & Schreuder, 1977).
Furthermore, one of several advantages of Weibull is its ability to represent negative
skewness, which is a developmental characteristic of the young stand height distributions
(Fig. 2.5).
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Figure 2.5. Frequency histograms of plot-level skewness coefficients of the observed tree
heights at different ages (0-20 years as indicated at the head of each panel). Dashed lines
represent the skewness of symmetric distributions as a reference point (0 value of skewness
coefficient).
During the process of parameter recovery for fitting the Weibull distribution to the
data, the following two types of problems were confronted: a) for some plots the numerical
algorithm was not able to find a feasible solution, specifically for 2.9%, 0.0%, 4.4% and
11.0% of the plots in plantations of ages 0, 5, 8, and 12 years, respectively; and b) the
recovered distribution was not able to represent the data accurately based on the K-S test,
probably because the Weibull distribution or perhaps any smooth distribution, was too
restrictive for the irregular distribution of the observed data. This latter lack of fit was found
on 5 plots out of 372 (at α=0.05), all 5 of which were measured in 0-yr-old plantations (Fig.
2.6).
If the truncation points were not considered and the two parameter Weibull
distribution was chosen to represent the distribution of seedling in 0-year-old plantations,
the number of plots where the smoothed distribution was not able to represent the data (K-
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S test at α=0.05) increased to 16. These results support the inclusion of truncation points
to represent the nursery specifications, ensuring that: a) zero probability density is
estimated under the low and above the high truncation points or height specifications; b)
the cumulative sum of densities between the limits equals exactly 1. The use of truncation
points in forestry research has been increasing since its introduction to represent DBH
distributions at the plot level (Nepal & Somers, 1992), generally demonstrating as good or
better results as unconstrained distributions (Schmidt et al., 2020).
It is important to highlight the calibration problem of using the K-S tests when the
parameters of the distribution assumed in the null hypothesis are estimated samples
(Conover, 1998). In these situations, the p-values of the test tend to conform to exponential
rather than uniform histograms and yield rejection rates of the null hypothesis that are
lower than the nominal rejection rate; therefore, it is harder to reject the null hypothesis
when this hypothesis itself was based on the sample. The frequency histograms of p-values
from the K-S test still indicate the relative degree of statistical evidence against the null
hypothesis, but the p-values are somewhat inflated and need to be interpreted with caution
in these situations.

Figure 2.6. Frequency histograms of plot-level p-values from Kolmogorov-Smirnov tests
of the null hypothesis that the eCDF was not significantly different from the Weibull CDF
fitted to the data by parameter recovery. The four panels contain the distribution of pvalues for all plots measured in plantations of age 0, 5, 8 and 12 years, respectively.
Recovered parameters showed close agreement with MLEs for a given plot (Fig.
2.7). Generally, the scale parameter, which is associated with the spread of the Weibull
distribution, was in better agreement between estimation methods than the shape

37
parameter. Two exceptions were observed in which the scale parameter of the doubletruncated Weibull distribution estimated by the PRM at plantation age 0 years were
significantly larger than the MLEs. However, both cases had large p-values (0.61 and 0.98)
from the K-S tests, indicating that the recovered distributions still represented the data to a
statistically acceptable degree. A possible explanation for probability distributions that
were so similar (left panels of Fig. 2.8) while having quite different scale parameters, may
be that the relatively high proportion of taller heights had a strong influence on the first
two moments of the distributions and hence on parameter estimates from the PRM relative
to MLEs (note the slightly higher predicted frequencies of taller trees implied by the PRM
distribution in the left panels of Fig. 2.8). This strong influence of taller trees apparently
was accommodated by a more radical shift in the scale parameter in the PRM and implied
upward shift in the peak of the underlying two-parameter Weibull distribution (right panels
in Fig. 2.8). Figure 2.8 also demonstrated the relevance and efficacy of using truncated
functions to represent the height distributions for 0-yr-old plantations.
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Shape

Scale

Figure 2.7. Comparison of parameter estimates using maximum likelihood (MLE) versus
moment parameter recovery (PRM) at the four different plantation ages.
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Figure 2.8. Examples of the impact of the truncation points on the distribution of
probability density (pdf) between the truncation points (dashed vertical lines on right
panels). Red and black lines on the left and right column represent the distributions fitted
by MLE and the PRM, respectively, to the empirical data (represented by the histogram in
left panels). The lines in the left panels depict the double-truncated Weibull distributions
fitted to the data between truncation points, and the lines in the right panels represent the
underlying two-parameter Weibull distributions with the truncation points from the left
panels indicated by the dashed vertical lines. Note that the area under the distributional
lines in the left panels must integrate to one, and likewise the area under the full
distributions in the right panels (i.e., if drawn over the full domain [0,∞) rather than over
the partial domain [0,125]) must also integrate to one.
The degree of variability between empirical and smooth fitted distributions
provided further evaluation of the double-truncated Weibull fitted to data from 0-yr-old
plantations and the two-parameter Weibull fitted to data from 5-yr-old plantations (Fig.
2.9). Differences between fitted and empirical distributions also made a compelling case
for the incorporation of random noise around the smooth probabilities, particularly if the
objective was to represent realistic initial height size distributions that would in turn lead
to more realistic simulations of height growth and future stand structures (Fernández et al.,
2011). Initial size variability among individuals of a biological community is a key driver
of the future differentiation. If two neighbors developed early differences in size it is
expected that over time these differences will be progressively magnified (Harper, 1977).
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Thus, size variability must be accurately represented if the objective is to predict realistic
size structures over time.

Figure 2.9. Fitted distributions based on maximum likelihood parameter estimates (red)
and PRM estimates (black) compared to observed tree height distributions for 4 plots each
from 0-yr-old plantations (first row) and 5-yr-old plantations (second row). The K-S pvalue in the upper right corner of each panel tested the null hypothesis that the Weibull
distribution the fitted by the PRM was not significantly different from the empirical
distribution.
2.3.3 Introducing random variability into fitted Weibull height distributions
In general terms, as trees became older the mean Reynolds error index tended to be
smaller when comparing the empirical height distributions to frequency distributions
implying by fitted smooth Weibull distributions (first row of panels in Fig. 2.10). This
result aligned with the decreasing number of plots that have small p-values of the K-S
goodness-of-fit test as trees got older age (Fig. 2.6). However, the variability of the index
remained constant across plantation ages. Reasonably, as the number of random samples
drawn from the theoretical distribution increased, the error index became smaller and less
variable. Considering the total number of plots in the dataset, taking between 30 and 60
random samples from each distribution seems to produce the closest average error index to
the one observed at age 0. At older ages, the number of random draws had to be increased
in order to match the decreasing average of observed error indices. This trend may indicate
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that as trees grew older, the distributions became smoother. However, by fixing the number
of size classes in 30 and having wider distribution at older ages increased the width of
height classes, factor that may also contributed to observe smaller error indices at older
ages. If size classes are too small, they can produce rough frequency histograms of
observed heights, leading to large error indices. On the other hand, if interval widths are
too big, error indices will be small, making difficult to find differences between the
distributions being compared (Reynolds et al., 1988).

Figure 2.10. Frequency histograms of plot-level Reynold’s error indices comparing height
frequencies implied by the smooth fitted Weibull distributions at plantation ages 0, 5 and
8 years (columns 1, 2 and 3, respectively) to corresponding frequencies in the empirical
distribution (row 1) and to frequencies generated by randomly sampling 10, 30, 60, 80,
and 100 trees from the smooth fitted Weibull distributions (rows 2 through 6, respectively).
The objective was to reproduce the degree of departures of the empirical distribution from
the smooth fitted distribution by randomly drawing n sample trees from the smooth fitted
Weibull distribution. In each panel the average and standard deviation of the error index
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for the set of plots at each plantation age and under each sample size are given in the upper
right corner.
The variability of the error index among plots when drawing random heights from
theoretical Weibull distributions was substantially smaller than the empirical heights when
all were compared against the expectations computed directly from the smooth Weibull
distributions. In this regard, analysis of error indices at the level of individual studies
revealed that a larger number of observed seedlings on the plot and more homogeneous
height distributions necessitated a larger number of random draws from the fitted smooth
distributions to match the observed empirical variability around the latter theoretical
distribution. Conversely, with greater heterogeneity among observed seedling heights,
fewer random heights needed to be drawn. To exemplify these behaviors, CPT and FR
error index distributions for the baseline comparison of the empirical data to the smooth
Weibull (row 1 in Figs. 2.10 to 2.12) were compared to the error index distributions
generated by comparison of the empirical distribution to those from different number of
sample draws from the smoothed Weibull (rows 2 to 6 in Figs. 2.11 and 2.12, respectively).
For CPT, the closest number of draws needed to match average observed error index was
30 at age 0, while for Fall River the number of draws increased to 100 for the same age.
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Figure 2.11. Frequency histograms of plot-level Reynold’s error indices in the Critical
Period Threshold (CPT) Study comparing height frequencies implied by the smooth fitted
Weibull distributions at plantation ages 0, 5 and 8 years (columns 1, 2 and 3, respectively)
to corresponding frequencies in the empirical distribution (row 1) and to frequencies
generated by randomly sampling 10, 30, 60, 80, and 100 trees from the smooth fitted
Weibull distributions (rows 2 through 6, respectively). The objective was to reproduce the
degree of departures of the empirical distribution from the smooth fitted distribution by
randomly drawing n sample trees from the smooth fitted Weibull distribution. In each panel
the average and standard deviation of the error index for the set of plots at each plantation
age and under each sample size are given in the upper right corner.
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Figure 2.12. Frequency histograms of plot-level Reynold’s error indices in the Fall River
Study comparing height frequencies implied by the smooth fitted Weibull distributions at
plantation ages 0, 5 and 8 years (columns 1, 2 and 3, respectively) to corresponding
frequencies in the empirical distribution (row 1) and to frequencies generated by randomly
sampling 10, 30, 60, 80, and 100 trees from the smooth fitted Weibull distributions (rows
2 through 6, respectively). The objective was to reproduce the degree of departures of the
empirical distribution from the smooth fitted distribution by randomly drawing n sample
trees from the smooth fitted Weibull distribution. In each panel the average and standard
deviation of the error index for the set of plots at each plantation age and under each
sample size are given in the upper right corner.
In the second approach to introducing variability into smooth fitted height
distributions, Gaussian random numbers centered at 0 with different standard deviations at
different ages were added to the tph expected in each of the 30 height classes split out of
the fitted Weibull distributions. The younger the stand, the larger was the standard
deviation of the noise needed to match the observed average error (Fig. 2.13). The closest
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average error index was obtained by drawing Gaussian random numbers with standard
deviation of 49.42, 37.06 and 13.59 for plantation ages 0, 5, and 8 years, respectively. This
approach was also applied to separate studies (see appendices), with the result indicating
that the size of the standard deviation is closely related to the number of trees measured
and the inherent homogeneity among them.

Figure 2.13. Frequency histograms of plot-level Reynold’s error indices comparing height
frequencies implied by the smooth fitted Weibull distributions at plantation ages 0, 5 and
8 years (columns 1, 2 and 3, respectively) to corresponding frequencies in the empirical
distribution (row 1), and to frequencies generated from the smooth fitted Weibull
distributions divided into 30 height classes of equal width and adding random noise, δ, to
expected tph, assuming δ~N(0,σ2) with σ=13.59, 24.71, 37.06, and 49.42 (rows 2 through
6, respectively). The objective was to reproduce the degree of departures of the empirical
distribution from the smooth fitted distribution by introducing random noise into the tph
implied by the smooth fitted Weibull distributions divided into 30 height classes of equal
width. In each panel the average and standard deviation of the error index for the set of
plots at each plantation age and under each sample size are given in the upper right corner.
2.3.4 Stock type effect on the distribution parameters of newly planted seedlings
The Tukey multiple comparison tests showed that after accounting for the effects
of the study and site within study, most of the stock types represented in this dataset did
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not produce significant effects on either the shape or scale parameters of the height
distribution or on the range of the height distribution for 0-yr-old plantations. However, as
would be expected sorting seedlings by size before planting (large versus medium versus
small) resulted in significantly different seedling heights before the first growing season
commenced, and likewise contrasting container sizes used to produce seedlings resulted in
significantly different initial seedling heights immediately after planting but at the start of
the first growing season (Table 2.3). If seedlings were not sorted by size and were not
grown in contrasting container sizes, initial height distributions among different stock types
did not differ significantly.
Using the whole set of replications for two sites of the Combined Study, Wightman
et al. (2018) found that the average total height of the seedlings was statistically different
among the three nursery container types (the larger the container the taller the average
seedling). In the current analysis of size distributions, statistical differences were found in
the scale parameter and in the size range when comparing styro-15 and styro-60 seedlings,
and styro-8 and styro-60 seedling, but not between styro-8 and styro-15 seedling. However,
not all the plots of the study were available for this analysis, so any confounding between
stock type and competing vegetation control treatments on distributional properties of
planted seedlings could not be assessed.

Table 2.3. Tukey pairwise comparisons of stock type indicating statistically significant
differences (p<0.05) on the size range or Weibull shape or scale parameters for seedlings
in 0-yr-old plantations.
Parameter

Contrast

Estimate

SE

p-value

Shape

1+1-L vs Styro 60

3.458

0.932

0.026

Scale

1+1-L vs 1+1-S

29.527

3.485

0.0001

Scale

1+1-M vs 1+1-S

27.417

4.268

0.0001

Scale

2+0-L vs 2+0-S

10.970

0.962

0.0001

Scale

Styro 15 vs Styro 60

-31.510

2.697

0.0001

Scale

Styro 60 vs Styro 8

36.124

2.464

0.0001

Range

1+1-M vs 1+1-S

17.000

5.205

0.039

Range

2+0-L vs 2+0-S

5.749

1.173

0.0001

Range

Styro 15 vs Styro 60

-25.917

3.309

0.0001
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Range

Styro 60 vs Styro 8

28.250

3.005

0.0001

The adjusted Intra-class Correlation Coefficient (ICC) (Nakagawa et al., 2017)
revealed that the portion of the random variability explained by studies and sites within
studies was large for the scale parameter and size range (Table 2.4), indicating that the
specifications for growing and sorting seedlings, further selection of lifted and/or delivered
seedlings, and perhaps differences in seedling specifications among sites may all have
contributed to both study and site effects. In addition, study and site effects can also include
weather effects on nursery conditions for seedling growth in the years during the
production of seedlings for a given site or study. Differential handling and planting would
be expected to affect growth and survival rather than initial height, but a small amount of
the study and site effects may be related to systematic differences in factors such as depth
of planting. In contrast to strong combined study and site within study effects, the
variability explained by study alone (ICC study) was generally low (between 32 and 9%
depending on the parameter of the distribution).

Table 2.4. Portion of the random variability in the size range and Weibull scale and shape
parameters explained by study and site within study (adjusted Intra-class Correlation
Coefficient - ICC), and by study alone (ICC Study) for plots in 0-yr-old Douglas-fir
plantations included in the analysis dataset.
Response
ICC adjusted
ICC Study
Shape
0.3877
0.2743
Scale
0.8366
0.3260
Range
0.7496
0.0905
2.4 Conclusions
Empirical tree height distributions had substantially differing degrees and patterns
of initial variation within and between study sites, probably depending on nursery
specifications, stock types and study objectives. Very homogeneous initial tree sizes
designed to minimize experimental error and maximize statistical power to detect treatment
responses may limit the scope of inference when trying to extrapolate results to operational
plantations with a much wider range of initial height variability. This initial size variability
can have a strong effect on the degree of size differentiation through stand development,
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but even uniformity in initial size can still rapidly diminish and yield to substantial size
differentiation due to microsite variation, genetic differences, and the complex spatial
processes of growth and competition for site resources. Thus, accurately representing initial
tree size is a critical phase of modeling individual-tree and whole-stand growth, but many
sources of subsequent variability in growth is attributable to unmeasurable sources of
variation. Yet, characterizing initial tree and stand conditions with respect to size
distribution has profound implications for refining growth simulation and realistically
forecasting future stand structures.
Double-truncated Weibull distributions and standard three-parameter Weibull
distributions proved to be flexible enough to accommodate most of the observed height
variation in new plantations and young established stands, respectively. Parameter
recovery by the method of moments was a reliable method to fit the Weibull distributions,
and based on minimal and relatively easy to obtain nursery specifications, it may be
possible to describe with adequate accuracy seedling size distributions immediately after
planting.
Observed height variability around smooth fitted distributions was higher in 0-yrold plantations than at older ages (5 and 8). The two major approaches applied to
incorporate random variability around smoothed distributions were able to reproduce the
observed variability around the recovered distributions. The appropriate degree of random
noise around these distributions, whether defined by the standard deviation of normally
distributed noise in tph in each height class or by the number of random draws from
theoretical height distributions, depended strongly on the number of trees and the degree
of homogeneity of the seedlings at a given plot.
Finally, the most common stock type deployed across the studies comprising the
dataset did not impose significant differences on the parameters of the height distributions
in Douglas-fir seedlings that had not yet been through their first growing season. However,
seedling sorting or contrasting container sizes did affect the size range and Weibull scale
parameter of the height distribution, but the implications of stock type for longer-term stand
development requires further growth and maturation of various research plots designed to
test its marginal effect over the initial size differences associated with stock types.
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3. Chapter 3: Simulated and observed height differentiation of young Douglas-fir
trees under different initial conditions and different types of noise introduced
around deterministic growth predictions from CIPSANON
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Abstract
Initial seedling size distributions immediately after planting on medium to large
industrial ownerships are largely determined by seedling specifications that landowners
provide to nurseries. Like any individual-tree growth model, CIPSANON needs this initial
size distribution in the form of a tree list to predict future growth from deterministic
equations. Subsequent growth responds to many different factors and their interactive
effects, but many if not most of these factors are intractable because they relate to nursery
cultural practices, like lifting and handling, as well as planting quality, genetics, microsite
conditions and probably many other factors. From a growth modeling perspective, these
factors impose fundamentally stochastic effects on seedling growth, i.e., they contribute to
noise around predictions of growth and survival. The main objectives of this study were:
1) quantify size differentiation in seedlings over successive early growing seasons; 2)
assess the current ability of CIPSANON to simulate this differentiation; 3) propose and
evaluate alternative approaches to improve the ability of CIPSANON to simulate
individual tree trajectories over the first decades of stand development when starting with
a tree list with relatively little initial size differentiation. The dataset used in this study was
assembled from many different field trials installed and managed by the Vegetation
Management Research Cooperative (VMRC), collaborators on the Fall River installation
of the Long-Term Site Productivity (LTSP) study (including the USDA-Forest Service
Northwest Research Station, Weyerhaeuser Company, the University of Washington), and
collaborators on the Molalla replication of an LTSP affiliated study on logging debris
disposal and competing vegetation control (USDA-Forest Service Northwest Research
Station and Oregon State University). These experiments were selected for the current
analysis because relatively frequent successive remeasurements were available,
particularly during the first 10 years after planting.
The impact of initial seedling homogeneity (height distribution) and plantation age
at the start of simulations (initial age) was assessed on subsequent tree height
differentiation predicted deterministically by CIPSANON. Results indicated that for the
six growth projection scenarios evaluated starting at plantation age 0 years, CIPSANON
significantly underestimated tree height variability at older ages. However, when starting
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with tree lists from 5-yr-old plantations, CIPSANON was able to simulate tree height
variability relatively well. These results suggested that, if some degree of stochasticity is
introduced into height growth predictions during the first five years after planting,
CIPSANON simulates the observed variability in tree heights in 5-yr-old plantations, and
can therefore simulate further size differentiation as the plantation matures. Three
alternative variance-covariance structures were explored to generate and incorporate noise
into deterministic CIPSANON height growth predictions during the first five years after
planting. These alternatives included: 1) white noise (based on a random component with
constant variance around predicted height growth; 2) proportional noise based on a random
component that was proportional to initial tree height; and 3) autocorrelated noise with 1yr lag (AR01 based on the observed covariance among successive residuals on the same
tree) plus proportional noise identical to alternative 2. The three alternative simulation
approaches produced significantly more accurate tree lists for 5-yr-old plantations than
purely deterministic simulations. The white noise approach produced unrealistically
greater height differentiation than observed in 2-yr-old plantations, leading to
overprediction of height variability in 15-yr-old plantations. Results from the other two
approaches were very similar. Overall, the broader height distributions obtained in 5-yrold plantations by introducing stochasticity white noise with constant variance, white noise
with increasing variance, and autocorrelated noise (AR01) with increasing variance
resulted in respective reductions of 6.8, 5.1 and 5.7% in cumulative net volume growth to
plantation age 30 years compared to purely deterministic predictions.
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3.1 Introduction
Most individual-tree growth models rely on deterministic predictions from
regression equations. These regression equations assign growth rates to trees assuming
each will grow at a rate equal to the expectation or mean for their corresponding set of
initial conditions, generally ignoring the observed random variability around the mean
regression curve. Because initial tree size strongly influences predicted growth, this
deterministic approach becomes problematic if the initial tree list represents direct
measurements of stands that have not yet expressed much size differentiation. One remedy
for generating a realistic level of size variability through growth simulations has been an
algorithm for “tripling” in which each individual tree record is split into three records with
a summed expansion factor equal to that of the original tree. Variability among the growth
rate of these three trees is then introduced in various ways as described below (Hann et
al., 2011; Stage, 1973).
Immediately after planting, initial size distributions of seedlings from the nursery
are relatively narrow due to specifications requested by landowners and to the usual nursery
management goal of producing seedlings with characteristics generally regarded as
desirable by landowners. Very young plantations are therefore particularly susceptible to
strictly deterministic simulations that predict future size distributions with unrealistically
low variability (Miina & Heinonen, 2008). However, to the extent that seedlings are
handled differently at the nursery during lifting, sorting, and packing, or are handled and
planted with differing degrees of care by tree planters, variability in growth can be expected
even among trees of identical initial size. As seedlings adapt differentially to out-planting,
they respond to specific microsite conditions and express their unique genotypes (Balandier
et al., 2006), and additional variability in growth potential is imposed by biophysical
factors like frost damage and ungulate browsing. The net result is much greater growth and
size differentiation than may be otherwise expected based on trackable and measurable
initial tree, stand, and site conditions.
Accurately representing the future stand structures resulting from this differential
growth should be a key objective for modelers, because it can determine stand productivity
through differences in resource acquisition (Pretzsch & Biber, 2010; Schwinning &
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Weiner, 1998), resource use-efficiency (Binkley et al., 2013), and respiration losses.
Likewise, for a given total stem volume per unit area, economic performance is heavily
dependent on tree size distribution and implied log sizes.
Unfortunately it is virtually impossible to model the effects of nursery and planting
operations in a deterministic manner. From a modeling point of view, the nature of the
differentiation process therefore has a large stochastic component whose causal factors are
not well understood at early stand stages; however, the portion of the variation that can be
predicted from initial tree, stand, and site conditions increases as the trees mature (Miina
& Heinonen, 2008; Stage, 1973). Regardless, if the stochastic component of growth is
ignored when simulating future development, particularly from early stand stages,
unrealistic stand structures will ensue, particularly as represented by size class distribution.
To address this problem, several simulation approaches have been developed to
introduce variability into model predictions at early stages of stand development, as alluded
to above. “Tripling” was one of the earliest methods developed to represent the observed
variability around regression equations (Stage, 1973) and continues to be applied in many
individual-tree growth models. Although the details vary among models and different
versions of a given model, tripling involves splitting each single tree record into three new
records with the same initial conditions, but different expansion factors whose sum is
constrained to equal the original expansion factor of the tripled tree. In ORGANON, the
expansion factor of each record is set to 1/3 of the original expansion factor (Hann et al.,
2011). In contrast, the Prognosis model and the variant of the Forest Vegetation Simulator
(FVS) that is its successor retains 60% of the original expansion factor in the original tree
record and 25 and 15% in two tree records with covariates that are otherwise identical to
the original tree (Stage, 1973). Each of these tree records is then associated with
corresponding portions of a normal distribution with mean zero and standard deviation
defined by the error distribution around growth prediction equations. The growth
prediction of the record retaining 15% of the expansion factor is reduced by adding the
average of all residuals up to the 15th percentile of the empirical error distribution, the
average of all residuals between the 15th and 75th percentile is added to the prediction for
the original record, and the predicted growth for the record retaining 25% of the expansion
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factor is increased by adding the average of all residuals above the 75th percentile. This
representation of the empirical error around the growth prediction equation (tree basal area
growth in the case of Prognosis) ensures that the weighted average of the three associated
records remains unbiased. This tripling is repeated at every 10-year growth cycle until the
total number of records in the tree list reaches a sufficiently large number that the addition
of any random deviation will not affect the total growth of the tree list (1350 trees in
Prognosis/FVS). Tripling in the Prognosis Model was limited to diameter growth under the
rationale that effects on diameter growth carry over to effects on height growth and
mortality (Stage, 1973).
ORGANON does not limit tripling to diameter growth; rather, this individual-tree
model triples the tree list first based upon diameter increment and then upon height
increment resulting in a nine-fold increase in the length of the tree list at the end of each
growth cycle. Performing tripling for diameter growth in the red alder plantation variant of
ORGANON requires computation of the weighted mean of the lower 1/3 and upper 1/3 of
residuals from the annual diameter increment equation. The mean weighted residual for the
middle 1/3 of residuals is calculated as the sum of the weighted means from the lower and
upper 1/3 residuals. The weighted means are then converted back to the original scale for
adding to diameter growth by multiplying by the reciprocal of the weight (square root of
predicted diameter growth). For height growth, the mean of the lower and upper 1/3 of the
residuals was simply modeled as a quadratic function of predicted height growth (Hann et
al., 2011).
These tripling approaches essentially increase size variability by adding a pseudorandom component to the deterministic prediction, where the pseudo-random component
is based on the weighted averages of different portions of the residual distribution obtained
from the fitted growth equations.
Other truly stochastic methods have been commonly used to introduce variability
into projected tree lists and consequent size distributions and appear theoretically sound
and capable of reproducing observed variability in individual tree growth and stand-level
tree size distributions (Miina, 1993; Miina & Heinonen, 2008; Stage & Wykoff, 1993).
These methods involve incorporating unexplained variability into the individual tree

