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ABSTRACT

Spatial analysis is of primary importance in forestry. Many factors that affect tree
development have spatial components and can be sampled across geographic space.
Some examples of spatially structured factors that affect tree growth include soil
composition, water availability, and growing space. Our goals for this dissertation were
to test the efficacy of spatial analysis tools in a forestry setting and make
recommendations for their use. Reliable spatial analysis tools will lead to more effective
statistical testing and can lead to useful mapping of spatial patterns.

The data for this project is from simulated even aged loblolly pine stands (Pinus taeda
L.). These simulated stands are grown at regular spacing and we impose a range of
parameters on the stands to simulate many possible scenarios. In chapter 3 of this
dissertation we perform a sensitivity analysis to determine if our methods are suitable for
further research and applications. In chapter 4 we perform our analysis on more realistic
data generated by a spatially-explicit stand simulator, PTAEDA 4.1.

In chapter 3 we performed a statistical simulation of plantation stands without effects of
competition and mortality. We used redundancy analysis (RDA) to quantify spatial
variability, partial redundancy analysis (pRDA) to test for spatial dependence, and
spatially constrained cluster analysis to map soil productivity. Our results indicated that
RDA and pRDA are reliable methods and future evaluation is appropriate. The results
from the spatially constrained cluster analysis were less clear. The success or failure of
the clustering algorithm could not be disentangled from the success or failure of the
selection criterion used to predict the number of clusters. Further investigations should
address this concern.

In chapter 4 we used PTAEDA 4.1, a loblolly stand simulator, to simulate a range of site
conditions and produce data that we could use for analysis. The results showed that RDA
and pRDA were reliable methods and ready for the field. Spatially constrained cluster
analysis performed poorly when more realistic data was used and because of this further
use was uncertain . It was clear from the results that levels of variation and spatial pattern
complexity of microsites influenced the success rate of the methods. Both RDA and
pRDA were less successful with higher levels of variation in the data and with increased
spatial pattern complexity.

In chapter 5 we related the coefficient of variation from our simulations in (chapters 3
and 4) to two sets of real plot data, including a clonal set and open pollinated set. We then
implemented a spatial analysis of the real plot data. Our spatial analysis results of the two
comparable data sets were unaffected by genetic variability indicating that the primary
source of variability across plots appears to be soil, not genetic related.
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Preface

This Dissertation is organized under what is referred to as manuscript format. The
potential individual manuscripts make up chapters 3, 4, and 5. Dr. Burkhart and I plan to
submit these manuscripts for publication to Forest Science, Canadian Journal of Forest
Research, and/or Forest Ecology and Management journals. The manuscripts will be
revised and condensed before submission.
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Chapter 1

Introduction and Objectives

1.1 Introduction

A multitude of factors influence forest growth dynamics. The ability to
disentangle the singular effects of these factors from each other is often difficult and
requires careful investigation. Among the more prominent theoretically, but less studied
factors that influence growth dynamics, are spatial effects. Broadly, tree attributes are
spatially dependent if those attributes are correlated to spatial coordinates. Correlation
between tree structure and spatial location results in spatially recognizable patterns
(SRP’s). SRP’s occur because tree size becomes dependent on its location in space.
Stands with positive spatial correlation occur when trees of similar size tend to be near
each other. Conversely, negative spatial correlation occurs when trees of dissimilar size
tend to be near each other.

There is a complex interaction of variables that can cause SRP’s, specifically
interactions below ground which affect soil productivity. Oliver & Larson (1996) note
that variations in soil productivity cause variation in height-age growth trajectories. The
varying shapes of growth curves caused by soil characteristics lead to SRP’s and are
subject to spatial analysis. There are distinguishable patterns of soil productivity within
stands (Weber 1983), which through spatial analysis, could be mapped and the variability
quantified.

When evaluating site productivity for even-aged forests the site index concept —

that is average height of the trees that represent the dominant part of the canopy indexed



at a specified index age is commonly used (Burkhart & Tomé 2012, p. 131). The Site
curves for different site qualities are sometimes defined as being proportional at all ages,
resulting in what are commonly termed “anamorphic” site index curves. This assumption
of a common shape for all sites is not biologically reasonable as height growth
accumulates earlier on the better quality sites. When the shape of the height growth
pattern is allowed to vary by site quality the resulting site index curves are commonly
called “polymorphic” in the forestry literature (Burkhart & Tomé 2012, p. 138).

Spatial analysis can be a powerful tool used by practitioners and investigators.
Understanding spatial structures in data may allow for more accurate sampling through
stratification and more accurate statistical testing. Accurate estimation of microsites
(discontinuities in productivity within a site) has applications in precision silviculture and
forest health. More accurate statistical testing is possible with spatial analysis because
variation caused by spatial components is accounted for and not confounded with random
variation. Research conducted in this study used multivariate statistical methods to
quantify, test, and map spatial variability.

Redundancy analysis (RDA) is a multivariate statistical method used to explain,
among other things, the variance of a response matrix. Redundancy analysis quantifies
the variability explained by a set of variables. With RDA, one can perform variation
partitioning of the response variables into meaningful components such as pure spatial,
environmental, or chemical. Using a method called partial redundancy analysis, one
could test the significance of the individual components.

Partial redundancy analysis (pRDA) is a method used in multivariate analysis to

test the significance of a set of variables. The pRDA method tests the response variable Y



by the explanatory variables in X while in the presence of additional explanatory
variables called covariables (Legendre & Legendre 2012). In practical terms, this method
can test if tree structures and spatial location are linearly related while controlling for the
effects of the other.

Cluster analysis is the search for groups in data (Everitt et al. 2011). Trees
growing in the same microsites may develop similarly. This is because trees in the same
microsite will have similar resources. Burkhart and Tennent (1977) note that families of
polymorphic site index curves, which exhibit different shapes for varying site quality, are
generally preferred in forest modeling. This concept can be extended to microsites where
site quality refers to each microsite ranging microsites can have different curves within a
single stand.

Cluster analysis is a method used to discover these groups and map them.
Furthermore, external information about the study site can be used in the clustering
algorithm to facilitate solutions. Spatial constraints, for example, allow clusters to form
spatially contiguous groups on a landscape. Spatial constraints are useful for situations
were spatial proximity of neighbors is important or even necessary for interpretation.

There is a paucity of information regarding methods for capturing spatial
variability in forest at a plot level. Furthermore, many approaches fail to disentangle
confounding factors of variation, namely genetic, environmental, spatial, temporal, and
competition. Simulations offer a controlled way to test the efficacy of spatial

methodologies in forest settings and are a reasonable first step to real world applications.



1.2 Overall Research Objectives and Specific Research Questions

The goal of this dissertation is to test the efficacy of spatial analysis methods and
make recommendations on their use. These methods have potential for many applications
in forest science and forest management, but the efficacy for quantifying, testing, and
mapping spatial variability is not well evaluated and documented in forestry. Thus this
research progressed through three stages of increasing complexity. As an initial stage,
spatial patterns were specified and their varying levels of means and relative variability
for normal distributions without negative spatial correlation (due to intraspecific
competition) or gaps (due to mortality). These highly controlled simulations provided a
baseline of the effectiveness of methods of spatial dependence testing, quantifying spatial
variability, and identifying number of groups in the data and to which groups individuals
belong. From this point a distance-dependent stand simulator was employed to simulate
tree diameters and heights with intraspecific competition and tree mortality included.
These simulations were done for the same microsite spatial patterns as those specified for
subpopulations with specified properties, thus enabling an evaluation of loss of
discriminatory power with more realistic data. As a final step, the spatial methods chosen
for evaluation were applied to actual field data.

We hypothesize that soil productivity alters tree characteristics at fine scales and
that spatial analysis to characterize and map areas of alternating productivity will aid in
many future investigations by helping to better understand stand uniformity. This
dissertation examines the efficacy of multivariate spatial analysis and mapping through
the following specific analytical steps which imply a number of underlying hypothesis,

namely:



1)

2)

a.

Test spatial dependency with partial redundancy analysis, quantify
spatial variability with redundancy analysis, and map microsites with
cluster analysis.
Will the outcome of spatial dependence tests be affected by microsite
configuration, variability of diameter distributions, or relative size of
the average tree among microsites?
Does estimated spatial variability vary with microsite configuration,
variability of diameter distribution, or coefficient of variation of
average tree?
Can cluster analysis reliably estimate the correct number of groups in
simulated stands and do estimates vary with microsite configuration,
variability of diameter distributions, and relative size of the average
tree among microsites?
This part of the study will be carried out with simulated populations of
specified properties (i.e. without confounding effects of competition

and mortality). (chapter 3)

Test spatial dependency with partial redundancy analysis, quantify
spatial variability with redundancy analysis, and map microsites with
cluster analysis using a spatially-explicit simulator for planted stands of

loblolly pine (Pinus taeda L.).



3)

Will outcome of spatial dependence test be affected by microsite
configuration, stand age, and site index variability?
Will estimated spatial variability vary by microsite configuration,
stand age, and site index variability?
Will cluster analysis estimate the correct number of groups in each
stand and do the results vary with microsite configuration, site index
variability, and stand age?

This analysis will be carried out using a spatially —explicit loblolly pine

stand simulator PTAEDA 4.1. (chapter 4)

Conduct a spatial analysis of comparable sets of plot data from clonal
and open-pollinated sources using partial redundancy analysis to test
for spatial dependence, quantify spatial variability with redundancy
analysis, and map microsites with cluster analysis. The relevant
research questions are:

Without the confounding of genetic and microsite variability, will

spatial patterns in clonal plots be more identifiable?

Will field plots contain spatial dependence?

Will there be detectable spatial variability in the height and diameter

data?

Will cluster analysis adequately map spatial heterogeneity in tree

growth? (chapter 5).
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Chapter 2

Literature Review

Forestry data are commonly analyzed using ordinary least squares (Zhang et al.
2005). However, forestry data are often collected across space, which qualify them as
spatial data sets. Like other environmental data, forestry data may include space-
structured environmental phenomena that classical statistics cannot adequately study
(Legendre & Fortin 1989). For this reason, methods of spatial analysis should be applied
to account for the special nature of spatial data.

Modern modeling of tree growth remains overly simplified (Fox et al. 2001) and
many modelers have come to accept the large amounts of unexplained variability as
occupational hazards (Burkhart & Gregoire 1994). However, recent research has
demonstrated that incorporating unexplained variability (i.e. spatial and/or temporal
variability) into individual tree growth models is theoretically correct and produces more
realistic predictions of actual tree growth (Fox et al. 2001). Stochastic structures, such as
spatial dependencies, have largely been ignored in forest growth and yield modelling
(Fox et al. 2001), however, Burkhart and Gregoire (1994) note that stochastic structures
are prevalent in many applications of forest growth and yield models. In fact, Fox et al.
(2001) note that a clear reluctance exists on the part of practitioners of forest growth
modeling to characterize stochastic structures. The field of spatial modelling has
undergone rapid development in recent years (Liu & Burkhart 1994a), but forest
scientists have largely failed to incorporate these new developments, despite their

applicability to growth and yield modeling (Fox et al. 2001).



From a sampling perspective, trees are treated as individual sampling units and
are assumed to be independent of each other. This assumption is made to satisfy the
requirements needed to implement Ordinary Least Squares (OLS) which is the
predominate means of developing individual tree growth models (Fox et al. 2001).
Researchers have begun to realize that treating individual trees within a single stand as
independent is erroneous (Ford and Diggle 1981, Penttinen et al. 1992, Mateu et al.
1998). The presence of spatial dependence in the data violates the OLS assumption of
independence and results in biased estimates of parameters on standard errors (Legendre
& Fortin 1989).

Complications arise in defining a spatial stochastic structure for individual tree
models because of the confounding effects of microsites, genetics, and competition
(Matérn 1960, Liu & Burkhart 1994a, Liu & Burkhart 1994b). Furthermore, Magnussen
(1990) notes that complex patterns of spatial dependence change with stand development.
The complicated nature of spatial variability has created a focus on characterizing and
modeling spatial dependence rather than the explicit modeling of spatial dependence in
growth models (Fox et al. 2001). Procedures have been developed to diagnose spatial
autocorrelation (Liu & Burkhart 1994b) such that further analysis can be done to
characterize and model spatial dependence.

An important component of spatial regression modeling is accounting for spatial
autocorrelation in the model residuals (Anselin & Griffith 1988). Spatial autocorrelation
in the model residuals is a violation of the OLS independence assumption which directly
affects resulting statistics, will bias the estimation of parameter standard errors, and will

consequently cause misleading significance tests (Openshaw & Taylor 1979, Krimer



1980, Zhang et al. 2005, Meng et al. 2009). To identify spatial autocorrelation researchers
(i.e. Reed & Burkhart 1985, Liu & Burkhart 1994a, Zhang et al. 2005, Meng et al. 2009)
have used spatial indices to test the hypothesis of no spatial autocorrelation.

The most commonly used statistical techniques to detect spatial dependence such
as autocorrelation are Moran’s [, Geary’s C, and Getis’ G (Dale & Fortin 2002, Paez &
Scott 2005) and are present in forestry literature (e.g., Reed & Burkhart 1985, Kohl &
Gertner 1997, Meng et al. 2009) (Zhang et al. 2009). These indices have become popular
in research for describing the degree of spatial autocorrelation between locations (Anselin
1995, Paez and Scott 2005) and to test the null hypothesis of no spatial autocorrelation
(Fortin et al. 1989). Other researchers use the indices as a measure of model effectiveness
in dealing with the presence of spatial autocorrelation (e.g. Bullock & Burkhart 2005,
Zhang et al. 2005).

There are a number of different modeling techniques that can be used to account
for the spatial autocorrelations among data observations (Zhang et al. 2005). Some
examples of common modeling techniques that are used as spatial models are linear
mixed models, generalized additive models, geographically weighted least squares,
spatial lag models, spatial error model, and Durbin process models (Zhang et al. 2005,
Meng et al. 2009). These models can be useful in dealing with autocorrelation, but they
are not well suited for testing of spatial dependence and estimating spatial variability.
Redundancy analysis is well suited for these tasks. Redundancy analysis is also useful
when dealing with fine spatial scales. Borcard et al. (2004) found that through RDA one

can model spatial structures at all spatial scales that can be perceived by the data set.
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RDA can then be used to investigate environmental phenomena that happen at fine scales
such as microsite variations.

Discontinuities in soil productivity often happen at fine scales. The patches
formed by these discontinuities are called microsites in this report. These microsites
cause trees to grow along different height-age trajectories (Oliver & Larson 1996).
Polymorphism occurs when one microsite may favor rapid early growth and another may
favor rapid late growth (Oliver & Larson 1996). Unlike anamorphic differences where
curves develop proportionally to one another, polymorphic patterns imply that structural
differences may develop at different points in time and not necessarily be exhibited
evenly through time. Weber (1983) recognized that the height-age curves for sites with
varying microsite productivity could be polymorphic (i.e tree height-age trajectories are
among microsites are not proportional to each other). Carmean & Lenthall (1988) note
that polymorphic tree height growth patterns have been observed for forest trees growing
in areas of contrasting productivity. Burkhart & Tennent (1977) commented that families
of site index curves which exhibit different shapes for varying site quality are commonly
termed polymorphic. Oliver & Larson (1996) explain that trees on good microsites are
more likely to become dominant if they grow next to trees on poor microsites. This
phenomenon gives rise to spatially recognizable structures (patches), which may be
spatially analyzed (Borcard et al. 1992, Legendre 1993). The methods of canonical
ordination are well suited to analyze and account for spatial effects in environmental data.

Methods of canonical ordination belong to one of two general groups: symmetric
and asymmetric. The asymmetric group consists of methods that identify two types of

data sets, the response (Y) data set and the explanatory (X) data set. Types of asymmetric
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analysis include RDA, canonical correspondence analysis (CCA), and linear discriminant
analysis (LDA) (Legendre & Legendre 2012). Symmetric analysis, conversely, does not
distinguish between independent and dependent variables. Therefore, the two data sets
are considered Y; and Y,. Examples of these methods include canonical correlation
analysis (CCA), co-inertia analysis (ColA), and procrustes analysis (PrA) (Legendre &
Legendre 2012).

Ordination is also a common technique that is used widely by ecologists (Borcard
et al. 1992, Legendre & Legendre 2012). At its most basic, ordination is simply the
arrangement of units into some order (Goodall 1954). Bray & Curtis (1957) observed
that a rise in the use and application of ordination techniques began in the 1950°s. Work
such as Motyka et al. (1950), Curtis & McIntosh (1951), Brown & Curtis (1952), Vries
(1952), Webb (1954) and Poore (1955) began applying and developing quantitative
techniques for plant community classification.

Through the years ordination has been used in forestry as a useful tool in studying
the variance of some response, generally vegetation composition, across a landscape (see
citation Greig-Smith et al. 1967, Peet 1981, Lahti & Viisdnen 1987, Martel et al. 2007,
Grimaldi et al. 2014). Carleton et al. (1985) used canonical ordination techniques to
explain variance components of forest understory composition. Kolb and Diekmann
(2004) used RDA to assess the relative importance of habitat quality, habitat
configuration, and habitat continuity for the distribution of forest species. The authors
then followed the approach by Borcard et al. (1992) to test effects and partition the

variation.
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Borcard et al. (1992) proposed a new method, called variation partitioning, based
on ordination techniques. This method utilized preexisting methods of asymmetric
canonical analysis to partition the variation of a response data matrix into independent
components. Borcard et al. (1992) used RDA to partition the variation of Y among two
explanatory data sets (X and W) and partial RDA (pRDA) to test the significance of the
unique fraction of variation explained by the variables in X while controlling for
covariables in W.

