ABSTRACT

KRUSKAMP, NICHOLAS FREDERICK. Mapping Forest Host Species Distributions And Understanding
Their E ects On Forecasts Of Disease Spread. (Under the direction of Dr. Ross Meentemeyer and Dr. Joshua
Gray.)

Emerging infectious diseases of trees are a type of biotic invasion that pose a dire threat to the world's
forest ecosystems. In temperate forest environments, tree diseases exacerbate the severity and frequency ¢
other, naturally occurring disturbances. This leads to cascading and complex disturbance interactions that
reduce biodiversity, alter carbon ux, and potentially change ecosystem state. The severity of these impacts is
expected to worsen under future scenarios of climate change. Land managers, however, currently lack tools
capable of forecasting infectious diseases to enact management actions that could slow or stop spread. In this
dissertation, the research objectives were driven by the desire to improve mapping forest tree species acros:
geographically broad landscapes, and examine how their use in ecological modeling can better inform land
managers. In the rst study, | explore how species distribution modeling choices related to the use of eld
observations, environmental and remote sensing covariates, and spatial dependence in machine learning models
impact the accuracy of emerging infectious disease host tree species maps. Our results show that the use of
spatial dependence in species distribution mapping can signi cantly improve their accuracy over heterogeneous
landscapes. We also demonstrate how combining disparate eld observations can improve mapping accuracy. In
the second study, | test the sensitivity of a spatially explicit ecological forecasting model of pathogen spread to
the choice of modeling scale resolution and landscape con guration. Here, we nd that near-term forecasting
was relatively reliable for up to three years of simulation in the scales examined, but that di erent measures
of disagreement are more sensitive than others to scale and landscape con guration. The results of this work
improve our ability to make informed decisions when mapping forest tree species, and elucidate the e ects of
scale when using forecasting models to predict future scenarios of disease spread. Ultimately, this work provides
land managers with improved tools and understanding to better manage emerging infectious diseases.
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CHAPTER

1

INTRODUCTION

Emerging infectious diseases of trees are a type of biotic invasion that pose a dire threat to the world's forest
ecosystems. Dating back to the chestnut blight in the early 1900s, humans have known the detrimental impact
tree diseases have on an ecosystem. These have only grown over the past few decades as humans have introduc
tree diseases with greater frequency (Brockerho & Liebhold 2017). Globalization and trade have created new
pathways for tree diseases to hitchhike their way across oceans and continents (Floerl & Inglis 2005). When they
arrive, some nd amenable environmental conditions and susceptible host species to establish and spread in
forests. Tree diseases exacerbate the severity and frequency of other, naturally occurring disturbances (Metz
Frangioso, Meentemeyer, etal. 2011; Valachovic etal. 2011; Millar & Stephenson 2015). This leads to cascading al
complex disturbance interactions that reduce biodiversity, alter carbon ux, and potentially change ecosystem
state (Cobb & Metz 2017; Fu et al. 2017; Buma 2015; Goward et al. 2008). Climate change, too, contributes to
the success of tree diseases (Weed, Ayres & Hicke 2013; Frank 2020). Already, wetter and warmer conditions
have expanded the potential range for tree diseases. It is expected that environmental conditions will continue to
promote tree disease survival in the future (Venaldinen et al. 2020; Dale et al. 2001). Under these circumstances
it becomes nearly impossible to completely eradicate a forest disease without large-scale, concerted e ort for
early detection and proactive interventions. But we have thus far lacked e ective planning tools to eliminate
disease establishment and spread, despite the growing threat to ecosystem health. (Cunni e et al. 2016; Frankel
2008). Additionally, prevention and management of tree diseases costs millions of dollars annually in direct
and indirect costs which leaves policy makers and land managers unable or unwilling to put forth the resources
necessary to tackle biotic threats on a wide scale (Aukema et al. 2011; Kovacs et al. 2011).