59
growth models predictions by drawing random number from an assumed distribution of
the residuals around the fitted growth equations. These approaches can be combined with
an expanded tree list generated by tripling to allow simulation of the natural variability in
size differentiation that may not be present in the initial tree list or simulated by subsequent
deterministic growth predictions. However, some authors have suggested that more
rigorous attention must be paid to developing and to assessing methodologies to
incorporate stochastic structures into forest growth models (Burkhart & Tomé, 2012; Fox
et al., 2001).
Random variation can be theoretically classified into two general types:
unstructured variability, with no identification of source of variation; and structured
variability, resulting from identifying and organizing different sources of variation that
most often result from sampling. The components of the structured variability are
associated with the resolution of the process that is being modeled. For instance, if
individual tree diameter growth is being modeled, there are variance components that
change from tree to tree (spatial stochastic structure), other components that change from
period to period (temporal stochastic structure), and yet other components that change with
hierarchies in sampling, e.g., plots within blocks, blocks within sites, and sites within
region (nested stochastic structure) (Fox et al., 2001). Each of these variance components
will contribute to unexplained variation around the regression surface. The magnitude of
this variability will be dependent on the resolution of the components, i.e., the coarser the
resolution (fewer details) the greater the variability (Stage, 1973).
To characterize the spatial size structure of a stand resulting from correlations
between spatial location and relative tree growth, the effects of inter-tree competition or
even facilitation have to be distinguished from microsite influences, and how the relative
influence of both mechanisms change as the scale of influence increases. Generally, at very
early stages the microsite probably controls variability and during more mature stages the
drivers probably shift to social position. However, the microsite effect can change if the
scale of the microsite mosaic is fine relative to the area from which increasingly large trees
procure resources, so when and how abruptly this hypothesized shift in mechanisms occurs,
whether our knowledge of microsite patterns among sites could ever be sufficiently
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complete for refining growth predictions, and how to incorporate these spatially complex
mechanisms into the models are not clear. These mechanisms may provide biological
insights into stand development but are not practical to represent mechanistically in growth
models intended for operational use. They can, however, be helpful for informing the
timing and magnitude of stochastic variation imposed in growth models.
Unstructured variability cannot be explained by either deterministic components of
the model or any of the previously described structured variance components. Rather, this
unstructured variability is addressed by model simplification or generalization to ensure
wide applicability, to acknowledge inadequate understanding of specific mechanisms
driving growth, to compensate for the absence of explanatory variables of known or
presumed importance but that are difficult to measure, and to avoid the pitfalls of
incorporating an excessively complex mechanism and/or resolution of the influential
process, among others. Fox et al. (2001) stated that deterministic growth models can only
preserve the variability of the deterministic component, inevitably underestimating the
increasing width of the diameter and height distributions. This underestimation of the range
of the size distribution will result in inaccurate estimations of both total volume and,
perhaps of even great economic importance, volume by tree and log diameter classes.
Growth models contain many other deterministic prediction equations beyond
those that forecast growth. Some may benefit from re-introduction of stochastic variation,
although the propagation of random variability through other model components (e.g.,
Stage & Wykoff, 1993) is poorly understood and can probably be overdone. The most
common approach to preserve observed variation when predicting deterministic
components other than growth has been to incorporate unstructured variation by drawing
random deviations from an appropriate distribution and adding them to each deterministic
prediction (Miina, 1993; Stage & Wykoff, 1993). This approach has been implemented,
for example, to impute heights from traditional H-D curves, a method that if not assisted
by adding stochasticity will produce unrealistically narrow height variation for trees of a
given diameter (Zhang et al., 2020). One variation on this approach is to base variability in
predictions on the observed distribution of residuals around the fitted H-D regression curve
(Mainwaring et al., 2019), in a manner similar to introducing noise around tree basal area

61
growth when the tree list becomes too large for tripling (Stage, 1973). An important
assumption required for introducing this stochasticity is the distributional assumption for
residuals around the conditional mean from the regression equation (e.g., a standardized
normal distribution re-scaled to the observed MSE; Mainwaring et al., 2019). Realistic
simulation of size differentiation requires some level of conformity between the assumed
distribution and the observed distribution of residuals.
When fitting equations to data pooled from a large number of studies, an important
consideration to keep in mind is that unstructured random errors in most forestry datasets
represent many sources of structured variability, very often attributable to the hierarchical
nature of sampling. Stage & Wykoff (1993) numerated three problems associated with
imputing unstructured variability into diameter growth: serial correlation, measurement
error in the dependent variables, and overestimation of within-stand variance due to the
inclusion of between-stands variance, especially given that the latter is irrelevant to
characterizing the within-stand variation. They developed a model that accounted for the
three mentioned sources of variation, and applied it to 30- to 70-yr-old plantations
(predominantly Douglas-fir) in the northern Rocky Mountains. Relative to the Prognosis
model they concluded that the theoretical basis of the model was improved but overall the
simulations were not greatly affected by the variance reduction achieved by the more
accurate variance-covariace structure (i.e., distinguishing between within -and betweenstand variances and accounting for serial correlation).
Ecological systems can amplify variability in surprising ways. Bolker (2008)
underscored this statement by citing from Rand and Wilson (1991) how a small degree of
demographic stochasticity at the beginning of an epidemic can trigger huge variation in
epidemic dynamics. To some extent, this statement can also be true for the complex process
of tree growth. To the best of my knowledge, analyses of the impacts of different starting
points in terms of size variability of newly planted seedlings on future stand structures have
not been documented in the forestry literature but deserve rigorous examination.
The goal of this research was to enhance simulation of young tree growth in
Douglas-fir plantations to attain stand structures at older ages that are more representative
of observed stand structures developed from similar initial conditions. Many stand
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developmental features such as the change in size variability through early plantation
development and the ability of current growth models to accurately simulate tree size
differentiation to a given reference age remain to be rigorously investigated. Comparison
and validation of alternative methods for introducing observed levels of noise into growth
predictions can help reconcile hypothesized biological mechanisms, the relative efficacy
of alternative methods for imposing stochastic variation on both initial tree size
distributions and subsequent predictions of early growth, and achievement of simulated
stand structures that match observed stand structures at older reference ages.
The specific objectives of this study were to: 1) assess the current ability of
CIPSANON to simulate size differentiation starting from different initial conditions in
plantation age and corresponding size variability; 2) quantify size differentiation in
seedlings over successive growing seasons; and 3) propose and evaluate alternative
approaches for introducing stochastic variation into CIPSANON height growth
predictions to improve simulation accuracy of individual tree development and future
stand structures over the first two decades of stand development.

3.2 Materials and Methods
3.2.1 Study data set compilation
The current project utilized a set of experiments that were designed and established
with the objective of testing tree and stand responses to differing early silvicultural
treatments. The studies selected for this analysis were planted on a square 3.05-m (10-ft)
grid, except for the Fall River LTSP study and the VMRC 2m2yr study that were planted
on a 2.5-m square grid, and all studies were measured annually from plantation age 0 to 5
and every 2-3 years afterwards (Table 3.1). A wide variety of seedling types and
silvicultural treatments were represented (Table 3.1). The sites covered a large portion of
the Pacific Northwest region of the U.S. (PNW) where Douglas-fir is intensively planted
and managed (Fig. 3.1); however, the range in site quality and initial stand density was
relatively narrow (Table 3.2).
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Table 3.1. Main attributes of studies constituting the data source for the seedling size and
growth differentiation analysis. Treatments included number of release treatments from
competing vegetation (VR); harvest removals (HR); fertilization (F); and initial seedling
size (SS). For the ECR, DPS and CW studies, the number of competing vegetation
treatments implemented was larger than the total number analyzed in the size
differentiation analysis.
Data
source

Study
Name

Sites

Blocks/trees
per plot

Treatments

Measurements

Seedling
type

Tree
records

Reference
Publication

VMRC

CPT

4

4/36

8 VR

Styro-15

~27k

LTSP

1

4/170

~68k

1

4/100

2VR, 3HR,
2COMP
2VR, 3HR

1+1

LTSP

Fall River
(FR)
Molalla

0:5, 8, 12
0:5
0:8/0-3-5, 10,
15, 20
0:5, 8, 10, 15

Plug + 1

~21k

VMRC

2m2yr

2

4-5/36

2VR, 2F,
2SS

0:6

2+0

~26k

VMRC

HERB1

2

24 plots/49

8VR

1+1

~23k

VMRC

Combined
(CW)

4

2/36-64

3SS, 2VR

0:5, 8, 12, 15,
20, 22/24
0:5, 8, 10

~11k

VMRC

Delayed
(DPS)

2

2/ 25-36

2VR

0:5, 8, 10

Styro-815-60/
1+1
1+1

Rosner &
Rose, 2006
Ares et al.,
2007
Harrington
&
Schoenholtz,
2010
Rose &
Ketchum,
2003
Rose et al.,
1999
Wightman et
al., 2018

VMRC

Evaluating
Common
R. (ECR)
CoSInE

1

1/36

2VR

0:4, 7, 10

1+1

~0.5k

4

2/64

2VR

0:1

1+1/
Styro-20

~1.5k

VMRC

~2k

Wightman
& GonzalezBenecke,
2019
Dinger &
Rose, 2009
Guevara et
al., 2019
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Figure 3.1. Location of the study sites for analysis of seedling size distributions and growth
differentiation young Douglas-fir plantations.

Table 3.2. Summary statistics of tree and plot level attributes of the modeling dataset at
the most common measurement ages. DC stands for basal diameter measured at 15 cm
from the ground. Site index (SI) represents King’s site index (King, 1966).
Variable

Height (m)

DBH (cm)

DC (mm)

Statistic

Age (years)
0

5

Min

8

12

15

20

0.02

0.22

0.3

1.66

1.5

5.8

Mean

0.43

3.10

5.95

10.18

13.19

18.14

Max

1.13

6.06

9.6

14.7

18.6

24

Min

0.00

0.00

0.00

0.50

0.40

4.50

Mean

0.00

3.36

8.09

14.15

16.62

19.58

Max

0.00

9.80

16.90

24.10

28.20

35.00

Min

1.0

5.0

6.0

---

---

---

Mean

5.8

57.6

128.7

---

---

---

Max

19.0

155.0

226.0

---

---

---
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Min

32

32

32

37

36

37

Mean

40

40

40

40

41

41

Max

44

44

42

42

42

42

Min

1076

389

389

638

462

396

Mean

1323

1236

1065

1020

1233

1243

Max

1680

1680

1651

1108

1641

1591

Number of plots

N

381

370

189

110

111

95

Number of trees

N

22424

20307

11439

4252

10981

9299

SI (m)

Density
(trees · ha-1)

Data from plots planted at 2.44- and 3.05-m spacings in the Stand Management
Cooperative (SMC) Type-3 installations (initial spacing field trials) provided an
independent validation dataset. Site quality averaged somewhat lower on the SMC sites
than on the sites from which analysis data were collected but stand densities for the initial
spacings selected were similar (Table 3.3).

Table 3.3. Summary statistics of tree and plot level attributes at the most common
measurement ages of the SMC type3 dataset. See caption of 3.2 for details.
Variable

Statistic

Age (years)
5

8

12

15

20

Min

0.25

0.27

0.54

1.32

1.70

Mean

1.48

3.55

6.77

9.92

13.88

Max

2.99

6.95

11.52

15.21

20.42

Min

0.00

0.00

0.00

0.00

0.00

Mean

0.51

3.92

9.45

13.28

17.69

Max

3.05

10.20

21.59

26.42

31.75

Min
Max

37
38
39

33
37
46

33
37
46

33
37
39

33
37
46

Min

698

505

462

677

462

Mean

1272

1148

1148

1142

1094

Max

1723

1862

1853

1693

1693

Number of plots

N

8

19

19

12

19

Number of trees

N

370

891

865

528

837

No of sites

N

4

9

9

6

9

Height (m)

DBH (cm)

Mean

SI (m)

-1

Density (trees · ha )
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3.2.2 Influence of initial conditions: Re-introducing inherent random variability into fitted
Weibull height distributions
The smoothed tree height distributions were obtained by recovering the parameters
of a Weibull probability density function (pdf) based on statistical moments computed from
the sample data. Variability around the distributions was generated using the following two
approaches: a) a random draw of n trees from the pdf; and b) division of the smoothed
height distribution into 30 intervals that each accumulate 1/30th of the probability density.
In the first approach, the n random trees were each assigned the observed trees per hectare
(tph) for each plot divided by n. In the second approach, the height of each of 30 trees were
assuming equal to the midpoint of the height class interval and 1/30th of the observed tph
for each plot was assigned to each of the resulting 30 tree records. The second approach
also involved incorporation of different degrees of random noise into the assigned tph
based on a normal distribution with mean of zero and standard deviation of three
contrasting magnitudes (13.59, 37.06 and 49.42 tph). A thorough description of these
procedures was presented in Chapter 2.
For this work, the number of trees, n, to be drawn from the smooth pdf was fixed
at 30 to generate initial tree lists at plantation ages ≤5 years, and 100 trees at plantation
ages ≥8 years, with the intention of reproducing as closely as possible the degree of
departure from the fitted smooth distribution exhibited by the size distribution in measured
plots. This degree of departure was assessed by the average Reynolds et al. (1988) error
index for the entire dataset (see Chapter 2 of this dissertation).
Six different initial conditions in the size distribution representing a single
plantation were tested (empirical tree lists, fitted smooth distributions, random draws from
fitted smooth distributions, and the fitted smooth distributions with three levels of
superimposed random noise around the tph assigned to each of the 30 height intervals).
Each of these representations of a given plantation was subsequently simulated with the
Pacific Northwest variant of CIPSANON (v.4.1.0) (Mainwaring et al., 2020) within CIPSR
(v.4.1.0) R package (Joo et al., 2020) to predict future stand growth to a reference age of
20 years. Five different plantation starting ages included 0, 5, 8, 12, and 15 years. See
section 3.2.4 for further details on simulation specifications.
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3.2.3 Influence of noise in height growth predictions: Re-introducing stochastic variation
and serial correlation into the height growth predictions of individual trees
Generating initial tree lists with realistic levels of initial size distributions was
intended to allow initial size differences to be amplified through deterministic growth
model simulations. In addition, introduction of stochastic variation around deterministic
growth predictions was also explored on two of the initial scenarios considered: the
empirical initial tree list and the fitted smooth distributions.
The strategy to achieve this latter stochastic noise around deterministic height
growth predictions required a draw of Gaussian random numbers under the following three
assumptions about the variance-covariance structure in the residuals from the CIPSANON
height growth model: 1) universally constant variances among all sites, blocks, plots, trees
and years, i.e., a variance-covariance matrix with a constant variance on the diagonal; 2)
variances proportional to a power of initial total height, implying a variance-covariance
matrix with differing values on the diagonal; and 3) variances proportional to a power of
initial total height, but with serial correlation among successive annual growth rates on a
given tree, implying a block-diagonal variance-covariance matrix with diagonal values
similar to those in (2) but with off-diagonal values for observations within a given tree
following an AR(1) serial autocorrelation structure.
The height growth model used to find the variance-covariance parameters under all
three assumptions took the same equation form as the height growth equation in
CIPSANON v.4.1.0 (Mainwaring et al., 2016). The height growth model was fitted to each
combination of study-site-block within the data set because fitting a height growth model
specifying different variance sources (e.g., study, site) to estimate the variance-covariance
matrices was not possible due to convergence issues.
The estimate of the residual variance, σ2, under the first assumption was obtained
by fitting the height growth equation by non-linear least squares to each combination of
study-site-block of the data set and then computing the geometric mean MSE. The
variance-covariance matrix for the random noise vector under the first assumption (ε, with
elements εij representing the random noise for the jth observation on the ith tree) was a simple
diagonal matrix, such that ε ~N(0, σ2I) and dimensions of the mean vector and square
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variance-covariance matrix corresponding to the sum of repeated measurements on all
trees.
Estimation of the residual variance and the variance power coefficients under the
second and third assumptions about the variance-covariance structure required a similar
process. Under the second and third assumption, generalized non-linear models for the
same height growth equation were first fitted to each combination of study-site-block to
extract their variances and the power on initial HT that provided the optimal weighting to
homogenize variances for each study-site-block combination. The MSEs for the height
growth equations were then converted back to the corresponding unweighted MSEs, and
the geometric mean of the unweighted residual standard deviations (√MSE) and the mean
of the variance power coefficients (w), were used to estimate the corresponding variancecovariance matrix of the vector of residuals with ε ~N(0, H2wσ2I). In addition, under the
third variance-covariance structure, the average autoregressive coefficient (φ) of all the
mentioned fitted models was computed to estimate the variance-covariance structure
accounting for repeated measures on trees, with ε ~N(0, Σ⊗I), where the diagonal on each
submatrix Σ is H2wσ2 and the off-diagonal represents the AR(1) serial correlation. The
geometric mean of the residual variances in each of the three approaches was used because
the distribution of the variances was positive skewed.
After the three variance-covariance matrices were estimated, the stochastic
numbers for the first two structure were generated using the ‘rnorm’ and ‘mvrnorm’
functions from the base R software (R Core Team, 2020) and MASS R package (Venables
& Ripley, 2002) respectively. The conditional normal distribution was coded to obtain the
serially correlated noise for the third approach where noise was superimposed on growth
predictions for the next time step (see description below).
Stochastic height growth in CIPSANON was simulated using two different
definitions of initial height (cumulative height growth) up to the start of the nth growth
period. The first was simply the sum of the initial tree height (HT0) and only the cumulative
deterministic height growth predictions through all previous growth periods (random
component accumulated separately for each growth period). Initial height at the start of
any nth growth period in this first approach was defined as follows:
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𝐻𝑇𝑛,𝐷𝐸𝑇 = 𝐻𝑇0 + ∑𝑝=𝑛−1
∆𝐻𝑇𝑝,𝐷𝐸𝑇
𝑝=1

[1]

where HTn,DET was the initial tree height for the nth growth period under the deterministic
approach; HT0 was the initial measured or generated height at the start of the simulation;
and ΔHTp,DET was the deterministic height growth prediction for the pth growth period
calculated as ∆𝐻𝑇𝑝,𝐷𝐸𝑇 = 𝑓(𝐻𝑇𝑝−1,𝐷𝐸𝑇 , 𝑥1 , 𝑥2 , . . . , 𝑥𝑚 ), where 𝑥1 , 𝑥2 , . . . , 𝑥𝑚 are m
additional predictors and f is the growth equation function. In this approach, estimated
random height (cumulative random height growth) up to the start of the nth growth period
was defined as follows:
𝐻𝑇𝑛,𝑅𝐴𝑁𝐷𝑂𝑀 = 𝐻𝑇𝑛,𝐷𝐸𝑇 + ∑𝑝=𝑛−1
𝛿𝑝
𝑝=1

[2]

where HT,n,RANDOM was the estimate of cumulative height growth up to the start of the nth
growth period, containing both a deterministic and random component; HTn,DET was the
deterministic prediction of cumulative height growth up to the start of the nth growth period,
as defined in equation [1]; and δp was the random component of height growth drawn for
the pth growth period. Again, the successive estimates of random total height, HTn,RANDOM,
were not used in this approach as the initial condition for predicting height growth for the
subsequent growth period. Simulations based on this approach were intended to provide a
series of tree lists and stand structures that expressed a level of “deviation amplification”
that was intermediate between purely deterministic simulations and the second stochastic
approach below that used the analogue of HTn,RANDOM as the initial condition for the next
height growth prediction.
In this second approach, the initial condition for predicting subsequent height
growth included the initial measured or generated tree height and both the cumulative
deterministic and cumulative stochastic components of height growth up to the start of the
nth growth period. Initial height at the start of the nth growth period was therefore defined
as follows:
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𝐻𝑇𝑛,𝑆𝑇𝑂𝐶𝐻 = 𝐻𝑇0 + ∑𝑝=𝑛−1
𝑝=1 [∆𝐻𝑇𝑝,𝑆𝑇𝑂𝐶𝐻 + 𝛿𝑝 ]

[3]

where HTn,STOCH was the initial (stochastic) tree height for predicting height growth in the
nth growth period; HT0 was the initial measured or generated height at the start of the
simulation; and ΔHTp,STOCH was the height growth predicted by the deterministic height
growth model for the pth period based on 𝐻𝑇𝑝−1,𝑆𝑇𝑂𝐶𝐻 , i.e., ∆𝐻𝑇𝑝,𝑆𝑇𝑂𝐶𝐻 =
𝑓(𝐻𝑇𝑝−1,𝑆𝑇𝑂𝐶𝐻 , 𝑥1 , 𝑥2 , . . . , 𝑥𝑚 ). In this case the initial condition for predicting height
growth in the pth growth period was the sum of the initial height and the cumulative sums
of deterministic + stochastic components of periodic height growth.
In short, stochastic noise introduced into past height growth was incorporated into
the initial heights used for deterministic predictions of height growth in the second
approach but was not included in initial height for making predictions in the first approach.
The procedure applied in the first approach was intended to provide a basis of comparison
and a way to reign in the “deviation amplifying process” introduced both by conditioning
deterministic growth on initial tree size and by introducing even wider variation in initial
tree height, particular at the short and tall extremes, by adding the stochastic component.
If the amplification of greater deviations created distributions that were too wide, that
caused mortality of trees that would never be that extreme in the small end, or promoted
emergence of trees that were too tall and dominant at the large end, then the relative
performance of the first and second approach would provide insight into this potential
problem. The second approach was expected to simulate greater differentiation among
trees because initial height is a very influential initial condition for predicting height
growth. The narrower size distribution expected from the first approach would tend to
suppress the effect of extremes in initial height. The second approach was regarded as a
more biologically reasonable portrayal of the observed process of tree size differentiation,
whereas the first approach was contrived as a basis for comparison that retained a random
component on height growth while suppressing the “deviation-amplifying” effects (Stage,
1973).
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In order to compute the serially correlated noise added into the deterministic height
growth model estimates for n growth periods, it was assumed that the joint distribution of
the n model errors (𝜹) through time on a given tree was multivariate normal (MVN):
𝜹𝒏 ~ 𝑀𝑉𝑁(𝝁𝒏 , 𝚺𝐧 )

[4]

where 𝜹𝒏 = (𝛿1 , 𝛿2 , … , 𝛿𝑛 )𝑡 is a n×1 vector of model errors, 𝝁𝒏 = 𝟎𝒏 is a n dimensional
vector of zeros with the expectations of 𝜹𝒏 , and 𝚺𝐧 is the n×n variance-covariance matrix
of 𝜹𝒏 . Note that 𝜹𝒏 , in bold is a vector of errors from periods 1 to n, and 𝛿𝑛 , without
boldface, is the scalar error for p=n. Based on the properties of the joint multivariate normal
distribution (theorem 4.4d of Rencher & Schaalje, 2008) and conditional on the errors for
period p=1 to period p=n-1; the error for the nth -growth period is distributed as:
′

𝛿𝑛 |𝜹𝑛−1 ~𝑁(𝜇𝑛 ′, σ2𝑛 )

[5]

where
−𝟏
(𝜹𝑛−1 − 𝟎𝑛−1 )
𝜇𝑛 ′ = 0 + 𝚺𝒏,𝒏−𝟏 𝚺𝒏−𝟏

[6]

and
′

−𝟏
σ2𝑛 = σ2𝑛 − 𝚺𝒏,𝒏−𝟏 𝚺𝒏−𝟏
𝚺𝒏−𝟏,𝒏

[7]