Redundancy analysis is the investigation of explained variance (Gittins 1985,
Legendre & Legendre 2012). Rao (1964) was the first to describe RDA and it was later
rediscovered and presented by van den Wollenberg (1977). Since then, RDA has been
applied widely in many different aspects of ecology (Peres-Neto et al. 2006). The search
for causes of spatially recognizable structures is of great importance to environmental
scientists and RDA is an important tool for this purpose (Peres-Neto et al. 2006).
Redundancy analysis provides the means for conducting direct explanatory analysis in
which the association among growth measures can be studied according to their shared
relationship with environmental and spatial variables (Peres-Neto et al. 2006). Peres-Neto
et al. (2006) noted that over 1500 studies have been published applying canonical
correspondence analysis (an extension of RDA) and RDA in modeling species-
environment relationships.

Borcard et al. (1992) introduced variation partitioning using two sets of
explanatory variables. One set of variables was called environmental. The environmental
variables were described as measured values that do not describe the spatial positions

explicitly. The other set of explanatory variables were spatial and described the spatial
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positions of the sampling units (Borcard et al. 1992). Borcard et al. (1992) described
applications of RDA that could be used to partition the variation of observed responses
into components of variation. The partitioning included pure environmental, pure spatial,
spatially-structured environmental, and undetermined components of the variation.

Spatial relationships can be represented in a number of different ways.
Polynomial functions of geographic coordinates can be used as regressors to generate
trend surfaces (Gittins 1968) and have been used in multivariate analysis to model spatial
relationships (Dray et al. 2006). More recent developments include principal coordinates
of neighbor matrices (PCNM) which has provided a new and more powerful way of
studying spatial variation (Borcard & Legendre 2002, Pere-Neto et al. 2006). Dray et al.
(2006) developed the framework of Moran’s Eigenvector Maps (MEM’s) which is a
generalization of the PCNM approach (Blanchet et al. 2008). MEM’s are relatively new
but are becoming quite common even in variation partitioning (Peres-Neto & Legendre
2010).

Hypothesis testing is possible with RDA, because RDA is a linear model that
partitions the variation of Y into explained and residual components (Pere-Neto et al.
2006, Borcard et al. 2011, Legendre et al. 2011). In order to test the effects of m
explanatory variables while controlling for the linear effects of ¢ covariables, partial
redundancy analysis (pRDA) can be used (Legendre 2008). In pRDA the linear effects of
the explanatory variables on the response variable are adjusted for the covariables
(Legendre et al. 2011). Permutation F-tests are used in RDA because the response data
are standardized and the error distribution is often non normal (Legendre & Legendre

2012, Borcard et al. 2011). These methods can bring insight into whether or not spatial
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variables are related to growth variables of trees. In other words, using pPRDA we can test
for the effects of m environmental variables while controlling for the linear effects of ¢
spatial variables (Desdevises et al. 2003).

Cluster analysis is the search for groups in data (Everitt et al. 2011).
There are several examples in the literature of cluster analysis with forest data, but a
notable lack of literature pertaining to regularly spaced, managed forest. In the 1980’s, a
pulse of forestry literature utilizing cluster analysis emerged. Lorimer (1985) described
how cluster analysis could be used to improve sampling designs to better understand
disturbance history in the forest. Guevara et al. (1986) used cluster analysis to examine
the spatial analysis of forest succession and habitat patterns for bird species. Applications
of cluster analysis remained persistent through the years with focus on forest patch
diversity, canopy patterns, or disturbance patterns (see Fraver 1994, Oliveira-Filho &
Fontes 2000, Plotkin et al. 2002, Steane et al. 2006). These applications are appropriate
as spatial heterogeneity of populations and communities play a central role in many
ecological theories, in particular theories of succession, adaption, maintenance of species
diversity, community stability, competition, parasitism, epidemics, and natural
catastrophes (Legendre & Fortin 1989). There are a great deal of algorithms and methods
of clustering so, for brevity, we describe our general approach to clustering by
introducing some terms:
Sequential- This algorithm works by applying a recurrent sequence of operations to the

objects (trees).

15



Agglomerative- Agglomerative procedures begin with all objects being considered
separate from one and another. This method successively groups the objects into larger
and larger clusters until a single all encompassing cluster is obtained.

Hierarchical- Hierarchical methods allocate members of inferior ranking clusters to
larger, higher ranking clusters.

Non-Probabilistic- do not use parametric or non-parametric methods for estimating
density functions in multivariate space. There are no probabilities linked with the
association matrices.

The Lance & William general model (Borcard et al. 2011) for clustering
encompasses many agglomerative methods and is easy translatable into computer
programs (Legendre & Legendre 2012). The Lance & Williams algorithm can be
modified for constrained cluster analysis that looks for clusters made of contiguous
objects (Legendre & Legendre 2012). The modified method is based on a similarity
(opposed to dissimilarity) matrix whose elements are values that describe how related
two objects are. The Lance & Williams algorithm is known as a combinatorial
agglomerative method (Legendre & Legendre 2012). This clustering procedure is used
widely for classification of landscape and cover types (see Drewa et al. 2002, Urban et al.
2002, Snelder et al. 2004, Perrin et al. 2006, Divisek et al. 2014). Through the clustering
process and analysis one can develop maps of spatially correlated data (Legendre et al.
2009, Legendre & Legendre 2012).

Currently, there are several criteria to determine the appropriate number of
clusters in cluster analysis. Among these are the adjusted R*, AICc, and cross validation

residual error (CVRE). The most informative criterion for our needs will be the Calinski-
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Harabasz statistic (CH). In one study, Corral (2014) examined the probability of success
of these selection criterion and found that the CH statistic had the highest rate of success
in detecting the correct number of clusters in simulated plantation stands. Cluster analysis
and methods of RDA can be of great practical use to forestry researchers to better
understand stand uniformity and productivity.

Greater stand uniformity can lead to greater resource-use efficiency and enhanced
productivity (Nilsson & Allen 2003, Binkley et al. 2010, Aspinawall et al. 2011). In one
study, Stape et al. (2010) found that uniform stands were 13% more productive than
stands with higher levels of heterogeneity. Allen et al. (2005), note that successful
intensive silviculture requires an understanding of what resources limit production on
temporal and spatial scales. Redundancy analysis is an all inclusive spatial analysis tool
which includes the ability to test spatial dependence while controlling for the linear
effects of other variables in the model (pRDA), estimating the total amount of pure
spatial variability through variation partitioning (RDA), and has been shown by Bougeard
et al. (2011) to have better predictive ability than some competing models. Furthermore,
since RDA is a multivariate extension of partial linear regression, it is very easy to
transition from univariate to multivariate response data (Desdevises et al. 2003). Cluster
analysis offers a way to map spatial heterogeneity in stands thereby locating potential

areas of varying resources availability.
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Chapter 3

Testing the Efficacy of Statistical Methods to Detect, Quantify, and Map Spatial
Heterogeneity in Simulated Forest Plots Under Ideal Conditions

Abstract

Trees are often treated as individual sampling units and are assumed to be independent of
each other. This assumption is made to meet the ordinary least squares assumption (Fox
et al. 2001). However, researchers have begun to realize that treating individual trees
within a single plot as independent is erroneous (Penttenen et al. 1992, Mateu et al.
1998). Our goal was to reproduce the induced spatial dependence of plot data and
measure the efficacy of spatial analysis techniques to test, quantify and map spatial
heterogeneity. We aim to better understand forest plot heterogeneity with the information
gathered in this study. We designed a range of conditions for plots that included
manipulation of variation, microsite productivity, and spatial pattern complexity.
Simulated populations without confounding effects of competition and mortality were
analyzed using redundancy analysis (RDA) to quantify spatial variability, partial
redundancy analysis (pRDA) to test for spatial dependence, and spatially constrained
cluster analysis was used to map microsites. We found that increased variation in growth
and decreased average tree size differences among microsites resulted in decreased
efficacy of variation partitioning by RDA and decreased efficacy of spatial dependence
testing by pRDA. However, spatial pattern complexity of microsites within simulated
plots resulted in mixed effects in variation partitioning by RDA and tended towards
increased efficacy in spatial dependence testing by pRDA. The results indicated that

RDA and pRDA are reliable methods of analysis and are suitable for more realistic
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applications. Spatially constrained cluster analysis produced uncertain results and was
heavily affected by changes in variation levels but should also be considered for

investigation on more realistic data.

Keywords: Forestry, Simulation, Redundancy analysis, cluster analysis, spatial analysis.

3.1 Introduction

A lack of information exists on dependable methods to detect, quantify, and map
spatial heterogeneity in small-scale forest plots (Marignani et al. 2007, Hou et al. 2015).
An increased effort to improve plot uniformity has led to questions as to why spatial
patterns of tree growth emerge. Spatially dependent growth of trees results from many
factors; in particular, genotypic variation and microsite conditions are thought to greatly
influence variation of tree structure within a plot (Schweingruber 1987, Downes et al.
2002). Variation in height-age trajectories amongst trees growing together in the same
plot but of different genetic stocks is noted in the literature (Buford & Burkhart 1987,
Magnussen & Kremer 1993, Tang et al. 2001). Carmean and Lenthall (1988) use the term
“polymorphism” to describe that variation in height-age trajectories which have been
observed for forest trees growing in areas of contrasting productivity. Likewise, Oliver
and Larson (1996) note that polymorphism is likely to occur due to variations in
microsite productivity. Both conceptually and mathematically, if non-clonal plots are
planted, there will always exist, to some extent, a confounding of genetic and microsite
effects on tree growth (Buford & Burkhart 1987). A logical first step in understanding the

underlying causes of spatially dependent tree growth is to understand how spatial patterns
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emerge in plots and to quantify those effects. In order to investigate spatial effects on tree
growth we developed a method to simulate forest plots, then tested the efficacy of
statistical methods to detect, quantify and map spatial heterogeneity among the plots.

Simulations based on model forests are used by scientists to gain greater insights
into a host of forestry issues (Tokolo & Shrestha 1999, Tommpo 2006, Hou et al. 2015).
A large number of publications utilize simulations to better understand treatment
outcomes, economic feasibility, and carbon sequestration with respect to climate change
(Betts et al. 1997, Galbraith et al. 2010, Haynes et al. 1994, Huntingford et al. 2013,
Prentice 1993, Scheller & Mladenoff 2005, Solomon 1986, Webster et al. 2003).
Furthermore, simulations have been used by environmental scientist to better understand,
compare, and verify statistical methods to be applied in the field (i.e Borcard & Legendre
2002, Legendre et al. 2011, Peres-Neto et al. 2006, Peres-Neto & Legendre 2010, Hou et
al. 2015). Simulations offer a way of understanding future scenarios so that uncertainty
can be minimized and management can adapt. One can use simulations to control
environmental and spatial factors such that statistical methods can be applied in field-like
conditions with the benefit of knowing actual plot conditions.

Induced spatial dependency can be produced by functional dependence of the
response variables on explanatory variables that are themselves spatially correlated
(Borcard & Legendre 2002). In our study the response variables were the height and
diameter of each tree and the explanatory variable is the site index (a measure of site
productivity). We simulated plots with imbedded patterns of microsite productivity and,
therefore, there is a functional dependence of height and diameter on the site index values

that are themselves spatially correlated. In our study, it is assumed that Y (height and
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diameter) has acquired the spatial structure of X (site index). If all important spatially-
structured explanatory variables are included in the analysis, equation (1) correctly
accounts for the spatial structure induced in Y.

yi = f(X;) + ¢ (1)
In equation (1), y; is the value of the dependent variable y at site j and &; is the error term
whose value is independent from site to site (Dray et al. 2012, Dale & Fortin 2014). If
induced spatial dependency is occurring, then it should be properly accounted for in the
model in order to perform correct standard statistical tests of the relationship between Y
and X. The first step to accounting for spatial variability in a model is to test for its
presence.

Univariate methods of testing for spatial dependency are well known and
documented. Geary’s ¢ (Geary 1954) and Moran’s I (Moran 1950) coefficient are among
the most popular methods for detecting presence of spatial autocorrelation. Coefficients
like Geary’s ¢ and Moran’s I examine the spatial correlation among the error components
of the observed data (Legendre & Legendre 2012). Geary’s ¢ coefficient varies from 0 to
some unspecified number larger than 1. Positive spatial correlation produces ¢ values
from O to 1 and negative spatial correlation produces C values greater than 1. Moran’s |
formula is related to the Pearson correlation coefficient in that the numerator is a
covariance, comparing the values at all pairs of points in turn, while its denominator is
the maximum likelihood estimator of the variance. Unlike Moran’s I, Pearson’s
correlation coefficient contains the same number of terms in the sums of the numerator
and denominator (Legendre & Legendre 2012). Moran’s I coefficients can also be used

spatial modeling to develop spatial variables (Griffith & Peres-Neto 2006).
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Testing of spatial variables requires that the spatial structure be expressed by
meaningful spatial variables. The most straightforward method for modeling spatial
relationships is polynomial regression where the geographic coordinates are used to
generate trend surfaces (Legendre 1990, Borcard & Legendre 2002). However, trend
surface is only satisfactory when the sampling area is approximately homogenous, the
sampling design is closely regular, the number of spatial locations is “reasonable”
(Norcliffe 1969), and the spatial structure to be modeled is somewhat simple (Dray et al.
2006). A more modern method of creating meaningful spatial variables is Moran’s
eigenvector maps (MEM’s) (Dray et al. 2006). Moran eigenvector maps rely on
eigenvector decomposition of truncated geographic distance matrix (Griffith & Peres-
Neto 2006).

Redundancy analysis (RDA) (Rao 1964) is a method that extends multiple linear
regression, to multivariate linear regression involving multiple response variables and a
common matrix on predictors (Peres-Neto & Legendre 2010). Variation partitioning for
RDA with multivariate response and two sets of predictor matrices (X for environmental
factors and W for spatial) are straightforward and applications for multiple matrices are
possible (Peres-Neto & Legendre 2010). Methods such as RDA utilize the spatial
variables created with MEM’s to estimate the contribution of spatial variation in the
response data and filter out the effects of spatial correlation when testing the importance
of ecological factors (Peres-Neto & Legendre 2010). RDA is well known to statisticians
and ecologist alike.

Simple RDA’s of response Yy, (n objects with p variables) by an explanatory

matrix Xnxm (n objects and m variables) and Wy (n objects and r variables) is done to
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partition the variation of the response data into components (Borcard et al. 1992). The
general steps of simple RDA are to preform a multivariate regression on the centered
values of Y by X and obtain the matrix of fitted values ¥. The second step of RDA is a
principal components analysis (PCA) of ¥ (Laliberté et al. 2009). Akin to the fitted
values in multiple regression, the canonical axes produced by the PCA are linear
combinations of the explanatory variables in X. The canonical axes being linear
combinations of the explanatory matrix is a fundamental property of RDA (ter Braak &
Prentice 1988). The Bimultivariate Redundancy Statistic (RDA R-square) is used to
quantify the variation of each explanatory matrix ( Peres-Neto et al 2006). Simple RDA
and partial redundancy analysis (pRDA) are often used concurrently to partition the
variance of response data into components and to test the significance of those
components in the presence of other covariables, respectively (Legendre et al 2011.).

Partial RDA can test an individual explanatory matrix while controlling for the
linear effects of a second matrix containing covariables (Legendre et al 2011). In pRDA
we are able to isolate and test for pure effects (ter Braak & Smilauer 2002). The most
compelling function of pRDA is that one can test for pure effects of spatial,
environmental, chemical, treatment, and other components while controlling for the
linear effects of other covariables (Legendre et al 2011).

Testing significance in pRDA is done by permutation F-tests (Legendre 2008).
We permuted the residuals of the reduced models. In this approach, the matrix of fitted
values and the matrix of residuals are computed from Y, on a matrix of covariables (W).
The rows of the matrix of residuals are permuted, which produces a new matrix of

residuals. Then the matrix of permuted Y is obtained by fitting values to the matrix of
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permuted residuals (Anderson & Legendre 1999). F — statistics are then collected and this
process is repeated to determine extreme values. Figure 3.1 illustrates how RDA
quantifies variability from multiple explanatory matrices. After RDA and pRDA are
performed and a significant spatial relationship is formed, mapping techniques can be

used to capture the spatial variability of each plot.

var(Yix)=

[d]

Figure 3.1 Illustrates the variation partitioning by RDA. Here, X and W are two
explanatory matrices and [a], [b], [c], and [d] are fractions of variance. If matrix X is a
matrix of environmental variables and W is a matrix of spatial variables then the fraction
[a] is pure environmental variability, [b] is confounded variability of environmental and
spatial, [c] is pure spatial, and [d] is the residual component. Fractions [a] and [c] are
considered testable fractions and significance tests can be carried out by pRDA.

Cluster analysis is the search for groups in data (Everitt et al. 2011). Clustering is
a way to classify objects into groups based on some similarity or dissimilarity (Murtagh
& Legendre 2011). The classification of objects is usually done based on some
partitioning criterion. A partition is the division of objects of a set into subsets, such that
each object belongs only to one subset. Exceptions exist in cluster analysis and theory
because cluster analysis is not a set procedure with formal statistical testing but rather a
broad topic with many interpretations and related statistics. One such exception is the

classification of objects into one and only one subset. Fuzzy clustering allows objects to
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be members to more than one subset at a time. This paper focuses on a method of hard
clustering where each object belongs to only one group at a time. We used a method of
agglomerative, spatially-constrained cluster analysis described by Legendre and
Legendre (2012).

A first step to clustering is deciding on a distance measure to use for the
clustering method. Depending on the type of algorithm and data used, practitioners
choose between similarity or dissimilarity measures. Similarity and dissimilarity
measures measure how quantitatively akin or contrasting each pair of objects is to each
other (Murtagh & Legendre 2011). In the clustering algorithm agglomerative clustering
was applied where each object is grouped into larger more inclusive groups based on
which objects are least dissimilar.

Agglomerative styles of clustering describe a category of algorithms, which
assign n objects to be clustered to & groups. After each iteration of the algorithm, objects
are assigned to larger, more inclusive groups. The number of groups (k) after each
iteration approaches min(k)=2 groups. This iterative process is what defines sequential
clustering algorithms. Constraints can be imbedded within the algorithm to account for
successive temporal relationship and spatial constraints.

