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Abstract.—Tree growth modeling is important for forest managers, but is difficult

in structurally and compositionally diverse forests where growth depends on
complex ecological relationships. Many of those relationships are not well studied,
and traditional parametric models struggle to adequately account for them. We
describe a nonparametric machine learning approach to modeling, which uses data
to determine the methodology, accommodates high dimensional data, and could

be well suited to capturing complicated, poorly understood interactions between
predictors. We compare this approach to the traditional parametric approach by
constructing diameter increment models for the United States northern forest
region. In this case, the approach led us to build a gradient boosting machine that
decreased the root-mean-squared error by 6.5 percent over the traditional, nonlinear
least squares model, and which was especially accurate in predicting the growth of
trees in less common situations, such as especially large trees and trees in forests
with below- and above-average basal areas. Analysis of the model structure showed
that its predictions are driven by multiple complex interactions. We explore several
of them and discuss the potential of the nonparametric machine learning approach
for predictive tree growth modeling and for studying ecological processes underlying
tree growth.

INTRODUCTION

Forest managers depend on tree growth models to evaluate management approaches and establish
forest valuations, but modeling has proven difficult in mixed-species and multi-aged forests where
growth is driven by particularly complex ecological relationships. For example, recent research
has demonstrated that the species identity of neighboring trees can influence growth, and that

the effects of species mixing depend on the species involved (Canham et al. 2004, Fien et al. 2019,
Pretzsch 2017). In many cases, trees in mixed-species stands have higher potential growth rates
than those in mono-specific stands because of positive interactions between species (Pretzsch

and Zenner 2017). Yet very few growth models account for species mixing, preventing managers
from accounting for mixing effects in forest valuations and inhibiting efforts to take advantage

of mixing effects through silvicultural interventions. Stand structural diversity is similarly absent
from most operational growth models but has been shown to relate to tree growth in complicated
ways (Ali 2019). Measures of structural diversity are positively correlated to growth in some
settings (e.g., Ddnescu et al. 2016, Lei et al. 2009) and negatively correlated in others (e.g., Edgar
and Burk 2001, Liang et al. 2005), depending on the particular species and their development.
These are complicated relationships that have not been studied in most forest types (O'Hara 2014,
Pretzsch et al. 2017).

One approach to modeling growth in complex forests has been to shift analytical attention from
stand to neighborhood dynamics (Canham and Uriarte 2006). This approach conceptualizes a
forest stand as a collection of distinct patches of land (neighborhoods) that are typically 0.01 to
0.1 hectares in size and are assumed to be developing independently from one another (Bugmann
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2001). Emphasis on neighborhood dynamics grew out of ecological research demonstrating that
plant-to-plant interactions are primarily local, neighbors’ effects attenuate with distance, and
beyond a certain distance, plants have no detectable effect on one another (Stoll and Weiner
2000). To simplify analyses and data collection, neighborhood-scale models can ignore the
specific locations of trees within each neighborhood, thereby offering a compromise between high
resolution, difficult to apply distance-dependent models, and low resolution, easy to apply stand-
scale models (Bugmann 2001). Historically, neighborhood-scale models have been used to model
long-term system-level dynamics (e.g., Forsyth et al. 2015), often under the moniker “gap models,”
and the majority of research attention has been directed toward representing regeneration,
recruitment, and mortality based on an understanding of ecological processes (Weiskittel et

al. 2011). These “mechanistic” models rely on causal relationships and ecological theories and

are well suited to studying ecosystem changes (Cuddington et al. 2013), but they are often less
accurate than empirical models in predicting overstory tree growth, more difficult to initialize, and
incapable of capturing ecological processes that have not been well studied (Taylor et al. 2009),
limiting their application for practitioners.

There are also many statistical forest growth models built for operational decision-making
(Weiskittel et al. 2011). These are generally parametric models constructed with traditional
regression-based techniques, which predict the growth of individual trees and employ stand-scale
competition metrics (Weiskittel et al. 2011). These models could be adapted to a neighborhood
framework by incorporating neighborhood-scale competition metrics in place of stand-scale
metrics, potentially improving overstory growth predictions and making neighborhood-scale
models easier to initialize. Still, existing parametric models fail to account for many complex and
poorly understood effects, which could limit their accuracy usefulness in mixed-species, multi-
aged forests.