The matrices 𝚺𝒏−𝟏 is the variance covariance matrix of 𝜹𝒏−𝟏 , i.e., the errors for the n-1 first
periods, σ2𝑛 is the variance of 𝛿𝑛 without conditioning on previous errors, and 𝚺𝒏−𝟏,𝒏 =
𝑪𝒐𝒗(𝜹𝒏−𝟏 , 𝛿𝑛 ) = (𝐶𝑜𝑣(𝛿1 , 𝛿𝑛 ), … , 𝐶𝑜𝑣(𝛿𝑛−1 , 𝛿𝑛 ))𝑡 and 𝚺𝒏,𝒏−𝟏 the transpose of 𝚺𝒏−𝟏,𝒏 ,
thus 𝚺𝐧 from Eq [4] can be rewritten as:
𝚺𝒏−𝟏
𝚺𝐧 = (
𝚺𝒏,𝒏−𝟏

𝚺𝒏−𝟏,𝒏
)
σ2𝑛

[8]
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As one example, assume that for a given tree the initial height at plantation age 0 is
30 cm, the expected growth in the first cycle is 17 cm, the power variance coefficient (w)
is 0.7, the serial correlation (ρ) among successive measurements on a given tree is 0.15, the
residual standard error is 0.5, and the random noise for the first year is drawn from a normal
distribution centered at zero and with variance of 29.2 cm2 (𝚺𝟏 = σ12 = 0.52 ∙ 30(2 ∙ 0.7) ).
Let’s assume that the random normal deviate drawn was 2 (𝛿1 = 2), then for the next period
(n=2) the expected growth will be determined based on a total height of 49 cm (30+17+2).
The unconditioned expected value of 𝛿2 will be also 0, and 𝚺𝟏,𝟐 = 𝐶𝑜𝑣(𝛿1, 𝛿2 ) in this case,
will be determined as:
𝚺𝟏,𝟐 = ρ ∙ 𝜎1 ∙ 𝜎2

[9]

= 0.15 ∙ √(0.52 ∙ 30(2 ∙ 0.7) ) ∙ (0.52 ∙ 49(2 ∙ 0.7) )

By substituting into Equations [6] and [7], the following computations illustrate
that the random noise will be drawn from a normal distribution centered at ≈0.423 cm (𝜇2 ′)
′

and with variance of ≈ 56.798 cm2 (σ22 ):
0.423 = 0 + 0.15 ∙ √(0.52 ∙ 30(2 ∙ 0.7) ) ∙ (0.52 ∙ 49(2 ∙ 0.7) ) ∙ (0.52 ∙ 30(2 ∙ 0.7) )−1 ∙ (2 − 0)
2

(2 ∙ 0.7)

56.798 = (0.5 ∙ 49

) − [0.15 ∙

√(0.52

∙

30(2 ∙ 0.7) ) ∙

(0.52

∙

2
(2
∙
0.7)
49
)]

∙ (0.52 ∙ 30(2 ∙ 0.7) )−1

3.2.4 Simulation assumptions
In order to grow initial tree lists forward, some assumptions were required
regarding level of competing vegetation, site index, DBH, and broken trees. The following
conditions were therefore assumed: a) initial competing vegetation cover at age 0 was
10% for all of the plots; b) the only silvicultural treatment received by these plots after
planting was release from competing vegetation; c) the number of releases at each plot
matched the number of releases in the treatment description of each study; d) after each
release the competing vegetation cover was 20%; and e) sufficiently accurate site indices
were obtained from either reference publications or the most recent tree measurements.
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Site indices were computed from the most recent tree measurements only for the two
HERB1 sites, but because tree measurements were available for only two growing seasons
after planting for all the CoSInE sites, a site index (King, 1966) of 40 m (131 feet at 50
years) was assumed on these sites. The impact of site index on simulations of the 2-yr-old
CoSInE plantations was probably insignificant.
In addition to the above assumptions, projecting the growth of young tree lists
required to have DBH in every tree record where height exceeded 1.37m (Mainwaring et
al., 2020). At these taller heights, DBH was estimated using the database to fit a regression
equation of the following form:

𝐷𝐵𝐻𝑖𝑗 = [𝑒 𝛽1+𝛽2∙𝑆𝐼𝑗 ][𝐻𝑇𝑖𝑗 − 1.37]

𝛽3

+ 𝜀𝑖𝑗

[10]

where DBHij was diameter at breast height (BH) for the ith tree (cm) on the jth site; HTij was
total height of the ith tree (m) on the jth site; SIj was the site index for the jth site (m at 50
years; King 1966); β1, β2, and β3, were parameters to be estimated from the data; and εij
was the random error term with εij ~N(0, H2wσ102). A power weighting function
proportional to HT was used to achieve homoskedasticity of the errors, and an
autocovariance structure of lag 1 (AR(1)) corrected for autocorrelation between successive
DBH-HT measurements on a given tree. Height growth in CIPSANON is predicted
independently of DBH growth, so any inaccuracies in DBH assignment by Equation [10]
would not have affected height growth until relatively late in the plantation establishment
phase investigated in this analysis. In this later stage of plantation development after crown
closure, crown structural variables that are heavily influenced by DBH start to have a much
stronger influence on height growth prediction (Hann, 1999; Hann & Hanus, 2002).
Finally, broken trees were excluded from the simulations and expansion factor were
rescaled based on the number of undamaged trees to maintain the observed stand density.
These assumptions were maintained both when analyzing the influence of initial
conditions on further height differentiation and when assessing the introduction of random
variation in annual height growth.
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All simulations were performed with the PNW variant of CIPSANON (ver. 4.1.0)
within the ‘CIPSR’ (ver. 4.1.0) R package (Joo et al., 2020). All simulations were run on
R ver. 3.6.3 (R Core Team, 2020). The simulations performed to assess the impact of a
given starting age included only those studies that had been measured at that age (Table
3.1). Specifically, all the studies were included for simulations starting at plantation age 0
years, all but the CoSInE Study were included for plantation age 5 years, all studies but
the CoSInE, ECR and 2m2yr were included for plantation age 8 years, only the CPT and
HERB1 studies were included for plantation age 12 years, and only the Molalla, Fall River
and HERB1 studies were included for plantation age 15 years.

3.2.5 Performance criteria for simulating observed future height distributions
The criteria utilized to compare relative performance of the simulations with respect
to observed tree heights were a Shannon diversity index adapted to indicate tree height
diversity [Eq. 11] and deciles of the height distribution.
Different indices have been used to represent stand structural diversity in forestry
(e.g. Staudhammer & LeMay, 2001). One of the most commonly used indices is the
Shannon diversity index (Magurran, 2004). When applied to stand size structure, the
Shannon index measures a combination of richness in terms of the number of size classes
(in this case, the definition of size classes, i.e., as defined by upper and lower size limits,
was kept constant among stands being compared) and the eveness of tree distribution (tph)
among these size classes, as described by the following equation:
𝐻 = − ∑𝑠𝑖=1 𝑝𝑖 ∙ log 𝑝𝑖

[11]

where 𝐻 was the Shannon index and 𝑝𝑖 was the proportion of trees in the ith size class (i =
1, 2, ..., s).
The fact that both evenness and “richness” (number of size classes of uniform
width) contribute to the index can complicate the interpretation of the statistic. The
Shannon index reaches its maximum (log s) when all the classes have equal proportions of
the population and increases as the number of classes increase. Also, a more even size
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distribution was considered a more diverse stand structure so yielded a higher relative
Shannon index.
For the second evaluation criteria, observed deciles were regressed on simulated
deciles pooled over all plots while forcing the regression line through the origin and
weighting inversely proportional to the predicted values. The slopes of the regression line
for each of the 10 deciles, each of the six initial conditions, and from the six different
starting ages provided a measure of the similarity between the observed and simulated
height distribution after simulating the development of individual tree height growth under
each different initial condition and starting age.
In addition to evaluating the alternatives for introducing variation in initial size
distributions, the relative performances of the three alternatives for introducing variability
in annual height growth were assessed. The efficacy of each was evaluated again by
comparing Shannon diversity indices, but also coefficients of variation between the
observed future data and purely deterministic simulations. Finally, growth models should
not only be able to accurately represent the stand size structure at a given future age but
also represent tree size trajectories through the time, especially regarding shifts in relative
size that are characteristic of plantation development. In this regard, the Spearman rank
correlations between observed tree heights at plantation age 0 and simulated and observed
heights at successively older plantation ages were computed to assess whether the
stochastic approaches for introducing size variability improved simulated tree size rank
correlations among successive growth cycles relative to strictly deterministic projections.
The Spearman rank correlation is a non-parametric statistic used in this case to
measure the consistency in ranks between two variables over time (or more generally
between ranks of treatment responses) (Spearman, 1904). Its most important difference
from the popular Pearson correlation coefficient is that the Pearson coefficient measures
the strength and direction of the linear correlation between the values of two (usually
continuous) variables whereas the rank correlation measures the strength of the linear
correlation between the discrete ranks determined by the values of two (usually continuous)
variables.
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3.2.6 Assessment the impact of DBH assignment during simulations
CIPSANON growth model imputes individual-tree DBH after the first year that the
estimated height of a given tree is exceeds breast height (1.37 m). The DBH growth
equation, like the height growth equation, is a recursive model on an annual time step, i.e.,
DBH at period p is a covariate to estimate growth for the next cycle (p+1), and the sum of
this growth estimate to period p+1 and the initial DBH at p is used as a covariate to estimate
the DBH growth during period p+2. At young ages, the DBH growth equation has
increasing increments as trees grow larger. Therefore, those trees of the stand that reach
BH (breast height) first, are going to present disproportionally larger DBHs than those that
attain BH in subsequent years, generating a multimodal DBH distribution for the first 1015 years of plantation development, depending on the year in which the number of DBH
assignments peaks (Fig 3.2).

Figure 3.2. Potential impact of DBH assignment on future DBH distribution for a plot
selected from Fall River. The following bar colors represent the year at which different
group of trees pass breast height: sky-blue - plantation age 3; black - plantation age 4.
Each panel represents a different projected plantation age indicated by the label at the top.
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In contrast to this simulated behavior, the DBH distribution for even-aged, singlespecies plantations is typically unimodal (e.g. Oliver & Larson, 1996; Weiskittel, et al.,
2011). Total height is a covariate on the DBH growth equation. Thus, the introduction of
stochastic noise around estimated height growth should better approximate observed DBH
distributions at young ages. The inequality mean-median-mode principle, which states that
these three statistics must fall in forward or reverse alphabetical order for a given unimodal
continuous distribution, has been widely recognized. However, under multimodal
continuous distributions, this inequality does not hold (e.g. Von Hippel, 2005; Zheng et al.,
2017). Basu & Dasgupta (1997) proved that the following extension of this inequaily can
be particularly useful to evaluate the unimodality of a given continuous distribution:
𝜇−𝑀𝑒

|

𝜎

| ≤ √3/5

[12]

where μ is the population mean, σ is the population standard deviation, and Me is the
population median. This statistic (Eq. [12]) was computed under different modelling
scenarios with the objective of assessing if the added random noise into height growth
produced DBH distributions with closer unimodality than those observed at young ages.

3.3 Results
The stand structural analyses presented below resulted from simulations out to
plantation age 20 years with CIPSANON. The first set of results are those obtained by
starting with tree lists generated at plantation age 0 years using five alternative approaches
for introducing variability into fitted smooth Weibull distributions, as well as the observed
tree lists measured at that age. The second set are those obtained by initiating simulations
under same five tree list generation approaches and the observed tree lists but starting at
plantation ages 5, 8, 12 and 15 years.
Another set of simulations are then presented that initiated plantations at age 0
based on measured tree lists and tree lists implied by smooth Weibull distributions fitted
to the observed height distributions, but that simulate height growth by re-introducing the
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stochastic variation observed around the fitted height growth equation. Results from all
three assumptions about the structure of variances and covariances among successive
height growth observations are presented for the two initial conditions at plantation age 0
years, i.e., the measured tree lists and tree lists implied by the fitted smooth Weibull
distributions. These two initial conditions were implemented under the expectation that
they represent the two extreme scenarios of empirical distributions versus unrealistically
smooth distributions fitted to the measured tree lists. Results from the other scenarios for
generating more realistic initial tree lists from fitted smooth distributions were expected to
fall between the results from these two extremes.
Finally, the implications of introducing stochasticity into height growth on
subsequent DBH assignment and the resulting stand structure in terms of DBH distribution
is presented through examination of unimodality indices at various ages and by computing
the Shannon diversity index for DBH.
3.3.1 Influence of different initial conditions on simulated versus observed future tree
height distributions
3.3.1.1 Introducing initial tree size variability at plantation age 0 years
Implementation of the five different approaches to incorporating tree size
variability around the smoothed distribution fitted to each plot resulted in a range of
alternative size distributions for comparison to the empirical distribution (see results for a
plot selected from the HERB1 study in Figure 3.3).
The empirical distribution of the observed heights (panel A in Fig. 3.3) was clearly
more variable than the smooth distribution fitted to the data and then summarized as trees
per hectare in each of the 30 2-cm seedling height classes (panel B). Drawing 30 random
numbers from the fitted smooth distribution (panel C) and imposing Gaussian random
noise with a standard deviation of 37.06 tph (panel E) produced similar size class variability
relative to the empirical distribution (panel A). As would be expected, therefore, imposing
Gaussian noise with a standard deviation of 13.59 tph (panel D) generated a tree list with
a degree of size variability that fell between the fitted smoothed distribution and the
empirical distribution for this example. Finally, imposing Gaussian noise with a standard
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deviation of 49.42 tph seemed to produce higher size variability than the empirical tree
heights.
The two general methods of incorporating variability into height distributions
differed in their general strategy for reproducing the observed degree of deviation from the
double-truncated Weibull distribution fitted to the data from each plot. The random draws
approach (panel C) mapped random numbers from a Uniform pdf (U[0,1]) onto the fitted
double-truncated Weibull pdf (Chapter 2 in this dissertation). The size class frequency
histogram (panel C) therefore resulted from assigning each of the 30 random heights to its
appropriate 2-cm height class. In contrast, the three Gaussian noise approaches first
converted the smooth fitted Weibull distributions into a relative frequency histogram that
had 30 height classes of varying width but equal cumulative probability density (i.e., size
class limits defined by 31 equally spaced quantiles from 0 to 100). Then, for each height
class a random number was then drawn from a Gaussian distribution of tph with mean 0
and standard deviation of 13.59, 37.06, or 49.42 tph (Panels D, E and F, respectively).
Finally, this random tph was added to each successive height class. The final results of this
approach were depicted by constructing frequency histograms of tph by the same 2-cm
height classes used in the other previous methods (panels D, E and F with height classes
identical to those in panels A, B and C in Fig. 3.3).
Both general approaches required generation of 30 random numbers, either as a
random draw of 30 heights from the Weibull distribution fitted to the plot data or as a
random draw of 30 deviations (one per height class) from a normal distribution to introduce
natural variability into the tph implied by the smooth Weibull distribution. In the former
case the tree list for initiating simulations was the set of 30 random heights each with an
expansion factor of 35.88 tph (assuming 1076 planted tph). In the second approach the tree
list for initiating simulations was the midpoint of each height class but with varying
expansion factors, the sum of which was adjusted to be 1076 tph.
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Figure 3.3. Example of the effect of incorporating different degrees of random variation
around a smooth distribution fitted to empirical data on plot from the HERB1 study with
1076 trees per hectare (tph) at age 0. Panel A represents the empirical distribution of the
observed heights (expanded to 1076 tph); Panel B represents the corresponding frequency
distribution of 1076 trees per hectare implied by the double-truncated Weibull distribution
fitted to the data in Panel A; Panel C represents the distribution of 30 heights randomly
drawn from the smooth fitted Weibull distribution and expanded to 1076 tph; and Panels
D, E, and F start with the smooth fitted Weibull distribution in Panel B and then add a
random number of tph to each of 30-regularly spaced quantiles based on a random draw
from a Gaussian distribution with mean zero and standard deviation of 13.59, 37.06, or
49.42 tph, respectively. All six panels represent the distribution of the 1076 tph among the
same 30 2-cm height classes (note differences in scale of tph (Y) axis).
Starting from age 0, none of the simulations from the any of the six initial
conditions, including the measured tree lists (“empirical data”) were able to reproduce
general trends in the diversity index calculated from the full set of measured trees lists over
time (Fig. 3.4). This result indicated that efforts made to reproduce realistic future tree
height distributions by introducing random noise or drawing random numbers at plantation
age 0 were not enough to simulate accurately the height distribution of a 20-yr-old
plantation. Of possible significance was the fact that, starting from the same diversity index
at plantation age 0 years, simulated and observed curves diverge considerably during the
first 4 years after planting, while for the remaining 16 years the gap remained relative
constant.
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Figure 3.4. Observed trends of the Shannon diversity index for height distribution over
time implied by CIPSANON simulations from six initial starting conditions at plantation
age 0 years. Black dots and green curves represent simulated plots and trends,
respectively; blue lines and curves represent measured plots and trends, respectively in the
modeling dataset, and red dots and curves represent observed plots and trends,
respectively, for an independent set of SMC Douglas-fir Type 3 plots planted at 2.44-m and
3.05-m spacing. The six alternative tree lists for initiating simulations were: 1) Empirical:
measured initial tree list; 2) Theoretical: smoothed truncated Weibull distributions fitted
to measured initial tree lists by parameter recovery; 3) Draws: 30 random draws from the
double-truncated Weibull distribution fitted to the data; 4) N(0,13.59): fitted doubletruncated Weibull distribution with random noise [𝜀~N(0,13.592)] added to the tph of each
of 30 height classes with limits defined by 31 regularly spaced quantiles of height of the
fitted distribution; 5) N(0,37.06): fitted double truncated Weibull distribution with random
noise [𝜀~N(0,37.062)] added to the tph of the same height classes as in alternative 4; and
6) N(0,49.42): fitted double-truncated Weibull distribution with random noise [𝜀
~N(0,49.422)] added to the tph of the same height classes as in alternative 4.
After simulation out to plantation age 12 years, plots with relatively homogeneous
height variability at plantation age 0 years (first 25th quantile of Shannon index represented
by orange dots in Fig. 3.5) were simulated to have a similarly low range of size diversity
(vertical projection of orange dots onto “Simulated Shannon” axis), and plots with
relatively diverse size structure at plantation age 0 years (75th quantile of Shannon index
represented by purple dots in Fig. 3.5) were simulated to have more heterogeneous size
structures at age 12 (vertical projection of purple dots onto “Simulated Shannon” axis in
Fig. 3.5). Likewise, when comparing the observed Shannon indices at plantation ages 0
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and 12 years, plots with the greatest height diversity at plantation age 0 (purple dots) also
were observed to express the greatest height diversity (differentiation) at plantation age 12
years (horizontal projection of purple dots onto “Observed Shannon” axis in Fig. 3.5). At
the other extreme, plots with the lowest observed height diversity (orange dots) at
plantation age 0 were observed to achieve a surprisingly wide range in height class
diversity (differentiation) at plantation age 12 years (horizontal projection of orange dots
on “Observed Shannon), ranging from the one of the lowest (~2.1) to the highest ( >2.8)
level of height diversity at plantation age 12 years. As a result, the agreement between
simulated and observed structures at plantation age 12 years was better for the upper
quartile (q4 in Fig 3.5) although the under-prediction of the height diversity was consistent
among virtually all plots and quartiles.

Figure 3.5. Simulated versus observed Shannon height diversity index at plantation age 12
years grouped by different initial size variability at plantation age 0 years: q1, q2, q3 and
q4, are first, second, third and fourth quartiles, respectively, of the Shannon Index at
plantation age 0 years. Dashed line represents the 1:1 line for observed:simulated index
at plantation age 12 years.
To illustrate the effects of initial conditions on purely deterministic CIPSANON
growth simulations (i.e., without any stochastic components added to height growth
predictions), the evolution of observed and simulated height distributions can be followed
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for two plots with very different degrees of initial size diversity at plantation age 0 years,
i.e., a low diversity plot from Fall River and a high diversity plot from HERB1 (see
distribution of measured trees in 0-yr-old plots in the first column of Fig. 3.6). Their
observed and simulated height distributions and corresponding diversity indices at
plantation ages 5 and 20 years illustrate the relative accuracy of the simulations over early
stand development (second and third columns in Fig. 3.6). The observed distributions were
wider than the simulated distributions at plantation ages 5 and 20 years. The magnitude of
the discrepancy varied according to the initial homogeneity of the distribution at plantation
age 0 and the age at which the comparison was made.

Simulated

Fall River plot

Observed
Observed

HERB1 plot

Simulated

Figure 3.6. Observed and simulated total height distributions from plantation age 0 to 20
years for two plots with relatively low (Fall River) and high (HERB1) observed initial
height diversity. The Shannon index of height diversity (H) is shown for each height
frequency histogram in the upper right corner of the panel. Note that both plots also have
different initial planting density, with Fall River at 1600 tph, and HERB1 at 1076 tph.
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3.3.1.2 Introducing initial tree size variability at plantation age 5 years and older
In contrast to starting with tree lists from plantation age 0 years, starting the
simulations at plantation ages 5, 8 or 12 years allowed CIPSANON to reproduce the total
height diversity as measured by the Shannon diversity index significantly more accurately
for the analysis dataset as a whole (Fig. 3.7). Simulations from the growth model also
tracked trends in the Shannon diversity index for height distributions measured in the
independent SMC Type 3 dataset up to plantation ages of 20 years (Fig. 3.7).
Empirical

Theoretical

Figure 3.7. Comparative temporal trends in the Shannon diversity index for all plots in the
analysis dataset based on four alternative starting ages (plantation ages 5, 8, 12, and 15
years corresponding to rows) and two initial starting conditions (“empirical” or measured
tree lists in first column and “theoretical” trees lists implied by fitted Weibull distributions
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in second co1umn; see Fig. 3.3 caption). Black dots and green curves are simulated plots
and trends, respectively; blue dots and curves represent all measured plots and
corresponding trends, respectively, in the modeling dataset; and red dots and curves
represent measured plots and corresponding trends, respectively, in an independent SMC
Type 3 dataset (2.44-m and 3.05-m spacing).

3.3.2 Quantile comparisons
The validity of interpreting slopes from regressing observed quantiles on simulated
quantiles depended heavily on the validity of assuming a zero intercept (regression through
the origin). In this regard, no biases were could be detected by plotting residuals over the
predicted values of observed quantiles.
CIPSANON simulations of individual tree height growth starting with each of six
alternative initial trees lists at plantation age 0 years (including the observed tree list and
five alternative approaches to generating an initial tree list) produced narrower and
apparently more peaked height distributions at plantation age 20 years than those that were
observed. This trend was indicated by the fact that the observed 10th percentile was on
average 9% shorter than the simulated 10th percentile, and the observed 90th percentile was
on average 6% taller than the simulated 90th quantile (Fig. 3.8).
However, most of the simulations initiated at plantations ages of 5-15 years,
produced height distributions with deciles that agreed closely with the same decile from
the observed 20-yr-old height distributions. The exceptions were consistently on the lowest
2-3 deciles. Depending on the starting age, the simulated deciles averaged 1% to 6 % lower
relative to the observed deciles. The other obvious exception was the set of simulations
that started at plantation age 12 years, for which all deciles of the simulated height
distribution were underpredicted by 7% to 3%. This behavior may be a consequence of the
fact that only the Summit and Sweet Home CPT studies and the two HERB1 sites were
measured at plantation age 12 years. At older ages, fewer and fewer of the studies or sites
within studies were retained, so the trends over initiation at different plantation ages are
somewhat confounded with the idiosyncrasies of the studies available for inclusion.
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Figure 3.8. Slope of observed deciles regressed on simulated deciles of height distributions
at plantation age 20 years, based on six different starting ages (separate lines in each
panel) and using six different types of initial trees lists (corresponding to the six different
panels), including the observed (“empirical”) tree list and five tree lists generated from
five alternative approaches. See caption of Fig. 3.3 and text for description of initial tree
list generation approaches.