There are a number of ecological reasons why practitioners may want to group
objects together if and only if they occur in succession to each other (in time series) or if
objects in each group are neighbors to each other in space. We used spatial constraints
such that the resulting map groups together trees growing under similar conditions. This
makes the map more interpretable for mapping spatial heterogeneity of tree growth

resulting from microsites.
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The objectives of this chapter are to measure the efficacy of RDA. pRDA and
spatially constrained cluster analysis to quantify spatial variability, detect spatial
variability, and map microsites. To achieve these objectives, we will use site index as a

single explanatory variable and use MEM’s to construct spatial variables.

3.2 Methods

3.2.1 Study material and simulated data

This study simulates 5 hypothetical plots, each with a unique microsite design
(Figure 3.2). The simulation produces tree height and diameter measurements similar to
loblolly pine (Pinus taeda L.). Each plot consisted of 25 rows and 25 columns of
simulated trees. Trees are “planted” on 10-foot square spacing on ~1.43 acre plots. Each
plot was assigned 1 of 5 microsite patterns. Microsite arrangements are distinct

formations of high or low areas of productivity within each plot.
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Figure 3.2 Illustrates the 5 spatial patterns used in this study Microsites are distinguished
by color. For left to right: Control, biplot, triplot, quadplot, and freeplot.

Plots were developed to represent a range of possible microsite patterns and most
importantly, to induce spatial dependence of tree growth in a increasingly complex
fashion. By creating areas of high and low productivity, the size of each tree is related to
its location in space. There are 1 to 5 microsites per plot represented by the control
(uniform productivity), biplot (2 microsites), triplot (3 microsites), quad plot (4
microsites), and the free plot (5 microsites). All 5 site patterns are “grown” without the
confounding effects of competition and mortality based spatial dependence.

The first step to developing plot conditions is to assign microsite productivity
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(Refer to Figure 3.2)
Control- The control plot has a single site index value because of microsite homogeneity.
The SI value is 70 feet average dominant height at base age 25.
Biplot- There are two microsites on the biplot, 70 feet average dominant height at base
age 25 (green) and 80 feet average dominant height at base age 25 (blue).
Triplot- There are three microsites of the triplot have a SI value of 60 feet average
dominant height at base age 25 (yellow), 70 average dominant height feet at base age 25
(green), or 80 feet average dominant height at base age 25 (blue).
Quadplot- The quadplot has four microsites with SI value of 50 feet average dominant
height at base age 25 (orange), 60 feet average dominant height at base age 25 (yellow),
70 feet average dominant height at base age 25 (green), or 80 feet average dominant
height at base age 25 (blue).
Free plot- The free plot has five microsites. The large green area of the free plot is SI 70
feet average dominant height at base age 25. The small light blue area is SI 60 feet
average dominant height at base age 25, the dark blue area circumscribing the blue area is
SI 65 average dominant height feet at base age 25. The red area is SI 75 feet average
dominant height at base age 25and the yellow area is SI 80 feet average dominant height
at base age 25.

All calculations and simulations were done using R software. Since SI values are
averages, we can draw SI values for each individual tree, microsite, and simulate from an

assumed distribution. Assuming normality we state: SL~N(g;, a]?) where the ith

simulation ranges from i=1...S, the jth microsite ranges from j=1...k, and the kth tree

ranges from 1=1...K. For estimating SI values we hold this condition true for all
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microsites: CV; = 0.10 = (aj + uj) * (100%) where p; and CVjare fixed and known
for each microsite. We can then use SI as our environmental variable X;;=[SI;]. For the
trees to reflect the spatial dependence (size of tree dependent on its location in space)
caused by SI fluctuations within plots we imposed different mean diameter at breast
height (DBH) values for each microsite.

For each microsite in a plot we draw from a normal distribution of a
specified mean DBH and coefficient of variation (CV). For K microsites we have p; <
Uy < -+ < ug, where ug is the mean DBH for the Kth microsite. For each simulation the

CV was equal among all microsites. That is, DBH j;~N (u;, d?), where a2 is chosen to

achieve a prespecified value of CV = (o + u) * (100%). Table 3.1 displays all 15
possible combinations examined for each spatial pattern. It should be noted, however,
that the control plot only has 5 possible combinations (5 levels of CV 5%-25% and 0
levels of size difference) because there are no differences in mean DBH specified. As an
example of treatment application, we can look at the biplot. In Table 3.1 the cell where
CV=10% and difference in mean DBH=I in. intersect, represents 1 of the 15 scenarios to
be used in simulations for the biplot. In this example, the green portion of the biplot (see
Figure 3.2) will contain trees with DBH values drawn from a normal distribution, N(5,
0.25), and the blue portion will contain trees with DBH values drawn from the
distribution N(6, 0.36). These two distributions reflect the difference in mean DBH=1 in

between the two microsites and variance calculations based on a 10% CV.
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Table 3.1 Illustrates 15 possible scenarios for each spatial pattern with k>1 microsites.
Each scenario will be simulated for each spatial pattern. The control plot will be
simulated with all 5 levels of CV.

Coefficient of Variation

5% 10% 15% 20% 25%
0.5 (0.5,5%) (0.5,10%) (0.5,15%)  (0.5,20%) (1,25%)

Difference in mean DBH (inches)
1| (1,5%) (1,10%) (1,15%) (1,20%) (1,25%)

2| (2,5%) (2,10%) (2,15%) (2,20%) (2,25%)

From DBH values we can then estimate total tree height. Heights are calculated
based on established diameter-height relationships. Equation (2) from Sabatia and
Burkhart (2013) was used to model heights.

1
B1DBH};
Boe' 1 Ukt 0,

3.28 (2)

H;j, =

The parameter estimates from Sabatia and Burkhart (2013) are from a loblolly pine
study of similar planting density. Where Hijj. is the total height (feet) and DBH;j is the
diameter at breast height (inches) of the ith tree in the jth microsite of the ith simulation.
The index values range from, i=1...S, j=1...k, and k=1...K. For equation (2), 8 is the

upper asymptote parameter, B is the rate parameter, and 8 is the random error due to
the kth tree [0, ~N(O, 65)] (Sabatia & Burkhart 2013). The estimated equation from

Sabatia and Burkhart (2013) is then:

-1
—7.309DBH ;3

20.382e ]
3.28

Hijk = + Oi]-k N ei]'k""’ N(O, 0. 5186) (3)
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We now have our response matrix Yiu=[DBHjj, Hjji].

The last data we compute are the spatial variables. We simulated trees on a 10ft
by 10ft planting grid and collected spatial information based on an (X,Y) coordinate
system. The tree in the top left position of the plot (origin position) has spatial
coordinates (0,0), the tree to the immediate right of the origin has coordinates (10,0), the
tree immediately beneath the origin and to the right one position has coordinates (10,10).
A pairwise matrix of distances (Djj) constructed. Djs contains the distances between each
tree. A threshold value is chosen to truncate matrix D;. We used R software package
PCNM() (Legendre et al. 2012) for this analysis with dbMEM option which use the
longest edge of the minimum spanning tree (Legendre et al. 2012), which in our case is

10ft. The following rule is then used to truncate Dj; :

Drunc ij) = Dij» if D;; <threshold
Diuncii)y Perunc @) = 4xthresh if i=j
Drunc (ijy = 4xthreshold if D;j =Threshold

Next, a principal coordinate analysis (PCoA) is performed on Diuncij). The resulting
principal coordinates are spatial eigenfunctions that model multiscale distance
relationships among trees within each plot (Dray et al. 2006). We retain only the
eigenvectors with positive eigenvalues (spatial variables) because they model positive
spatial autocorrelation. Lastly, a forward selection of the positive spatial variables is done
to select significant spatial variables which the compose the matrix W.

It should be noted that each iteration of the simulation process examines a “new”

plot. For example, the biplot was simulated thousands of times throughout this study.
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Each iteration of the biplot holds only microsite pattern and spatial location of trees

constant, but the trees themselves take on unique values for every simulation.

3.2.2 Redundancy Analysis

Redundancy analysis was done using R software’s “VEGAN” package (Oksanen
et al. 2013). Redundancy analysis is synonymous with explained variance (Legendre &
Legendre 2012). The first step to RDA is to standardize the response variables. The
response variables mentioned hereafter have been standardized. This symmetric form of
analysis utilizes a response matrix Y2s,2 (hereafter Y) with explanatory vector Xe2sy;
(hereafter X) and covariables Wg;s,, (hereafter W). In RDA, the ordination axes are
obtained by a PCA of ¥, which is computed by fitting the Y variables to X by
multivariate linear regression. An important characteristic of the RDA process is that the
ordination of Y produces ordination axes that are linear combinations of X. Multiple
linear regression on all variables in X is done for each variable in Y and f# =
[XtX]~1X!Y is calculated (Peres-Neto et al. 2006).

The canonical R, called the bimultivariate redundancy statistic by Miller & Farr
(1971), quantifies the strength of the linear relationship between variables Y and X,

where Y are the multivariate estimated values of the response:

2 _ Ss(¥)
Ryix = o) 4)
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In equation (4), SS (?) is the total sum of squares of Y and $S(Y) is the total sum of

squares of Y. Using the well known adjusted R* (rR?) from Ezekiel (1930), we use the

equation 5 (Peres-Neto et al. 2006):

n—-1

rR? =1—(1-R}x) —

)

Referring to Figure 3.1, we can begin to calculate the fractional explained

variance components (a,b, and c¢) as well as the unexplained (d) by following steps

outlined by Legendre (2008).

1.

Perform the canonical analysis of Y with respect to X. Use equations 4 and 5 to
calculate the R,Z,l  and rR”. The rR” corresponds to the circle on the left side of
Figure 3.1. It contains fractions [a] and [b].

Perform the canonical analysis of Y with respect to W. Use equations 4 and 5 to
calculate the R,2,|W and rR”. The rR* corresponds to the circle on the right side of
Figure 3.1. It contains fractions [b] and [c].

Perform the canonical analysis of Y with respect to X and W. Use equations 4 and
5 to calculate the Rf,l xw and rR’. The rR” corresponds to both circles in Figure
3.1. It contains fractions [a], [b], and [c].

From these results we can compute [b]=[a+b]+[b+c]-[atb+c].

Next, compute [a]=[a+b]-[b]

Next, compute [c]=[b+c]-[b]

Next, compute [d], which represents the residual component of variance, [d]=1-

[a+b+c].
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Variation partitioning of Y results from three simple RDA’s each with a different
independent matrix. For example, we used X , W, and X|W to estimate variation from
environmental, spatial, and environmental and spatial variables, respectively.

We followed this procedure for each iteration of our simulation. Referring to
Table 3.1, there are 5 scenarios for the control plot (only changes in CV can be used since
there are no microsites) and 15 combinations of CV and difference in mean DBH for the
biplot, triplot, quadplot, and free plots. For each of these scenarios 1000 simulations were
run and the rR? values were collected. After the 1000 simulation runs an estimate of pure

spatial variation is obtained for given spatial patterns and scenarios.

3.2.3 Partial Redundancy Analysis

Partial redundancy analysis was done using R software’s “VEGAN” package
(Oksanen et al. 2013). Partial redundancy analysis is the partial canonical redundancy
analysis of response matrix Y on matrix X while controlling for the linear effect of matrix
W of covariables. Matrices X and W are interchangeable, depending on which partial
variance is to be tested. The same F-statistic used in partial linear regression (PLR) can
be used in pRDA. For our specific objectives, we tracked the significance testing of
Y~W|X. This is the hypothesis of spatial dependence and tests the significance of fraction
[c], representing pure spatial variation. A two-stage approach to testing the significance
of the pure spatial component was taken. First, the software calculated the R? statistic of

partial regression:

_ SS(Y~wIX)

Z —_—
Ry-wix = ~ssa~w) (6)
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Following this calculation, the F-statistic was used to test the overall significance of the

partial regression relationship is:

2 2
_ Ry-wix 1-Ry.wix
m n-1-m—q

Significance of the F-statistic may be tested with the F-distribution if the assumption of
normality of the residuals holds and the data are standardized, however this is rarely the
case in many ecological studies and for this reason permutation tests are preferred and are
used in this study. Specifically, we used a permutation of the residuals of the reduced
model (R software default options VEGAN’S anova.cca) (Oksanen et al 2013).

The null hypothesis for the partial F-test of X|W states that the response is not
spatially dependent. For each of the spatial patterns all applicable scenarios in Table 3.1
were simulated 1000 times, and for each iteration of the simulation a permutation F-test
was performed (999 permutations per test). Each iteration of the simulation was
considered a Bernoulli trial and assigned a 1 if the null hypothesis was rejected and 0
otherwise. After simulations, the efficacy of pRDA in detecting spatial dependency was
estimated by calculating the probability of success (p) as the average of all trials. Under

these conditions, the central limit theorem provides the distribution of p:
~ 1- . :
p~N (p, p(Tp)). From this property we can calculate confidence intervals of the

probability of detecting spatial dependency for each spatial pattern and scenario.
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3.2.4 Cluster Analysis

The clustering algorithms used are part of R software package “const.clust”
(Legendre 2011). This clustering algorithm is an agglomerative approach with a
constraint of spatial contiguity. The spatial contiguity constraint allows only trees that are
neighbors to each other in space to be grouped together. There are two important steps
that must be performed in order to execute this algorithm. The first is to determine a
dissimilarity metric and build a dissimilarity matrix, and the second is to pick a
connection method and build a contiguity matrix.

Distance metrics are used to measure the association between two objects (trees).
The smaller a distance value or closer it is to zero the more related objects are
structurally. In our data, two trees that are identical would have a distance value of 0. The
most common metric measure is the Euclidean distance (Legendre & Legendre 2012).
We used Euclidean distances (a measure if dissimilarity) (eq. 8) among objects using

non-geographic information to create our dissimilarity matrix (D).

DYy, Yr+1) = \[Zf:l(yrc - y(r+1)c)2 )

For equation (8), r=row of matrix Y, c=column of matrix Y, and p is the number
of variables in matrix Y. For one of our simulations, 7=1...625, and p=2. This step is
typical in many clustering algorithms, but in the next steps we impose spatial constraints
on the dissimilarity matrix, which is information typically not incorporated into clustering

analysis.
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Prior to performing spatially constrained clustering it is important to state which
trees are neighbors in space. In order for trees to be grouped together they have to be
neighbors in space. The only admissible clusters in a spatially constrained analysis are
those that obey the contiguity scheme. We equate clusters to microsites by constraining
clusters so they are spatially defined in the same way as a microsite. A cluster is then a
contiguous patch or group of trees that are structurally unlike surrounding trees.
Microsites create spatially recognizable patterns in tree attributes due to contrasts in soil
productivity. This is the link from clusters to microsite and because of this we expect
cluster locations to parallel microsite locations.

The Delaunay triangulation uses spatial coordinates to identify neighbors and to
define contiguity. To determine neighbors, we produce a list of connection edges to
create a contiguity matrix containing 1’s for connected and 0’s elsewhere (based on
spatial coordinates of plot map). The contiguity matrix is how we spatially constrain the
cluster analysis. The 1’s and 0’s are used to define neighbors and create connections
among the trees. The Delaunay triangulation method states that for any triplet of non-
collinear points A, B, and C, the three edges connecting these points are included if and
only if the circle passing through these points (Figure 3.3) includes no other point
(Legendre & Legendre 2012). This criterion is a robust method for defining contiguity.
This connection scheme works well with regular grids and is adaptable to various

patterns of planting grids and will transfer well to real plots that are slightly irregular.
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Figure 3.3 Illustrates the circles used in Delaunay triangulation. Black dots represent the
objects (trees in our data), red dots represent the center of each circle used to
circumscribe three points, and the thick black lines connect "neighbors" (Wikipedia,
November 3", 2014).

The spatial constraint allows only connected trees to be clustered together. This
prevents a scattering of cluster assignments on the map. Instead, clusters form distinct
clumps. The cluster analysis results can be mapped with the spatial coordinates of the
trees. The resulting map shows cluster assignment of each tree. When compared to our
map of known microsites, we expect clusters to form over microsites and for trees within
a microsite to be assigned the same cluster number.

The Hadamard product between the dissimilarity matrix and contiguity matrix
creates a constrained dissimilarity matrix where distance values exist only where
neighbors were previously defined by the contiguity matrix. Our data file consists of
growth information on 625 trees. A 625x625 dissimilarity matrix is created from
equations (6). The more akin any two trees are in structure the closer to 0 is their

dissimilarity value. We then create a 625x625 contiguity matrix of 1’s and 0’s where 1’s
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mark neighbors as defined by Delaunay triangulation and 0’s elsewhere. The Hadamard
product for our data is the dissimilarity in growth among neighboring trees.

We used the Calinski-Harabasz (CH) statistics to estimate the number of groups
in the data. Corral (2014) found that the CH statistic performed well when estimating the
number of groups in a forestry setting. This process was iterated 100 times for each
combination of spatial pattern and parameter values. After the iteration process was
completed, we examined if the CH statistic correctly identified the number of groups in
each the spatial pattern (2 for biplot, 3 for triplot, 4 for quadplot, and 5 for free plot). If
the number of groups was correctly identified a 1 was saved, otherwise a 0 was saved.
Once the simulations were finished we estimated the probability of correctly identifying
the number of microsites in each pattern under all 15 scenarios. After this was complete
we ran misclassification simulations.

The cluster map should reflect the microsite map if each tree is assigned correctly
from the clustering algorithm. This is a simple process where we count 1 if tree i is
incorrectly grouped into a cluster and 0 otherwise. Probability of misclassification for any
tree can then be estimated at the end of simulations. We ran 100 misclassification
simulations for each scenario that has a probability of successfully detecting the correct

number of groups greater than 80%, which was chosen as the threshold for reliability.