There are a number of new, cost-e ective technologies to help land managers understand the landscape
dynamics of tree diseases, explore scenarios of management, and estimate costs all before stepping foot in
the eld. Near-term, iterative ecological forecasts of tree diseases are being developed to aid land managers anc



policy makers in exploring intervention strategies (Jones et al. 2021; Dietze et al. 2018). These forecast tools
have been combined with participatory modeling capabilities that let practitioners interact with predictions
of spread without advanced technical skills (Gaydos, Petrasova, et al. 2019). Computational steering methods
give practitioners tools to explore adaptive management strategies and estimate costs before implementation
which makes these forecast models an attractive option for land managers wary of wasting valuable resources
(Petrasova et al. 2020). One major challenge facing greater adoption of modeling, however, is the accuracy of
input data to the models. Or more colloquially, we might say garbage in, garbage out. Feedback from previous
use of forecast models has shown that when practitioners don't trust the underlying data, they are less likely to
nd model results reliable or want to use the model in management planning (Gaydos, Petrasova, et al. 2019;
Cobb, Haas, et al. 2020). If researchers expect to build consensus around forecast technologies as a tool for
managing tree diseases, they must ensure the underlying data are sound.

Making good data starts with analyzing decisions that in uence their accuracy. In forest disease forecasting,
the maps of host species are one example of data in need of improved methods. Species distribution models
(SDMs) are frequently used to generate actual and potential ranges of tree species (Elith & Leathwick 2009).
But there are a number of critical decisions that go into SDMs. For example, the independent variables used in
SDMs need to be carefully considered. Traditionally, environmental and bioclimatic data have been the primary
source of data for SDM (He, Bradley, et al. 2015). Remote sensing data, however, o er new opportunities for
spatial ecology applications (Xie, Sha & Yu 2008). Bioclimatic data are interpolated from a sparse network of
stations which introduces uncertainty that is hard to quantify, whereas remote sensing are direct observations
of forest conditions (Soria-Auza et al. 2010). Remote sensing data are also collected at much ner spatial and
temporal resolutions than bioclimatic data. This provides for mapping species characteristics at much ner
resolutions, and being able to detect change over time (DeVries et al. 2015; Zhu & Woodcock 2014; Masek et al.
2008),(Coppin et al. 2004). Another consideration in SDMs is the selection of eld data with which to train a
model. There is atradeo between having data over broad geographic regions or having observations spatially
dense enough to adequately capture species characteristics. This is especially true for niche species that occupy
limited range. Sparsely collected data fail to capture enough detail of these species to model at ne resolutions
(Lamsal et al. 2011). And while targeted survey e orts over small areas are capable of collecting representative
data, their use in modeling is geographically limited. There is, therefore, a need to test whether the use of broad
and small area observational data can be combined together in SDMs over large extents while also faithfully
representing ne-scale heterogeneity of species characteristics. Lastly, machine learning methods have emerge
as a primary approach in the geospatial and ecological sciences over the past two decades (Cutler et al. 2007
Pal 2005). Although these methods have been successfully applied to spatial phenomena over small areas, the
do not explicitly account for spatial structure and dependence. Particularly over broad, heterogeneous regions,
there is a need to understand if machine learning methods maintain their accuracy or would bene t from an
approach that accounts for spatial autocorrelation.

Spatial data con guration and scale are fundamental concepts in landscape ecology directly related to
ecological patterns and processes (Levin 1992; Turner et al. 1989). These data characteristics have a stror
in uence on ecological model prediction uncertainty (Wu, Jones, et al. 2006). Up- and downscaling, sometimes
called coarse- and ne- graining, is a necessary step to prepare data for modeling (Fritsch, Lischke & Meyer 2020).