3.3.3 Effects of random noise around height growth predictions from CIPSANON
The results presented above indicated that the largest discrepancies between
observed and simulated tree height distributions occurred in the first 5-6 years after
planting. The results also implied that if the height distributions at age 5 can be simulated
from plantation age 0 years with enough accuracy, CIPSANON appears capable of
simulating the process of subsequent size differentiation and reproducing the size structure
implied by the Shannon diversity index in the measured tree data. Therefore, efforts to
characterize variability around the height growth equation and the subsequent reintroduction of random noise on height growth predictions were focused on the first 5 years
after planting.
The final parameter estimates used to introduce random noise around growth under
the three variance-covariance structures indicate the degree of refinement that might be
expected from each successive approach (Table 3.4).
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Table 3.4. Estimates of parameters required for the proposed variance-covariance
structures: 1) constant variance and zero covariance (diagonal matrix of constant
variances); 2) non-constant variance and zero covariance (diagonal matrix with variances
proportional to the power of initial height); and 3) non-constant variance and AR(1)
covariance among successive observations within a tree (block-diagonal matrix with
variances proportional to the power of initial height on the diagonals and with offdiagonals within a tree conforming to AR(1) covariance structure with lag-1 serial
correlation within a tree and identical autocorrelation for all trees on all plots).
Variance-covariance
structures
1
2
3

Residual standard
error
20.330887
3.725440
3.914198

Variance power
estimate (w)
--0.3513051
0.3535107

Autocorrelation
coefficient (φ)
----0.1302944

Relative to strictly deterministic simulations, introducing random noise around the
deterministic growth predictions during the first 5 years after planting and under all three
variance-covariance structures dramatically improved the accuracy of simulated height
diversity relative to observed height diversity as measured by the Shannon index through
the first 20 years of plantation development (compare column 1 to columns 2 and 3 in Figs.
3.9 and 3.10). Introduction of white noise assuming constant variance tracked plot-level
CVs of the measured tree heights quite closely, but further accounting for both increasing
variance with increasing initial height and serial correlation were superior to white noise
(Fig. 3.11). Unstructured (white) noise with constant variance across predicted heights
over-predicted tree height diversity, particularly during the first five years after planting,
probably because ignoring heteroscedasticity inflated the variation in small tree height
growth and suppressed differentiation in large tree height growth during these years. This
effect continued to influence the coefficient of variation for the entire 20-year simulation
period if initial tree heights used to predict subsequent height growth included the
stochastic component of cumulative height growth (Approach 2 in Fig 3.11).
Accounting for the increasing variance observed in the data corrected the problem
of early overprediction of height variability as measured by the Shannon index and the
coefficient of variation (CV). In contrast to expectation, additionally accounting for
covariances among successive observations for a given tree caused virtually no
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improvement in forecasting height distribution relative to only accounting for increasing
variance, as evaluated by comparing the resulting Shannon indices or CVs to those based
on the measured heights.
Finally, comparisons of both approaches for introducing stochasticity into height
growth (represented in Equations [1] and [2] versus Equation [3]) indicate the superiority
of the second approach (Equation [3]. An initial condition for each growth period that
includes both the cumulative deterministic growth and cumulative stochastic component
(Equation [3]) reproduces observed height diversity indices more accurately than the other
approach defined by Equations [1] and [2], particularly, when the starting conditions were
the fitted smooth height distributions at age 0 (“Theoretical” row in Figs 3.9 and 3.10).
The first approach slightly under-predicted structural diversity under the smoothed
(“Theoretical”) initial condition probably because total height as an initial condition was
much more narrowly distributed. However, the observed coefficient of variation was
reproduced slightly better when the plots were simulated out to plantation age 20 years
under this first approach. This performance relative to the second approach and relative to
the overall results for the Shannon index probably reflects the better ability of the Shannon
index to represent more complex structures than the CV. From a biological perspective,
accounting for the cumulative combination of the deterministic and stochastic components
of height growth to predict future initial conditions conforms more closely to observations
on the compounding effects of size differentiation (Harper, 1977).
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Figure 3.9. Comparative trends in stand height structure implied by the Shannon index for
tree height diversity over plantation age. In all stochastic simulations the cumulative
stochastic height growth was the initial condition for the subsequent deterministic portion
of predicted height growth (Approach 1 implied by equations [1] and [2]). Stochastic
components were introduced during the first 5 cycles of growth (to age 5 years after
planting). Black dots and green lines represent individual plots and their smoothed average
trends over time, respectively, from the corresponding simulations; blue dots and lines
represent individual plots and their smoothed average trends over time, respectively, for
measured plots in the modeling dataset; and red dots and lines represent independent SMC
Type 3 plots (2.44-m and 3.05-m spacing) and their smoothed average trends over time,
respectively. The four columns depict stand development simulated under the following
four degrees of stochasticity: CIPSANON - deterministic growth only, i.e., height growth
regression estimate from CIPSANON; White - deterministic growth plus random white
noise drawn from a normal distribution with mean of zero and variance equal to the
unweighted regression MSE; Weights - deterministic growth plus random noise drawn
from a normal distribution with mean of zero and variance proportional to H2w; and AR(1)
– deterministic growth plus random noise as applied in the Weights scenario and with
covariances among successive height growth rates of a given tree conforming to the fitted
AR(1) covariance of regression residuals. The two rows distinguish simulations starting
with the following two initial tree lists at plantation age 0 years: Empirical - measured tree
list; and Theoretical - list of 30 trees with heights corresponding to midpoints of 30 height
classes with proportion of total tph allocated using the fitted Weibull distribution.
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Figure 3.10. Comparative trends in stand height structure implied by the Shannon index
for tree height diversity over plantation age. In all stochastic simulations, only the
cumulative deterministic component of height growth was used as the initial condition for
the subsequent deterministic portion of predicted height growth (Approach 2 implied by
equation [3]). Stochastic components were introduced during the first 5 cycles of growth
(to age 5 years after planting). Black dots and green lines represent individual plots and
their smoothed average trends over time, respectively, from the corresponding
simulations; blue dots and lines represent individual plots and their smoothed average
trends over time, respectively, for measured plots in the modeling dataset; and red dots
and lines represent independent SMC Type 3 plots (2.44-m and 3.05-m spacing) and their
smoothed average trends over time, respectively. Stochastic variation around the
deterministic predictions of cumulative height growth was included in the tree heights
used to compute the Shannon indices at each plantation age. See text and caption of Fig.
3.9 for details on the simulation scenarios.
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Figure 3.11. Plot-level coefficients of variation (CV) for tree heights over the first 20 years
after planting for observed data (green lines) and data simulated with CIPSANON based
on the four scenarios imposed on the first 5-yr of growth (see caption of Fig. 3.9 for
simulation specifications). Approach 1 in the first column did not include the assigned
random noise component in the tree heights used for successive deterministic predictions
in CIPSANON (see equations [1] and [2]) but was included in for computation of the
coefficients of variation. In contrast, Approach 2 included the assigned random noise in
tree heights used for successive deterministic predictions of future tree heights in
CIPSANON (see equation [3]), so were also included in all coefficients of variation (see
equation [3]). As described in the caption of Fig. 3.3, the two rows distinguish simulations
starting with the following two initial tree lists at plantation age 0 years: Empirical measured tree list; and Theoretical - list of 30 trees with heights corresponding to the
midpoints of 30 height classes with proportion of total tph allocated using the fitted Weibull
distribution.
The trend in Spearman rank correlations between individual tree heights at
plantation age 0 and heights at successively older plantation ages were quite different for
measured plots relative to those simulated deterministically with CIPSANON (Fig. 3.12).
As expected, the deterministic model produced extremely high rank correlations over time,
but rank correlations between heights at plantation age 0 years and heights on the same
trees at successively older ages showed a steep decrease the first several years after
planting, and then stabilized at approximately 0.25 by plantation age 5 years (left panel in
Fig. 3.12).
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Figure 3.12. Plot-level Spearman rank correlations between relative tree heights at
plantation age 0 years and successive plantation ages of 1 to 5 years for measured heights
(Observed; left panel) and heights simulated deterministically with CIPSANON
(CIPSANON; right panel). Both panels started with measured tree heights at plantation
age 0 years. Red lines represent the smoothed trend in rank correlations across all plots.
The stochasticity introduced into the first 5 years of simulated plantation growth
substantially improved the behavior of rank correlations relative to the observed values
(Fig 3.13). Introducing unstructured (white) noise with constant variance produced slightly
lower initial rank correlations during the first several years after planting but stabilized
closer to the observed rank correlations at plantation ages 4-5 years. The other two
structures introducing random noise also followed the observed ranks closely during the
first several years but stabilized at a slightly larger rank correlation by plantation ages 4-5
years.
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Figure 3.13. Plot-level Spearman rank correlations between relative tree heights at
plantation age 0 years and successive plantation ages of 1 to 5 years for cumulate height
growth simulated by CIPSANON under the three scenarios for imposing stochasticity
under Approach 2 (White, Weights and AR01; see caption for Fig. 3.9 and equation [3]).
On rows: two initial height distribution conditions; see caption of Figure 3.3 for
descriptions. Red lines represent the smoothed rank correlations across plots.

3.3.4 Performance of DBH assignment during simulations
In order to assess if adding random noise into height growth predictions produced
DBH distributions with closer unimodality than those observed at young ages, Basus &
Dasgupta’s (1997) unimodality statistic (Equation [12]) was first computed for the
observed DBH data (Fig. 3.14). This unimodality index was then computed for simulations
to different plantation ages up to 24 years of plantation development. Simulations included
purely deterministic CIPSANON growth simulations (Fig. 3.15), and stochastic
CIPSANON growth simulations that included random noise with variance proportional to
initial total height during the first 5 growth cycles (Fig. 3.16).
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Figure 3.14. Frequency histograms of the unimodality index computed from observed
DBHs at the plot-level data. Each panel contains the distribution of the unimodality
statistic for all plots measured at plantation ages 2, 3, 4, 5, 8, 10, 12, 15, 20 and 24 years.
Within each panel, the mean and standard deviation of the statistic are provided. The
vertical dashed line in each panel represents the maximum threshold of the statistic for
unimodal distributions (Basu & Dasgupta, 1997).
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Figure 3.15. Frequency histograms of the unimodality index computed from DBHs
simulated deterministically at the plot level with CIPSANON. Each panel contains the
distribution of the modality statistic for all plots simulated from the measured heights at
age 0 and projected to ages 2, 3, 4, 5, 8, 10, 12, 15, 20 and 24 years, with most DBHs
assigned at plantation ages 3-5 years. Within each panel, the mean and standard deviation
of the statistic at this age are provided. The vertical dashed line in each panel represents
the maximum threshold of the statistic for unimodal distributions (Basu & Dasgupta,
1997).

Figure 3.16. Frequency histograms of the unimodality index computed from DBHs
simulated stochastically at the plot level with CIPSANON. The stochastic noise was
generated by assuming variances in height growth proportional to initial height for each
annual growth period during the first five years after planting, with zero covariance among
successive predictions (“Weights” in Fig. 3.9). Each panel contains the distribution of the
unimodality statistic for all plots simulated from the measured heights at age 0 and
projected to ages 2, 3, 4, 5, 8, 10, 12, 15, 20 and 24 years. Within each panel, the mean
and standard deviation of the statistic at this age are provided. The vertical dashed line in
each panel represents the maximum threshold of the statistic for unimodal distributions
(Basu & Dasgupta, 1997).
The distributions of the unimodality statistic indicated stand structures consistent
with those described in the forestry literature for even-aged plantations (e.g. Burkhart &
Tomé, 2012; Mehtätalo & Lappi, 2020). Specifically, the DBH distributions conformed to
unimodality because most of the plots had a unimodality statistic below √3/5 (Fig. 3.13).
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However, some plots exhibited a unimodality statistic slightly larger than the threshold at
young ages (2-4 years old), likely because trees were just reaching or passing breasts height
(1.37 m). Plots also exhibited stronger unimodality (smaller average values with smaller
variability) as the plantations matured.
The observed distributions produced smaller unimodality indices than the
deterministic CIPSANON simulations at all the plantation ages (Figs. 3.14 and 3.15). The
simulated behavior is probably caused at least in part by the size gap generated between
trees that reached the breast height at different plantation ages. These relatively large gaps
gradually diminished through plantation development but persisted to plantations ages of
12-15 years (Fig. 3.2).
Values of the unimodality statistic were generally smaller in the stochastic
CIPSANON simulations that assumed variances in height growth proportional to initial
height than they were from purely deterministic CIPSANON simulations, particularly after
age 4 (Fig. 3.15 and Fig. 3.16).

3.4 Discussion
3.4.1 The effect of initial conditions on size differentiation
Leary (1997) classified methods for assessing stand dynamic models into four
categories depending on what they are evaluated against: researcher experience, other
models, law-like forest principles, or measured data. This work on exploring young
Douglas-fir tree height growth and distribution relied heavily on the last two categories to
scrutinize alternative approaches to simulating the development of Douglas-fir plantations.
The central “law-like principle” was attributable to Maruyama (1963), a cybernetics
researcher who referred to “morpho-genesis” as a “deviation-amplifying process”
Assuming correct interpretation of Maruyama’s (1963) use of the terms “morpho-genesis”
and “deviation-amplifying”, the “law-like principle” inferred here was that variation in size
among individual trees within a stand is a key element in stand dynamics because growth
in the presence of competition is a deviation amplifying process.
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In this framework, the CIPSANON simulations were consistent with Maruyama’s
(1963) principle when the tree lists represented measurements at plantation ages of 5 years
or older. However, the magnitude of the observed variability amplification was
systematically underestimated when starting from tree lists representing measurements and
corresponding size variabilities at plantation age 0 years. The efforts made to more
realistically represent initial size variability at age 0 did not produce any significant
improvement on size differentiation simulated deterministically over the first 15-20 years
of plantation development. A plausible explanation for this result might be associated with
the fact that neither intraspecific competition nor initial size variability were the drivers of
height differentiation at very young ages. The latter explanation was consistent with the
inability of CIPSANON to simulate the observed differentiation measured by the Shannon
index at plantation age 12 years, even when starting with a range in structural diversity
measured by this index at plantation age 0 years (Fig. 3.5).
Interestingly, the under-prediction of the size variability occurred at both the small
and large extremes of the height distributions (Fig. 3.8). The planting density was between
1076 and 1680 trees per hectare, thus the 90th quantile was close to representing the stand
dominant height (H100 or largest 100 tph by DBH). Underprediction of this quantile by
6% may be associated with the early intensive management that these plots received. On
the other hand, the 10th quantile that was over-predicted by 9% may lead to underprediction of suppression mortality and over-prediction of commercial volume growth at
older ages. Likewise, inaccuracies in responses to treatments such as fertilization and
thinning may result, given that these responses depend on initial tree social position as
represented in the model by surrogate variables like basal area in larger trees and crown
ratio (CR).
The relative success observed when the simulations were started with tree lists
measured at plantation ages 5 years or older is likely attributable to two factors: 1) a larger
share of the variability in subsequent growth distribution is explained by the initial tree
height by representing apparently stochastic processes before plantation age 5 years that
cannot be measured at the microsite scale; and 2) the more advanced stage of size
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differentiation at plantation age 5 years has already expressed differences in local growing
conditions that seedlings fresh out of the nursery at plantation age 0 years cannot express.
3.4.2 The effect of introducing stochasticity into young growth predictions
Explicitly modeling the stochastic variation around the expected height growth
curve and reintroducing this observed natural variability around average deterministic
growth predictions significantly improved the accuracy and realism of simulated height
distributions at plantation ages 15-20 years. This improvement was verified by the trends
in rank correlations over the first five years after planting. Among the approaches for
introducing stochasticity utilized, assuming height growth variance proportional to initial
height substantially improved the estimates compared with assuming constant variance
around unweighted regression models.
In contrast, introducing serially correlated noise did not produce substantial
improvements over simply assuming zero covariance among successive measurements on
the same tree. Possible explanations for this result include the relatively weak
autocorrelation of residuals within trees (Table 3.3) and the fact that much of the serial
correlation may already be accounted for by using cumulative growth to the beginning of
the growth period as a predictor variable.
Forest growth models consist of a system of equations that sequentially predict tree
and/or stand attributes. Among these attributes, tree height is a key component of growth
models (Weiskittel et al., 2011), in part because top height growth is typically closely
linked to site quality and is relatively independent of stand density. However,
unrealistically narrow height distributions will propagate errors in other model components
that depend on some measure of height or height growth. As an example, CIPSANON
DBH growth projections depend on the initial height of the respective trees (Mainwaring
et al., 2016). When basing stochastic future height growth on the cumulative sum of
deterministic and stochastic components of past height growth (second approach
represented by Equations [3]), the impact on the DBH distribution of having a more
realistic initial height distribution could be assessed by comparison of the resulting DBH
distributions to those from purely deterministic growth predictions. DBH distributions that
resulted from any of the methods used to incorporate variability into height growth more
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realistically represented the distribution of measured DBHs on plots than those resulting
from purely deterministic height predictions and corresponding assignment of DBHs and
subsequent deterministic DBH growth predictions (Fig. 3.17). Given that the first approach
(Equations [1] and [2]) to reintroducing observed noise around growth predictions used
only the cumulative deterministic height growth as the initial condition for estimating
height growth in the next growth period, and that these estimations with stochasticity were
not propagated into other growth model components, the deterministic CIPSANON DBH
estimates and the ones obtained by this first approach were equivalent. The only additional
source of variation under this scenario was addition of the cumulative stochastic
components to cumulative height growth at each simulation time step. Rather than
potentially providing a more realistic bound on simulated height variability, inclusion of
this cumulative stochastic component produced height distributions that were still
insufficiently variable (Figs. 3.9 versus 3.10).
Finally, the unrealistic multimodal DBH distributions generated by assigning
diameters immediately after trees reached breast height were ameliorated by introducing
stochasticity into height growth predictions at young ages compared to predicting height
growth deterministically with CIPSANON regression means. Other potential solutions
may be effective in addressing the multimodal DBH distribution issue at young stand ages,
at the same time potentially improving the growth model representation and forecasting of
stand structures represented by DBH size distributions. One option would be to wait until
a larger share of the trees exceeded breast height before assigning DBHs. Another would
be to reintroduce stochastic variation around the DBH-height curve. In fact, these
approaches may complement the demonstrated improvement in accuracy of predicted DBH
distributions when stochasticity was introduced into height simulations during the first five
years of height growth.
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Figure 3.17. Comparative temporal trends in the Shannon index for DBH diversity
resulting from deterministic assignment of DBH and subsequent deterministic DBH growth
in CIPSANON, while simulating height growth under four different degrees of stochasticity
from plantation age 0 years to 5 years and then purely deterministically from plantation
age 5 years to 20 years (black dots and green lines represent simulated plots and trends
lines, respectively; blue dots and lines represent measured individual plots in the modeling
database and their smoothed average trends over time, respectively; and red dots and lines
represent independent SMC Type 3 plots (2.44-m and 3.05-m spacing) and their smoothed
average trends over time, respectively). The two following alternative sources of the initial
tree list at plantation age 0 years were used; 1) the measured tree list (row labeled
“Empirical”); and 2) the tree list implied by the double-truncated Weibull distribution
fitted to the same data (row labeled “Theoretical”). The mechanics of introducing differing
degrees and types of stochasticity followed the approach that used the cumulative sum of
the deterministic and stochastic components of height growth as the initial condition for
the subsequent prediction of height growth (second approach described by Equation [3]).

On the other hand, having wider size distributions at early stand development
stages, will accentuate the effects of intraspecific competition once the stand reaches the
canopy closure stage (Binkley, 2004), primarily due to the nature of well-documented size
asymmetric competition for light (a larger share of the resources is captured by larger trees)
(Schwinning & Weiner, 1998). The result of this asymmetric competition for resources can
result in a reduction of stand productivity, in this case 6.44% of the total standing volume
among the most contrasting scenarios at age 30, likely due to both an early increase in
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suppression mortality and a reduction of the whole stand growth efficiency for
transforming resources into biomass (Table 3.5).
The effect of the potentially differential mortality rates across tree size classes at
early stand development stages was assumed null in this work because differences in
aggregated mortality among simulation scenarios during the first decade were minuscule
(Appendix 5). However, as a given stand develops to some critical structural stage,
depending on growth rates and vertical and horizonal structure, suppression mortality is
triggered and its effects on tree size distributions and implied size diversity indices, must
be considered. For instance, at age 30 there were already slightly larger mortality rates in
the stochastic scenarios than in the deterministic ones (Table 3.5), presumably due to the
larger tree size differentiation created by introducing various forms of stochasticity.
Table 3.5. Summary of the main attributes of simulated plots at plantation age 30 years
starting with smooth initial size distributions fitted to data at plantation age 0 years. Plots
were simulated under four conditions during the first 5-yrs after planting, corresponding
to the CIPSANON (deterministic), White, Weights and AR01 scenarios described in
caption of Fig. 3.10. All the plots in the dataset were considered together regardless of the
initial planting density.
CIPSANON
Mean
SD
17.5
1.8
23.4
2.1
31.7
2.6
18.6
2.1
24.0
2.1
27.2
2.4
817.2
1013.2
197.3
1315.1
36.8
45.6
2.9

Variance-covariance structure
White
Weights
Mean
SD
Mean
SD
14.1
2.2
15.6
2.0
22.9
2.2
23.1
2.1
34.8
2.5
34.0
2.8
11.6
2.2
14.2
2.2
22.2
2.1
22.6
2.0
28.4
2.4
28.2
2.4
798.4
805.8
984.4
187.4
997.3
192.6
1283.2
1297.0
35.6
36.2
44.7
2.7
45.1
2.7

AR01
Mean
SD
15.6
2.1
23.1
2.1
34.2
2.5
13.1
2.3
22.3
2.0
28.1
2.4
802.3
996.5
192.0
1303.9
35.8
45.0
2.8

Volume

max
min
mean

51.1
310.4
473.6

65.4

49.3
285.7
443.1

58.8

49.9
293.1
449.4

58.5

50.0
287.4
446.3

59.3

(m3/ha)

max

580.8

-

533.8

-

537.2

-

537.0

-

Attribute Statistic
min
Dbh
mean
(cm)
max
min
Height
mean
(m)
max
min
TPA
mean
(trees/ha) max
min
BA
mean
2

(m /ha)

Using stochastic models to better represent observed growth trends in forest growth
has previously been explored in the forest modeling literature (e.g. Leskinen et al., 2009;
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Stage, 1973). The use of tripling to generate size differentiation during the first years after
planting recognized that the biggest challenge for deterministic growth models were at very
young ages. However, one of the main disadvantages of this approach that became apparent
during subsequent applications was its tendency to generate thousands of tree records for
a given stand, making the growth model computationally inefficient in part due to the need
to retain this large number of records, and in part due to the need to cycle through all
records for growth prediction. This inefficiency was particularly problematic for several of
the currently most common growth model applications, i.e., projections to update large
forest inventories between re-measurements, to produce yield tables, to optimize long term
wood flows and to appraise the long-term value of forest land.
Finally, another concern cited by forest managers when truly stochastic processes
are incorporated into forest decision making tools, is the fact that repeated simulations from
the same starting conditions can predict different outputs, which complicates management
decisions like assessment of competing management alternatives. However, due to the
magnitude of the discrepancies of using just deterministic models to simulate growth of
freshly planted trees, the significantly more satisfactory results found when incorporating
the within-stand natural variability apparent from residuals around fitted equations and the
implications for biologically realistic stand dynamics, together with the limited number of
years (five) over which this stochastic routine is recommended for use, this disadvantage
of stochastic models is minimized. As one final note, most computational platforms allow
for repeatability of results by allowing the programmer to specify a single random number
seed, allowing the user the option between an invariant or variable random number seed,
or allowing for output of only the average of multiple simulations runs.

3.4.3 Scope of inference
The dataset used for this analysis covers much of the Douglas-fir region
where the species is intensively planted and managed as an important commercial timber
crop; however, one key limitation on the scope of inference is the fact that all the plots
come from research studies that were not selected to represent operational management
conditions but rather to control sources of variability in order to better capture the treatment
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effects that were being tested. The consequence is that simulations from the resulting
models or typically unrealistically optimistic for operational units, leading to the so-called
fall-down effect from forestry research experiments described by Bruce (1977).
Unfortunately, the dataset used to validate trends in size variability over time (SMC Type
3 installations) may also suffer from their inability to represent operational conditions.
Other limitations on the scope of inference should be kept in mind. First, data for modeling
early stand development and long-term consequences of early treatments like site
preparation or competing vegetation control at present can offer only incomplete or shortterm data for the first 20 years after planting. Some of the newer experiments like CoSInE
that are better designed for examination of long-term effects, including yield differences at
rotation age, are still too young. Many other studies were measured only during the first
several years and then discontinued after they had met short-term study objectives, for
example, the 2-meters-in-2-years study. Also, when working with pooled data across
different organizations, it is common that different experiments had different
measurements schedules and protocols (Marshall, 1993). In this study, these differences
arose after plantation age 5 years when different studies were scheduled for remeasurement
at different ages or sometimes at arbitrary ages that depended on the years that resources
were available.
A second limitation was the range in plot size. Some plots had a smaller number of
trees compared to other plots, which may have affected the accuracy of the parameter
estimates of the initial distribution and overstate the relevance of the stochastic component
at the individual tree level. This latter consequence was possible because each tree in
smaller plots would represent a larger share of the population than a tree in bigger plots,
limiting the opportunity to observe greater height variability. The most extreme case of this
limitation was the Delayed Study (DPS) with just 25 trees planted per plot at one of its
sites. Small plot sizes also limit the capacity to make definitive conclusions about yield
gains at rotation age, either because the plots become too small for measuring accurate
yield estimates or because yield projections with growth models likewise become
unreliable due to the small number of initial trees, or trees expanded from this small tree
list, that survive to rotation age in the simulations.