In this paper, we explore the potential for integrating nonparametric models into the
neighborhood-scale model framework, using a machine learning approach. Nonparametric
models are especially good at uncovering complex and poorly understood relationships in

data (Breiman 2001). They use data to determine their own structures and make minimal
assumptions about the processes that generated the data. This is in contrast to the traditional
parametric approach, in which the data are assumed to have come from a stochastic model and
previous research guides the selection of a model form and the predictors to be used (Breiman
2001). Nonparametric models are trained using machine learning, which is a branch of artificial
intelligence that uses algorithms to allow computers to “learn” from data. Breiman (2001) points
out three advantages of machine learning over traditional modeling, which he refers to as the three
important “lessons” of machine learning: First, machine learning recognizes that many different
models can do a good job explaining the same phenomenon and takes an experimental approach
to model selection; second, machine learning does not shy away from complex model formulations
when they can improve predictions; and third, machine learning accommodates high dimensional
data, seeking relationships among many interrelated variables. For these reasons, it has been
successful in modeling complex processes with interrelated predictors and in situations where
extensive or high-dimensional data are available.

Nonparametric models do have drawbacks, though. Because they are entirely data-driven, they do
not ensure biologically robust behavior, which could be problematic when using models for long-
term simulations. They also cannot extrapolate well beyond the limits of their training data and
tend to be more computationally demanding and more difficult to interpret.

Still, it appears that nonparametric techniques could be helpful for modeling tree growth in
mixed-species, multi-aged forests, since large amounts of forest inventory data have been
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Figure 1.—Northern forest region.

collected in many places over extended time periods (Kershaw et al. 2017), which could provide
sufficient information for nonparametric models and alleviate problems with extrapolation. Forest
ecologists have begun using nonparametric models regularly for predicting nonlinear ecosystem
behaviors (Liu et al. 2018), but their application to forest growth modeling has mostly been limited
to tree mortality (e.g., Fan et al. 2006, Guan and Gertner 1991, King et al. 2000), which has been
especially hard to predict using traditional parametric techniques.

We illustrate the nonparametric approach by constructing a neighborhood-scale, tree diameter
increment model, using extensive inventory data from the ecologically complex United States
northern forest region. We compare the nonparametric model to a second, parametric model
that we parameterized to the same dataset to get a sense of its efficacy, and we explore a few of the
unexpected relationships that it uses to guide its predictions. Finally, we discuss the potential for
nonparametric techniques in predicting and studying tree growth in complex forests.

STUDY AREA

The “northern forest” covers 36 counties in the New York Adirondacks and northern Vermont,
New Hampshire, and Maine (Fig. 1). It is located between the temperate forests of the eastern
United States and the boreal forests of Canada, and contains characteristics of both biomes, giving
it a diverse mixture of tree species and site conditions. Trees in the training data (described in the
next section) belong to 28 different species groups and are located in 17 different forest types and
14 different landscape positions. The most common species groups (by number of stems) are fir
(Abies balsamea (L.) Mill.), spruce (mostly Picea rubens Sarg. and Picea mariana (Mill.) Britton,
Sterns & Poggenburg), soft maple (Acer rubrum L.), hard maple (Acer saccharum Marshall), cedar
(Thuja occidentalis L.), beech (Fagus grandifolia Ehrh.), yellow birch (Betula alleghaniensis Britt.),
paper birch (Betula papyrifera Marshall), hemlock (Tsuga canadensis (L.) Carriére), and eastern
white pine (Pinus strobus L.). Elevations in the region range from 0 to 1,917 meters above sea level.

The region is well suited to studying the complexities of tree growth because its forests tend to
be complex. Most are naturally regenerated, second-growth forests with varied management
histories. In the training data, some 68 percent of plots contain three or more species growing
together, while the spread of within-plot tree diameters averages 35 cm.
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DATA

Data were obtained from the USDA Forest Service’s Forest Inventory and Analysis (FIA) program
(https://apps.fs.usda.gov/fia/datamart/datamart.html, downloaded December 6, 2020) from
remeasured plots in the northern forest region. We used data from the current national standard
plot design, which was adopted in the mid-1990s (Woudenberg et al. 2010). These plots are
systematically located and evenly distributed across the region. Each plot is made up of four 168-
m? subplots with a 13.5-m? microplot inside each subplot. Trees greater than 12.7 cm diameter

at breast height (d.b.h.) are measured on subplots, and trees between 2.54 and 12.7 cm d.b.h. are
measured on microplots.