Scaling data can, however, fundamentally change the connectivity and patch con guration of those data, which
inturnin uences process relationships in modeling (Urban 2005). The pattern of host species, the con guration
of initial points of infection, and the process of disease dispersal are all impacted by the scale of data used to
model spread (Dillon, Haas, et al. 2014). The landscape patterns and ecological processes of disease spread sp:
multiple spatial scales (Dillon, Haas, et al. 2014). For example, while the ecological processes of disease spres
occur at ne to moderate grains, land managers, on the other hand, typically enact management on a much
coarser scale. There is atrade-o in selecting a model scale that captures disease-host processes, reduces er
introduced from scaling data, and also provides actionable information for managing tree diseases (DeAngelis
& Yurek 2016). Sensitivity analysis is one method used to examine how the selection of data, variables, and
parameters impacts the uncertainty or errors of model predictions (Pianosi et al. 2016). Sensitivity analysis
provides a way to examine how the choice of scale in spatially explicit models alters spatial predictions against
observational data (Crosetto, Tarantola & Saltelli 2000). The use of sensitivity analysis can be combined with
metrics of landscape pattern to estimate the level of uncertainty in the results (Pontius & Millones 2011, Pickard
& Meentemeyer 2019). The results of this analysis provide researchers and practitioners with valuable insights
into how the model behaves to make better choices in selecting model scale to inform management actions.

One disease that land managers have been unable to control is sudden oak death. Over the past three decades
the coastal region of California has seen a rapid increase in tree mortality from this disease. Sudden oak death was
rst observed in the mid-1990s by the rapid decline and death@fieetusp.) and tanoalptholithocarpus
densi oru¥species around the San Francisco bay area of California (McPherson ePaly@@bihora
ramorumwas later identi ed as the water-borne fungus-like pathogen that causes sudden oak death (Alexander
2012; Rizzo, Garbelotto, et al. 2002) (Rizzo & Garbelotto 2003). It has since reached epidemic levels, spreading
through coastal forests from the Big Sur region in central California, north to southwestern Oregon, and east
into isolated host populations in the Sierra Nevada Mountains (Meentemeyer, Rizzo, et al. 2004). Although it
is estimated the pathogen has killed more than 50 million trees since it rst emerged, there are still large areas of
yet-to-be-invaded, at-risk host populations (Cobb, Haas, et aP2@20rumis a generalist pathogen known
to infect more than 130 native and non-native trees, shrubs, ferns, and other plant species widely distributed
across the region (Grunwald, Goss & Press 2008). Symptoms of infection are cryptic, often developing months
or years following infection. Infection is characterized by bleeding bark cankers, leaf blight, and twig dieback
(Rizzo, Garbelotto, et al. 2002). Oaks and tanoaks exhibit rapid decline and death after symptoms emerge, hence
the name. Death in oaks and tanoaks is exacerbated by co-occurrence with Bay Laurel, a reservoir species tha
experiences symptoms such as leaf blight but does not su er mortality (Cobb, Meentemeyer & Rizzo 2010).
Zoospores are naturally spread via water, locally via splash or wind and over longer distances through waterways.
Long distance dispersal events have also been reported via human transportation of infected soil and nursery
stock.

We use sudden oak death and the coastal California region as a case study of a disease system in need o
improved species maps and better understanding of the impact of modeling scale in forecast models of disease.
This dissertation addresses the following research questions:

1. How do modeling choices in uence the accuracy and error in mapping tree species characteristics over
broad geographic regions?



2. How does grain and con guration of input data a ect the uncertainty in predicting tree disease spread in
a spatially explicit ecological model?

In chapter 2, we explore how a) model selection, b) accounting for spatial structure, c) the choice of eld
observations as training data, and d) the use of environmental and remote sensing explanatory covariates
in uence SDM performance of ve host tree species in the sudden oak death disease system. In chapter 3, we
use sensitivity analysis with a landscape epidemiological model to simulate sudden oak death spread from 2002
to 2012. We alter scale resolutions of input data over three study areas that exhibit di erent con gurations of
initial infections and host distributions to measure how scale a ects measures of con guration, quantity, and
allocation disagreement in model results. The results of this dissertation better our understanding of factors
relating to mapping tree species and modeling of disease and improve tools used by land managers and policy
makers to battle the spread of sudden oak death and tree diseases in the future.