104
A third limitation was the small range in planting density, a key decision variable
when planning for reforestation. The dataset for this analysis included just three square
spacings, 2.43 m, 2.5 m, and 3.05 m. The planting density could have interacted with the
competing vegetation at early stages, and later with competition among trees, producing
substantially different tree size distributions.
Finally, most of the field trials contributing to the analysis dataset were located on
relatively productive sites, i.e., site class 1 and 2 (King, 1966). Site quality can affect the
timing and speed of size differentiation by accelerating stand development on productive
sites and delaying intraspecific tree competition on poor sites. Also, site quality can be
correlated with the plant community and the intensity of competing vegetation, as well as
affect the efficacy of management practices such as competing vegetation control. Knowe
et al. (1992) worked with different levels of competing vegetation on two contrasting sites
in western Oregon and reported that, on xeric sites, the effect of reducing competing
vegetation evoked a significant increase in periodic and cumulative tree growth variability.
They suggested that the cause of this site effect was masking of microsite variation by
interspecific competition. This effect did not appear on mesic sites of the Coast Range,
where the general trend indicated a reduction in the coefficient of variation and upward
shift of the whole diameter distribution when competing vegetation was controlled.
3.5 Conclusions
Medium and long-term forest planning require accurate predictions of stand
dynamics. Evaluating the performance of stand dynamic models based on the mean
predictions of the main variables at different ages, without considering their distributions
or/and without considering variability in the individual tree growth or size trajectories that
produce these distributions, can lead to inappropriate management decisions and inaccurate
volume projections and log size distributions at both the stand and forest level.
Although it has long been recognized that growth predictions are sensitive to initial
seedling size and that size distributions of young stands after crown closure are typically
very irregular, it is also recognized that distributions predicted from basic specifications
for nursery stock give unrealistically smooth and regular size distributions. Therefore, a
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basic assumption motivating this research was that tree list generation deserved more
attention with regards to the imposition of a biologically realistic level of stochastic
variation in initial and early tree size distributions and growth rates, beyond the level
estimated and implied by smooth probability distributions and deterministic growth
equations. In fact, the following three fundamental approaches were not successful in
constructing tree lists for initiating accurate growth simulations: 1) drawing random trees
from fitted or predicted theoretical distributions; 2) incorporating different degrees of
random noise in tph for diameter classes recovered from theoretical size distributions; and
3) starting with the measured initial seedling list at plantation age 0. In all three approaches
the CIPSANON growth model developed specifically for intensively managed Douglas-fir
plantations, was not able to reproduce the variability in size distribution observed at older
ages. Nevertheless, when starting tree lists for simulations were 5 years old or older, the
model was able to forecast the future height distributions of simulated stands with
acceptable accuracy.
Although the various approaches investigated for introducing noise into initial size
distributions were not successful for yielding accurate forecasts of future height
distributions, the introduction of noise into annual height growth predictions during each
of the first 5 years after planting successfully achieved the observed diversity values.
Among the three approaches investigated, the ‘white noise approach’ gave the poorest
results for introducing stochasticity into growth at very young ages, apparently due to the
unrealistic assumption that the height growth residuals had the constant variance across all
initial tree sizes. Allowing the variance of random noise to remain proportional to height,
and further constraining noise to conform the quantified level of covariance among
successive departures from deterministic growth predictions, produced very similar and
very acceptable results, the former mostly due to the low serial correlation found among
growth model residuals within a tree.
The factors controlling growth during the first 4-5 years after planting probably
include a combination of measurable and predictable variables and a multitude of other
factors that will likely remain unknowable from a practical perspective and therefore are
stochastic in an operationally predictive context. However, if these stochastic effects are
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not explicitly considered when modelling tree sizes, the result will be narrower size
distributions than observed, as evidenced in the trends of quantiles in measured plots versus
simulated plots starting with the same initial conditions. To the best of my knowledge, this
work is the first that explicitly addresses the modeling issue of trying to quantify and
characterize the discrepancies between observed and predicted stand structures in young
forest plantations.
3.6 Management Implications
Some forest owners carry out the first forest inventory of a newly planted stand
before age 5 for a variety of different reasons (e.g., having an initial tree list to project
future yield, prescriptions for precommercial thinning, and proof of compliance with forest
regulations, among others). The results from this work suggest that projecting these tree
lists based on purely deterministic growth models will lead to unrealistic future stand height
structures.
However, if the starting age of the tree list is measured after the stand is well
established, i.e., plantation age 5-6 years, further size differentiation as observed on
measured plots is closely represented by the CIPSANON growth model. If forest
inventories require tree lists before plantation age 5 years, the practice of incorporating
stochastic noise into height growth during the first years is highly recommended to
substantially improve the future stand structure.
Prediction of unrealistically narrow height structures will affect other key model
variables such as DBH and mortality (height and crown ratio are important covariates for
DBH growth prediction, and DBH is a covariate in the mortality equation in CIPSANON),
producing unreliable future volume and size distribution predictions. In a thinning
prescription context, having unrealistically homogeneous stand structures cause foresters
to question whether a given thinning prescription can lead to the intended stand structure
immediately after thinning and at future stand stages. Likewise, marketing and appraisal
decision depend heavily on accurate tree and log size distributions that are more likely from
simulations that incorporate natural variability and consequent stand dynamics.
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4. Chapter 4: Generation of initial trees lists for growth model simulation: Quantile
mixed regression to account for effects of past competing vegetation control on
Douglas-fir tree size distributions
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Abstract
Douglas-fir stand establishment under intensive plantation management typically
includes early control of competing vegetation by spring release (SR) treatments to ensure
compliance with reforestation provisions in forestry practices laws and to maximize
economic return on reforestation. These SR treatments increase average growth of young
trees and in extreme cases reduce initial tree mortality immediately after planting. The
objective of this analysis was to apply recent developments in quantile regression to
improve methods for generating tree lists to initiate simulations with forest growth models.
Quantile regression was explored as a tool to quantify effects of different SR regimes on
different portions of generated tree DBH and height distributions relative to the observed
distributions in young Douglas-fir plantations. Two related methodologies were applied,
the first of which was linear mixed quantile regression at different ages to quantify SR
effects on different percentiles of tree DBH and height distributions. The second was nonlinear mixed quantile regression applied with the same objective but with the cumulative
growth of trees described by a three-parameter logistic regression equation with age and
number of SR treatments as fixed-effects and site as a random effect on the asymptote of
the mode of the size distribution. The specific objectives of these analyses were to: 1)
incorporate the effects of competing vegetation control (SR) into algorithms for generating
tree lists for initiating growth model projections of treated Douglas-fir stands; 2) quantify
how SR affects growth and yield projections to plantation age 20 years; 3) quantify
differential SR effects across different portions of the tree size distributions and any
dependence of these effects on site quality; 4) develop a new application of mixed-effects
quantile regression to assess, understand, and simulate the impact of silvicultural
treatments on observed size distributions of both DBH and height. The results indicated
that SR treatments induced an upward shift in the whole tree size distribution during the
first decade after planting. However, beyond plantation age 10 years the effect was
attenuated and by plantation age 20 years was not detectable. Height and DBH growth
responses were proportional to the number of SRs applied. Treatment effects were larger
on DBH than on height growth and differed among quantiles of the DBH and height
distributions. Treatment effects were larger on the lower portion of the height distribution
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than on the upper portion and increasing the number of SRs caused an upward shift in the
whole DBH distribution. Two contrasting sites provided no clear evidence of any
interaction effect between SR regime and site quality on different portions of the size
distributions. Both linear and non-linear mixed quantile regression yielded similar results,
but some methodological limitations were encountered when applying non-linear mixed
quantile regression.

4.1

Introduction
In the Pacific Northwest region of the U.S. (PNW), intensive management of

Douglas-fir for timber production has traditionally involved clearcutting of even-aged
stands followed by establishment of plantations and control of competing vegetation. The
Oregon Forest Practices Act (OFRI, 2018) requires regeneration of clear-cuts within six
years after harvesting, with a specified minimum number of trees per unit area that are
deemed “free-to-grow.” Landowners achieve or more usually exceed this regeneration
requirement by planting an adequate number of genetically improved trees and ensuring
their ability to grow above competing vegetation. Planted seedlings must contend with not
only naturally regenerated conifers and hardwoods but also woody and herbaceous species
that rapidly colonize the site and compete with the seedlings for water, nutrients, and light
(Harrington et al., 1995).
To ensure desired growth and survival of planted Douglas-fir seedlings, competing
vegetation is commonly controlled by spring release (SR) treatments often in combination
with chemical and/or mechanical site preparation. Spring releases have been shown to
significantly increase seedling survival (e.g. Rose et al., 2006) and growth rate (e.g.
Newton and Preest, 1988; Wagner et al., 2006; Rose et al., 2006). The effects of vegetation
management on the development of tree DBH, height and volume have largely focused on
short-term effects (3-7 years after planting), although some studies have tracked plantation
development to older ages (≥10 years; (Harrington et al., 1995) where experimental units
(plots) are sufficiently large.
One example of a longer study in Douglas-fir is the Critical Period Threshold (CPT)
study (Rosner and Rose, 2006), in which some responses have now been documented out
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to plantation age 16 years (Flamenco et al., 2019). Treatment regimes were defined over
the initial five-year period after planting, with 0-5 years of spring release, supplemented
with summer spot spraying where needed to achieve the desired maximum 25% cover of
competing vegetion (Rosner and Rose, 2006). Maguire et al. (2009) modeled the recovery
of competing vegetation as a function of years since last SR treatment, finding that,
independent of the number of succesive SR treatments, competing vegetation cover
rebounded to almost 60% of the cover observed in control treatments that received no
spring releases. This competing vegetation recovery was slighly faster as the number of
previous SRs increased. In another study comparing alternative competing vegetation
control regimes, Harrington et al. (1995) found that the relative basal area growth during
the first 10 years after Douglas-fir establishment was limited mostly by herbaceous cover
during the first 2-3 years after planting, shrub cover from plantation age 3–5 years; and by
non-crop tree species (red alder) from plantation ages 3–10 years. The longer term effects
of SR treatments that are applied operationally during only the first and/or second growing
season after planting and that generally target both herbaceous and woody vegetation,
deserve further investigation to quanify yield gains at or near rotation age.
Knowe et al. (1992) and Maguire et al. (2009) reported differential growth
responses to vegetation cover among trees of differing relative size at young ages (younger
than 10 years). In most cases, smaller trees within a given plot grew proportionally more
than larger trees in response to competing vegetation control implemented as SR
treatments. Moreover, Knowe et al. (1992) found an interaction effect of competing
vegetation control and site quality on tree growth among size classes; i.e., on good sites
competing vegetation control shifted the whole DBH distribution upward, reducing the
coefficient of variation due to an increase in average DBH and relatively small change in
standard deviation of DBH. However, on poor sites, the effect of release from competiting
vegetation was proportionally larger on the upper portion of the DBH distribution than on
the smaller size classes. The authors suggested that one possible explanation for this result
was that competing vegetation masked the microsite variability on the poor site.
The general appoach used to analyze most experiments imposing different types,
intensities and timing of competing vegetation control treatments has been conventional
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ANOVA and regression models in which only the mean responses to covariates were
assessed, i.e., the effects on only the location parameter of the conditional size distribution,
assuming indepenent and identical distribution (iid) of the error terms. However, inherent
biological mechanisms would suggest that the influence of SR treatments and other
covariates are not limited to only the location of the response distribution (Koenker and
Zhijie, 2002). In assessment of forest growth, the response on other features of the
distribution are apparent (e.g., Knowe et al., 1992; Maguire et al., 2009) and have important
implications for stand dynamics, stand structural objectives, and economic performance
with respect to tree and log size distribution.
In this regard, quantile regression (QR) offers an attractive alternative for assessing
the response of the entire size distribution to silvicultural treatments. Quantile regression
is an extension of classical regression that allows predictor variables (in this case,
competing vegetation control as a class of silvicultural treatments) to have potentially
varying growth effects on trees representing different segments of the size distribution.
Identification of these heterogeneous effects across the size distributon by QR can provide
additional information beyond that offered by mean regression techniques; specifically,
QR can approximate the entire conditional distribution of the response variable, thereby
providing additional information of significant utility in many applications (Koenker and
Zhijie, 2002). This application of QR therefore also provides greater flexibility by not
requiring the height or DBH distribution to conform to a smooth theoretical probability
density function (pdf). This flexibility is particularly important for generating size
distributions and implied trees lists for stands whose future growth need forecasting but
lack data to initiate simulations.
The quantiles for a given analysis are generally selected as a compromise between
the quantity of outputs and the amount of useful information that they add to the problem
under scrutinity. A common choice includes the three quartiles, 0.25, 0.5 and 0.75, plus
two extremes, generally 0.1 and 0.9 or 0.05 and 0.95 quantiles.
Numerous applications of QR have recently demonstrated its flexibility in
disciplines such as ecology, education policy, medicine, economic research, and forest
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resource management (Sun et al., 2017). Some examples of recent QR applications in the
forestry field have included:
1. Predicting a list of tree diameters at breast height (DBH) from stand-specific
predictors. Mehtätalo et al. (2008) compared the performance of QR with
conventional fixed and mixed regression techniques by which the observed plotlevel DBH percentiles were first computed and then regressed against stand
variables, under the two following situations: a) conditional, in which previously
measured DBH samples were available for estimating exact stand-level attributes;
and b) marginal, in which only some stand specific attributes were known. Quantile
regression performed better than the other approaches under the marginal situation
but performed poorer under the conditional scenario. They attributed the poor
performance of QR under the conditional scenario to the lack of developed
techniques to work with hierarchical data.
2. Predicting tree height from tree diameter. Özçelik et al. (2018) used a fixed-effects
model, calibrated fixed-effects model, calibrated mixed-effects model, QR with
three quantiles and QR with five quantiles to predict tree height from tree diameter.
The authors noted that quantile regression was a flexible method to depict varying
patterns of the relationship between height and diameter but was outperformed by
calibrated mixed-effect models. Zang et al. (2016) also used QR to describe patterns
in height-diameter (H-D) relationships, and more recently QR was used to describe
H-D patterns under different levels of intraspecific competition (Zhang et al.,
2020). Quantile regression was able to describe rate of change in the H-D
relationship under different competition levels as well as provide a more
comprehensive analysis of the relationship between height and diameter.
3. Simulating crown profile. Sun et al. (2017) explored a mixed-effects model that
incorporated quantile regression to model the outer crown profile of planted Pinus
sylvestris and accounted for correlations between measurements on the same
subject. The prediction accuracy of the QR model was improved by adding a
random effect for the 95th percentile over the same model without a random effect.
Gao et al. (2017) utilized non-linear QR similarly to model crown profile on Korean
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pine. A review of other attempts to fit non-linear QR to longitudinal data suggested
that until this methodology is further developed, non-linear mixed QR was not a
reliable technique to apply on extreme quantiles.

Other applications of QR in forestry have included estimation of self-thinning
boundary lines (Zhang et al., 2005; Ducey & Knapp, 2010), error assessment when growing
forest inventories using both stand- and tree-level projection (Mäkinen et al., 2008), and
calibrating tree taper equations (Cao and Wang, 2015). In most if not all of these
applications, QR performed better than or as well as the best alternative method.
The development of trees within a given stand can be characterized by their initial
size distribution, subsequent growth among size classes, and mortality patterns (Hara,
1993). In the context of individual-tree growth models, tree size distributions represent one
summary of measured (initial) or projected tree lists. Accurate simulation requires a
sufficiently complete tree list to represent realistic initial stand conditions and to predict
future stand conditions. In the context of intensively managed young Douglas-fir
plantations, the potential effect of various SRs on different portions of height and DBH
distributions have important implications for stand management objectives. Furthermore,
any known biological mechanisms driving the implied stand dynamics can be quantified
and incorporated into the model architecture to ensure the generation of realistic tree lists
to initiate growth models.
The specific objectives of this work were to: 1) incorporate the effects of competing
vegetation control (SR) into algorithms for generating tree lists to initiate projections of
treated Douglas-fir stands to older ages; 2) quantify how SR treatment effects persist as the
treated plantations develop; 3) quantify differential SR effects across different portions of
the tree size distributions and explore if these effects depend on site quality; and 4) develop
a new application of mixed-effects quantile regression to assess, understand, and simulate
the impact of silvicultural treatments on observed size distributions of both DBH and
height.
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4.2

Materials and Methods

4.2.1

Study sites and data
The study sites selected for this work were measured every year from plantation

age 0 to 5 years and every 2-3 years afterwards (Table 4.1). These sites covered a large
portion of the PNW region where Douglas-fir is planted in pure plantations and intensively
managed (Fig. 4.1).
Table 4.1. Main attributes of studies constituting the data source for the effects of
vegetation release on quantile regression analysis of young tree size distribution.
Treatments included number of spring release treatments from competing vegetation (SR);
intensities of harvest removals (HR); fertilization applications (F); initial seedling or
container sizes (SS); and levels of soil compaction (COMP). For the ECR, DPS and CW
studies, analysis included data from only a subset of the tested vegetation release
treatments.
Data
source

Study
Name

Sites

Blocks/trees
per plot

Treatments

Measurements

Seedling
type

Tree
records

Reference
Publication

VMRC

CPT

4

4/36

8 VR

Styro-15

~27k

LTSP

1

4/170

~68k

1

4/100

2VR, 3HR,
2COMP
2VR, 3HR

1+1

LTSP

Fall River
(FR)
Molalla

0:5, 8, 12
0-5
0:8/0-3-5, 10,
15, 20
0:5, 8, 10, 15

Plug + 1

~21k

VMRC

2m2yr

2

4-5/36

2VR, 2F,
2SS

0:6

2+0

~26k

VMRC

Herb1

2

24 plots/49

8VR

1+1

~23k

VMRC

Combined
(CW)

4

2/36-64

3SS, 2VR

0:5, 8, 12, 15,
20, 22/24
0:5, 8, 10

~11k

VMRC

Delayed
(DPS)

2

2/ 25-36

2VR

0:5, 8, 10

Styro-815-60/
1+1
1+1

Rosner &
Rose, 2006
Ares et al.,
2007
Harrington
&
Schoenholtz,
2010
Rose &
Ketchum,
2003
Rose et al.,
1999
Wightman et
al., 2018

VMRC

Evaluating
Common
R. (ECR)
CoSInE

1

1/36

2VR

0:5, 7, 10

1+1

~0.5k

4

2/64

2VR

0:1

1 + 1/
Styro-20

~1.5k

VMRC

~2k

Wightman
& GonzalezBenecke,
2019
Dinger &
Rose, 2009
Guevara et
al., 2019
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Figure 4.1. Location of study sites from which data were available to account for effects of
competing vegetation control on quantiles of size distributions from which tree lists can be
generated for simulation of future growth.
All study sites had a set of alternative regimes of competing vegetation control as
primary treatments of interest. Specific details of the competing vegetation management
regimes were simplified in this analysis to the number of SRs applied.
Most of previous studies have used visual estimates of competing vegetation cover
(%) as a continuous predictor variable to model effects of SR and vegetation management
in general on average size of trees. However, foresters do not commonly measure or record
vegetation cover in commercial plantations. Therefore, SR was considered a categorical
variable in this study, represented simply as the number of years in which SRs were applied
to each plot. This simplification will enable direct application of the results found in the

121
present work to the generation of tree lists for commercial plantations with known or
anticipated years of SRs.
For most of the studies, the number of releases represented the number of years of
consecutive spring releases after planting. The only exception was the Critical Period
Threshold (CPT) Study in which one treatment was designed with a one-year delay after
planting followed by four consecutive years of release (OTTTT) and another treatment was
designed with a two-year delay after planting followed by three consecutive years of
release(OOTTT). The first case (OTTTT) was therefore lumped into the same category as
four years of release immediately after planting (no delay) followed by a fifth year with no
treatment (TTTTO), and the second case (OOTTT) was pooled with three years of release
right after planting followed by two years with no treatment (TTTOO). This decision was
made based on the marginal effect on tree growth of delaying the SRs relative to the effect
of total number of SRs (Maguire et al., 2009). Secondary treatments may include
fertilization at planting (2m2yr study), debris management (Molalla and Fall River), tillage
and soil compaction treatments (Fall River), and differing initial seedling or container sizes
(2m2yr, Combined study).
All of the 381 study plots in the study dataset were measured at plantation age 0
years, i.e., right after planting, and most of them annually for the first 5 years after planting.
After the fifth-year different studies had their own re-measurement schedules. Figure 4.2
shows the number of plots measured in each study site for each re-measurement age
depending on the number of SRs applied. Plot sizes ranged from 0.0225-ha on the Boot
site of the Delayed Study to 0.105-ha at Fall River. All trees on all plots were measured for
height and diameter at the collar or at breast height (if tree height was taller than 1.37 m)
at indicated plantations ages (Table 4.1). Trees averaged 0.43 m in height and 5.5 mm in
basal diameter at plantation age 0 years and tree density ranged from 1077 to 1680 per
hectare after planting (Table 4.2).
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Figure 4.2. Number of plots in the analysis dataset by number of spring releases (SR) and
plantation age. Panels correspond to different plantation ages as labelled at the top of each
panel (0, 5, 8, 10, 12, 15 and 20 years). Number of spring release treatments (SRs) are
indicated on the x-axes (ctrl= no SRs; T1=one SR; T2=two SRs; T3=three SRs; T4=four
SRs; T5=five SRs).
Table 4.2. Summary statistics of tree and plot level attributes at the most common
measurement ages. The variable DC was diameter at collar (15 cm from bare ground), and
SI was King’s (1966) site index (m at 50 yrs).
Variable

Statistic

Height (m)

DBH (cm)

DC (mm)

Age (years)
8
12

0

5

15

20

Min

0.02

0.22

0.3

1.66

1.5

5.8

Mean

0.43

3.10

5.95

10.18

13.19

18.14

Max

1.13

6.06

9.6

14.7

18.6

24

Min

0.00

0.00

0.00

0.50

0.40

4.50

Mean

0.00

3.36

8.09

14.15

16.62

19.58

Max

0.00

9.80

16.90

24.10

28.20

35.00

Min

1.0

5.0

6.0

---

---

---

Mean

5.8

57.6

128.7

---

---

---

Max

19.0

155.0

226.0

---

---

---
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SI (m)

Density
(trees · ha-1)

Min

32

32

32

37

36

37

Mean

39.7

39.7

39.9

40.5

40.7

41.3

Max

44

44

42

42

42

42

Min

1077

389

389

638

462

396

Mean

1323

1236

1065

1020

1233

1243

Max

1680

1680

1651

1108

1641

1591

Number of plots

N

381

370

189

110

111

95

Number of trees

N

22424

20307

11439

4252

10981

9299

4.2.2

Quantile Regression Framework
QR was the selected statistical method to analyze potential effects of competing

vegetation treatments on the tree heights that demarked different quantiles of the height
distributions. This section outlines a brief overview of the general theory behind quantile
regression (Koenker, 2005).
A 𝜃th quantile can be defined as the value 𝑦 such that:
𝑃(𝑌 ≤ 𝑦) = 𝜃
and the quantile function can be expressed as:
𝑄𝑦 (𝜃) = 𝐹𝑦−1 (𝜃)

Operating under quantile regression, the linear conditional quantile function
𝑄𝜃 (𝑌|𝑋) = 𝐹−1
𝑦 (𝜃 |𝑋) = 𝑋𝛽(𝜃), can be estimated by solving the following minimization
problem to find 𝛽̂(𝜃) which is called the 𝜃 𝑡ℎ quantile regression estimator of 𝛽:
argmin ∑[𝜌𝜃 (𝑌 − 𝑋𝛽)]

[1]

𝛽

where:
𝜌𝜃 represents the asymmetric absolute loss function for 𝜃 𝑡ℎ quantile:
𝜌𝜃 (𝑦) = [(1 − 𝜃)𝐼(𝑢 ≤ 0) + 𝜃𝐼(𝑢 > 0)]|𝑢|

[2]

𝑢 represents an individual error (𝑢 = 𝑦 – 𝑟) with 𝑟 = 𝐹𝑦−1 (𝜃 |𝑋) and y = observed
value
I(u≤0) =1 if u≤0 and 0 otherwise,
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I(u>0)=1 if u>0) and 0 otherwise.