3.3 Results

3.3.1 Redundancy Analysis
We used RDA to perform a variation partitioning to estimate the pure spatial
variability. Table 3.2 contains the estimated rR* value associated with the pure spatial

component. As discussed earlier, there are 15 scenarios per spatial pattern. The scenarios
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are a combination of differences in mean DBH and CV. Table 3.1 contains all possible

combinations of CV and difference in mean DBH. Notably, the rR* values for the control

plot are 12-13%. The largest rR” values are in the quadplot which is one of the more

complex patterns. More variation tends to be captured in scenarios with larger differences

in DBH and lower values of CV. No obvious patterns emerge in the amount of variation

captured across the 5 different microsite patterns.

Table 3.2 Estimated rR* for each spatial pattern and all scenarios.

Coefficient of Variation| Control Biplot Triplot Quadplot Free
5% 13% 6% 46% 24% 24%
10% 13% 10% 29% 19% 20%
15% 13% 11% 22% 16% 16%
20% 13% 12% 18% 15% 15%
25% 12% 13% 16% 14% 13%
Coefficeint of Variaiton| Control Biplot Triplot Quadplot Free
5% 13% 3% 62% 76% 22%
10% 13% 7% 52% 67% 20%
15% 13% 9% 41% 55% 18%
20% 13% 10% 33% 44% 16%
25% 12% 12% 27% 36% 15%
Coefficeint of Variaiton| Control Biplot Triplot Quadplot Free
5% 13% 0% 68% 76% 20%
10% 13% 3% 63% 72% 19%
15% 13% 5% 55% 66% 19%
20% 13% 7% 47% 59% 18%
25% 12% 8% 40% 50% 17%

0.5 Inch

1Inch

2 Inch

3.3.2 Partial Redundancy Analysis

Partial redundancy analysis was used to detect spatial dependence. The results

reported are the probability of detecting spatial dependence for all combinations of spatial

patterns and scenarios. Table 3.3 contains the results from the pRDA simulations.

46



Table 3.3 Illustrates the results from pRDA. The values represent the probability of

detecting spatial dependence.

Coefficient of Variation| Control Biplot Triplot Quadplot Free
5% 1% 100% 100% 99% 100% 0.5 Inch
10% 6% 88% 86% 99% 100%
15% 4% 77% 51% 90% 100%
20% 6% 58% 39% 80% 100%
25% 4% 51% 31% 80% 100%
Coefficeint of Variaiton| Control Biplot Triplot Quadplot Free
5% 1% 100% 100% 100% 100%
10% 6% 100% 98% 99% 100% 1Inch
15% 4% 96% 92% 98% 100%
20% 6% 93% 85% 86% 100%
25% 4% 86% 56% 77% 100%
Coefficeint of Variaiton| Control Biplot Triplot Quadplot Free
5% 1% 100% 100% 100% 100%
10% 6% 100% 100% 100% 100% 2 Inch
15% 4% 100% 100% 100% 100%
20% 6% 99% 97% 98% 100%
25% 1% 100% 83% 92% 100%

The highest probabilities for detection are for the free plot and with larger differences in
DBH among microsites. The probability for detecting spatial dependence in the control
plot is consistently at approximately 5%. This reflects the type 1 error rate of & = 0. 05,

which is the probability of rejecting the null hypothesis when the null hypothesis is true.

3.3.3 Cluster Analysis

Cluster analysis was performed to examine the efficacy in detecting the number of
microsites in our plots and to correctly allocate each tree to the correct microsite.
Spatially constrained cluster analysis was used to estimate the number of microsites and
to create maps. Next, we ran misclassification simulations with the results from the
cluster analysis and compared those results to the actual data to estimate probability of

misclassification.
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Table 4 illustrates the probability of detecting the correct number of microsites for
all combinations of spatial patterns and CV. The control pattern is excluded because it is
homogeneous and the clustering algorithm does not test for k=1 group in the data.
Homogeneous plots were tested with spatial dependency tests such as the pRDA method
described earlier. Much like the other methods, cluster analysis worked best in the biplot
and where DBH differences were greatest.

In Table 4 the probabilities for detecting the correct number of microsites are
given. A threshold for reliability was set at 80% success. Therefore, in all cells of Table 4
where the probability is greater than or equal to 80% misclassification simulations were
run. Table 5 shows the probability of misclassifying any given tree when using

constrained cluster analysis. Values are generally low, but range from approximately 0%

to 32%.

Table 3.4 Illustrates the probability of correctly identifying the number of microsites in
all combinations of spatial patterns and scenarios.

Coefficient of Variation BIPLOT TRIPLOT  QUADPLOT FREE
5% 90% 52% 28% 0%
10% 80% 22% 0% 0% 0.5inch
15% 68% 26% 4% 4%
20% 58% 28% 4% 2%
25% 50% 10% 0% 0%
Coefficient of Variation BIPLOT TRIPLOT  QUADPLOT FREE
5% 100% 100% 100% 0%
10% 97% 84% 14% 27% 1inch
15% 80% 12% 0% 14%
20% 74% 12% 0% 2%
25% 70% 10% 0% 0%
Coefficient of Variation BIPLOT TRIPLOT ~ QUADPLOT FREE
5% 100% 100% 100% 0% 2inch
10% 100% 100% 100% 0%
15% 96% 34% 62% 10%
20% 96% 4% 6% 6%
25% 74% 0% 0% 0%
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Table 3.5 Illustrates the probability of misclassifying trees for all combinations of spatial
patterns and scenarios where the probability of correctly identifying the correct number
of microsites (Table 4) was above 80%. (*) indicates a combination where the probability
from Table 4 was less than 80%.

Coefficient of Variation  BIPLOT TRIPLOT  QUADPLOT
5% 0.068 * *
10% 0.316 * * 0.5 inch
20% * * *
25% * * *
Coefficient of Variation  BIPLOT TRIPLOT  QUADPLOT
5% 0.004 0.012 0.009
10% 0.080 0.276 * linch
15% 0.159 * *
20% * * *
Coefficient of Variation  BIPLOT TRIPLOT  QUADPLOT
5% 0.000 0.000 0.000
10% 0.007 0.013 0.036 2 inch
15% 0.084 * *
20% 0.136 * *
25% * * *

3.4 Discussion

3.4.1 Redundancy Analysis

The variation partitioning and quantification of spatial variability performed as
expected. Referring to Table 3.2, we see there is no distinct pattern in the amount of
spatial variation captured. This confirms that spatial pattern complexity and perhaps the
shape of microsites can influence the efficacy of RDA to capture spatial variability. Even
if there are no obvious patterns in how rR* changes with spatial pattern complexity, one
can still see that large differences among spatial pattern exist in rR> It is possible that the

spatial processes, in the biplots for example, show fortuitous correlations with the
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environmental variable (Bell et al. 2006). The rR” of the control plots ranges from 12-
13%. This observed spatial variation is simulated by chance, but it happens to reflect
realistic measures of variability in a random or aggregated tree growth. Leps and
Kindlmann (1987) noted in their study that it is incorrect to deduce the independence of
individuals within a population from an observed random pattern. The results from this
portion of the simulation study were very promising. The values from Table 3.2 are rR*
values and we expected them to be rather low (<10%), but found values as high as 76%.
The largest portions of variation explained by the spatial component were found in the
scenarios with the greatest difference in mean DBH and in more complex spatial patterns.

The difference in mean DBH among microsites was examined at three levels
(0.5in, lin, 2in). As the difference in mean DBH increases among microsites, the rR*
values increase as well. This trend is intuitive. By implementing larger differences in
mean DBH we are essentially creating stronger and more obvious spatial dependencies.
Redundancy analysis is detecting the stronger relationship between size and spatial
location. Coefficient of variation is very influential in how much spatial variability is
captured.

In Table 3.2, as CV increase the rR” decreases. This is an expected effect. The
amount of variation used to draw DBH values for each microsite blurs the line, so to
speak, between microsites. Graphing the DBH distributions of each microsite
simultaneously shows increased overlap of the distributions with increased values of CV.
Conceptually, as overlap among the distributions increases there is an increase towards

uniformity and thus spatial dependencies become less obvious.
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3.4.2 Partial Redundancy Analysis

In pPRDA we measured the probability of successfully detecting spatial
dependency with permutation F-tests which looked at the significance of the “pure
spatial” component. These results are promising with many scenarios showing greater
than 80% success rate and some with 100% success rate. These results are promising
because we observed higher success rates in the most complex spatial pattern which
contained smaller more frequent microsites. This may be the most realistic spatial pattern.
Palmer (1980), who quantified spatial patterns of plant environment relationships in
hardwood plots. He found that most of the spatial dependence measured in his variables
were at small scales (within 10 meter subplots). Our results indicate that spatial patterns
with smaller, more frequent microsites more often had significant spatial variables. The
trends observed are surprising. An increase in spatial pattern complexity increases the
probability of successful detection. More influential than pattern complexity is difference
in mean DBH.

As difference in mean DBH increases the probability of detecting spatial
dependency increases. The increase in mean difference in DBH creates more obvious
spatial dependencies and less overlap among distributions of microsites. The largest
effect seems to result from increases in CV.

As CV increases, the probability of detecting spatial dependency decreases. The
increased amount of variation in each microsite actually increases the uniformity of the
plot and assuages the effects of spatial dependencies. Therefore, it becomes increasingly

more difficult to detect spatial dependency with higher amounts of variation.
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The probability of detecting spatial dependence of the control plot for all
scenarios was approximately 5%. This is a reassuring statistic because it validates the
statistical methods used. An a=0.05 for the permutation F-tests was specified before
running the simulations. Therefore, about 5% of the time we would expect the test to

detect spatial dependence when there is no spatial dependence.

3.4.3 Cluster Analysis

Table 4 shows a sharp decrease from all three factors: mean difference in DBH,
spatial complexity, and CV. There are many things that can affect the outcome of cluster
analysis and because cluster analysis is not a formal method of statistical testing it is
difficult to identify exactly why the trends develop so rapidly. In particular, the efficacy
of the spatially constrained cluster algorithm and the CH statistic are confounded in the
results. It is impossible, in this analysis, to determine whether the success or failure of the
clustering simulations are attributed to the algorithm or to the CH statistic. We do see,
however, that the parameters manipulated in our experiment greatly influence the success
rate of our clustering algorithm to correctly detect the number of microsites in the data.

The success of the clustering algorithm depends on how distinct each microsite is
and how similar each tree is to others within a given microsite. For example, when
simulating the biplot, we are looking at tree sizes drawn from two distributions. The
greater the difference in means and the smaller the CV, the more similar trees are to each
other within a microsite and the more dissimilar they are to trees from other microsites.
As mean difference in DBH decreases and/or CV increases the more overlap there is in

the distributions of the microsites. This overlap can create false groups to be created and
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the clustering algorithm may identify these overlapped trees as unique groups (given they
are also neighbors) and disturb the accuracy of estimates.

Misclassification simulations were done for scenarios where the probability of
successful detection was greater than 80%. For scenarios where probability of successful
detection was greater than 80%, the misclassification of trees was fairly low ranging from
about 0%-32%. This indicates that when cluster analysis works with high reliability the
probability of misclassification is low. The cluster analysis was moderately successful.
Sharp decreases in probability of success leave some lack of confidence in this method’s

ability to detect microsites accurately.

3.5 Conclusions and Management Recommendations

The spatial analyses we examined have many applications to forestry. Many types
of multivariate regression analysis done in forestry can potentially benefit from spatial
analysis. Redundancy analysis is a method that allows for partitioning of spatial
components to better understand what is affecting the response, but more specifically it
accounts for variation otherwise confounded in the linear model that may alter the
statistical outcome and produce inaccurate results. Mapping of spatial variability has
applications in precision silviculture where managers may benefit from a richer
understanding of contributing factors of plot development. A better understanding of
spatial patterns can lead to targeted applications of resources such as fertilizers and
herbicides. Most importantly, we need to continue investigations into how these methods
work on different types of data. We propose future investigations to include use of plot

simulation models that incorporate distance dependent growth relationships and
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stochastic mortality. Lastly, applications to real plot data are needed to examine how
incorporating spatial analysis influences results and conclusions.

Successful intensive silviculture requires an understanding of what resources are
spatially limited (Allen et al. 2005). This, in part has to do with understanding plot
uniformity. Stape et al. (2010) found that uniformity in plot structure substantially
influences wood growth and that uniform plots were up to 13% more productive than
non-uniform plots. Redundancy analysis is well suited for studying tree growth variations
that can be caused my resource limitations. Specifically, RDA can be used to better
understand and measure plot uniformity. Greater plot uniformity can lead to greater
resource-use efficiency and enhanced productivity (Nilsson & Allen 2003). Cluster
analysis is a possible tool for mapping the variability studied with redundancy analysis

and may be valuable for determining areas of low productivity within a plot.
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Chapter 4

Quantifying and Mapping Spatial Heterogeneity in Simulated Plot Data

Abstract

Spatial analysis is appropriate for data that is collected across geographic space and may
be influenced by spatially structured variables or influenced by neighboring spatial
structures (Legendre 1993). A spatially explicit stand simulator PTAEDA 4.1was used to
investigate the efficacy of spatial analysis methods on simulated forest plot data. We
simulated regularly spaced, plantation stands of loblolly pine (Pinus taeda L.) at stand
age 10, 20 and 30 years old. Spatial dependence was induced via site index tools in the
PTAEDA 4.1 software package. We utilized three methods of spatial analysis to quantify,
test, and map the spatial variability in the simulated stands. The methods include
redundancy analysis, partial redundancy analysis, and spatially constrained cluster
analysis. The results indicated that redundancy analysis and partial redundancy analysis
were useful tools and appropriate for forest data. Spatially constrained cluster analysis
was found unreliable, and the results indicated that it is not useful in accurately mapping
microsites. Age, levels of variation, and microsite pattern complexity were all found to
affect the outcome of the analysis. At both young and old ages, the probability of
detecting spatial relationships was lower than for stands 20 years old. As levels of
variation in the data increased there was a decrease in the effectiveness of the methods.
Lastly, as spatial pattern complexity increased there was a decrease in the effectiveness of
the methods to test and quantify spatial variability. These results provide evidence that
RDA and pRDA have potential to serve as useful tools for quantifying and modeling

spatial heterogeneity in forests.
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Introduction 4.1

Little research has been done on the phenomenon of spatially dependent growth
patterns in small-scale forest plantation plots. Zhang et al. (2005) point out that most data
analysis carried out in forestry is done by ordinary least squares (OLS) and Fox et al.
(2001) note that OLS is the predominate means of developing individual tree growth
models. The use of OLS is carried out with the assumption that individual trees within
plots are independent of each other. However, researchers have begun to recognize that
treating individual trees within a given plot as independent is inaccurate (Penttinen et al.
1992, Mateu et al. 1998). Thus, modern modeling of tree growth is overly simplified (Fox
et al. 2001) and modelers have become accustom to accepting large amounts of
unexplained variance as an occupational hazard (Burkhart & Gregoire 1994). Classical
methods of OLS, for example, may fail to detect spatial-structures in the data (Legendre
& Fortin 1989).

Understanding the spatial variability of individual tree growth is challenging due
to the confounding effects of contrasting productivity within a stand and the individual
fitness of trees (Liu & Burkhart1994a, Liu & Burkhart 1994b). When evaluating site
productivity, the site index (SI) concept — that is average height of the trees that represent
the dominant part of the canopy at a specific index age- is commonly used (Burkhart &
Tomé 2012, p. 131). In forest plots, areas of contrasting productivity tend to produce
separate SI curves (Carmean & Lenthall 1989). Burkhart & Tennent (1977) note that
groups of SI curves which exhibit different shapes for varying site quality are commonly

termed “polymorphic”. Thus, areas of contrasting productivity within a stand, termed
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“microsites” in this report, are expected to demonstrate polymorphism (Buford &
Burkhart 1987, Magnussen & Kremer 1993, Tang et al. 2001). Due to the size of the trees
being dependent on their location within a stand, tree size is spatially dependent.
Generally speaking, spatially structured environmental data may arise from two

independent processes (Legendre 1993, Fortin & Dale 2005): induced spatial dependence
and spatial autocorrelation (Dray et al. 2006). Induced spatial dependency can be
produced by functional dependence of the response variables on explanatory variables
that are themselves spatially correlated (Legendre et al. 2009). If all important spatially-
structured explanatory variables are included in the analysis, equation (1) correctly
accounts for the spatial structure induced in Y.

yi = f(X;) + ¢ (1)
For formula (1), y;is the value of the dependent variable y at site j and &; is the error term
whose value is independent from site to site (Dray et al. 2012, Dale & Fortin 2014,
Legendre 1993, Legendre & Legendre 2012). Spatial autocorrelation produces
relationships between values observed at neighboring points in space and therefor the
observed variables lack independence (Legendre et al. 2009). Spatial autocorrelation

(equation 2) may occur in the response data y; observed at site j on the geographic

surface and is assumed to be the overall mean of the process p,, in the study area plus a
weighted sum of the centered values (y; — p,) at surrounding sites i, plus the error term
&

e

yi = Muy + Zwi(yi - ﬂy) + & (2)
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The y; ‘s are the values of y of tree i located within the zone of spatial influence of the
process generating spatial autocorrelation (Legendre 1993).

Tests for presence of spatial dependence are well documented. Geary’s ¢ (Geary
1954) and Moran’s I (Moran 1950) coefficient are among the most popular methods for
detecting presence of spatial dependence (Dale & Fortin 2002, Paez & Scott 2005).
Coefficients like Geary’s ¢ and Moran’s I examines the spatial correlation among the
error components of the observed data (Anselin 1995). Geary’s ¢ coefficient varies from
0 to some unspecified number larger than 1. Positive spatial correlation produces c values
from O to 1 and negative spatial correlation produces c values greater than 1. (Legendre &
Legendre 2012). Interestingly, Moran’s I coefficients can be used to develop spatial
eigenfunctions (hereafter spatial variables) through an analysis known as Moran
eigenvector maps (MEM’s) (Borcard & Legendre 2002, Griffith & Peres-Neto 2006).