FIA data relate to numerous tree-, plot-, and stand-level attributes, and are collected through ground
sampling and remote sensing. Our objective was to build a model for operational decision-making,
so we focused on attributes that can be measured reasonably easily by practitioners. They include
d.b.h., species, compacted crown ratio (CR), crown class, tree class (a measure of general quality),
forest type, stocking level, landscape (physiographic) position, site class, slope, aspect, elevation,
latitude, and longitude. We also used existing data to calculate a number of new attributes, including
subplot basal area (BA), tree overtopping basal area (BAL), and species-specific subplot BA and
tree BAL. To keep the data and resulting model relevant to practitioners, we grouped tree species
into species groups and FIA forest types into more general forest types. Our groupings were
designed to match common inventory protocols that we have observed. Finally, we removed trees
from the analysis that died during the remeasurement period and removed all plots with missing
data. The final dataset includes 399,358 observations from 11,286 different plots. Remeasurement
intervals on the plots ranged from 2.9 to 7.8 years and averaged 5.1 years.

Twenty percent of the plots were randomly selected, and their data were set aside for testing

final models, to account for over-fitting and allow a fair comparison between different modeling
approaches. This splitting was based on plots rather than individual trees to make sure that the
testing data are truly independent. The data from the remaining 80 percent of plots were used for
exploratory analysis, to compare different modeling methodologies, and to train the final models.

All of the data acquisition and processing, and the analysis that follows, was done using

the programming software R, version 4.0.1 (R Core Team 2020). Much of the general data
manipulation and visualization was carried out with R Tidyverse packages (Wickham et al. 2019);
models were trained, tuned, and compared using Kuhn et al’s (2020) “caret” framework. Detailed

methods are available at https://github.com/nealmaker/tree-growth-nf.

METHODS

Model Development

We used all 18 aforementioned predictors to train our nonparametric diameter growth model.
Remeasurement intervals varied in the data, and we annualized diameter growth rates to make
them comparable. To our knowledge, no model-agnostic, nonlinear interpolation methods exist
for annualizing remeasurement data, so we assumed linear growth through the remeasurement
period and trained models on average annual d.b.h. growth rates.

We used a number of pre-processing steps on predictors so they could be widely used across
methods and to increase model accuracy (Kuhn and Johnson 2013). Nominal categorical predictors
were dummy-encoded; numeric predictors were centered, scaled, and normalized using Yeo-
Johnson transformations (Yeo and Johnson 2000); and highly correlated predictors were filtered.
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While parametric models prevent over-fitting by using simplified, predetermined model forms
that cannot be bent out of shape to fit the noise in the training data, nonparametric models are
more flexible, and over-fitting must be deliberately addressed (Hastie et al. 2017). We did this with
10-fold cross validation and model tuning, using the recipes framework developed by Kuhn and
Wickham (2020). Pre-processing steps were applied independently to each training in the cross
validation, to prevent information from the reserved fold from biasing the estimated prediction
error.

We spot-checked 18 different algorithms representing a wide variety of modeling methods to

find the most promising ones. We were most concerned with accuracy, which we measured using
root-mean-squared error (RMSE), but we also compared prediction speed and model object size
(megabytes) to account for how easily models could be incorporated into growth simulators.

We used a random subset of the training data and parallel processing to speed the process.
Nonlinear methods like model trees, random forests, gradient boosting machines, and support
vector machines were the most accurate in this particular case, while regularized models were less
accurate, but smaller and faster at making predictions. We chose a gradient boosting machine as
the best compromise, because it offered high accuracy with relatively fast prediction speeds and
was reasonably small compared to many of the other nonlinear methods.

Having chosen the best algorithm for the application, we reparameterized the model using all

of the training data and a more organized tuning process described by Boehmke and Greenwell
(2020, section 12.3.3). The final tuned model has a shrinkage rate of 0.5 and uses 14,000 regression
trees, with each tree having a minimum terminal node size of 15 observations and a maximum
tree depth of two branches. See Hastie et al. (2017, pp. 337-388) for a more detailed description of
gradient boosting trees and their tuning parameters.

A Parametric Model for Comparison

As a point of comparison, we also built a nonlinear least squares model of individual tree
diameter increment, based on a similar model that Weiskittel et al. (2016) built for the New York
Adirondacks. We experimented with nonlinear mixed-effects modeling, treating plots as random,
but found no improvement over nonlinear least squares modeling. Both approaches have been
used successfully to model individual tree growth in the Northeast (Kuehne et al. 2020). Our
model used the form:

ADI = exp(b,+b, - In(DBH)+b, - DBH + b, - BAL + b, - VBA + b - SC)

where ADI is the annual diameter increment (cm-yr!), DBH is diameter at breast height (cm),
BAL is overtopping basal area (m?-ha!), BA is plot basal area (m*-ha!), and SC is site class.