The following linear model can be expressed in the quantile regression
framework:
𝑦̂𝜃 = 𝛽̂0 (𝜃) + 𝛽̂1 (𝜃)
The application of this type of regression technique to the study data set is discussed
in the following section.

4.2.3

Linear Quantile Mixed Regression to model the SR effect on tree’s height and DBH
Applying the methodology described in section 4.2.2 to the current study, 𝑦̂𝜃

represented the predicted 𝜃 𝑡ℎ tree height or DBH quantile at a given age, X represented the
design matrix of the different SR regimes with indicator variables for each potential year
̂ represented the vector of
of SR treatment (1=SR applied;0=SR not applied. The vector 𝜷
estimated fixed effects, i.e., the potential shift in a given quantile of tree size due to
competing vegetation control treatments. If all ages were considered simultaneously, a nonlinear model would be used to accurately represent the cumulative tree growth (see section
4.2.4).
The dataset comprised twenty-one different sites with potentially unique
characteristics that may cause correlations among tree observations within a site (e.g.
inherent site conditions, management history, etc.). A random effect for each site was
therefore introduced to ameliorate violation of the independence assumption among trees
on the same site. This random effect was introduced on the model intercept enabling the
quantile model to accommodate a location shift of the whole response distribution
depending on the specific site.
Mixed quantile regression is an extension of mixed models where the predictors
affect the conditional distribution of the response variable at each quantile allowing
analysis of their effect on the form of the distribution, instead of just on the location
parameter used in the context of mixed effect models (Geraci and Bottai, 2007).
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Furthermore, this new approach may be more flexible than the mixed effect models
because most of the time the tree size variables present skewed distributions violating the
normality assumption implied under the mixed models. Finally, QR in general offers much
greater flexibility than parameter prediction models (e.g., Bailey et al., 1989) that assume
conformity to parametric distributions that often do not fit the data very well.
The final model used in this work is presented below:
𝑦𝑖𝑗 (𝜃) = 𝒙𝑻𝒊𝒋 𝛃(𝜃) + 𝑏𝑖 (𝜃) + 𝑖𝑗 (𝜃)

[3]

where:
𝑦𝑖𝑗 (𝜃) = height or DBH representing the 𝜃th quantile in the jth (j=1, …, m) SR treatment
in the ith (i=1, …, n) site;
𝒙𝒊𝒋

= is the d-dimensional vector of covariates (five indicator variables corresponding

to each possible year of SR and taking value of 1 if SR applied that year and 0 if SR was
not applied that year - control was assumed as the baseline model with all indicator
variables equal to zero);
𝛃(𝜃) = vector of unknown fixed effects common for all sites and corresponding to the
SR treatment effect in a given year;
𝑏𝑖

= random intercept for the ith site, with bi assumed to follow the distributional
properties described below;

𝑖𝑗 (𝜃) =

error term, with 𝑖𝑗 ∼ 𝐴𝐿(0, 𝜎, 𝜃).

Note that the error distribution assumption is ancillary because 𝐹𝑦|𝑥 is not truly
assumed to be distributed Asymmetric Laplace (see Appendix 3 and Geraci and Bottai
(2014)) and therefore the method is considered semiparametric (Kim and Yang, 2011).
This assumption is used to derive a ‘quasi’ maximum likelihood estimate of 𝛃(𝜃).
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In addition, 𝑏𝑖 is assumed to be a zero-median random variable independent from
the model’s error term generally distributed according to 𝑝(𝑏𝑖 |𝛹𝜃 ), where generally, 𝜳𝜽
is a qxq covariance matrix which depends on 𝜃, where q is a vector of random effects. In
this work, 𝜳𝜽 was a scalar, representing the variance of the site random effect.
This model was implemented in the package lqmm (Geraci, 2014) and used in R
(ver. 3.6.3) (R Core Team, 2020) to obtain the parameter estimates.
Separate models were fitted for different plantation ages: 0, 5, 8, 12, 15 and 20
years, to test and describe SR treatments effects on the change in quantiles through stand
development (Objective 2). The quantiles of the tree size distributions selected for analysis
include 0.10, 0.25, 0.5, 0.75 and 0.90 (Objective 3).
The summary function for this package calculates the standard errors of the
coefficients and the p-values by using bootstrapping methods by clusters (sites) (Geraci
and Bottai, 2014). In this sense, if the factors of a categorical covariate have unbalanced
number of levels (e.g., 40% of the trees received 1 or 2 SRs and only 20% received 3 SRs)
the probability of being included in the bootstrap sample is smaller for some levels than
for others. Consequently, if during the resampling process any of the samples do not
contain observations for a certain level (SR treatment) the function cannot fit the
‘bootstrapped’ model to the data because lqmm expects observations for all the levels of
the main fitted model. Therefore, the uncertainty of the conditional and marginal quantile
estimates cannot be assessed. So far, block bootstrapping is the only available method
developed on the package to obtain parameter uncertainties (Geraci, 2019).
The above limitation on bootstrapping applies to SR dataset compiled for
developing tree list generation techniques, specifically because not all the sites had all six
of the potential SR treatments. In this context, three of the CPT study sites (CPT01 or
Blodgett, CPT02 or Sweet Home, and SS or Seaside), were selected for the focus of the
analysis because they were the only study sites that contained a control and set of five
alternative SR regimes over the first five years after plantation establishment. However,
measurements from plantation ages 8 and 12 years were available only at Blodgett and
Sweet Home.
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Quantile regression analyses were first completed separately for each of plantation
ages 0, 5, 8 and 12 years, including estimation of SEs and p-values for each coefficient on
the CPT sites. As implied above, only Blodgett and Sweet Home could be included in the
analyses for plantation ages 8 and 12 years, but all three CPT sites could be included in the
analyses for plantation ages 0 and 5 years. A second set of QRs were run on the full data
set (Table 4.1) for the purpose of extending the scope of inference geographically (to more
sites within the PNW) and temporally (to older ages), but no SEs or p-values could be
obtained from these analyses due to the bootstrapping constraints explained above.
In order to assess the goodness of fit of these models, some visualizations of
observed plot-level percentiles for each combination of age and treatment were created,
and lines connecting predicted percentiles from the QR models were superimposed on the
observed percentiles. If the predicted percentiles were capturing the data distribution well
enough, the lines were expected to go through the middle of the observed percentiles
points. This graphical analysis was important because model evaluation in a semiparametric context like quantile regression is not possible in an analogous manner to
conventional linear regression.

4.2.4

Non-Linear Quantile Mixed Regression to model tree’s height and DBH
Finally, an attempt to apply non-linear quantile mixed regression methods was

carried out so that data from all plantation ages could be modeled simultaneously by
imbedding growth curves instead of fitting separate linear models for each plantation age.
Geraci (2019) reported that there were few published papers on parametric non-linear
quantile regression functions for clustered data, and none of those papers provided an
approach to model a non-linear quantile function with random effects within a frequentist
context. In his paper, Geraci proposed a non-linear quantile mixed model (nlqmm) function
that was still under development in R and is an extension of lqmm. The nlqmm package
uses a novel algorithm that combines a smoothing algorithm for quantile regression and a
second order Laplace approximation for non-linear mixed models.
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To apply the non-linear quantile mixed regression model, a logistic function was
chosen to represent the growth curve of the tree size quantiles. The fitted logistic function
had three parameters, i.e., an asymptote, an inflection point at the plantation age when
growth is steepest, and a scale that controls the slope of the curve.
For this analysis, the three parameters of the logistic growth curve were fitted in the
nlqmm package (Geraci, 2019) with plantation age as a predictor variable, vegetation
management treatments (number of SRs) as indicator covariates affecting each of the
model parameters, and site as a random effect in the asymptote of the growth model. Only
CPT sites were included in this analysis. The model was represented by the following
equation:
𝑦𝑖𝑗𝑘 (𝜃) = 1+𝑒𝑥𝑝((𝛿

𝛿𝜃,1𝑖𝑗𝑘

𝜃,2𝑗𝑘 −𝑡𝑖 )/𝛿𝜃,3𝑗𝑘 )

[4]

where:
𝑦𝑖𝑗𝑘 (𝜃)= represents the 𝜃th height or DBH quantile of SR treatment k (k=1, …,5) and at
age j (j=1, …, 𝑙𝑖 ) where li is the number of measurement ages on site i (i=1, …, 3);
𝑡𝑖

= is plantation age on site i;

𝛿𝜃,1𝑖𝑗𝑘 = denotes the asymptote parameter for treatment k at plantation age j on site i;
𝛿𝜃,2𝑗𝑘 = denotes the midpoint of the logistic curve for treatment k at plantation age j;
𝛿𝜃,3𝑗𝑘 = denotes the scale parameter for treatment k at plantation age j.

Unfortunately, the nlqmm package was still under development at the time of this
analysis so not all the functions were available to provide the desired statistics. In
particular, standard errors and p-values from the bootstrapping method were not available.
Thus, only quantile point estimates are examined. The main objective was to compare the
quantile estimates obtained from the comprehensive non-linear mixed models (i.e.,
simultaneously fitted across all plantations ages) with those obtained from the linear mixed
models fitted to a much smaller subset of the data at specific plantation ages on the same
CPT sites. The estimates from non-linear mixed models tentatively provided unique
insights into the effects of differing SR regimes on the development of size distributions
over plantation age in more systematic manner than by comparing percentiles from linear
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mixed models fitted separately to successive ages. The non-linear estimates were left as
full models because no basis was available for identifying or justifying a valid reduced
model. Regardless, the full model revealed unbiased trends in the apparent development of
percentiles over time, apparent differences in percentile changes among plots receiving
differing numbers of SRs, and the implied change in size distributions over time in response
to number of SRs.

4.3

Results and Discussion

4.3.1 Linear quantile mixed model for CPT sites at ages 0, 5, 8 and 12
4.3.1.1 Effect of vegetation management treatments on size percentiles at specific ages
For the following analysis, the height and DBH quantiles predicted from Equation
[3] at each plantation age were presented in different figures. Random site effects were
represented at each age by the relative size of the predicted values as controlled by the
intercept of the fitted models.
At plantation age 0, there were some differences among the plots assigned to
different SR treatments at the starting quantiles of the tree height distributions (Fig. 4.3).
Despite the random assignment of SR regimes (control, T1, T2, T3, T4 and T5) to
experimental units (plots), the control unfortunately had slightly shorter trees for each
quantile of the distribution compared to the other SR regimes, with the difference
accentuated in the lower tails. When computing the observed 10th percentile for each SR
regime in each site and plot, it was possible to see that one untreated control plot at Blodgett
and one control at Sweet Home had considerably shorter trees than the remaining control
plots (Appendix C.1). The study experimental design was a complete block design with
four blocks in each site, and mechanical site prep was uniformly applied across all plots,
blocks and sites; therefore, the only explanation for this situation was that the random
assignment of the untreated control regimes resulted by chance in this unfortunate trend
for the control treatment. The trend was also evident in ANOVAs for plantation age 0 years
when comparing the mean height of the control with the mean height of the plots scheduled
to receive SR treatments; however, none of the mean heights for treatments involving SRs
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(T1-T5) were significantly different from the control mean (p<0.05; data not shown). The
Sweet Home (CPT02) and Seaside (SS) sites generally had slightly taller trees at plantation
age 0 than the Blodgett site across the 5 analyzed percentiles (Fig. 4.3).

Figure 4.3. Predicted quantiles of tree height for each treatment at plantation age 0 years
on the CPT01 (Blodgett), CPT02 (Sweet Home), and SS (Seaside) installations of the
Critical Period Threshold (CPT) Study.
By plantation age 5 years, the effect of different SR treatments on the tree height
and DBH distribution had become very notable. Treatment T5 and the untreated control
resulted in the largest and smallest trees, respectively, across all but the largest quantile
(0.90) for height and across all percentiles for DBH (Fig. 4.4 and 4.5, respectively). In
between these two treatments at plantation age 5 years, most predicted height quantiles
(Fig 4.4 and Table 4.3) and all DBH quantiles (Fig. 4.5 and Table 4.4) consistently ranked
higher with increasing number of SRs. For DBH, all treatments except T1 and some
percentiles of T2, were significantly larger than the control.
Predicted height quantiles generally followed the same order among treatment
regimes, with the following exceptions: 1) all quantiles for 2 and 3 SRs (T2 and T3,
respectively) were apparently indistinguishable; 2) the 0.75 height quantiles for 4 and 5
SRs (T4 and T5, respectively) and for 0 and 1 SR (control and T1, respectively) were
indistinguishable; and 3) the 0.90 height quantiles for 4 SRs and 0 SR exceeded those for
5 SRs and 1 SR, respectively (Fig. 4.4). However, when analyzing the significance of fixed
effects of regimes T1-T5 to the untreated control, all of the SR treatments produced taller
trees than the control at the 10th and 25th percentile, but p-values declined with increasing
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height percentiles, to the extent that only the 90th percentile from the 4 SR treatment was
significantly larger than the control (p= 0.035, Table 4.3).
Of particular relevance to plantation development, the effect of SRs on lower
percentiles (10th and 25th percentiles) was larger than their effect on the upper percentiles.
This result indicates that the effect of SR had a greater growth impact on trees with smaller
height and DBH than on trees with larger height and DBH, likely due to the larger
cumulative effects of competing vegetation on the smaller trees. For instance, at the lower
tail of the height distribution (Fig. 4.4), the difference in heights between the 5 SRs and the
control was 1.14 meters (p <0.001; Table 4.3). In relative terms, this difference amounted
to a 67, 79, and 61% increase in the 10th height percentile over the untreated control for
Blodgett (CPT01), Sweet Home (CPT02), and Seaside (SS), respectively. In contrast, the
absolute increase in the largest height percentile (90%) between the T5 and untreated
control regime was 0.53 meters (p=0.138, Table 4.3), and the relative difference was only
13, 14 and 12% for the CPT01, CPT02 and SS, respectively.
In short, the magnitude of treatment effects was larger on DBH than on height based
on the relative differences in DBH and height percentiles. However, the treatment effects
on DBH were more uniform across different percentiles of the distribution, implying an
upward shift of the entire DBH distribution (Fig. 4.5). The difference between the control
and 5 SR regime for lower and upper tails of the DBH distribution differed only by 2.0 and
1.8 cm (p<0.001, Table 4.4), respectively, but in relative terms represented a relative
increase of 253% over the control 10th percentile and a relative increase of 39% over the
90th percentile.
Finally, the SS (Seaside) site grew slightly larger trees as indicated by all
percentiles of height and DBH compared with the other two CPT sites, probably reflecting
the higher site index reported in previous publications. However, because plantation age 5
years was the last available measurement for SS, the long-term effect of SRs on this site
could not be analyzed.
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Figure 4.4. Predicted percentiles of tree height for each treatment regime at age 5 on the
CPT01 (Blodgett), CPT02 (Sweet Home), and SS (Seaside) installations of the Critical
Period Threshold (CPT) Study.

Figure 4.5. Predicted percentiles of tree DBH for each treatment regimes at age 5 on the
CPT01 (Blodgett), CPT02 (Sweet Home), and SS (Seaside) installations of the Critical
Period Threshold (CPT) Study.

As described above, trees were remeasured at plantation ages 8 and 12 years in all
plots at the CPT01 and CPT02 sites. As observed in the tree height percentiles at plantation
age 5 years, the largest absolute difference among SR treatment regimes occurred at the
lower tail of the height distribution and became gradually smaller toward the tall end of the
distributions (Fig. 4.6). Plots receiving 5 SRs and 4 SRs showed very similar predicted
responses of all the percentiles, and both treatment regimes resulted in significantly taller
height percentiles than the untreated control regime at both ages (Table 4.3). At plantation
age 8 years, it was possible to observe three groups of treatment regimes that produced
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similar height distributions implied by predicted percentiles. As already mentioned,
regimes T5 and T4 showed the greatest response, T3 and T2 a medium response, and T1
the least response that caused it to differ little from the inferred control height distribution.
In fact, T1 was the only treatment that did not differ significantly from the control for any
quantile at this age (all p<0.329; Table 4.3). The difference among treatment regimes
within each of these groups essentially disappears at percentiles 75 and 90 but was greater
at the lowest percentiles (Fig. 4.6). Within a treatment regime, all height percentiles were
shorter for the CPT02 site than for the CTP01 site.
By plantation age 12 years, the height percentiles of SR regimes T2 and T3 had
moved closer both to each other and to the two treatments regimes with the tallest
percentiles, T4 and T5 (Fig. 4.6). Regimes T5 and T4 still produced the greatest positive
effect on all height percentiles at plantation age 12 years, but regimes T2 and T3 followed
closer behind than at earlier ages. As was observed at plantation age 8 years, height
percentiles did not differ significantly between Regimes T1 and T0, except for the taller
25th percentile for T1 at plantation age 12 years (p=0.003; Table 4.3). At the lower tail of
the distribution (10th percentile), the difference in height between the T5 regime and the
untreated control was 2.1 meters (p <0.001, Table 4.3). This difference reflected the 30 and
31% greater 10th height percentile of the T5 regime over the untreated control for CPT01
and CPT02, respectively. At the upper end of the distribution, the T5 regime had a 90 th
height percentile that was 1.5 meters greater than the untreated control regime, T0 (p
<0.001, Table 4.3), with a relative difference of 15% over the control height percentile for
both CPT01 and CPT02. By plantation age 12 years, no discernible differences in height
quantiles could be detected between sites among any treatment regimes.

134

Figure 4.6. Predicted percentiles of the height distribution for each SR treatment regime
at plantation ages 8 and 12 years on the CPT01 (Blodgett) and CPT02 (Sweet Home) sites.

To a lesser extent, the same groups reported for height percentiles at plantation age
8 years were also apparent for DBH percentiles at both plantation ages 8 years and 12 years
(Fig. 4.7). However, within groups the differences were constant across percentiles,
confirming the constant estimated treatment effect across percentiles at plantation age 5
years.
At plantation age 8 years, all treatment regimes except T1 produced larger DBH
percentiles than the untreated controls (all p≤ 0.005, Table 4.4).
At plantation age 12 years, at the lower tail of the distribution the difference in the
predicted 10th DBH percentile between the T5 regime and the untreated control was 4.3
centimeters (p<0.001, Table 4.4), or 56 and 55% over the predicted control 10th percentile
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for CPT01 and CPT02, respectively. At the upper end of the distribution, the 90th percentile
was 3.8 cm greater in regime T5 and in the untreated control (p<0.001, Table 4.4), or 25
and 24% over the predicted control 90th percentile for CPT01 and CPT02, respectively.

Figure 4.7. Predicted percentiles of DBH distribution for each treatment regime at
plantation ages 8 and 12 years on CPT01(Blodgett) and CPT02 (Sweet Home) sites.
The absolute effects of different numbers of SRs on height and DBH distributions
implied by predicted percentiles were generally consistent across sites. Specifically, the
random site effect imposed a shift of the predicted percentiles on the y-axis (equation [3])
for tree height and DBH, with the shape of the distribution remaining consistent among all
treatment regimes regardless of the site.
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4.3.1.2 Effect of vegetation management treatments across ages
Estimation of the fixed effects of different SR regimes on height and DBH
percentiles relative to untreated controls was a primary objective of this paper (Tables 4.3
and 4.4), so that tree lists could be generated from inferred distributions under known or
planned SR regimes. Fixed effects are represented by the β(𝜃) coefficient from the fitted
model (equation [3]). Random site effects were important for removing the site-to-site
effects from the experimental error by which SR effects were tested statistically.
The effect of applying 3, 4 or 5 SRs relative to no SR (i.e., untreated control)
increased the absolute height and DBH percentiles and implied corresponding shifts in
these respective distributions as the plantations developed (Tables 4.3 and 4.4). However,
statistically significant increases in percentiles was not always the case when comparing
the untreated control with regimes T2 and T1 across successive plantation ages. In relative
terms the effect of a single SR diminished as trees aged due to cumulative tree growth and
the diminishing proportion of increasing tree height that even a constant absolute effect
represented. For instance, focusing on the 50th percentile of the height distribution,
treatment regime T5 increased the predicted percentile height by 0.83, 1.25 and 1.80 meters
at plantation ages 5, 8 and 12 years, respectively (Table 4.3), but this increasing absolute
effect translated into diminishing relative increases of 27, 22 and 19% over controls at
plantation ages 5, 8 and 12 years, respectively.
Also, comparison of successive increases in height percentiles over plantation age
(Figs. 4.4 and 4.6) indicated that the largest differential increases in predicted percentiles
occurred between the 10th and 25th percentile. This increase between these successive
percentiles became steeper as the plantations aged, indicating a more negatively skewed
height distribution (long left or negative tails). This change in the implied shape of the
distribution was not observed for DBH (Figs. 4.5 and 4.7).
The fact that different SR treatment regimes were detected to impose a greater
effect on the tree height distribution to both a statistically and biologically significant
degree at the lower percentiles compared to the upper percentiles (Figs. 4.4 and 4.6, and
Table 4.3) highlighted the power of the quantile regression. Shifts in size distribution can
be important indicators of plantation development and provide more information than
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modeling the mean of the response variable in conventional regression under the
assumption of a Gaussian distribution of individual heights for a given SR regime.
Table 4.3. Fixed effects and associated p-values estimated from linear quantile mixed
regression for the response of the five height percentiles to each SR treatment regime at
plantation ages 5, 8 and 12 years based on pooled data from Blodgett, Sweet Home, and
Seaside CPT sites. For Seaside just age 5 data were available. Bold coefficients represent
statistically significant coefficients at α=0.05.
Age 5
Control
T1
T2
T3
T4
T5
Age 8
Control
T1
T2
T3
T4
T5
Age 12
Control
T1
T2
T3
T4
T5

Per 10
(m)

Per10
p-val.

Per 25
(m)

Per25
p-val.

Per 50
(m)

Per50
p-val.

Per 75
(m)

Per75
p-val.

Per 90
(m)

Per90
p-val.

2.878
0.390
0.780
0.723
0.920
1.142

<0.001
0.077
0.004
0.014
0.007
0.001

2.972
0.260
0.620
0.568
0.750
0.990

<0.001
0.227
0.013
0.044
0.024
0.001

3.063
0.076
0.461
0.457
0.657
0.827

<0.001
0.725
0.082
0.111
0.081
0.022

3.530
0.005
0.385
0.351
0.697
0.726

<0.001
0.98
0.1
0.216
0.047
0.04

3.781
-0.151
0.239
0.299
0.605
0.533

<0.001
0.534
0.317
0.332
0.035
0.138

5.865
0.219
0.704
1.050
1.321
1.530

<0.001
0.577
<0.001
0.016
<0.001
<0.001

5.873
0.333
0.814
1.039
1.384
1.414

<0.001
0.329
<0.001
0.002
<0.001
<0.001

5.690
0.109
0.670
0.860
1.160
1.253

<0.001
0.739
0.001
0.006
<0.001
<0.001

6.060
-0.010
0.690
0.820
1.120
1.139

<0.001
0.967
<0.001
<0.001
<0.001
<0.001

6.156
-0.045
0.700
0.865
1.065
1.110

<0.001
0.804
<0.001
<0.001
<0.001
<0.001

9.188
0.700
1.441
2.100
2.001
2.100

<0.001
0.251
0.19
0.01
<0.001
<0.001

8.750
0.600
1.400
1.599
1.900
1.878

<0.001
0.003
0.01
<0.001
<0.001
<0.001

9.701
0.499
1.199
1.399
1.699
1.799

<0.001
0.225
0.013
0.004
<0.001
<0.001

10.600
0.286
1.212
1.200
1.500
1.600

<0.001
0.468
0.001
0.008
<0.001
<0.001

9.769
0.436
1.297
1.397
1.697
1.497

<0.001
0.105
<0.001
<0.001
<0.001
<0.001

Table 4.4. Fixed effects and associated p-values estimated from linear quantile mixed
regression for the response of the five DBH percentiles to each SR treatment regime at
plantation ages 5, 8 and 12 years based on pooled data from Blodgett, Sweet Home, and
Seaside CPT sites. For Seaside just age 5 data were available. Bold coefficients represent
statistically significant coefficients at α=0.05.

Age 5
Control
T1
T2
T3
T4

Per 10
(cm)

Per10
p-val.

Per 25
(cm)

Per25
p-val.

Per 50
(cm)

Per50
p-val.

Per 75
(cm)

Per75 pval.

Per 90
(cm)

Per90
p-val.