Testing for a spatial relationship in the data requires that the spatial structure be
expressed by meaningful variables. Trend surface analysis, which uses polynomial
transformations of geographic coordinates, is the most straight forward method to model
spatial relationships (Borcard & Legendre 2002). However, Norcliffe (1969) cautions that
trend surface analysis is only satisfactory when the sampling area is approximately
homogenous with a regular sampling design and the number of spatial locations is
“reasonable”. Dray et al. (2006) also points out that trend surface analysis is appropriate
only if the spatial structure to be modeled is somewhat simple and a more modern
method for creating meaningful spatial variables is with MEM’s. These spatial variables
can be used for variation partitioning (Borcard et al. 1992) and significance testing

(Legendre et al. 2011). Stand simulators can be used to produce spatial variables.
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Forest growth simulators are flexible tools for predicting tree growth and are
commonly applied in the United States (Pretzsch et al. 2002). One particular type of
forest growth model simulates individual tree growth and interactions while considering
tree position (Munro 1974). This class of forest growth models depends on a system of
equations which dictate growth behavior of individual trees based on competition indices
which are used to predict heights and diameters (Wensel & Koehler 1985). PTAEDA 4.1
is an example of an individual tree growth, spatially-explicit, stand simulator for planted
stands of loblolly pine. The model structure was first published by Daniels & Burkhart
(1975). An updated version based on a region-wide data set was released by Burkhart et
al. (1987); subsequently enhancements in software and data have been made, resulting in
the current version designated, PTAEDA 4.1.

PTAEDA 4.1 is in many respects a typical individual tree, distance-dependent
model (Burkhart & Tomé 2012). The PTAEDA 4.1 stand simulator incorporates
distances between competing trees in competition index calculations for each subject or
target tree. Competition is measured as a ratio of the division of the DBH of a competitor
tree to the DBH of the subject tree, divided by the distance of the subject tree to the
competitor tree. The PTAEDA 4.1 simulator consists of two main subsystems. The first
subsystem deals with the creation of the precompetitive stand. Following the onset of
competition. the second subsystem deals with the growth dynamics of the stand. A
number of management subroutines are available for simulation including hardwood
competition control, fertilizer, and thinning (Burkhart 2008). Other specifications can be
assigned prior to implementing simulations including spacing, variation in growth around

mean height and DBH, and delineation of microsites based on SI. After simulation of the
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precompetitive stand, competition is evaluated and growth is calculated individually on
an annual basis. Generally speaking, growth is assigned based on theoretical growth
potentials with adjustments to growth based on competitive status and vigor, site
productivity, and a random component is assigned to account for unknown effects of
genetic and microsite variation. A general description of the PTAEDA model structure is
contained in Burkhart and Tomé (2012), pg. 3113-317; additional information on model
structure is available in Burkhart et al. (1987); Burkhart et al. (2014) contains details on
PTAEDA 4.1 used in this study.

The data generated in this chapter is limited by variables simulated by PTAEDA
4.1. For example, PTAEDA 4.1 summarizes effects of environmental variables by a
single variable SI. Thus we will use SI as a single explanatory variable; SI is taken as a
proxy variable for a number of environmental factors related to tree growth. PTAEDA
4.1 also provides X and Y coordinates of individual trees. We use MEM’s to construct
spatial variables so that complex spatial patterns could be detected. Raw coordinates and
polynomial functions do not model complex spatial patterns well.

PTAEDA 4.1 can be a valuable tool for understanding processes which lead to
spatial correlations of tree attributes. For example, a better understanding of spatial
processes and spatial analysis techniques is essential for quantifying how silvicultural
practices affect stand uniformity. Stape et al. (2010) note a need for more research on
understanding how silvicultural practices lead to higher uniformity in stand structure
Binkley et al. (2002) noted that increased yield was more associated with higher
uniformity of tree sizes than with genetics. Other scientist (i.e. Nilsson & Allen 2003,

Aspinwall et al. 2011, Binkley et al 2010, Ryan et al. 2010) have noted the importance of
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stand uniformity, noting that it may lead to increase resource use efficiency and enhanced
productivity. Spatial analysis techniques are well suited for studying variations in tree
growth across a stand.

Unfortunately, in field data it is unclear how multiple forms of spatial processes
influence tree attributes or how the relative strength of the processes determine positive,
negative, or no spatial correlation in the data. Stand simulators are a useful tool for
studying spatial processes that may otherwise be too difficult or impossible to control and
measure. Simple statistical simulations which only consider a limited number of variables
and outputs can be run on most software packages, but for more complex simulations,
stand simulator software is appropriate.

In chapter 3, we utilized statistical simulations with known distributions to
simulate stands with varying microsite conditions. We simulated reasonably simple stand
conditions where tree attributes were correlated to microsites, creating a spatial process
known as induced spatial dependence. The purpose was to measure the efficacy of a set
of statistical methods to detect spatial dependence, quantify spatial variability, and map
microsite without the more complicated and confounding effects of a second type of
spatial process known as spatial autocorrelation.

The goal of this investigation was to assess the efficacy of spatial analysis
techniques to detect spatial dependence, quantify spatial variability, and map microsites
from data simulated with PTAEDA 4.1. Specifically, our objectives were to: 1) evaluate
the efficacy of pRDA to detect spatial dependence in simulated stands which range in
microsite configuration, stand age, and coefficient of variation of SI, 2) evaluate the

efficacy to RDA to estimate spatial variability in simulated stands which range in
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microsite configuration, stand age, and coefficient of variation of SI, and 3) evaluate the
efficacy of spatially constrained cluster analysis to estimate the number of microsites in
simulated stands which range in microsite configuration, stand age, and coefficient of

variation in SI.

4.2 Methods

4.2.1 Study material and data

The study material was composed of data generated from the PTAEDA 4.1 stand
simulator for loblolly pine. We created five spatial patterns, each with a unique microsite
configuration (Figure 4.1), and evaluated simulations at 3 age levels (10, 20, 30 years)
and at varying levels of SI coefficient of variation (CV) (5%, 10%, 15%, 20%, 25%).
Each stand consisted of 25 rows and 25 columns, a total of 625 trees, all on an 8ft by 8ft
spacing, on approximately 0.92 acres. We created spatial patterns by using the site index
(SI) tool in PTAEDA 4.1 to select groups of trees and assign unique SI values to those
areas. Five microsite patterns ranging from one microsite to five microsites were created
so that we could represent a range of spatial pattern complexity.

The first step was to determine how to vary the SI values within each stand. The
simplest plot was assigned one SI value, while the most complex has five different site

index values.
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Figure 4.1 Illustrates the 5 spatial patterns used in this study. Microsites are distinguished
by color. For left to right: Control, biplot, triplot, quadplot, and freeplot.

Site index is the average height of dominant and codominant trees at a selected base age
(Burkhart & Tomé 2012, p.132). Higher site index values are associated with larger trees
than areas with lower site index values, given that the trees are of similar age. Site index
values and plot names were assigned as follows:

(Refer to Figure 4.1)

Control- The control plot has a single site index value because of microsite homogeneity.

The SI value is 70 feet average dominant height at base age 25.
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Biplot- There are two microsites on the biplot, 70 feet average dominant height at base
age 25 (green) and 80 feet average dominant height at base age 25 (blue).
Triplot- There are three microsites of the triplot have a SI value of 60 feet average
dominant height at base age 25 (yellow), 70 average dominant height feet at base age 25
(green), or 80 feet average dominant height at base age 25 (blue).
Quadplot- The quadplot has four microsites with SI value of 50 feet average dominant
height at base age 25 (orange), 60 feet average dominant height at base age 25 (yellow),
70 feet average dominant height at base age 25 (green), or 80 feet average dominant
height at base age 25 (blue).
Free plot- The free plot has five microsites. The large green area of the free plot is SI 70
feet average dominant height at base age 25. The small light blue area is SI 60 feet
average dominant height at base age 25, the dark blue area circumscribing the blue area is
SI 65 average dominant height feet at base age 25. The red area is SI 75 feet average
dominant height at base age 25and the yellow area is SI 80 feet average dominant height
at base age 25.

We ran simulations for all combinations of five spatial patterns, at three age levels
(10, 20, 30 years), and five CV levels (5, 10, 15, 20, 25%). After each iteration was run,
the resulting data were stored in Excel files and used later for analysis with R statistical

software.

4.2.2 Redundancy Analysis
Redundancy analysis RDA (Rao 1964, Wollenberg 1977) can be used to partition
the variance of the response into into meaningful categories (i.e spatial, environmental)

(Borcard et al. 1992, Legendre 1993). Redundancy analysis can be used as a method of
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variation partitioning to decompose ecological variation into four components (pure
spatial, pure environmental, explained both by space and environment, and unexplained
(Figure 4.2) (Borcard & Legendre 2002). Significance testing in RDA examines the
overall relationship between Y and X, where X is represented by components [a] and [b],

or [b] and [c] in Figure 4.2.

var(Yix)=
[d]

Figure 4.1 Illustrates the partitioning of variation by RDA. Here, X and W are two
explanatory matrices and [a], [b], [c], and [d] are fractions of variance. If matrix X is an
matrix of environmental variables and W is a matrix of spatial variables then the fraction
[a] is pure environmental variability, [b] is confounded variability of environmental and
spatial, [c] is pure spatial, and [d] is the residual component. Fractions [a] and [c] are
considered testable fractions and significance tests can be carried out by pRDA.

In this study, redundancy analysis was done using R software’s “VEGAN”
package (Oksanen et al. 2013). The RDA method is used to partition the total percentage
of variation (R?) explained by the model (Peres-Neto et al. 2006). As a prerequisite to
analysis we standardized all the response variables by subtracting each observation by its
mean and dividing the difference by its standard deviation. The standardization of
response variables applies to all analyses done in this report. This symmetric form of

analysis utilizes a response matrix Y, (hereafter Y) with explanatory vector X,,,,
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(hereafter X) and covariables W, (hereafter W). The covariables we used are spatial
variables.

To create W, we started with the XY coordinates of each tree and created a matrix
Cnx2 Where 7 is the number of live trees at time ¢. The software (package PCNM in R by
Legendre et al. 2012) used a minimum spanning tree to connect all live trees in the stand.
The longest edge is considered our threshold value. It then truncates C,x, with the

following criteria:

Cirunc (ij) = Cijy if C; <threshold
Cirunc(ii) Cirunc i) = 4Xxthresh if i=j
Ctrunc i) = 4Xthreshold if Cl] > Threshold

Computer software packages typically replace the value with 4*threshold. The diagonal
values of Cirune, Which were zero, were also replaced by 4 *threshold. Next, a principal
coordinate analysis (PCoA) was performed on the truncated matrix. The result is n-1
eigenvalues and n-1 eigenvectors. Some eigenvalues are positive and some are negative.
For our simulation study, it was only important to keep the positive eigenvalues and their
associated vectors, because we are only interested in positive spatial correlation among
the trees. Lastly, we took the set of eigenvectors with positive eigenvalues and performed
a forward selection on Y. The eigenvectors found significant were then placed in matrix
W, called the spatial matrix (also called spatial eigenfunctions). Following the creation of
the spatial matrix, variation of Y was partitioned between X (site index values) and W

(spatial variables).
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The canonical R, called the bimultivariate redundancy statistic by Miller & Farr

(1971), quantifies the strength of the linear relationship between variables Y and X:

2 _ Ss(v)
Ryx = S5 (3)

In equation (3), SS (?) is the total sum of squares of Y (predicted values) and SS(Y) is
the total sum of squares of Y. Using the well known adjusted R* (rR?) from Ezekiel
(1930), given in equation 4, we can estimate the variability explained by X or W. In

equation 4, Y has » objects and p variables and X has » objects and m variables:

n-1
(n-m-1)

rR* =1—(1-R}) (4)
Referring to Figure 4.2, we can begin to calculate the components of explained
variance (a,b, and c) as well as the unexplained (d) by following steps outlined by
Legendre (2008).
1. Perform the canonical analysis of Y with respect to X. Use equations 3 and 4 to
calculate the R%”X and rR*. The R corresponds to the circle on the left side of
Figure 4.2. It contains fractions [a] and [b].

2. Perform the canonical analysis of Y with respect to W. Use equations 4 and 5 to

calculate the R,2,|W and rR* . The rR” corresponds to the circle on the right side of

Figure 4.2. It contains fractions [b] and [c].
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3. Perform the canonical analysis of Y with respect to X and W. Use equations 4 and
5 to calculate the Rf,l xw and rR*. The rR” corresponds to both circles in Figure

4.2. It contains fractions [a], [b], and [c].
4. From these results compute [b]=[a+b]+[b+c]-[a+b+c].
5. Next, compute [a]=[a+b]-[b]
6. Next, compute [c]=[b+c]-[b]
7. Next, compute [d], which represents the residual component of variance, [d]=1-
[a+b+c].
To test individual components, [a] or [c], a method called partial redundancy analysis is

used (pRDA) (Legendre et al. 2011).

4.2.3 Partial Redundancy Analysis

Partial RDA considers three sets of variables: Y a matrix of response variables, X
a matrix of explanatory variables, and W a matrix of covariables (Legendre et al. 2011).
Partial RDA tests the significance of explanatory variables in X while controlling for the
linear effect of the covariables in W (Legendre 2008, Legendre et al. 2011). In pRDA we
are able to isolate and test for pure effects. In pRDA permutation F-tests are used because
the data in the response matrix is standardized and because error terms are often non
normal. By testing the significance of individual components ([a] and [c] from figure
4.2), we can more fully understand the underlining causes of variation in the response
data. For example, if a significant pure spatial relationship is detected, one could
conclude that there are significant patterns present in the data (Legendre 2008).

Partial redundancy analysis tests the significance of a matrix of variables in the

presence of covariables. In our analysis we tested for a pure spatial effect by testing the
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significance of W while controlling for the linear effects of X. To achieve this goal, we

used the R?,NW| x Statistic (equation 5) and a partial F-statistic (equation 6):

_ SS(Y~W|X)

Z —_—
Ry-wix = ~ssa=w) )

The F-statistic used to test the overall significance of the partial regression relationship is:

2 2
_ Ry-wix 1-Ry.wix
m n-1-m—q

For equation 6, n is the number of live trees at time #, m is the number of variables in X,
and ¢ is the number of variables in W. Significance of the F-statistic may be tested with
the F-distribution if the assumption of normality of the residuals holds; however, this is
rarely the case in many ecological studies and for this reason permutation tests are
preferred and used in this study (Legendre & Legendre 2012, p. 25). Specifically, we use
a permutation of the residuals of the reduced model (R software, method="reduced” in

VEGAN’S anova.cca()).

4.2.4 Cluster Analysis

Cluster analysis is the search for groups in data (Everitt et al. 2011). Clustering is
a way to classify objects into groups based on some similarity or dissimilarity (Legendre
1989). The classification of objects is usually done based on some partitioning criterion.
A partition is the division of objects of a set into subsets, such that each object belongs

only to one subset. Exceptions exist, of course, throughout cluster analysis and theory
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because cluster analysis is not a set procedure with formal statistical testing but rather a
broad topic with many interpretations and related statistics. One such exception is the
classification of objects into one and only one subset. Fuzzy clustering allows objects to
be members to more than one subset at a time. This paper focuses on a method of hard
clustering where each object belongs to only one group at a time. We will use a method
of agglomerative, spatially-constrained cluster analysis described by Legendre &
Legendre (2012, p. 840) to map the spatial structures in our stand.

A first step to clustering is deciding on a distance measure to use for the
clustering method. Depending on the type of algorithm and data used, practitioners
choose between similarity or dissimilarity measures. Similarity and dissimilarity
measures indicate how quantitatively similar or dissimilar each pair of objects are to each
other. In the clustering algorithm used, each object is grouped into larger more inclusive
groups based on which objects are least dissimilar. This approach is called agglomerative
clustering.

Agglomerative styles of clustering describe a category of algorithms which, as an
initial step, assign n objects to be clustered to n groups. After each iteration of the
algorithm, objects are assigned to larger more inclusive groups. The number of groups (k)
after each iteration approaches min(k)=2 groups. This iterative process is what defines
sequential clustering algorithms. Constraints can be imbedded within the algorithm to
account for successive temporal relationships and for objects which may be neighbors in
space.

There are a number of ecological reasons why practitioners may want to group

objects together if and only if they occur in succession to each other or if objects in each
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group must be neighbors to each other in space (Legendre 1989). We used spatial
constraints such that the resulting map groups together trees growing under similar
conditions. This makes the map more interpretable for mapping spatial heterogeneity of
tree growth resulting from microsites.

The clustering algorithms used are part of R software package “const.clust”.

Our method of clustering is an agglomerative approach with spatial constraints.
Agglomerative methods begin with examining the data as n-1 objects and with each
iteration of the algorithm, the data are put into larger more inclusive groups such that the
first iteration shows n-2 groups, the second iteration n-3 groups, and this continues up to
2 groups. The spatial constraints restrict non-neighboring trees from entering larger
groups. In order for a tree to enter a group it must be a neighbor to it in space. Trees that
are most similar are grouped together (or trees that are least dissimilar are grouped
together). The similarity or dissimilarity is based on distance metrics. These metrics
quantify likeness of objects. Dissimilarity and spatial constraints require two important
steps for this type of clustering. We must determine a distance metric to develop a
dissimilarity matrix, and determine which connectivity method to use and build the
contiguity matrix.

For our type of data, which is continuous and contains no zeros, a Euclidean
distance metric (equation 7) is appropriate. This type of distance measures the association
between two objects (trees in our study) and uses only non-geographic information.
Euclidean distance values have a range [0,1], where values = 0 indicate high likeness

whereas values = 1 indicate low likeness (high dissimilarity). We used Euclidean
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distances among objects using non-geographic information to create our dissimilarity

matrix (D).