These predictors have been well studied in the northeastern United States in relation to diameter
increment (Teck and Hilt 1991, Westfall 2006), their use in predicting diameter increment has a
strong conceptual basis (Weiskittel 2011), and they were found to be important predictors for the
FIA data. The equation was fit to the training data for each species group to obtain species-specific
coeflicients.

We used McDill and Amateis’ (1993) nonlinear “two-step” interpolation method to account

for the fact that different plots in the training data had different remeasurement intervals. The
method assumes that the diameter growth rate over the period varies according to the model
form. Nonlinear interpolation has been shown to be more accurate than assuming a linear
growth rate over the remeasurement period (Cao 2010, McDill and Amateis 1993), or using the
remeasurement interval as a predictor (Juma et al. 2014).
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Model Assessment

We compared the nonparametric model to the parametric model based on its ability to accurately
predict d.b.h. growth in the independent testing data. The models predict annualized growth
increments, while growth was actually observed over multi-year remeasurement intervals. To
predict whole-interval growth (ADBH) comparable to observed growth, we applied the models
iteratively to each observation, predicting 1 year’s growth at a time and updating the DBH, BA
and BAL before predicting the next year’s growth. We assumed a linear change in BA and BAL
over each remeasurement period (after Weiskittel et al. 2016). Overall accuracy was assessed using
RMSE and mean absolute error (MAE).

We also used several model-agnostic interpretation tools to explore the structure of the
nonparametric model. Nonparametric models like the gradient boosting machine can be very
complicated, and instead of trying to fully describe the model’s structure, we chose a couple of
examples of important growth effects to illustrate the interpretive process. To start, we calculated
permutation feature importance (Fisher et al. 2019) to see which predictors contribute the most
to the models” predictions. Then we used Friedman’s H-statistic to search for potential interactive
effects (Friedman and Popescu 2008) and visualized several of them with partial dependence plots
(Friedman 2001). We implemented all three techniques using Molnar et al’s (2018) iml package
for R.

RESULTS

The mean observed ADBH over all species and tree sizes was 1.27 cm, for remeasurement intervals
that averaged 5.1 years. The distribution of observed ADBH was skewed right, with 90 percent

of observations falling between 0 and 3 cm. Our nonparametric gradient boosting machine was
more accurate in predicting ADBH than the parametric nonlinear least squares model, reducing
the RMSE by 6.5 percent and the MAE by 7.9 percent (Table 1). These predictive gains came at the
cost of speed and size, with the nonparametric model taking 27 times as long to make predictions
and using almost 44,000 times the space in memory.

Both models are relatively unbiased overall, but the nonparametric model is less biased than the
parametric model in predicting the growth of especially slow- and fast-growing trees (Fig. 2) and
in predicting growth in trees with less common attributes, such as large d.b.h. (Fig. 3a) and small
or large CR (Fig. 3b), and in less common settings, such as below- or above-average BA (Fig. 3¢c)
and BAL (Fig. 3d).

Table 1. —Performance metrics for the parametric
nonlinear least squares model (NLS) and the
nonparametric gradient boosting machine (GBM). Mean
error is the mean of observed responses minus the
mean of predictions. Speed is the time to make 1,000
predictions on our computer and is relative.

Metric NLS GBM
RMSE (cm) 0.364 0.341
MAE (cm) 0.269 0.248
Mean Error (cm) 0.005 0.003
Speed (sec) 0.07 1.97
Size (MB) 0.003 131
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Figure 2.—Prediction error trends (observed
minus predicted) based on observed ADBH,
for the gradient boosting machine (solid line)
and nonlinear least squares model (dashed
line). Trends are drawn with generalized
additive models and shaded regions show
95 percent confidence intervals. The rug plot
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Figure 3.—Prediction error trends (observed minus predicted) based on (a) DBH, (b) CR, (c) BA, and (d) BAL, for the gradient boosting machine
(solid line) and nonlinear least squares model (dashed line). Trends are drawn with generalized additive models and shaded regions show 95
percent confidence intervals. Rug plots on the x axes show predictors’ distributions, with higher rug densities indicating more observations.
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Figure 5.—Interaction strengths of the 25 predictors demonstrating
the most interaction, calculated using Friedman’s H-statistic. BA
and BAL are decomposed by species.
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Figure 6.—Relationship between DBH, CR, and predicted ADBH for three individual species groups, using partial dependence plotting. The shape
of the response curve for each predictor changes depending on the other predictors, indicating that the predictors interact with one another.