2.061
0.600
1.266
1.350
1.603

0.011
0.174
0.006
0.009
0.011

3.037
0.400
1.200
1.336
1.635

0.001
0.281
0.006
0.004
0.009

3.492
0.167
0.967
1.267
1.567

<0.001
0.627
0.031
0.004
0.009

3.700
0.061
0.761
1.060
1.461

<0.001
0.837
0.077
0.023
0.021

3.130
-0.042
0.689
1.016
1.558

0.001
0.806
0.058
0.037
0.005
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T5
Age 8
Control
T1
T2
T3
T4
T5
Age 12
Control
T1
T2
T3
T4
T5

2.003

<0.001

1.936

<0.001

1.908

0.002

1.728

0.003

1.789

0.003

6.117
0.320
1.065
2.320
3.120
3.053

<0.001
0.604
<0.001
0.001
<0.001
<0.001

7.210
0.252
1.151
1.952
3.052
3.443

<0.001
0.615
<0.001
<0.001
<0.001
<0.001

7.307
-0.107
1.192
1.893
2.793
3.393

<0.001
0.794
<0.001
0.002
<0.001
<0.001

6.895
-0.400
0.900
1.600
2.400
2.900

<0.001
0.202
0.005
0.004
<0.001
<0.001

7.324
-0.297
1.303
1.803
2.703
3.042

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

12.288
0.273
1.690
3.100
4.300
4.300

<0.001
0.604
0.258
0.004
<0.001
<0.001

12.117
0.087
1.587
2.787
3.687
3.887

<0.001
0.871
0.167
0.02
<0.001
<0.001

12.600
0.000
1.500
2.400
3.347
3.600

<0.001
0.999
0.043
0.013
<0.001
<0.001

13.586
0.222
1.714
2.514
3.421
3.515

<0.001
0.558
0.041
0.015
<0.001
<0.001

14.606
0.194
1.594
2.581
3.476
3.776

<0.001
0.778
0.042
0.003
<0.001
<0.001

The two following properties desired from estimated percentiles may or may not
be guaranteed, depending on the nature of the data that are analyzed and the estimation
method used: 1) estimates for successively larger percentiles should increase
monotonically within a treatment; and 2) the estimates of a given percentile should increase
with increasing plantation age. In this work, both properties were generally true, but some
exceptions to the first property were observed. First, there were no cases within a site
(constant 𝑏𝑖 from Eq. [3]) where the fixed effects of a given treatment (a βj(θ) within vector
𝛃(𝜃) of Eq. [3]) did not increase monotonically from θ=0.10 to θ=0.90 (Figs. 4.3 to 4.7).
However, when analyzing the fixed effects from the pooled data from all three CPT Study
sites (Tables 4.3 and 4.4), monotonicity was violated (crossing quantiles). With respect to
height percentiles, the 25 percentiles for T1-T5 at plantation age 5 years were shorter than
the 10 percentiles, and the 50 percentiles were shorter than the 25 percentiles for all regimes
but T4. At plantation age 8 years, the 50 percentiles for all treatment regimes including the
control were shorter than the 25 percentiles. At plantation age 12 years, the 25 height
percentiles for all SR regimes including the untreated control were shorter than the 10
percentiles and the 90 height percentiles were shorter than the 75 height percentiles. Similar
declines in successive DBH percentiles were observed at plantation age 5 years for the 90
percentile relative to the 75 percentile, at plantation age 8 years for the 75 percentile relative
to the 50 percentile, and at plantation age 12 years for the 25 percentile relative to the 10
percentile.

139
In standard quantile regression, crossing quantiles can occur for different reasons
if no specific constraints are included (e.g. small sample size, model misspecification, and
others) because parameter estimation for each percentile is performed independently.
Lqmm, fits a model for conditional quantiles (i.e., conditional on the random effect) where
estimation is carried out so conditional residuals are treated as residuals of a standard
quantile regression for independent data (Geraci, personal communication, August 13th,
2020).
Additionally, Geraci and Bottai (2014) evaluated their proposed method to estimate
the empirical best linear predictors (eBLP) by regressing lqmm eBLP’s obtained at
different percentiles (from 0.01 to 0.99 by 0.01), against the empirical best unbiased linear
predictors (eBLUP) obtained from fitting the same model using linear mixed model
(Pinheiro and Bates, 2000). The level of agreement reported was strong at the center of the
distribution, but it decreased toward the extremes of the distribution, with the slope of the
linear regression was close to 0.8. Finally, they found that at large values of the intraclass
correlation coefficient (ICC), i.e., a large proportion of total variation due to between sites
variation, the lqmm model showed good agreement with eBLUP’s but under low ICC
conditions, i.e., a large proportion of total variation due to between sites variation, the
relation among them was weak. The authors concluded that a new predictor for random
effects on the framework of mixed quantile regression was necessary.
In the CPT analysis, the average ICC was 17.0% and 27.4% for DBH and height
respectively, with wide variation in the ICC estimates for different percentiles at the same
age. For instance, for the 50th DBH percentile at age 12, the ICC was 62.9%, but at the 75th
percentile, it was 2.1%. These wide variations of ICC within a given age associated with
systematic problem that the lqmm model has with appropriately estimating BLP’s under
the condition of low ICC values, the nature of lqmm conditional estimation on random
effects, and the lack of an explicit constraint to avoid crossing quantiles during the
estimation of the vector 𝛃(𝜃) of Eq. [3], were considered the main causes for observing
some marginal crossing quantiles and no conditional crossing quantiles as noted in
previous paragraphs.
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Different approaches were proposed to handle crossing quantile issues: postprocessing, sequential estimation, simultaneous estimation (e.g.: He, 1997; Cannon, 2018),
however, in the context of quantile mixed modeling not many references address the theory
or potential approaches for addressing this issue, to the author’s knowledge. Jointlyquantile mixed models can avoid the quantile crossing issue and even though its theory has
been recently developed, it has not yet been widely implemented (Tian et al., 2016; Jang
and Wang, 2015). Finally, another important consideration is that the random effect
prediction theory in the context of quantile regression requires further development, so
remains an open area of research (e.g., Geraci, 2019).
Regarding the second desirable property of the change in specific quantiles over
time within a plot or treatment, possible causes of departure from this expectation must be
considered. One obvious cause would be density independent mortality that would cause
loss of larger trees and corresponding reduction in large-end height and DBH percentiles.
A similar mortality pattern in trees between two initial percentiles could likewise cause
erratic behavior in the portion of the size distribution affected. In short, the change in
quantiles over time can be considered a pure growth effect only in the absence of mortality.
At the other extreme beyond any mortality at all, it becomes difficult to conceive of a
mechanism that might cause percentiles to decline. Under suppression or poor growing
conditions, it is not hard to imagine that some of the small-end percentiles become
stationary for a growth period or two, but otherwise without mortality, the trees would have
to shrink. Some shrinkage in DBH can be observed just before a tree dies. Likewise, top
damage is quite common in Douglas-fir and other species, so a high frequency of this
disturbance driven by wind or wet snow or both would be one other probably cause for a
reduction in a given percentile over time.
When comparing the trend of SR effects in relative terms across different
percentiles through time, it was possible to observe a larger reduction in the positive effect
on cumulative height growth on lower height percentiles than on upper ones as trees aged.
For instance, the effect of applying five SRs in the T5 regime versus no SRs in the control
produced on average a 40% taller 10th percentile at plantation age 5 years, but only 23%
taller trees at plantation age 12 years on the same percentile (Fig. 4.8a). On the other hand,
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for the 90th percentile applying five SR produce a relative constant effect having ~15%
larger tree heights than the control from plantation ages 5 through 12 years. Two drivers
are important for interpreting the trends in relative response to SRs. First, at a fixed absolute
response, the relative response would continue to decline because the response is a smaller
percentage of the larger cumulative growth of the tree. In the case of the T5 regime, the
absolute responses generally continued to increase from plantation age 5 through 12 years,
even though cumulative tree growth was increasing. Therefore, the decline in relative
response SR’s was expected. Second, the SR treatments were designed for application
during only the first five years after planting. The responses measured from plantation age
5 to 12 years therefore reflect in part the termination of SR treatments; however, trees in
the T5 regime probably have overtopped most of the competing vegetation so would
benefit less from SR that younger plantations, particular given that they have received 5
years of SRs starting immediately after planting.
For DBH it was also possible to observe a downward trend from plantation age 5
years to 12 years in the relative height response to SR treatments, but with some important
differences. First, the magnitude of the effects was much larger on DBH than on height
across all the percentiles, and secondly, the reduction in response across the different
percentiles as trees aged was more uniform than was the case for height, except at the 10th
quantile from age 5 to 8 (Fig. 4.8b). As with height, absolute responses to the T5 regime
continued to increase from plantation age 5 to 12 years, but the DBHs (cumulative DBH
growth) also continue to increase with each successive year. Again, this 7-yr period also
started the year that SR treatments were terminated after five continuous years.
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Figure 4.8. Example of relative treatment effect of applying 5 spring releases (SRs)
compared to the control treatment with no spring releases on the response of height
percentiles (panel A) and DBH percentiles (panel B). Implied effects on size distributions
are indicated by relative increases of three different percentiles: 10, 50 and 90, at three
different ages: 5, 8 and 12. Labels in each point represent the absolute treatment effect, all
of them significantly different from the control (α=0.05) except for the 90th height
percentile at plantation age 5 years (see Tables 4.3 and 4.4).
4.3.1.3 Assessing the model goodness of fit for the CPT data
Since quantile regression is a semi-parametric method and there was no strict
assumption on the distribution of the error term and variable, it was somewhat difficult to
assess or perform diagnostics on how well the models fit the data. However, it was
possible to represent the observed distributions and percentiles at each treatment level for
the CPT dataset and plot them against the predicted percentiles at each age.
To illustrate that comparison, observed tree height distributions by site and
treatment along with different percentiles at age 12 years, were plotted with the
corresponding predicted percentiles for each treatment (Fig. 4.9). Overall, the heights for
the five percentiles predicted by the model followed the observed percentiles for a given
treatment regime in each site reasonably well.
However, for some percentiles the fit was better than for others and generally the
extremes were worse represented. In particular, the 10th percentile was poorly described by
the model, probably because the SR treatment regimes produced differential effects
depending on the site (i.e., an interaction between the random site effect and fixed effect
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of the SR regime). This interaction was not considered in the model specification and was
probably not modeled well by combined effects of the nature of the loss function (Eq. [1])
and the characteristic long tail to the left or small end of the height distributions.
Finally, an important consideration represented on Eq. [3] that became evident on
figure 4.9 is the fact that plots of a given treatment at each site were aggregated to generate
the empirical distribution represented on each violin of the figure. One of the risks that this
simplification presents is that the aggregated distribution may not represent the real
treatment condition. However, the aggregation at a plot level was considered necessary
since the sample size of each plot was too small (e.g.: approximately 30 trees per plot at
age 12) for this type of analysis where five statistics (quantiles) needed to be estimated
from the sample data.
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Figure 4.9. Kernel density (violin plots) of the observed height percentiles at CPT01 (Blodgett) and CPT02 (Sweet Home) sites at
plantation age 12 years by SR treatment regime. In each panel different empirical percentiles (10th, 25th, 50th, 75th, and 90th) are
represented inside each violin with a line, and the model predicted percentiles are represented with a thick dark line that crosses the
boundaries of the violin.
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4.3.2

Linear quantile mixed model for full data set (all sites) at ages 0, 5, 8, 12, 15, 20
The analysis was extended to the full data set (Table 4.1) with study site as a random

effect on the intercept and plantation age extended out to 15 and 20 years to accommodate
some sites with measurements at these ages. Incorporating these plantation ages was key
to quantify the long-term effects of different SR treatment regimes on height and DBH
distribution so that tree lists could be generated accurately at these ages (when so desired
under relatively unusual situations). Methodological limitations to extending the analysis
to the whole dataset were discussed in the methods section. The fixed effects of the SR
regimes on tree height and DBH percentiles are depicted in Tables 4.5 and 4.6.
The absolute effect of any SR regime on a given height or DBH percentile relative
to the untreated control increased over time through plantation age 12 years, consistently
with the CPT sites. However, after plantation age 12 years the magnitude of the treatment
effects became notably smaller (plantations ages 15 and 20) for both DBH and height
(Tables 4.5 and 4.6), particularly on the lower percentiles of height. This result may be
confounded by the smaller number of studies measured at older ages. Only Fall River,
HERB1 and Molalla were measured at plantations age 15 years, and only Fall River and
HERB1 at plantation age 20 years. Nevertheless, after fitting separate models for these
sites at plantation ages 5, 8, 10/12, 15, and 20 years, the trend in effects of the respective
SR regimes over time at each site followed a similar pattern to that of the whole dataset.
Specifically, a consistent reduction in absolute effects of the SR treatment regime was
observed for both height and DBH as plantations aged beyond 10-12 years (see Appendices
4-6 and Fall River vs. Molalla discussion below).
Comparing the effect of SR regime on percentiles for height distribution, the
tendency for a greater effect on the lower 10th than on the upper 90th percentile agreed with
the responses at CPT sites in both relative and absolute terms throughout plantation age 12
years (Table 4.5). However, after the larger declines in absolute SR effects on the lower
tail than on the upper tail observed at plantation ages 15 and 20 years, the clear trend of SR
effects on different portions of the height distribution disappeared.
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A plausible explanation for this response of height to SR regimes may be related to
changes in competition during and after canopy closure. Shorter trees that received some
relief from interspecific competition after intensive SR treatments at earlier stages may
have started to face intraspecific competition once the canopy closed. This renewed
competition (even though intra-specific) could have drastically reduced their growth rates
to the extent that their cumulative height growth became comparable to shorter trees
exposed to high levels of inter-specific competition at earlier ages. Conversely, short trees
growing under intensive interspecific competition from early stages may have finally
overcome the interspecific competition and accelerated height growth to close the gap with
short trees in plots receiving intensive SR treatments.
Finally, another potential explanation may be an increase in mortality rate of shorter
trees exposed to high intraspecific competition from earlier stages. However, most of
previous publications on the same studies as in this work, reported no significant
differences in mortality rate among SR treatments (e.g. Harrington et al., 2020; Holub et
al., 2013; Rose et al., Ketchum, 2006). These results were consistent with the mortality
model developed for ponderosa pine stands by Wagner et al. (1989), who stated that the
first tree response to increasing the percentage of vegetation cover at a given age was a
reduction in growth, with mortality remaining quite low until much higher levels of
interspecific competition severely affected the tree growth and vigor.
The effects of interspecific competition between Douglas-fir seedlings and other
lifeforms, particularly shrubs, during the first five years after planting on height growth
have been reported to be size asymmetric, i.e., taller trees grow proportionally more than
shorter trees in absence of intraspecific competitors, from very earlier stages of stand
development (Wagner and Radosevich, 1998). This pattern was the result of trees height
growth responding primarily to light availability. In this same study, interspecific
competition produced a size symmetric effect on basal area growth. The authors found that
herbaceous competition was the most important vegetation life form affecting basal area
growth, and its effect reflected below-ground competition for water and nutrients.
Both results described above aligned with the differential response to intensive
control of competing vegetation found in this quantile regression analysis that described
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the response of implied DBH and height distributions to SRs during the first decade of
stand development.

Table 4.5. Fixed effects estimated (in meters) from linear quantile mixed regression for
the response of the five height percentiles to each SR regime at six plantation ages using
the full data set described in Table 4.1.
Percentile 10

Percentile 25

Percentile 50

Percentile 75

Percentile 90

Control
T1

2.953
0.168

2.695
0.273

3.109
0.148

3.290
-0.040

2.880
0.020

T2

0.327

0.433

0.435

0.310

0.470

T3
T4

0.497
0.335

0.545
0.445

0.461
0.480

0.251
0.322

0.515
0.540

T5

0.794

0.495

0.513

0.700

0.582

Control

5.246

5.478

6.200

5.947

5.849

T1

0.445

0.370

0.360

0.271

0.477

T2
T3
T4

0.702
0.932
0.592

0.643
0.782
0.744

0.668
0.731
0.769

0.658
0.596
0.661

0.851
0.430
0.451

T5

1.242

0.722

0.600

0.700

0.700

Control
T1

8.323
0.937

9.355
0.790

9.663
0.637

9.583
0.500

11.230
0.470

T2

0.640

0.850

0.877

0.857

1.030

T3
T4

2.375
2.290

1.699
2.000

1.461
1.737

1.200
1.500

1.270
1.570

T5

2.390

1.845

1.837

1.600

1.370

Control
T1

15.259
0.702

12.200
1.000

13.300
0.800

12.854
1.096

13.600
1.222

T2
T4
T5

0.441
0.268
0.502

0.500
0.315
0.400

0.600
0.365
0.400

0.892
0.193
0.300

0.960
0.140
0.262

Control
T1

17.594
0.470

17.699
0.700

18.094
0.608

19.300
0.667

17.517
0.688

T2
T5

0.150
0.500

0.190
0.600

0.306
0.406

0.500
0.400

0.400
0.302

Age 5

Age 8

Age 12

Age 15

Age 20
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Table 4.6. Fixed effects estimated (in centimeters) from linear quantile mixed regression
for the response of five DBH percentiles to each SR regime at six plantation ages using the
full data set described in Table 4.1.

Percentile
10

Percentile 25

Percentile 50

Percentile 75

Control
T1
T2
T3
T4

2.280
0.418
0.565
0.767
0.512

3.000
-0.026
0.400
0.600
0.700

3.201
-0.101
0.437
0.617
0.915

2.498
-0.203
0.502
0.700
0.900

2.959
-0.109
0.478
0.491
0.991

T5

1.517

1.476

1.399

1.400

1.391

Control
T1

7.479
0.454

7.014
0.466

7.400
0.110

8.100
0.000

7.902
0.245

T2
T3
T4
T5

1.052
1.958
1.810
2.352

1.131
1.600
1.574
1.786

1.000
1.125
1.700
1.773

1.191
1.425
1.635
1.717

1.307
0.825
1.318
1.825

10.488
0.869
1.469
3.162
4.369
4.453

12.608
0.629
1.229
2.329
3.229
3.428

13.402
0.325
1.101
2.181
3.143
3.400

14.085
0.493
1.315
2.315
3.015
3.215

12.560
0.289
1.390
2.459
2.989
3.589

15.178
1.590
1.599
0.316
0.600

18.273
1.200
0.695
0.772
0.798

16.351
0.654
0.453
0.999
1.049

15.800
1.070
1.318
0.801
0.358

15.477
1.174
1.474
1.293
0.300

17.759
1.205
1.508
0.205

18.929
1.700
1.001
0.100

19.200
1.002
0.786
0.300

22.397
0.406
0.701
0.003

21.980
0.151
0.351
0.100

Percentile 90

Age 5

Age 8

Age 12
Control
T1
T2
T3
T4
T5
Age 15
Control
T1
T2
T4
T5
Age 20
Control
T1
T2
T5

4.3.3 Interaction between SR effects and sites quality on different portions of the DBH and
height size distributions
Knowe et al. (1992) reported important differences in the effects of competing
vegetation control on DBH distributions among sites of differing quality. Their results
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showed greater effects of SR on the upper part of the DBH distribution on sites of poor
quality and marginal effects on the lower portion of the DBH distribution. In contrast, on
sites of higher quality SR treatments shifted the whole DBH distribution upward, similar
to what was found by quantile regression for the group of studies in this analysis.
Relative to Knowe et al.’s (1992) observations, all the CPT Study sites were
estimated to have a relatively high site index, i.e., all within King’s (1966) site class I (site
index 40-50 m at 50 years breast height age). When extending the analysis to the whole
dataset (Table 1), most of study sites still fell into site classes I or high II (site index 38-50
m), although some study sites, e.g., Marcola from HERB1 and the Molalla LTSP Affiliate,
represented sites of slightly poorer quality than the average (middle to lower range of site
class II; ~35-37 m at 50 years breast height age) and were included in the data up through
plantation ages 15 and 20, respectively. An analysis was therefore explored with King’s
site class as a covariate interacting with SR regime to test if differential SR responses
among percentiles of the DBH distribution were associated with sites of different quality;
the model was specified without random effects, however it did not converge. Therefore,
separate models were fitted to Fall River and Molalla, study sites exhibiting the most
extreme contrast in site index (42 and 36 m, respectively, at 50 years breast height age;
King, 1966), results did not indicate a clear pattern of any interaction effects of SR regime
and site quality on percentiles of the DBH distribution (Fig. 4.10). However, at young ages
at both sites the effect of SR regime was greater on the upper portion of the distribution
than on the lower portion. This differential treatment effect on the upper end of the DBH
distribution emerged at both sites and persisted to plantation age 10 years, as did treatment
effects on the other four percentiles of the distribution. The magnitude of treatment effects
on DBH percentiles had started to diminish at both sites at older ages but was still
significant at plantation age 15 years.
By plantation age 20 years at Fall River, most of the quantiles of DBH and height
on plots receiving a SR regime showed no statistically significant differences from those
of untreated controls (Appendix 4 and 6). Regardless, differences that ranged from 2.5%
to 0.4% and from 1.7% to 0.4%, for DBH and height respectively, were considered
silviculturally insignificant.

150
Harrington et al. (2020) reported 11%, 6% and 30% increase in mean DBH, height,
and volume, respectively, in response to application of 4 consecutive SRs relative to
untreated control plots at the Molalla study at plantation age 15 years. However, they did
not find differences among competing vegetation treatments on mortality, despite previous
results reported for plantation ages 5 and 10 years (Harrington and Schoenholtz, 2010;
Slesak et al., 2016). Finally, none of these mean stand attributes were significantly affected
by three alternative treatments for disposing of logging debris at age 15 years.
Although these results came from a relative extensive set of experiments in western
Oregon and Washington, caution should be exercised before generalizing to all types of
sites. Competition effects during early stand development stages (stand initiation) are more
complex than competition at the stand exclusion stage because many species with different
growth patterns are interacting (Oliver and Larson, 1996). For instance, at Matlock, a site
that received a very similar set of treatments as Molalla, the aggressive early colonization
of Scotch broom significantly reduced the survival of Douglas-fir seedlings, increasing the
magnitude of differences between the control and SR regimes in DBH, height and volume
as the stand became older (Harrington et al., 2020). Also, at this site, treatments for
controlling competing vegetation interacted with debris disposal treatments, in contrast to

Molalla

Fall River

a lack of interaction at Molalla.
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Figure 4.10. Percentiles of DBH distributions predicted at different ages from the SR
regimes implemented at the Molalla and Fall River studies (T5 or 5 SRs at Fall River and
T4 or 4 SRs at Molalla).
4.3.4 Non-linear quantile mixed model for CPT sites
As described in section 4.2.5 of the Materials and Methods, the nlqmm R function
was applied using a logistic growth curve to predict height and DBH percentiles at all three
sites of the CPT Study. The SR regimes were introduced as fixed effects in the model for
estimating the parameters of the logistic equation for each percentile, and site was
introduced as a random effect associated with the asymptote. Therefore, eighteen fixed
effects were obtained for each quantile, one for each of the six SR regimes on each of the
three logistic model parameters.
Non-linear models predicted some similarities to linear mixed models in the
response of height quantiles at various ages (Fig. 4.11). For instance, at plantation ages 5
and 8 years the differences between treatments became larger and the same three groups of
treatments observed in the lqmm models emerged again to some degree. Similarly, at
plantation age 12 years, the treatments groups were no longer distinct, with regimes T2 and
T3 showing a very similar effect on the height percentiles and implied height distributions
as regimes T4 and T5. Conversely, the response to regime T1 was smaller, but still diverged
markedly from the untreated control.
The overall magnitude of the treatment effects across ages and quantiles was the
same from both methods. Regime T5 had the greatest effect on tree height quantiles
compared with the control, followed very closely by T4. Regimes T3 and T2 had almost
the same effect on tree height quantiles but were larger than the effects of regime T1. Not
surprisingly, the control treatment with no SRs generally gave the shortest predicted height
quantiles at almost all ages at both sites.