CHAPTER

2

COMPARISON OF RANDOM FOREST

AND SUPPORT VECTOR REGRESSION

WITH KRIGING FOR MAPPING TREE
SPECIES DISTRIBUTIONS

2.1 Introduction

Temperate forest ecosystems in the United States are experiencing high rates of forest loss and degradation due
to natural and anthropogenic disturbances (Potapov 2009; Millar & Stephenson 2015). These disturbances have
shaped forests into a patchwork landscape of species assemblages (Webber, Norton & Woodrow 2009). The
resulting landscape pattern, in turn, shapes current and future disturbances (Fortuny, Chauchard & Carcaillet
2017; Tappeiner et al. 2020). Forest diseases are one such threat with tremendous potential to degrade fores
health and in some cases lead to functional extirpation of native tree species (Ehrenfeld 2010; Boyd et al. 2013,
Cobb, Filipe, et al. 2012; Metz, Frangioso, Wickland, et al. 2012). Globalization has increased the rate at which
tree diseases are occurring and climate change is expected to make conditions more amenable for their survival
and spread in the future. (Cleary et al. 2019; Anderson et al. 2004; Pautasso, Schlegel & Holdenrieder 2014).
The emergence and spread of tree diseases is directly linked to the pattern of host tree species (Ellis, Vaclavik &
Meentemeyer 2010; Condeso & Meentemeyer 2007). Accurately mapping complex landscapes, therefore, is a
critical component of managing current and future threats to forest ecosystems (Aquilué et al. 2020).

Land managers, tasked with controlling disease spread, are increasingly relying on spatially and temporally



explicit forecasts to inform management decisions (Cunni e et al. 2016; Jones et al. 2021). However, land
managers and stakeholders are often skeptical of forecasts when they feel the resolution and accuracy of host
species data used in simulations are not accurate or reliable enough to produce realistic forecasts of disease
spread (Gaydos, Petrasova, et al. 2019). Fundamental to these forecast models are spatial data on tree hos
that serve as one of the most important drivers in spread forecasts (Haas et al. 2015). Species distribution
models (SDM) are a common approach for mapping tree species across landscapes. However, highly complex,
heterogeneous landscape patterns make predicting tree species extremely challenging over broad geographi
regions. For example, previous studies have identi ed that forecasts of tree mortality are limited by the lack of
spatially explicit data about tree population characteristics (Cobb, Haas, et al. 2020). Designing data t for
purpose in ecological modeling with well understood accuracies is a critical step to increasing the con dence
policy makers and land managers have in using ecological forecast models. To address this, we believe more
attention should be paid to the data and modeling choices that impact the accuracy of SDMs.

The selection of eld observations is notorious for a ecting the accuracy of SDM predictions over broad
geographic regions (Didion et al. 2009). The U.S. Forest Service Forest Inventory and Analysis (FIA) program
data is an example of a widely used source of data for training SDMs (e.g. XXX), which may not represent
all tree species well (Lamsal et al. 2011), CITE). routinely surveys forest plots (Hoover et al. 2020). Plots are
systematically distributed in a strati ed random sample over forest lands. Comprehensive data are collected
about trees in each plot such as their species, health, and size, as well as information related to ecosystem
condition, forest change, disturbance, and invasive species (Tinkham et al. 2018). However, the aim of these
networks to provide general use information to a wide range of stakeholders means they can fail to capture
necessary information needed to map niche species. The plots are not dense enough to adequately survey specie
with limited biogeographic range (Lehtomaki et al. 2015; Lamsal et al. 2011). Additionally, the prioritization
of economically important species leads to limited information of species without economic importance. On
the other hand, many localized plot networks have been established to study particular aspects of forest species
dynamics. These plots are geographically targeted in forests that are not well represented in broadly available
surveys. They also provide richer information on wildland species. However, these smaller plot networks are
restricted in spatial range which limits their utility for broad area mapping. Itis possible that combining the
broad data from FIA and the specialized data in targeted surveys could improve regional level maps of species
that are not well captured by FIA. This would Il out species characteristics such as abundance and basal area as
well as expand the geographic range of survey data. Thus far, few studies have thoroughly explored the potential
bene ts to combining these eld observations to o set their individual limitations and take advantage of their
strengths.