Subplot BA was the most important predictor in the nonparametric model (with a feature
importance score of 0.035), followed by CR (0.019), BAL (0.019), DBH (0.015), and species
(0.013). Figure 4 shows the relative importance of the 25 most important predictors with species-

spec

ific BAs and BALs listed separately.

The predictors with the highest overall interaction strengths in the nonparametric model are
shown in Figure 5. Calculations of specific interaction strengths between predictors with high
overall strengths revealed several important interactions that influenced the model. The most
important is a three-way interaction between species, d.b.h., and CR. Figure 6 illustrates the
interaction using three of the 28 species groups. Generally, the effect of CR is amplified at larger
d.b.h,, the effect of d.b.h. is amplified at larger CR, and both the CR and d.b.h. effects are larger in
some species (e.g., eastern white pine) than in others (e.g., hophornbeam). A second interaction
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occurs between fir BA and species (Fig. 7). For most species, the model predicts reduced d.b.h.
growth on plots with higher fir BA, but fir BA does not affect predicted growth for other species
like hemlock. Aspen actually experiences increased predicted growth rates at higher fir BA. These
are two of the more important interactions driving the nonparametric model, but they are not the
only ones. Interaction strengths suggest additional interactions related to latitude and longitude,
and to a number of different species-specific BAs and BALs.

DISCUSSION

We did not observe large gains from the nonparametric model overall or for average trees

in common situations, but the nonparametric model is more accurate for trees in abnormal
situations, such as for larger diameter trees, trees with above- or below-average crown sizes, and
trees growing with above- or below-average competition. Part of that advantage likely comes
from the nonparametric model’s use of numerous predictors. While parametric techniques focus
on the most important predictors to build a robust and parsimonious model, the nonparametric
approach also makes use of less important predictors whose simple effects might add to the
predictive ability when they are aggregated.

The nonparametric model also accounts for some complex interactions that the parametric model
does not capture. We illustrated the three-way interaction we found between species, d.b.h., and
CR, and the uneven effect of fir BA on different species as examples. Interaction strengths pointed
to several more potential interactions, and there could be many more among less important
predictors, which would contribute little to overall accuracy, but could be important in specific
situations. Parametric techniques could be used to model interactions like these, but only if they
were understood ahead of time and deliberately included.

All three of Breiman’s (2001) “lessons” probably came into play in uncovering these interactions:
First, the nonparametric approach did not limit model selection to match a preconceived
conception of growth dynamics, and was able to find a particularly good model algorithm that
had not been tried in this context before; second, the nonparametric approach did not impose
limitations on model complexity, and employed a complicated model more capable of representing
interactions; and third, the nonparametric approach embraced the high dimensional data, which

demonstrates reduced growth at higher fir BA.
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contained information about interactions that might have been missed otherwise. It is important
to note that these benefits depend on nonparametric models following the data more or less
blindly. Cross validation and other resampling methods can prevent over-fitting, but any biases in
the data will lead to inaccurate models. This is true of parametric models as well but is probably
more acute for nonparametric models.

When extensive, unbiased data are available, the complex, flexible models that machine learning
can produce may be especially good at uncovering the subtleties of neighborhood-scale growth
dynamics without requiring expensive inventory or parameterization. In this way they could be a
boon to practitioners working in diverse and complex forests. But several questions remain about
their effectiveness for predictive modeling. First, can nonparametric models accurately predict
forest growth over longer time periods? Parametric models are somewhat more mechanistic in
that their structures are often informed by biological relationships, which could give them an
edge in longer-term simulations. Suitable long-term reinventory data are needed to determine if
nonparametric models’ more empirical forms disadvantage them. And second, are nonparametric
models’ relatively subtle gains in predictive ability worth their cost in increased computing power
and complexity? Small gains in describing growth variability could be quite valuable to managers
of diverse hardwood forests, where some trees are worth much more than others and the nuances
of growth are more important. However, this information will probably be less valuable to
managers of simpler forests geared toward fiber production.

Regardless of their usefulness for predictive modeling, it does seem clear that nonparametric
techniques are very valuable for studying tree growth in complex forests. Existing forest inventory
data contain a wealth of information for machine learning techniques to mine, and the rapidly
expanding new field of interpretable machine learning is devoted to studying machine learning
models to understand the relationships they glean from data (Molnar 2020). Variable importance,
interaction scores, and partial dependence plots are a few of the better-established techniques, but
there are many more, and they are growing more sophisticated as the field matures. Models that
used to be considered black boxes are now becoming powerful microscopes, capable of finding
complicated relationships between multiple variables.
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