DYy, Yr+1) = \[Zf:l(yrc - y(r+1)c)2 (7)

For equation (7), r=row of matrix Y, c=column of matrix Y, and p is the number
of variables in matrix Y. For our simulations, 7=1...n, where n is the number of live trees
at time ¢, and p=2. This step is typical in many clustering algorithms, but in the next steps
we impose spatial constraints on the dissimilarity matrix, which is information typically
not incorporated into clustering analysis.

Spatial constraints are important in this analysis because they offer a more
interpretable map. We hope to map microsites by proxy. In other words, by mapping
groups of trees that are growing similarly we hope to identify microsites, which are
assumed to be causing groups of trees to grow differently than the surrounding trees.
Therefor, by identifying these groups of trees we are identifying the location of the
microsites. The spatial constraints we impose are defined by a connection scheme that
identifies which trees are considered neighbors to each other. We used a method called
Delaunay triangulation.

The Delaunay triangulation uses spatial coordinates of each tree to identify
neighbors. Matrix C (the contiguity matrix) of zeros is created that is nxn in size, where n
is the number of live trees at time ¢. Matrix C was used to identify all neighbors in the
stand and so columns 1..n include all trees and rows 1..n also include all trees. The

properties of matrix C allow us to put a 1 in all elements were trees; and tree; are
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neighbors and a zero otherwise, an obvious result is that all diagonal elements (where
treei=tree; ) will be a 1. Edges are created between two objects that are considered
neighbors. The Delaunay triangulation method states that for any triplet of non-collinear
points A, B, and C the three edges connecting these points are included if and only if the
circle passing through these points (Figure 4.3) includes no other point (Legendre &
Legendre 1998). This criterion is a robust method for defining contiguity. This
connection scheme works well with regular grids and is adaptable to various patterns of

planting grids and will transfer well to field plots that are slightly irregular.

Figure 4.2 Illustrates the circles used in Delaunay triangulation. Black dots represent the
objects (trees in our data), red dots represent the center of each circle used to
circumscribe three points, and the thick black lines connect "neighbors" (Wikipedia,
November 3", 2014).

In constrained clustering, the Hadamard product of the dissimilarity matrix and
contiguity matrix produce a dissimilarity matrix for constrained clustering. An nxn
dissimilarity matrix is created from equations (7). The more akin any two trees are in

structure the closer to 0 is their dissimilarity value. We then create an nxn contiguity
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matrix of 1’s and 0’s where 1’s mark neighbors as defined by Delaunay triangulation and
0’s elsewhere. The Hadamard product for our data is the dissimilarity in growth among
neighboring trees.

The Calinski-Harabasz (CH) statistics are used to estimate the number of groups
in the data. Corral (2014) found that the CH statistic performed well when estimating the
number of groups for tree plantation data. We examined if the CH statistic correctly
identified the number of groups in each the spatial pattern (2 for biplot, 3 for triplot, 4 for

quadplot, and 5 for free plot).

4.3 Results

4.3.1 Redundancy Analysis

We used RDA to partition the variation of the response data and estimate the
proportion of variability explained by spatial variables. Table 4.1 lists the rR? values for
each simulation completed in PTAEDA 4.1. The rR* values range from 11% (control
age=20, CV=5%) to 0% in several cases. Generally, there is a trend with age and CV. As
age increases there is a decrease in percent of variation explained and a decrease in
variation explained as CV increases. Relative to the other age groups, the simulations at
stand age of 10 years tend to have the higher rR” values. The average changes in rR”
values from stand ages 10-20 years, 20-30 years, and 10-30 years are lowest in the
control plot, with an average change of 4.8% and highest in biplot with an average

change of 8.4%
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Table 4.1 Estimated rR* for each spatial pattern and all scenarios.

AGE cv Control Biplot Triplot Quad Free
10 5 10% 5% 11% 8% 7%
10 10 3% 5% 6% 8% 6%
10 15 3% 3% 3% 3% 3%
10 20 1% 1% 2% 1% 0%
10 25 1% 7% 1% 0% 3%
20 5 11% 5% 10% 5% 2%
20 10 4% 2% 7% 1% 2%
20 15 0% 2% 4% 1% 3%
20 20 2% 1% 0% 1% 5%
20 25 2% 2% 0% 1% 0%
30 5 5% 2% 5% 7% 3%
30 10 3% 9% 1% 2% 4%
30 15 0% 0% 8% 0% 2%
30 20 1% 0% 2% 0% 2%
30 25 2% 0% 0% 1% 0%

4.3.2 Partial Redundancy Analysis

Partial redundancy analysis was performed to detect spatial dependence. The
significance of spatial variables indicates presence or absence of spatial dependence.
Table 4.2 contains the p-values from the permutation F-tests, which test for a significant
spatial component in the data. Values less than (0.05) indicate the presence of a spatial
component. Failure to reject the null hypothesis seems to be more related to an increase
in stand age rather than to CV or complexity of spatial pattern. Even the control stand,

where we did not impose spatial dependence, tested as significant in most cases.
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Table 4.2 Pvalue from pRDA test of significant spatial component for each spatial pattern
and all scenarios. (*) indicates pvalues greater than the specified alpha level.

AGE cv Control Biplot Triplot Quad Free
10 5 0.01 0.01 0.01 0.01 0.01
10 10 0.01 0.01 0.01 0.01 0.01
10 15 0.01 0.01 0.01 0.01 0.01
10 20 0.03 0.01 0.01 0.01 0.01
10 25 0.01 0.01 0.01 0.03 0.01
20 5 0.01 0.01 0.01 0.01 0.01
20 10 0.01 0.01 0.01 0.02 0.01
20 15 0.23* 0.01 0.01 0.11%* 0.01
20 20 0.01 0.01 0.03 0.01 0.01
20 25 0.01 0.01 0.41* 0.03 0.24*
30 5 0.01 0.02 0.01 0.01 0.01
30 10 0.01 0.01 0.11* 0.01 0.01
30 15 0.14* 0.20* 0.01 0.20* 0.01
30 20 0.07* 0.14* 0.01 0.16* 0.01
30 25 0.01 0.13* 0.24* 0.04 0.08*

4.3.3 Cluster Analysis

Cluster analysis was performed for all scenarios. Table 4.3 lists the outcomes of
the cluster analysis. An (*) is used to highlight each successful trial where the cluster
analysis estimated the correct number of groups. The numbers listed in the cells are the
estimated number of groups by the constrained cluster analysis. Generally, there is a low
success rate throughout the trials with an exception for the biplot at stand age 20 years.
All other spatial patterns were detected correctly only one or two times throughout all the
scenarios. A trend seen in Table 4.3 is a tendency toward underestimation of the number

of groups for the triplot, quadplot, and free plot.
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Table 4.3 Illustrates the number of estimated microsites in all combinations stand age,
microsite configuration, and coefficient of variation (CV). (*) indicate that cluster
analysis correctly identified each plot.

AGE cv Biplot Triplot Quad Free
10 5 2* 2 2 2
10 10 4 2 5 3
10 15 3 2 3 3
10 20 3 4 3 3
10 25 2% 4 2 3
20 5 2* 2 2 9
20 10 2* 2 4% 2
20 15 2* 2 2 2
20 20 2% 5 3 10
20 25 2% 6 2 5*
30 5 2% 2 2 2
30 10 3 2 9 2
30 15 3 3* 3 2
30 20 7 3* 10 4
30 25 5 4 2 4

4.4 Discussion

4.4.1 Redundancy Analysis

The lack of apparent pattern or trend in the results may indicate that the spatial
structure is correctly accounted for with the site index variable. Thus, partitioning out the
variability associated with the SI variable leaves only spatial variability associated with
other processes such as growth response to mortality, but not the induced spatial
dependence of microsites. This indicates that PTEADA 4.1 may not be a suitable
simulator to test efficacy of RDA.

The amount of variability captured remained low throughout the simulations, but
it is important to keep in mind that these are rR” (fractions of the total explained
variation) values and therefore they are expected to be much lower than regular R

values. For example, Gray & Harding (2011) reported significant spatial structuring with
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rR” values of less than 4%. Similarly, Heikkinen et al. (2004) reported significant spatial
structures in data sets with rR” (of pure spatial component) ranging from 2.5-3.4%.
Obvious trends do not appear in the results with the exception of decreasing rR” values as
CV increases and slight decreases as age increases. We expected CV to affect the rR*
values because increasing the random noise in the system makes the spatial variability
less obvious and more difficult to disentangle from the residual variation. The RDA
attempts to sift out the pure spatial component of the total variation, but by increasing the
randomness we end up hiding the spatial variability.

As age increases a number of different factors contribute to the variability in the
system. Two factors in particular are competition and mortality. Competition introduces a
form of fine scale spatial dependence called negative spatial correlation. Negative spatial
correlation occurs because competition among trees creates “winners” and “losers”. As
trees compete for resources some trees outcompete their neighbors and grow larger and
move into more dominant positions. The negative spatial correlation results from
differences in DBH of neighboring trees. For example, large trees will tend to have
smaller neighbors and smaller trees will tend to have larger neighbors. The occurrence of
negative spatial correlation becomes more prevalent as the stand matures and has more
time for the competitive effects to set in.

PTAEDA 4.1 is designed with a random mortality function that eliminates trees
throughout the life of the stand. The elimination of trees creates gaps of growing space
that the software is designed to acknowledge by increasing growth capacity of adjacent
trees. The increased growth of trees around gaps may create positive spatial correlation.

This can occur if the removal of the smaller tree increases the similarity among the group
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of trees that surround the newly created gap. Also, the growth of trees surrounding the
gap can increase with newly created growing space.

The effects of competition and mortality are important because the defined groups
within each simulation plot will exhibit positive spatial correlation due to microsite
effects. Competition creates negative spatial correlation which can cancel out positive
spatial correlation. The RDA results show that the amount of spatial variability decreases
over time. The higher levels of spatial variability at the young ages may represent the
microsite effects which decrease due to competition over time. The control plot also
shows this trend. However, the average change across stand age is smallest (4.8%) in the
control plot. This is similar to results described by Liu & Burkhart (1994b) who found
positive spatial correlation in simulated height. Liu & Burkhart (1994b) used an earlier
version of the simulator (PTAEDA 2). The authors noted that microsite effects were
largely ignored in their simulations and could be the causing the positive spatial
correlation. The spatial variability measured in the control may be due to pockets of
increased growth due to gap formation. The trees surrounding these pockets will respond
via growth functions as a result of decreased competition. It may be possible that
competition based mortality is creating spatial structures in the simulated data, including
the control. All spatial patterns would experience a response to mortality, but since the
control does not have spatial correlation from microsite effects the average change in rR

overtime is smaller than for the others spatial patterns.

4.4.2 Partial Redundancy Analysis
Partial redundancy analysis tests for the significance of a pure spatial component

in the response data. P-values less than a@=0.05 indicate the presence of spatial
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dependence. Table 4.2 consists mostly of p-values below the alpha threshold, which is
expected based on how spatial variables were constructed. During the construction of the
spatial matrix we did a forward selection (selection criteria @=0.05) of the variables on
the response. The variables selected from this process were considered significant before
the pRDA.

An interesting point to mention is that we failed to reject the null hypothesis in the
control plot a similar amount of times as we did the other spatial patterns. This is
interesting because the control has no induced spatial dependence. Initially, we reasoned
that that during the forward selection process we were retaining variables in the control
plots as a result of an inflated type 1 error noted by other scientist (Blanchet et al. 2008,
Legendre et al. 2011). However, it is unclear if the significant spatial variables are due to
type 1 errors or if the spatial variables are detecting patterns of growth due to mortality.
Furthermore, since it is possible that SI correctly accounts for all the spatial structure
occurring in Y, the significant variables detected in pRDA are modeling something other
than microsites. This would also explain why the success of detection

Spatial dependence of tree attributes is significant in most cases and no apparent
trends across stand age exist. Bullock & Burkhart (2005) examined examined 16 plots of
loblolly pine trees and used simultaneous autoregressive models to evaluate the amount
of influence stems in loblolly pine plantation have on each other and also reported no

significant spatial trends with stand age.

4.4.3 Cluster Analysis
Results from the cluster analysis are not promising. Other researchers using the

same same algorithm (Trakhtenbrot & Kadamon 2005) have found that cluster analysis
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was promising and worked well for their data, indicating it’s the complex spatial nature
of tree attributes that does not work well with clustering. Only in the least complex
spatial pattern (the biplot) and at a stand age of 20 years was the cluster analysis able to
consistently detect the correct number of groups in the data. The “Goldie Locks” zone in
this case occurs when the stand is not too young or too old and only occurs in the biplot.
There are two possible reasons why the Goldie Locks zone occurs. The first is that it may
take greater than 10 years for differences among groups to be large enough that they can
be categorized correctly. The other possible reason, indicated in the 30 year simulations,
is that confounding effects of competition and mortality create too much noise in the
system for cluster analysis to work. Other researchers have reported cluster analysis
useful in the context of forestry data. Morsdorf et al. (2004) concluded it was feasible to
segment single trees in LIDAR raw data using cluster analysis and accurately match the
raw data to the field data. Furthermore, Heli6l4 et al. (2001) used cluster analysis to show
strong relationships among beetle species in edge habitats and forest interior habitats.
Throughout the age of the stand trees are competing with each other and taking
over growing space that may open randomly through mortality. Spatially constrained
cluster analysis works by grouping pairs of neighboring trees together that have the
highest similarity value. Competition creates dissimilarity among pairs of neighboring
trees. The presence of negative autocorrelation caused by competition may decrease the
distinctiveness among microsites by creating “winners” and “losers” within microsites
(Magnussen 1994). By year 30 the effects of competition and mortality are too large for
the process of spatially constrained cluster analysis to successfully detect which trees are

growing similarly due to microsite processes (Ford 1975). Conversely, Thomson (1986)
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found in his investigation on spatial pattern, microsite effects, and competitive stress that
competitive effects had little effect on the spatial pattern of tree size.

Lastly, the identity of the source of success and failure, i.e. clustering algorithm or
selection critierion used (CH statistic), remains unclear. The CH statistics itself is a ratio

of variances and can be sensitive to changes in noise among observations.

4.5 Conclusions and Management Recommendations

Redundancy analysis is a powerful tool for understanding the variance
components of a data set. Breakthroughs in designing and interpreting spatial variables
have made RDA more useful to scientists and managers than before. The ability to create
categories for variables and analyze them accordingly is a major benefit. However, our
study is not sufficient in making management recommendations for the use of RDA to
plantation forestry. PTAEDA 4.1 has limited capabilities in terms of producing
environmental variables and using SI alone was found to sufficiently account for the
spatial structure in Y and thus PTAEDA 4.1 was not suitable for developing data to study
variation partitioning.

We found that partial redundancy analysis succeeded in testing of the pure spatial
component in the response data, but probably preformed poorly for what we intended it
to do. In particular, pPRDA detected spatial patterns but did so equally amoung all spatial
patterns and the homogonues control plot. This indicates to us that the positive spatial
correlation pRDA detected was from sources present in all plots including the control. An

example being growth response due to mortality.
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The spatially constrained cluster analysis was unreliable. It appears the clustering
algorithm or the CH statistic are too sensitive to levels of variation common in forests.
Many algorithms exist for cluster analysis and the results imply that refinement or
alteration of the existing methods may lead to the development of clustering approaches
well suited for our needs. Further testing of selection criteria may also improve the
success of the our approach to mapping. Another method that can be used to map
microsites based on tree size include quartile or quintile plots. This approach assigns trees
to groups according to their relative size. This is not a spatially constrained method, but
based on some preliminary trials it may still be useful in the field.

Lastly, the results failed to show that RDA and pRDA are reliable methods due to
the inability to our inability to simulate relevant environmental variables. Our analysis
indicates that these methods should be preformed on real data where SI is not the only
determinate of microsite. The method of spatially constrained cluster analysis applied
here was not fully satisfactory but further work in refining the algorithm or another

selection criterion may make this approach a useful tool.
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Chapter 5

Spatial Analysis of Field Data of Managed Loblolly Pine
Abstract
This study extends results from simulated data sets to real plot data. In chapter 3,
simulated data was from statistical simulations where whole plots and areas of
contrasting productivity within plots, called microsites in this report, have “tree” values
drawn from distributions with specified means and variances. The statistical simulations
consisted of subpopulations of specified means and variances without spatial
autocorrelation from competition and mortality. In chapter 4, simulated data is from the
PTAEDA 4.1 spatially-explicit individual tree stand simulator for loblolly pine (Pinus
taeda L.). The real plot data analyzed comes from open-pollinated, as well as clonal
plantings of intensively managed loblolly pine. We compared coefficient of variation
(CV) for height and diameter at breast height among simulated (chapters 3 and 4) and
real data sets. We found that CV of DBH differs most among the data sets. The PTAEDA
4.1 stand simulator had the largest CV values while statistical simulations generally
resulted in CV values that were lower than what was found in the field plots. The CVs for
heights were very similar across ages for all data sets. Second, we implemented a full
spatial analysis on the real data sets. A full spatial analysis consists of testing for spatial
dependence, modeling spatial variables, and mapping spatial microsites within a stand.
The full spatial analysis did not yield distinctive results between data sets from clonal and
open-pollinated stands. The results of the spatial analysis indicate that stand variability is
is largely a function of site, not genetic variability.

Keywords: Forestry, Simulation, Redundancy analysis, cluster analysis, spatial analysis.

93



5.1 Introduction

Spatial analysis is relevant in environmental research because measurements
taken across geographic space can be influenced by spatial components (ter Braak &
Prentice 1988, Leduc et al. 1992, Peres-Neto et al. 2006). Spatial structures arise from
two independent processes in environmental data (Legendre 1993, Dale & Fortin 2005).
Environmental factors that are spatially structured can indirectly create what’s called
spatial dependence (Dray et al. 2006). A number of environmental factors are recognized
as being spatially structured including soil composition (Rayment & Jarvis 1999), soil
nutrients (Gross et al. 1995), and weather events (Mock 1996). Spatial structures can also
be created directly by biotic processes such as growth, mortality and competition (Dray et
al. 2000).