CPT02

CPT01
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Figure 4.11. Height quantiles predicted by non-linear quantile mixed regression on data
from the Blodgett (CPT01) and Sweet Home (CPT02) CPT Study sites.
The non-linear (nlqmm) analysis of the effects of SR regime on DBH percentiles
further confirmed the main results reported from the linear analysis with lqmm described
above.
Finally, the logistic curves fitted to percentiles for height and DBH distributions
resulting from each SR regime were compared to the observed data for the pooled CPT
data (Figs. 4.12 and 4.13). The non-linear quantile regression simultaneously captured the
responses of size quantiles to SR regimes and confirmed the trends in height and DBH
quantiles over time in the CPT study. Competing vegetation control imposed larger effects
on the lower percentiles of the height distribution than on the upper percentiles, particularly
with increasing plantation age (first panel compared to the four others in Fig. 4.12).
Percentiles of the DBH distribution were very responsive to each successive increase in the
number of SRs, with the except of 1 SR (regime T1; all panels of Fig. 4.13). Likewise, the
order of the treatment effects remained generally unchanged for each percentile of the
distributions, and the absolute effect of the treatment regimes relative to the untreated
control generally increased as the plantations developed over time. Caution should be
exercised in extrapolating these curves to older ages, especially in absence of data from
older plantations that had received similar treatment regimes. The risk of under-predicting
the lower percentile and over-predicting the upper percentiles in response to SR regimes is
high (Figs. 4.12 and 4.13). Although, alternative non-linear models with greater flexibility
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may be included in the future, the current logistic curve produce a good representation for
these data.
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Figure 4.12. Predicted trends of height distribution percentiles over plantation age based on the logistic cumulative growth curve
fitted to five percentiles of the observed height distribution (10th, 25th, 50th, 75th and 90th) under six different vegetation release
regimes implemented in the CPT Study: T5, T4, T3, T2, T1 and untreated control. Dots represent the pooled CPT study data colored
by SR treatment
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Figure 4.13. Predicted trends of height distribution percentiles over plantation age based on the logistic cumulative growth curve
fitted to five percentiles of the observed DBH distribution (10th, 25th, 50th, 75th and 90th) under six different vegetation release regimes
implemented in the CPT Study: T5, T4, T3, T2, T1 and untreated control. Dots represent the observed pooled CPT study data colored
by SR treatment.
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4.3.5 Growth model implications
The short-to medium-lasting SR effects found in this work conformed to the Type
1 response to silvicultural treatments described by Snowdon (2002). The effects produced
by treatment regimes on height and DBH distribution percentiles were temporary during
the period of competing vegetation control but later did not conform to expected parallel
trajectories out to the end of the rotation, as would be typical for a Type 2 treatment effect;
however, SR treatments temporarily advanced the stand development stage. Comparison
of plots receiving various early SR regimes to untreated control plots showed converging
cumulative growth trajectories consistent with Snowdon’s (2002) Type I response in the
second decade of plantation development, rather than parallel lines. The SR regimes did
accelerate the establishment stage, probably the single most important stage in terms of
ensuring stand success, shortening the window of exposure to significant browsing damage
(Oliver and Larson, 1996) and ensuring compliance with reforestation requirements of the
Oregon Forest Practices Act.
The fact that SR effects were significantly different from 0 on the upper portion of
the height distribution during the first 10-12 years after planting implied that site quality
estimated from dominant height that benefited from competing vegetation control would
be inconsistent with site curves developed from naturally-regenerated stands or plantations
that received no or much less intensive competing vegetation control. The latter was almost
certainly the case for the curves developed by both King (1966) and Bruce (1981).
However, given the Type 1 response involving convergence of the 90th percentile, if site
index was estimated after plantation age 15 years then results from this study suggest that
the estimated site productivity would be more reliable. In an analysis of intensively
managed operational plots at plantation age 5 years, Mainwaring et al. (2018) found that
the average height of the 100 largest trees per hectare by DBH (top height) was positively
affected by competing vegetation control, resulting in top heights that were ~0.5 m (~20%)
taller for plots receiving 3 SR treatments.
From the tree list generation point of view, including the effects of SR regime on
both DBH and height distributions, as implied by the quantile regression results, is
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important not only to realistically represent young stand size structures, but also to improve
the ability of growth models to forecast realistic future structures. The effect of SR regimes
on growth and growth distribution among young trees within a given stand and implications
for individual-tree growth models is complicated by their effect on more direct covariates
such as sum of competing vegetation cover during that year as well as previous cumulative
effects in prior years (Mainwaring et al., 2017).
One potential approach to incorporate the effects of SR treatments on DBHs in
generated initial tree lists is to correct the estimated aggregate moments by the number of
SRs received before solving for the parameters of the tree size distribution, in cases where
the moment recovery method is used (see chapter 2 of this dissertation for methods
description). Alternatively, percentile-based recovery methods (Bailey et al., 1989) can be
directly applied if other important covariates are considered in quantile regression models
developed for that purpose. The percentile recovery method has a relative advantage over
the moment recovery method by accounting for differential treatment effects on different
portions of the size distributions, allowing for a greater deterministic component to any
tree list generation algorithm. Toward this advantage, the relatively larger effect of SRs on
shorter height percentiles found in this work could be easily represented in a tree list
generation algorithm. Finally, an alternative and more flexible non-parametric approach
may be possible by generating a continuous distribution function by connecting the
predicted quantiles using linear interpolation or other readily available methods (e.g.
splines) that ensure smoothness on the quantile predictions.

4.4

Conclusions
Linear quantile mixed models (lqmm in R) proved to be an adequate methodology

to obtain a more complete picture of treatment effects of various SR regimes on different
portions of tree height and DBH distributions at specific ages. Traditional regression
methods would not have captured these impacts on height and diameter distributions
because they focus predominantly on conditional mean responses. The non-linear quantile
mixed regression models were fitted with a package (nlqrmm) that was still under active
development at the time of this analysis, but preliminary results were consistent with
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lqrmm regarding the effect of treatments on different portions of the height distribution.
The non-linear quantile modeling offered the advantage of percentile responses that
increase non-linearly over time.
The results observed on the CPT sites aligned with the results obtained using the
whole dataset during the first 12 years after planting. The effect of SR regimes were
consistently larger on the lower portion of the tree height distribution than on the higher
portion, indicating that SRs were more critical for promoting growth of smaller Douglasfir trees due to interspecific competition from herbaceous, shrub and even young hardwood
vegetation. For taller trees at a given age, effects of early competing vegetation control
persisted but reached a smaller absolute magnitude than the effects on the shorter end of
the height distribution. Regardless, increasing the number of SR treatments produced a
homogeneous upward shift of the whole DBH distribution in the CPT plots and in plots
included in the full dataset during the first 12 years of plantation development.
Effects of competing vegetation treatments were substantially smaller at plantations
ages 15 and 20 years compared to younger ages (5, 8, 12) years for both DBH and height,
not following the trend of increasing effects observed up to plantation age 12 years on the
CPT study sites. This temporal trend was particularly relevant for the lower percentiles of
the height distribution. Together these results indicated that not only the specific portion of
the distribution was differentially affected by the treatments, but the effect also changed
with the stand development stage, highlighting the importance of assessing long-term
responses to treatments and avoiding potentially misleading extrapolations to older ages or
even to rotation age. In the present context, the results underscored the importance of
considering the vegetation management history when generating initial tree lists to initiate
growth models for bare ground or for young stands lacking any tree measurements. The
bivariate distribution of individual tree heights and DBHs is an important consideration in
obtaining model projections of realistic future stand structures (Chapter 3 of this
dissertation).
Finally, no clear interaction between the number of competing vegetation
treatments and site quality was detected with respect to their effects on different portions
of height and DBH distributions. However, the range in site quality was quite narrow
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among the available studies and was heavily weighted toward inherently more productive
sites, so the apparent absence of an interaction between competing vegetation control and
site quality demands further testing.
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5. Chapter 5: General Conclusion
The overall goal of this dissertation was to improve the ability of individual tree
growth and yield models to generate tree lists to initiate simulations in a manner that
ensures that initial and simulated tree size distributions accurately represent observed stand
structures of young, intensively managed Douglas-fir plantations. Tree list generation
focused on the first decade after planting, but the second decade after planting was also
investigated with regard to validating the ability of the growth model to reproduce observed
stand structures, as well as to evaluating the relative sensitivity of simulated stand
dynamics to successively increasing age at which the simulations are initiated. Several
alternatives to introducing stochastic variability around both fitted smooth size
distributions and deterministic annual growth predictions were evaluated by their effects
on simulated future stand structures relative to the observed future stand structures.
Because in many cases models users want to generated tree lists for plantation ages up to
10-15 years, pursuit of the main goal also required assessing the effects of early
silvicultural treatments, such as site preparation, seedling stock type, and spring release
from competing vegetation, on stand structures and implied tree lists during the first two
decades after planting.
A set of preliminary hypotheses illustrate the motivation for research on the ability
of current PNW growth and yield models to predict realistic future stand structures at
reference ages of 15-20 years. These hypotheses included: (1) Initial tree lists from
measured trees in young plantations or lists generated from smooth theoretical distributions
result excessively homogeneous tree sizes that cannot produce realistic stand structures
when simulated out to specific reference ages; (2) Current approaches to introducing size
variability, e.g., tripling, do not significantly improve the problem of insufficient variability
in generated or simulated tree size distributions; (3) Adding stochasticity around smoothed
size distributions fitted to empirical data better represent seedling size variability in the
initial tree list and can make the simulated stand structures closer to observed lists at
plantation ages of 15-20 years; (4) Incorporating stochasticity around deterministic
predictions of annual tree growth at young plantations ages is necessary to match observed
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future variability as observed in measured plantations at older ages. The key hypotheses
related to consideration of past history of silvicultural treatments when generating trees
lists included: (5) Spring release (SR) treatments and treatment regimes impose predictable
effects on tree size distribution in young plantations relative to untreated controls for
several years until the direct treatment effect disappears and indirect effects maintain or
decrease slightly; and (6) Spring release treatments produce an upward shift in tree size
distribution with the magnitude of the shift associated with the intensity (duration) of the
SR regime.
The specific objectives of this dissertation were to: (1) develop a methodology to
generate initial tree size distributions at different plantation ages; (2) quantify the effect of
starting from different initial conditions on future stand structures; (3) propose and assess
new methodologies to better describe current and simulate future tree size variability in
young intensively managed plantations; and (4) assess and model the effects of different
histories of past competing vegetation control on different portions of the tree size
distributions and on changes in these effects with increasing plantation age.
Chapter 2 addressed how to accurately represent initial tree height distributions at
different ages focusing on seedlings fresh from the nursery and planted, but not yet through
their first growing season on site (plantation age 0 years). The literature on modeling young
tree size distributions indicated that the parametric approach of using the Weibull
probability density function (pdf) to represent tree size distribution has been one of the
most popular approaches in growth models, generally yielding results that were as good as
or superior to other contenders. In order to accurately represent the impact of nursery
specifications on seedling size distributions in 0-yr-old plantations, it was decided to
truncate the tree height distributions on both sides. Statistical tests corroborated that the
double-truncated Weibull for young stands (<5 yrs) and the standard Weibull for older
plantations (≥5 years) were appropriate choices to represent the height distributions.
Comparing the Weibull fits to the data, wide variability around the smoothed distribution
highlighted the relevance of incorporating stochastic variation around these smoothed size
distributions to better represent initial conditions. Two methods for introducing different
degree of variation around the smooth Weibull distributions were implemented and results
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were compared to the empirical variation around the smoothed distributions using the
Reynolds error index at different ages. Both methods performed well, but the efficacy of
the first method (random draw from the Weibull) was sensitive to the number of random
draws obtained from the theoretical fitted distributions. The second method started with a
tree list containing expansion factors based on the smooth fitted Weibull pdf and observed
trees per hectare, then imposed variation on expansion factors by adding random draws
from a Normal distribution with mean of zero and a range of different standard deviations.
This second method, not surprisingly, was sensitive to the size of the standard deviation
applied. Based on these results, six initial conditions (generated tree lists) for five initial
plantation ages (i.e., 0, 5, 8, 12, 15 ages) were selected for simulation in the CIPSANON
growth model.
Chapter 3 assessed the influence of these different initial starting conditions on the
future stand structures simulated by CIPSANON up to plantation age 20 years and
compared them with the observed structures at that age on the same plots, as well as an
independent dataset from the Douglas-fir region. Unfortunately, none of the approaches to
representing size variation at plantation age 0 years were sufficient to initiate simulations
that successfully reproduced the process of tree size differentiation and final size class
structure at older ages.
However, initiation of CIPSANON simulations with measured or generated data at
plantation age 5 years or older allowed the simulations to track observed differentiation
patterns closer, indicating that simulations during the first five years after planting were
critical to improving model performance. The key step in the simulations was to introduce
stochasticity into the deterministic growth predictions during these first five initial years of
plantation development and thereby generate a more realistic level of variability observed
in repeatedly measured stands. Specifically, the CIPSANON height growth model was
refitted to the portion of the dataset containing first five years of plantation growth,
assuming different characterizations of the residuals in terms of the variability around the
model and various autocorrelation structures. The best variance-covariance structure was
then used later to reincorporate variation around the regional deterministic height growth
predictions. These methods dramatically improved simulated height structures at plantation
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ages 15-20 years. Among the proposed variance-covariance structures used to generate the
stochasticity, incorporating residual variance that was proportional to initial tree height
yielded a combination of both accurate and parsimony results (Occam’s parsimony
principle) in terms of: (a) enhancing the capabilities of CIPSANON to reproduce observed
height variability at older ages; (b) more realistically representing changes in the rank by
size during the first years after planting; and (c) better representing the observed DBH size
distribution, to a large extent by correcting the bimodality generated by the current routine
for imputing individual tree DBH as it the tree height grew past breast height (1.37 m).
Chapter 4 analyzed the relevance of previous silvicultural treatments, in particular,
the impact of the number of SRs received by a given stand on DBH and height size
distributions at different ages. Increasing the number of SRs produced a shift upward of
the whole DBH distribution, and the magnitude of this shift was proportional to the number
of SRs received. During the first decade, the effects of SR regimes on DBH tended to
increase with increasing time since treatment; however, after plantation age 10-12 years
the trend started to reverse; i.e., the effect of SR treatments declined with further time since
treatment, causing a convergence in percentiles and the implied DBH distribution to the
extent of becoming biologically modest by plantation age 20 years. Height followed the
same general trend over time, but with some nuances: (1) the overall magnitude of SR
treatment effects were smaller for height than for DBH; and (2) at young ages, the largest
response to SRs appeared in the shorter portion of the height distribution (left tail; taller 10
and 25 percentiles) rather than across the entire distribution as for DBH (increase in all
percentiles). These results highlighted the relevance of quantifying the silvicultural effects
on all portions of the size distribution, not just at the conditional mean, and the importance
of assessing long-term responses to treatments to avoid biases in generated tree list and
making misleading extrapolations during simulation of individual tree growth to older ages
or even to rotation age.
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5.1 Future Research
Forest growth and yield model development and model refinement continue as an
active and important facet of forest operations and research. Based on results documented
in Chapters 2-4 of this dissertation, the following areas were identified as high priorities
for future research: (1) assessment of interactions between initial tree size variability and
observed tree growth to achieve more representative simulations of size variation at various
spatial scales through time (plot/stand/study); (2) investigation of the impact on mortality
of introducing random noise around height predictions during simulations of whole
rotations, and the degree to which simulated mortality can be validated with observed on
research plots, including both magnitude and distribution of mortality among tree size
classes; (3) development of a methodology to partition variance components of height
growth between measurement error and stochastic variability among trees with identical
initial conditions, and corresponding adjustment of within-plot noise reintroduced around
fitted height growth curves (i.e., measurement error must be removed from estimates of
growth variation and not enter into measures of height structural diversity structure at the
plot level; (4) extension of the current analysis to operational plantations where sources of
between-tree variability are not as tightly controlled as on research plots, and to include a
wider range of planting densities to assess the interaction between initial stand density and
the variability in periodic and cumulative growth of individual trees, given that planting
density is one of the most relevant silvicultural decisions to many aspects of forest
management; (5) economic assessment of implications of simulating greater growth
variability, greater tree size differentiation, wider size distributions and presumably higher
mortality rates over the entire rotation; (6) evaluation of the effect of incorporating
stochasticity into other components of growth models, either as an alternative to imposing
it on height or as a complement, with the objective of better representing the intrinsic
variation in growth and size distributions (e.g., when imputing DBH from height consider
the variability around the DBH-HT curve); (7) explore other alternatives to adding
variability around the regression equations, with a potential deterministic option like using
quantile regression (see Chapter 4)- or lumping trees into regularly-spaced size bins and
using a multinomial distribution to model the probability of occurrence in each bin at early
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stand development stages; and (8) extension of the current analysis of the impact of
different SR treatments on different portions of the size distributions to CIPSANON
growth simulations, and assess if the results found in Chapter 4 are accurately represented
in the model, with subsequent refinement of growth predictions if not.
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7. Appendices
7.1 Appendix A
Appendix A corresponds to Appendices for Chapter 2.

Figure A.1. Skewness and kurtosis space of common distributions applied in forestry
superimposed on the combined skewness and kurtosis of height distributions from all
individual plots in the analysis dataset (Table 2.1). Note that skew is raised to the power
2, making all the coefficients positive. Although neither the gamma nor lognormal can
accommodate negative skewness, the Weibull can be applied to describe distributions with
a long negative tail.
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Figure A.2. Frequency histograms of plot-level Reynold’s error indices comparing height
frequencies implied by the smooth fitted Weibull distributions at plantation ages 0, 5 and
8 years (columns 1, 2 and 3, respectively) to corresponding frequencies in the empirical
distribution (row 1), and to frequencies generated from the smooth fitted Weibull
distributions divided into 30 height classes of equal width and then adding random noise,
δ, to expected tph in each class, assuming δ~N(0,σ2) with σ=13.59, 24.71, 37.04, and 49.42
(rows 2 through 6, respectively). The objective was to reproduce the degree of departures
of the empirical distribution from the smooth fitted distribution by introducing random
noise into the tph implied by the smooth fitted Weibull distributions divided into 30 height
classes of equal width. In each panel the average and standard deviation of the error index
for the set of plots at each plantation age and under each sample size are given in the upper
right corner. The graphs are divided by two studies Fall River and Critical Period
Thresholds (CPT).

Figure A.3. Number of plots planted with each stock type on each study included in the
analysis dataset. Styro 8, 15 and 60 represent different container sizes by approximate
cubic inches of rooting volume. Plug+1, represent seedlings started in containers and
finished in transplant beds. The first two numbers of the remaining stock types represent
the number of years the seedlings were grown in sowing beds and in transplant beds,
respectively, and the final letter indicates, if the seedlings were sorted before planting into
one of three size categories: S=small seedlings; M=medium seedlings; and L=large
seedlings.
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7.2 Appendix B
Appendix B corresponds to Appendices for Chapter 3.

Figure B.1. Number of plots in the analysis dataset by King’s (1966) site indices. Colors
represent different site classes.

Figure B.2. Examples of annually cumulating 50 individuals (black lines) containing five
years of Gaussian random values, centered at 0, constant variance of 1 and different
autoregressive parameter utilized to build the covariance matrices. The first row
represents noise generated for each individual in each growth period, and the second row
represents the cumulative noise from the first row. Cumulative individual trajectories
diverge depending on the magnitude of the autoregressive parameter (columns) utilized to
build the variance-covariance structure from which random numbers are generated (Note
differences in the scale of the Y-axis). The first column labeled “White” results from a
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strictly diagonal variance-covariance matrix with constant variance on the diagonals
(σ2I).

Figure B.3. Cumulative height growth of individual trees on a given plot as follows: Panel
A, observed annual tree heights; Panel B, deterministic CIPSANON simulations of
cumulative tree height growth; Panel C, simulated cumulative height growth with white
noise added in each growth period; Panel D, simulated cumulative height growth with
random noise assuming variances proportional to initial tree height; Panel E, simulated
cumulative height growth with random noise as in Panel E but also assuming an AR(1)
structure. Random noise was introduced by Approach 1 described in the caption for Fig.
3.9 and equations [1]and [2].
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Figure B.4. Example of DBH assignment impact on future DBH distribution (the same plot
of Fall River presented in Fig 3.2), when stochastic variation around deterministic
CIPSANON height growth is incorporated during the first five years after planting using
Approach 2 (Eq. [3]). The stochastic noise was generated by assuming variances in height
growth proportional to initial height for each annual growth period during the first five
years after planting. The following bar colors represent the year in which different group
of trees pass breast height: sky-blue - plantation age 2, blue - plantation age 3; black plantation age 4. Each panel represents a different projected plantation age indicated by
the label at the top. The value of the unimodality statistic (Eq. [12]) is presented on each
panel.
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Figure B.5. Plot average stand density trajectories simulated by CIPSANON during the
first 30 years after planting starting from different initial conditions at age 0. Empirical
column represents observed data and Theoretical column represents simulated trajectories
from an initial height distribution implied by truncated Weibull distributions fitted to the
observed data. The first row represents a plantation with initial spacing of 2.44/2.5-m and
the second row an initial spacing of 3.05-m. Average trajectories are grouped within each
combination of starting conditions and planting density for deterministic CIPSANON
predictions (CIPSANON) and three scenarios for imposing stochasticity (White, Weights
and AR(1)). Approach 2 was used to account for how this stochastic component was
incorporated into height growth predictions (see caption for Fig. 3.9 and equation [3]),
and the purely.
7.3 Appendix C
Appendix C corresponds to Appendices for Chapter 4.
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Figure C.1. Distribution of the number of plots measured in the dataset by King’s site
index.
Appendix C.2. Maximum likelihood-based approach to solve for parameters on mixed
quantile regression
Geraci and Bottai (2014) proposed a likelihood-based approach to estimate the
regression quantiles using Asymmetric Laplace (AL) density to solve equation [1].
A continuous random variable 𝑤 ∈ ℝ is said to follow an AL density with
parameters (𝜇, 𝜎, 𝜃), i.e., 𝑤 ∼ 𝐴𝐿(𝜇, 𝜎, 𝜃) if its density can be expressed as:
𝑝(𝑤|𝜇, 𝜎, 𝜃) =

𝜃(1 − 𝜃)
1
𝑒𝑥𝑝{− 𝜌𝜃 (𝑤 − 𝜇)}
𝜎
𝜎

where: 𝜇 ∈ ℝ is the location parameter, 𝜎 ∈ ℝ+ is the scale parameter, and 0 < 𝜃 < 1 is
the skewness parameter. Note that 𝜌𝜃 (. ) is the asymmetric absolute loss function
introduced in equation [2].
The location parameter 𝜇 is the 𝜃 𝑡ℎ quantile of 𝑤, and therefore for a fixed 𝜃, it is
convenient to estimate the 𝜃 𝑡ℎ regression quantile from the model presented on Eq. [3].
These authors also developed an approach based on Gauss-Hermite quadrature for
the approximate AL-based log-likelihood to estimate the parameters of interest and fit the
quantile regression models with random intercepts. This approach implied an assumption
of normal random effects, 𝑏𝑖 ∼ 𝑁(0, 𝛹𝜃 ) as is the case in the standard mixed models (i.e.,
𝑏𝑖 as described in Eq 3). The Nelder-Mead optimization algorithm was used in this
estimation approach. However, other options for random effect distributions that lead to
the Gauss–Laguerre quadrature method for evaluating the likelihood are available in the
lqmm package.
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Figure C.3. Observed 10th percentile at plantation age 0 years for each plot of each CPT
site (CPT01: Blodgett; CPT02: Sweet Home; and SS: Seaside) grouped by the number of
future Spring Releases. Triangles represent the average 10th percentile height for each
treatment in each site. Note that the shorter 10th percentile on the control treatment
observed at age 0 in Figure 4.3 is the result of one plot in each of CPT01 and CPT02
containing noticeably shorter trees.

Figure C.4. Percentiles of tree height distributions predicted from of the 5-yr SR treatment
regimes at Fall River for plantation ages 5, 8, 10, 15 and 20 years.
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HER01- Marcola

Figure C.5. Percentiles of tree height distributions predicted from the 2-yr SR treatment
regime and untreated control at the Marcola installation of HERB1 for plantation ages 5,
8, 10, 15, 20, and 24 years.
Table C.6. Marginal SR treatment effects on different percentiles of DBH and Height
distribution at plantation age 20 years at Fall River. Relative to the untreated control base
model, T5 parameter estimates indicated the response of DBH and Height percentiles to
five successive SRs (in cm and m, respectively).
Variable

DBH (cm)

Percentile

Treatment

Value

Std. Error

T value

p-value

10

Control

13.6

0.1934

70.31

<0.001

T5

0.3

0.2164

1.39

0.166

25

Control

16.2

0.2153

75.24

<0.001

T5

0.4

0.2271

1.76

0.078

50

Control

19.1

0.1722

110.92

<0.001

T5

0.4

0.1860

2.15

0.032

Control

22.1

0.1974

111.97

<0.001

T5

0.3

0.2075

1.45

0.148

Control

24.8

0.1692

146.54

<0.001

T5

0.1

0.1951

0.51

0.608

Control

15.6

0.0967

161.31

<0.001

T5

0.1

0.1107

0.90

0.366

25

Control

16.8

0.0718

234.07

<0.001

T5

0.3

0.0786

3.82

<0.001

50

Control

18.2

0.0718

253.66

<0.001

T5

0.3

0.0786

3.82

<0.001

75

Control

19.5

0.0897

217.35

<0.001

T5

0.2

0.0982

2.04

0.042

Control

20.6

0.0967

213.01

<0.001

T5

0.1

0.1020

0.98

0.327

75
90
10

Height (m)

90
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