Microsite (areas of contrasting productivity) effects are the main cause of positive
spatial correlation (i.e. similar sized trees are clumped) in forestry (Zhang et al. 2009).
Negative spatial correlation (i.e. large trees tend to neighbor smaller trees) results from
intertree competition among neighboring trees (Magnussen 1994, Fox et al. 2001).
Planted stands at establishment will have a spatial correlation of near zero. Overtime,
spatial correlation will increase as neighboring trees respond correspondingly to their
shared microsites (Magnussen 1994). Eventually the spatial correlation will decrease as
intertree competition begins and trees become either “winners” of “losers” at a local scale
(Ford 1975, Magnussen 1994). If competition interacts without interference the spatial
correlation may approach zero as the distribution of tree sizes becomes more uniform
(Ford 1975, Ghent & Franson 1986). Since forest attributes are often spatially correlated

(Hou et al. 2015) it is beneficial to better understand these spatial aspects of forestry data.
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Carmean & Lenthall (1989) note that groups of trees growing on separate
microsites may develop different height-age curves, resulting in what is termed
“polymorphic” curves (Burkhart & Tomé 2012, p. 138). When evaluating site
productivity, the site index (SI) concept- the average height of the dominant and
codominant part of the canopy indexed at a specific age, is commonly used (Burkhart &
Tomé 2012, p. 131). Thus, in forest plots which contain microsites, we would expect
there to be polymorphic SI curves. A consequence of polymorphism is that tree size is
dependent on its location in space, or more specifically, average tree size is dependent on
which microsite it is located in, and microsites themselves are spatially structured.

This report relates results and insights learned from a three stage approach to
understanding spatial variability in forest plots. The three-stage examined in this
dissertation include analysis from simulations of forest plots with specified means and
variances which do not include spatial autocorrelation due to competition and mortality
(chapter 3), simulations with PTAEDA 4.1 a spatially-explicit, individual tree stand
simulator which includes autocorrelation due to competition and mortality (chapter 4),
and analysis of actual field plot data. The coefficient of variation from simulations results
in chapters 3 and 4 were compared with data from plantings with open-pollinated and
clonal stock.

The simulations with groups of specified statistical properties were designed to
investigate the efficacy of spatial analysis techniques in a structured, simple forestry
setting without spatial autocorrelation caused by competition or mortality. For the
purposes of this chapter we use a control plot to compare against the PTAEDA 4.1 data

and the real plot data. The control plot of our simulated stand is designed to be
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homogeneous (productivity across the site is approximately equal), but we specify mean
and variance parameters from which the diameter at breast height (DBH) are drawn and
used to calculate heights.

The PTAEDA 4.1 spatially explicit stand simulator was developed to model
growth in loblolly pine plantations. The modeling units are individual trees, which is a
characteristic of all individual tree growth simulators. Annual growth of the trees is a
function of tree size, the site quality, and competition from neighbors. Furthermore,
growth increments can be adjusted by stochastic elements representing genetic and
microsite variability (Burkhart 2008). For our purposes, we simulated tree growth for
plots of uniform productivity and across a range of 20 years and quantified CV at each
age. Additional variation for site index (SI) was not specified and the random variation
option for diameter and height increment was not selected.

Stand data from two sets of plot measurements were used in this chapter. The first
set consists of open-pollinated loblolly pine trees and is part of a region-wide study
(hereafter OP stands). These data were collected from permanent plots planted across the
natural range of loblolly pine (Burkhart & Amateis 2012, Amateis et al. 2006). The
second sets of data come from plantings of clonal stock of loblolly pine (hereafter CL
stands). Both CL and OP plots come from plantings in the same general part of the
Coastal Plain region so site and climatic conditions are similar (Figure 5.1). The OP and
CL data are from stands selected by common criteria including established on a site that
received intensive site preparation, free from heavy damage, trees per acre ranging from
200-700 stems per acre, and unthinned, unpruned and free from interplanting. Plot

establishment guidelines for OP and CL required that plots should be located to avoid
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roads, windrows, large fail spots, and free of competing arborescent vegetation.
Guidelines for plot establishment also specified rectangular plots with corners established
halfway between rows to avoid biasing the plot area. Similar data was collected at OP
and CL plots including stem maps with X and Y coordinates of each tree. Given that
these plots share similar growing conditions, stand selection criteria, measurement

procedures and protocols, these data sets were considered comparable.
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Figure 5.1 Plot locations of OP and CL stands with field plot instillations.

The spatial analysis executed consists of three steps. In the first step, we used
Moran eigenvector maps (MEM) to construct spatial eigenfunctions (also called spatial
variables) and test for spatial effects while controlling for the linear effect of our
environmental variable. The first step consists primarily of a method called partial
redundancy analysis (pRDA). In the second step we perform a variation partitioning
through 3 simple redundancy analyses (RDA) of our variables. In the last step, we map
the spatial patterns with spatially constrained cluster analysis to identify subgroups in the
stand (microsites). Finally, we validate some of our results with univariate tests and

descriptive statistics.
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Our investigation applied spatial analysis techniques to field data and compared
those results with findings from previous chapters. We compared coefficient of variation
of data from statistical simulations, PTAEDA 4.1, OP, and CL, then implemented a
spatial analysis on two comparable sets of plot measurements (OP, CL). Our hypothesis
is: Without confounding of microsite and genetic variability spatial patterns will be more

identifiable.

5.2 Methods

The data for this study comes from four sources; statistical simulations (called
ideal stands) from R software, PTAEDA 4.1 simulator data, OP stand data, and CL stand
data. The purpose of using the four data sources is to demonstrate the relationship
between simulated data and real data. The simulated stands were constructed with no
specified spatial dependence for consistency and efficiency.

Stand data comes from two comparable sets of plot measurement: (1) OP plots
with microsite and genetic variability confounded in the data, and (2) CL plots without
confounding of genetic variability. Both sets of plot measurements are from similar
Coastal Plan soils and climatic zones (Figure 5.1). OP and Cl plots had the same stand
selection standards for installing plot in a given plantation, measurement procedures, and
protocols.

The ideal stands are statistical simulations and were simulated based on average
size and not age, per se. Ideal stands were simulated with 625 trees (25 rows and 25
columns) on an 8ft by 8ft spacing. Means and variances were specified for tree attribute
distributions. We specified a mean DBH of 5 inches for the ideal stand. Next, we

calculated DBH variance for five scenarios of variability based on specified levels of CV
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(5%, 10%, 15%, 20%, and 25%). The resulting levels of DBH variance were a2=(
0.0625, 0.25, 0.5625, 1, 1.5625). For one scenario at a time, we randomly sampled 625
DBH values with mean 5 inches and at a given variance. Then for each DBH we
calculated height from equations by Sabatia and Burkhart (2013). Next, site index values
were drawn randomly from a single SI distribution. The ideal was assigned only one
distribution for SI of 70ft to reflect uniform productivity. Site index values for each tree
were then drawn from a normal distribution, where SI;~N (70, 72). Site index values
were then assigned to each tree. Higher values of SI were assigned to larger trees and
smaller values of SI were assigned to smaller trees. Finally, each of the 625 trees were

assigned an X and Y spatial coordinate on a map of the stand (Figure 5.2).

Figure 5.2. Illustrates the ideal stand. All trees are present and the stand and spatial
dependence is not induced..

PTAEDA 4.1 simulations were conducted for ages 8-23 years and data were
summarized for each year. In the PTAEDA 4.1 simulations the SI of the whole stand was
specified as 70 and grew trees were on an 8ft by 8ft spacing (Figure 5.3). For our
purposes, we did not specify CV for SI or opt for adding variation to increment growth.

The purpose of this was to establish a baseline for CV that represents the inherent error in
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the modeling equations for growth. For each of the sixteen years we examined the CV for

TH and DBH.

Figure 5.3. PTAEDA 4.1 simulated plot with competition and mortality effects.

For the actual field plot data (CL and OP) we calculated the total CV for TH and
DBH at each age. For the CL plots the age range was 2 years to 9 years since plot
establishment and the OP data range was 3 years to 23 years since plot establishment.
After calculations of CV were complete we did a full spatial analysis with data from CL
and OP using R software packages Vegan (Oksanen et al. 2013), Const.Clust (Legendre
2011), and PCNM (Legendre et al. 2010) for three CL stands and three IMP stands.

Our analysis was designed with multivariate response Y=(DBH, HT). For all
analyses done in this chapter response variables have been standardized. We used Moran
eigenvector maps (MEM’s), as described by Borcard & Legendre (2002) and Dray et al.
(2006), to create spatial eigenfunctions, (also called spatial variables. Spatial variables
result from a principal coordinate analysis (PCoA) of the truncated pairwise distance
matrix. Dray et al (2006) provide a clear description of statistical details for MEM’s. The

matrix of spatial variables was then Wy, =(v; ... v—p) Site index was set as an

environmental variable X=(SI). Site index is a measure of site productivity and is related
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to a number of environmental variables that contribute to tree growth. For this reason SI
is used as a proxy variable for environmental factors which contribute to tree growth.
The analysis included variation partitioning using RDA to estimate the canonical
R* (rRDA), testing spatial variables while controlling for the linear effects of SI with
pRDA, and mapping of microsites using spatially constrained cluster analysis. Mapping
results were compared with quartile plots using R software geoR package, which is
univariate and mapped TH. Partial RDA results was compared with Moran’s I test for
spatial dependence, which is a univariate method and is also part of R software package

geoR.

5.3 Results

The results for comparison of CV values are best illustrated in two plots.
Figure 5.4 illustrates how CV changes over time for DBH of all stands of the two real
plot data sources (OP, CL), PTAEDA 4.1 data, and ideal stands data (fixed at 10 years)
with varying levels of CV specified for simulations. The PTAEDA 4.1 simulator has the
largest CV over time and the CL plots have the smallest CV over time. However, at stand
age 6 there is a sharp increase in CV for the CL plots, which by age 8 becomes
approximately equal to CV of the OP plots. The ideal stand has comparable CV as CL
and OP plots when specified CV (20% and 25%). Similarly, Figure 5.5 illustrates how
CV for TH changes over time for the two data sources, PTAEDA 4.1 and the ideal stand

across time.
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Figure 5.4. Illustrates the relationship between DBH CV of each source of data. The
statistical simulation of the ideal stand (age 10 at CV 5%, 10%, 15%, 20% and 25%),
PTAEDA 4.1 stand simulator (age 8-23), and OP (age 3-23) and Clonal (age 2-9) data

sets.
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Figure 5.5. Illustrates changes in CV of height across time for OP (age 3-23), Clonal (age
2-9) and PTAEDA 4.1(age 8-23) data sets, and ideal stand (age 10 at CV 5%, 10%, 15%,

20% and 25%).
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In Figure 5.5 CV values for OP, CL, and PTAEDA 4.1 are very similar and the ideal
stand reaches similar values to the other data sources at its three highest levels (15%,
20%, 25%).

Next, we implemented a full spatial analysis. Table 5.1 displays the results from
the spatial analysis. We used pRDA to test spatial variables while controlling for the
effects of SI. We found no significant relationship with the spatial variables even though
Moran’s I detected spatial dependence in four of the six plots. Also, of note is the
indication of positive spatial correlation on all six plots. We also list the results from
RDA, and cluster analysis in Table 5.1.

Table 5.1. This table lists the relevant statistics from the spatial analysis. Canonical R
(pure spatial variability) from the RDA, pvalue from the pRDA (spatial dependence test),

estimated number of groups from cluster analysis, Moran's I pvalue of spatial dependence
(* indicates significance), and estimates of positive or negative autocorrelation.

Plot Age R Squared pRDA pvalue  Groups Moran's Pvalue Spatial Correlation
CL8 5 0 0.09 >10 0.94 +
CL17 7 0.17 0.26 2 0.004* +
CL9 9 0.12 0.96 2 0.311 +
OP 3101 5 0.02 0.26 9 0* +
OP 3106 7 0.09 0.16 3 0.017* +
OP 7106 9 0.56 0.89 2 0* +

Figures 5.6-5.11 are maps illustrating the spatial heterogeneity of growth patterns. Each
figure contains a quartile plot and a map from the cluster analysis. The quartile plots were
constructed by grouping the height data into 4 height levels. The heights are put in
ascending order based on height. Level 1 has the shortest trees, level 2 has the trees larger
than level 1 but shorter than level 3, level three contains trees taller than level 2 but

shorter than level 4, and level for has the tallest trees. Each level consists of 25% of the
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data. The maps generally seem to line up with large groupings indicating patches of

higher or lower site productivity.

CL Plot 8 at 5 Years Old

Figure 5.6. Clonal plot 8 at age 5. Left side: Quartile plot shows trees color coded into 4

groups (red=largest, yellow=second largest, green= third largest, black=smallest).
Spatially constrained cluster map is displayed on right (number of microsites >10)
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Figure 5.7. Clonal plot 17 at age 7. Left side: Quartile plot shows trees color coded into 4

groups (red=largest, yellow=second largest, green= third largest, black=smallest).
Spatially constrained cluster map is displayed on right (number of microsites 2).
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Figure 5.8. Clonal plot 9 at age 9. Left side: Quartile plot shows trees color coded into 4

groups (red=largest, yellow=second largest, green= third largest, black=smallest).
Spatially constrained cluster map is displayed on right (number of microsites 2).
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Figure 5.9. OP plot 3101 at age 5. Left side: Quartile plot shows trees color coded into 4

groups (red=largest, yellow=second largest, green= third largest, black=smallest).
Spatially constrained cluster map is displayed on right (number of microsites 9).
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Figure 5.10. OP plot 3106 at age 7. Left side: Quartile plot shows trees color coded into 4

groups (red=largest, yellow=second largest, green= third largest, black=smallest).
Spatially constrained cluster map is displayed on right (number of microsites 3).
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Figure 5.11. OP plot 7106 at age 9. Left side: Quartile plot shows trees color coded into 4

groups (red=largest, yellow=second largest, green= third largest, black=smallest).
Spatially constrained cluster map is displayed on right (number of microsites 2).
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5.4 Discussion

Coefficient of variation for DBH behaved as expected across age. The OP stands
were generally higher in CV than the Clonal stands which is expected. The clonal stands
are expected to have higher uniformity in growth than the nonclonal stands because they
capture additive and non-additive genetic variance (Baltinus et al. 2007). The PTAEDA
4.1 simulations yielded the highest values of CV across stand age. A number of causes
could be involved, but it likely results from DBH variability incorporating error from
multiple sources into the system (i.e. the sampling DBH distribution, competition, and
random mortality). The sensitivity analysis had a fairly low level of CV, but the values
reflect the CV levels incorporated into the sensitivity analysis (5% ,10%, 15%, 20%, and
25%) with the top two points (20% and 25%) representing the actual data.

The analysis of height data yielded interesting results. First, we see both the
PTAEDA 4.1 data and the sensitivity analysis represent the actual data well. A surprising
result was higher CV values for CL stands versus OP stands. Our results here are similar
to those of Aspinwall et al. (2011) who reported varieties were less uniform in tree height
than open pollinated and control pollinated families. Increased uniformity in varietal
stands is often only supported by theoretical reasons. Empirical evidence for increased
uniformity is inconsistent. Sabatia & Burkhart (2013) reported that more intense genetic
selection decreased variance of height distributions at a given DBH.

The full spatial analysis of the six stands yielded similar results for OP and CL
plots. In Figures 5.4 and 5.5, CV values are highest at young ages and decrease over time.
The large amounts of variation in the CL and OP plots make it difficult to detect

significant relationships. Magnussen (1994) found that spatial autocorrelation was near
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zero due to competition effects not setting in and microsite effects not developing, but
Figures 5.6-5.11 do not appear to have a uniform distribution of tree sizes, rather
identifiable clump of big or small trees appear in each. Magnussen (1994) points out that
spatial dependence due to microsites shows up before competition effects. According to
our analysis all plots have indications of positive spatial correlation, which would support
Magnussen’s (1994) claim because positive spatial correlation is associated with
microsite effects. Due to the young age of these stands, it is reasonable to assume that the
spatial dependence detected in some of the plots is likely due to microsites. The rR*
values increase up to 55%, similar to values reported by Cottenie (2005), but the pRDA
test fail to detect significance. The Morans I coefficient for height, however, detected
significant spatial dependence in four of the six plots. The high levels of CV are likely
the reason pRDA tests did not detect significant relationships, Chapter 3 of this
dissertation showed that successful detection of microsites declines with increased levels
of CV.

Constrained cluster analysis yielded some interesting results. Each map, in at least
one instance, reflects the same patterns seen in the plots for height quartiles plots. This
validates some results seen in the cluster analysis. That is, cluster analysis is grouping
trees of similar size together. With that said, constrained cluster analysis is not a
statistical test, but rather a method for finding similar objects in a data set and grouping
them together. These maps came out better than expected, in part because we tested these
methods in simulations that had, in some instances, more variability than the actual data,
or because of the change in temporal scale and plot size from the simulated data

(Chapters 3 & 4) to field data. The smaller, younger filed plots are less intricate. In field
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plots, after establishment, tree growth is dependent on the productivity of the microsite it
is growing on (Magnussen 1993). As competition sets in and trees become “winners” or
“losers” and negative autocorrelation sets in - obscuring positive autocorrelation caused
by microsites and moving the stand towards negative spatial correlation (Perry 1985).
Eventually, competition based mortality occurs removing the “loser” trees from the stand
which creates a uniformity and the stand becomes more uniform (Ford 1975). This
uniformity, or random spatial structure, causes researchers to incorrectly deduce that tree
attributes are spatially independent (Leps$ & Kindlmann 1987). Larger plots which
develop over up to 30 years (chapter 4) have forces of positive and negative correlation
occurring concurrently over time and tree attributes dependent on microsite may only be
detectable in small windows of time. Furthermore, the larger plot sizes have competition
and mortality occurring within microsites which also makes microsite detection difficult.
These maps, particularly the maps with fewer groups, represent structural patterns well
and may be useful for future applications.

It is evident from the results of this chapter that removing genetic variability in
plots will not necessarily make the spatial patterns more identifiable. Therefore, the
hypothesis of this investigation is rejected. Evidence suggests that the primary source of
variability in plots appears to be from soils or other site factors, not genetics. Figures 5.6-
5.11, display plots with identifiable clumps of large trees and small trees in a nonrandom
pattern. This indicates microsite effects are present were groups of trees in the same
microsite grow similarly. A positive spatial correlation is indicative of this phenomena
and Table 5.1 provides evidence of positive spatial correlation in all plots. Despite being

able to visually identify patterns on the maps, which are likely areas of contrasting
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productivity, the techniques we used for spatial analysis were still unable to perform
reliably. Based on results form early chapters we contribute the inability of the methods

used to perform reliably to large amounts of variability within microsites.

5.5 Conclusions and Management Recommendations

Simulations offer a controlled way to test the efficacy of statistical methods, study
possible management scenarios/outcomes, and study stand dynamics. Our approach for
simulations was found to have a reasonably close CV compared to actual plot data. These
methods of simulation appear viable and should be useful to managers for a variety of
purposes.

The results from the full spatial analysis are a reasonable start, but more
replications across longer time periods are needed to fully understand the usefulness of
the spatial approach. The methods we used were not reliable for the stands we examined
and the probable cause is the young age (5, 7, and 9) and high amounts of variation in the
data. We found that microsite variability was likely the primary cause for large variation
in data and that data from clonal plantings did not sufficiently reduce the variability.

Spatially constrained cluster analysis provided useful maps which grouped trees
of similar size together. The spatial pattern provided by the constrained clustering offers
some insight into microsite conditions of the stand. Managers may consider using these
maps in young, small plots to locate clumps of of smaller trees. This may be a useful way
to target areas of low productivity within the plot. This information could be useful for

management goals concerned with increasing uniformity.
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In conclusion, it is necessary to continue research on spatial processes in plots
over longer periods of time and under multiple conditions. In particular, more research on
how the relative strengths of different spatial processes like those created by microsites
and by competition influence tree growth and stand structure. This chapter highlighted
that variability in plot data is not sufficiently reduced by removing the confounding of

genetic effects for methods to reliably detect spatial patterns.
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Chapter 6

Summary, Implications, and Recommendations

6.1 Summary and Implications

Our approach to studying spatial variability included three analytical
stages of investigation. First, we studied simulated populations which were reasonably
simple and included only induced spatial dependence caused by microsite. Induced
spatial dependence occurs when the response data takes on the spatial structure of
environmental variables that are, themselves, spatially structured. Second, we
investigated simulated stands with PTAEDA 4.1 which included both induced spatial
dependence and spatial autocorrelation caused by competition and mortality. Spatial
autocorrelation occurs when observations in geographic space are dependent on each
other. In the third stage of investigation we examined actual plot data which,
theoretically, included both induced spatial dependence and spatial autocorrelation. Our
approach brought to light a few important points. Spatial dependence of tree attributes is
a balancing act between two processes: induced spatial dependence of microsites and
spatial autocorrelation due to competition and mortality. Moreover, it is evident that the
relative strengths of these processes determines efficacy of the spatial analysis methods

utilized.

6.1.1 Summary
The statistical simulations (chapter 3) investigated how variation partitioning
(Borcard et al. 1992) via redundancy analysis (RDA) (Rao 1964) responded to different

levels of coefficient of variation (CV), range of differences in average tree diameter
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within microsites, and spatial pattern complexity. The response to varying levels of the
parameters was unexpected. In particular, the variation explained by the pure spatial
component, or canonical adjusted R* (rR?), was lowest in the biplots and increased as
spatial pattern complexity increased, while dropping some in the free plot.

Decreasing the difference in the size parameter among microsites decreased the
amount of detectable spatial variation, with the exception of the free plot where detection
levels remained fairly constant as average diameter differences increased. When average
size of the trees among microsites is more similar, the overlap of distributions among
microsites increased and the variation caused by spatial location becomes
indistinguishable from random noise. The consequences are that the magnitude of growth
potential and site productivity play an important role in determining spatial variation (see
also Magnussen 1990, Magnussen 1994, Dutkoski 2002).

Increases in the CV of tree diameter distributions decreased the amount of spatial
variability RDA can detect. This occurred in large part because the statistical
distributions of tree size flatten out. In other words, the normal distributions become less
peaked and narrow. If we were to graph the distributions of each microsite, we would see
an increased amount of overlap of the distributions. The point being, that if we increase
the CV we loose ability to detect differences in individual tree characteristics. The
consequences here are rather general and build on known concepts. In order to better
detect spatial patterns of stands we need have relatively large differences in means and
relatively small CV values.

Partial RDA (pRDA) (ter Braak 1988) was used to test for pure spatial effects in

the data. The probability of successfully detecting spatial dependence decreased with
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increased levels of CV, with the exception of the free plot which remained 100% for all
simulations. Spatial pattern complexity had no clear trend for detection except, higher
complexity did not seem to decrease success rates. Furthermore, we observed a decrease
in probability of detection as mean differences among microsites decreased. The reason
these factors influence the probability of success of pRDA are the same as RDA. Any
factor that increases the random variation of the system or dilutes and flattens group
distributions is going to influence the outcome of pRDA testing.

Spatially constrained cluster analysis appeared to be very sensitive to changes in
CV, mean difference of parameters among microsites, and spatial pattern complexity.
Constrained cluster analysis groups trees together based on their similarity. The method
works best when groups are well defined and have low variability. Small changes appear
to create sufficient ambiguity such that separate groups have sufficient overlap to enter
the same cluster. The sensitivity of cluster analysis to variation and spatial complexity
were concerning, but with low misclassification rates it was decided more analysis would
be necessary. Given the results of the sensitivity analysis we deemed clustering to have
potential for accurate mapping and decided to move forward with more testing.

Simulations with PTAEDA 4.1 were inconclusive. In these simulations we
investigated RDA, pRDA, and constrained cluster analysis for five spatial patterns. For
each of the five spatial patterns we applied our methods to a combination of CV (5 levels)
and stand age (3 levels). Spatial pattern complexity and CV had little effect on the results
(except for clustering), but stand age was influential.

Redundancy analysis and pRDA results were not valid due to the use of the SI as

a single explanatory variable. The SI variable accounted for the spatial structure in the Y
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data rendering the spatial variables extraneous. The rR* values measured were not large,
but that was expected. Stand age appeared to affect the outcome of pRDA as most p-
values that were larger than the specified alpha level occurred in the simulated 30-year-
old stand. The 30-year-old stand was influenced over the years by competition and
mortality. More prominent and cumulative effects of competition and mortality
overshadowed the spatial dependencies, which resulted from variations of productivity.

Spatially constrained cluster analysis was not a reliable method to map microsites
in the data. There were a small number of successful simulations and those occurred only
in the 20-year old stands of the biplot. The clustering algorithm appeared to be very
sensitive to increases in spatial pattern complexity and age. The results indicate that the
10 year old stand had not displayed enough growth differences among microsites to be
efficiently grouped and stands at 30 years old exhibit the cumulative effects of years of
competition and mortality which overshadowed the growth patterns of spatial
dependence.

Comparison of simulated data to field data yielded some interesting results. We
found that CV for both the statistical simulations and PTAEDA 4.1 were similar to field
data, particularly with CV of height. The CV for DBH tended to be underestimated by the
statistical simulations and overestimated with PTAEDA 4.1. The higher variation levels
present in the simulations lead to some new insights into clustering analysis. Clustering
analysis was found to be very sensitive to changes in CV in earlier chapters of this
dissertation. When the field data yielded CV’s that were somewhat lower than expected it
became a good opportunity to use cluster analysis. The maps created with clustering

appeared to be accurate, for the most part, in terms of grouping trees of similar structure
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together. The cluster maps can be compared to quartile maps for validation. The full
spatial analysis was unreliable and unaffected by data source. This result may stem from
a number of reasons, but based on the results of the earlier chapters it was most likely due

to the higher levels of CV at the young ages (less than 10 years).

6.1.2 Implications

We found strong effects of competition on spatial structure of plots. In
particularly, the ability of competition to produce negative spatial correlation that
overcomes, or hides the induced spatial dependence caused by microsites. Further
complicating one’s ability to detect sources of spatial variation is mortality. Specifically,
the resulting stand uniformity created by the dying of “loser” trees. Our results also
indicate that cluster analysis may be most effective on smaller scale plots or only for
plots that are within a specific “age window”. This unexpected result may be due to the
balancing between induced spatial dependence and spatial autocorrelation effects caused
by mortality.

Multiple authors have noted the concurrent effects of multiple sources of spatial
autocorrelation due to microsites, competition, and mortality (see Ford 1975, Magnussen
1994, Fu et al. 1999, Harper et al. 2011). More specifically, Fox et al. (2007) notes that
the magnitude and sign of spatial dependence in a stand depend on the relative strength of
two processes: induced spatial dependence caused by microsites and spatial
autocorrelation due to competition. The transition from plots with induced spatial
dependence to plots with induced spatial dependence plus spatial autocorrelation due to
competition and mortality (chapter 3-4) brought forth a decrease in the amount of spatial

variability estimated by RDA. It is important to acknowledge that this is not a perfect side
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by side comparison where all was held equal except the presence or absence of spatial
autocorrelation due to competition and mortality. However, our data is in line with the
theory that microsite effects become less recognizable with the onset of competition
effects and competition based mortality. In chapter 5, rR* values ranged from 0-55%.
These values are indicative of stands that may contain one or both types of spatial
dependence. The stands are young enough (5-9 years after plot establishment) that
microsite effects may be distinguishable and, competition and mortality effects have not
greatly affected tree attributes. Unfortunately, it is also apparent that while microsite
effects may be present, small differences in average size among microsites and high CV
values make testing of the pure spatial component difficult as demonstrated in chapters 3
and 4.

Testing of individual components, namely the pure spatial components, via pRDA
is a little more difficult to interpret. In chapter 3, pRDA was often successful in detecting
spatial dependence and spatial pattern complexity did not seem to influence the results.
Also, the probability of detecting spatial dependence in control (homogenous) plots
stayed around 5% which is expected. However, the introduction of spatial autocorrelation
due to competition and mortality in chapter 4, according to the statistical evidence, that
all plots — even those control plots without induced spatial dependence showed evidence
of a spatial component the data. It is unclear, however, if the pRDA results in chapter 4
are due to inflated type 1 error rates as reported by Blanchet et al. (2008), or if the spatial
eigenfunctions (also called spatial variables) are modeling the positive spatial
autocorrelation caused by competition based mortality (Reed & Burkhart 1985). The

simulator in chapter 4, PTAEDA 4.1, calculates the probability of any tree remaining
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alive in given year as a function of its competitive stress and individual vigor. The
probability is then used in Bernoulli trials to stochastically determine annual mortality.
Thus after the establishment of the juvenile stand in PTAEDA 4.1, smaller trees die more
frequently as a result of having a larger competition index (more competitive stress). The
point being, positive spatial autocorrelation due to competition based mortality may be
more pronounced and occur more quickly (immediately after generated juvenile stand
age 8) in the simulated stand because mortality is a function of competitive stress in
PTAEDA 4.1. Whereas real plot data shows positive spatial correlation only in the early
stages and late stages of stand development, but often exhibits negative spatial
autocorrelation after the onset of competition and before competition based mortality
(Reed & Burkhart 1985). The field data of chapter 5 did not have a significant spatial
component according to pRDA tests, but the data (4 out of 6 plots) were significant for
spatial dependence according to Moran’s I. Based on the results from chapters 3 and 4, as
well as Figures 5.4 and 5.5, the disagreement between the Moran’s I result and pRDA can
and large part be explained by high levels of CV at young ages and possibly small
differences in average size of trees in different microsites.

Cluster analysis had moderate success in detecting and mapping microsites in
stands with only induced spatial dependence (chapter 3). The inclusion of spatial
autocorrelation in PTAEDA 4.1 (chapter 4) simulations brought a sharp decline in the
success of detecting the correct number of groups. However, many of the cluster maps in
chapter 5 closely resembled the quartile plots and appeared to make useful mappings. The

smaller size of the field plots and younger age of trees may work well with cluster
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analyses despite higher levels of CV. Less severe competition at this stage allows cluster
analysis to find large groups of similar size trees.

Understanding spatial variability of tree attributes in forest plots is essential for
future management of planation stands. Before model building, testing the data for spatial
dependence should be the standard. It has become apparent that treating trees as
individual samples which are independent from each other is erroneous (Fox et al. 2001).
Researchers simply ignore spatial dependence in order to meet the assumptions of
ordinary least squares (OLS). Redundancy analysis is a multi-tool. Unlike other methods,
RDA provides a straight forward method for variation partitioning, partial redundancy
analysis can test the significance of spatial variables while controlling the linear effect of
other covariables, RDA is multivariate linear model and can be used for prediction
equations, and RDA is a multivariate extension of partial linear regression (PLR) so if
univariate methods are preferred it is an easy transition and can be performed with the
same software. Cluster analysis may also be useful in a more limited capacity, but more
research is needed. The results of these investigations provide useful insights into
understanding how relative strengths of two processes of spatial dependence (induced
spatial dependence and spatial autocorrelation) determine spatial variability of a plot, or
conversely spatial uniformity.

Spatial uniformity of tree attributes, also called stand uniformity, can lead to
greater resource use efficiency and enhanced productivity (Nilsson & Allen 2003). In
fact, Allen et al. (2005) noted that successful intensive silviculture requires an
understanding of what resources limit production on temporal and spatial scales. These

methods can be useful tools in better understanding and measuring changes in spatial
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variability that may result from intensive management. While all methods of studying
spatial variability and, conversely, stand uniformity have limitations so too does RDA,
pRDA, and cluster analysis more research is needed.

In conclusion, this dissertation explored capabilities of modern techniques of
spatial analysis to to detect, quantify and map spatial variability in forest plots. Our three
stage analytical approach progressed through increasingly more complex scenarios.
Through this progression we were able to identify limitations of the spatial analysis
techniques utilized. Furthermore, we studied how multiple spatial processes affects
spatial patterns and spatial analysis results. Ultimately, we applied spatial analysis
techniques to comparable data sets from clonal and open-pollenated stands. We found
that the primary source of variability in forest plots, and within identifiable groups,
appears to be soil, and not genetic. Plantings with clones generally exhibited somewhat
lower levels of CV, but these small decreases were not sufficient to make detection of
patterns more reliable than what was found in plots of similar ages planted with open-

pollenated seedlings.

6.3 Recommendations for Future Research

Our study indicates that redundancy analysis and partial redundancy analysis have
promising applications in forestry. The methods of RDA and pRDA, which are
commonly used in ecology to examine community composition, apply well to studying
plot variability of tree characteristics. Our study also looked at the efficacy of using a
spatially constrained cluster analysis to map microsites based on tree characteristics;
however, we found that this was inefficient and considerations for future work should

look at applying mixtures of three factors. We suggest that future research should focus
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on simulating amounts of induced spatial dependence via microsites (high, medium, low),
controlling spatial autocorrelation due to competition via density (high, medium, low),
and examining a range of ages after establishment (precrown closure-post competition
based mortality). A study that examines the interaction effects of these factor levels
would have an impact in forestry. This type of research would not only develop a greater
understanding of pRDA, RDA, and cluster analysis, but could quantify how relative
strengths of two processes of spatial dependence (induced spatial dependence and spatial
autocorrelation) determine whole plot spatial autocorrelation (positive or negative).
Furthermore, the results would help identify when transitions from positive to negative
(and vice versa) spatial autocorrelation occurs and how factors relate to when the
transitions occur.

RDA was applied to examine how tree attributes are explained by an
environmental variable (SI) and spatial variables (spatial eigenfunctions). Redundancy
analysis is not limited to these categories or even to two explanatory matrices. For future
research we recommend a thorough examination of how genetic, spatial, and competition
effects explain variability of tree attributes. Tree attribute variability explained by genetic
and microsite factors is typically confounded. Adding an explanatory matrix for genetics
and competition would be interesting. Researchers would be able to quantify the pure
effects of genetics, microsites, and competition. Depending on the experimental design,
the explanatory matrix for genetics could consist of dummy variables, or if more detailed
genetic information is available then a principal coordinate analysis of a genetic distance
matrix can be computed. The first few principal coordinates, or those selected by forward

selection could be used to represent genetic variability in variation partitioning (Pierre
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Legendre, pers. comm. August 11, 2015). A matrix of competition variables could be
constructed with spatial eigenfunctions and selected to model the negative spatial
autocorrelation effects of competintion. Analysis would be done in the same way that
ours was done; variation could be partitioned by matrix type. This would give valuable
insight into how genotypes perform and if there is a significant “pure” genotype
component.

Another interesting research project would be to use RDA to examine space-time
interactions (STI). A STI is produced by the analysis of the interaction of space and time.
An STI indicates if there is a spatial structural change when time is controlled.
Significant STI’s are a marker of climate change (Legendre & Legendre 2012). The
concept of STI has been around for some time, but a more modern approach is to use
eigen decompositions for the spatial and temporal variables. Variable selection through
eigen decomposition would create better variables for space and time than would
otherwise exist. An investigation of this type could certainly be examined in planted
even-age stands of trees, but with the flexibility of this method it could be applied to
forest community composition data. Furthermore, the data could be collected at forest
sites within transitional zones that may be more sensitive to climate change.

Cluster analysis was initially thought to be unreliable for our needs, but when the
field data was analyzed we found that the variation levels were not so high that mapping
could not be done. The cluster maps with real data were validated with quartile plots and
appear, for the most part, to reflect the spatial structure of the stand. More research in
selection criteria for the number of groups in this type of agglomerative cluster is needed.

Also, we believe that studying the effects of extent (plot size) on the success rate of
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cluster analysis would be beneficial and would help to identify when cluster analysis is

most useful.
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