Another factor in SDM accuracy is the selection of the modeling approach. Machine learning methods have
become more common in ecology, particularly for SDM (Elith, Graham, et al. 2006; Lucas 2020; Gobeyn et al.
2019). However, these approaches typically do not leverage spatial structure or dependence among observation:s
to increase model performance (Miller 2005; Li, Heap, Potter & Daniell 2011). More recently, methods have
emerged that employ a combination of machine learning with geostatistical methods (e.g. combining Random
Forest with Regression Kriging) (Appelhans et al. 2015). Very few studies, however, have considered geostatistica
machine learning for mapping tree species (Li, Heap, Potter, Huang, et al. 2011; Hengl et al. 2015; Fayad et



al. 2016). Decision tree-based methods such as RF have grown in use and have been found to outperform
both parametric and non-parametric regression models and ordinary kriging for mapping air temperature,
precipitations, soil characteristics, and seabed sediment (Appelhans et al. 2015; Li, Heap, Potter, Huang, et al.
2011). Regression trees, while less sensitive to unimportant variables, over t in noisy data and are limited to
predictions within the range of data used to train the model, whereas other regression approaches are able to
more accurately predict data beyond what is initially trained in the model (Hengl et al. 2015). There is a need,
therefore, to test machine learning regression algorithms alone and with kriging to examine the impact of explicit
spatial dependence in SDMs.

Lastly, the type and combination of RS and ecological covariates may also contribute to the performance of
SDMs (Franklin 1995). Historically, SDMs have relied on the use of bioclimatic environmental variables alone
for landscape to regional estimates (He, Bradley, et al. 2015). The selection process and number of variables use
in discriminating among tree species can have an impact on SDM accuracy (Resler et al. 2014; Dalponte et al.
2013). And while remote sensing applications to classify plant species achieve high accuracies with multi- and
hyperspectral data over small extents, fewer studies have been able to achieve similar results with broadband
spectral data over landscape and regional scales (Clark & Roberts 2012; Roth, Roberts, et al. 2015). More recen
work has suggested using remote sensing and environmental data together to map tree species helps to bridge the
interdisciplinary gap between remote sensing and landscape ecology, and improves the ecological interpretation
of SDM results (Cord et al. 2013; Bradley & Fleishman 2008; He, Chen, et al. 2019; Kerr & Ostrovsky 2003). A
number of remote sensing variables, such as NDVI and EVI, have been shown to be ecologically relevant in the
mapping of vegetation species and their inclusion is driving the next generation of SDMs (Zimmermann et al.
2010; He, Bradley, et al. 2015). While the use of environmental and remote sensing data together does not appea
to signi cantly improve the overall accuracy of SDMs their combined use does appear to lead to more plausible
and realistic representations of species distributions at ner resolutions (Cavender-Bares, Gamon & Townsend
2020). However, the use of remote sensing over large geographic regions remains relatively rare compared to
highly localized studies, and there is a need to apply methods that identify ecologically meaningful relationships
between variables and tree species characteristics (Fassnhacht et al. 2016; Franklin & Wulder 2002).

Here, we examine how choices related to SDM selection (linear regression vs. machine learning), covari-
ates (environmental and remote sensing), eld observations (broad survey and domain-speci ¢), and spatial
dependence impact the accuracy of mapping ve tree species. We use coastal California, USA, as a case study
of a highly heterogeneous and diverse landscape currently experiencing a sudden oak death epidemic. Land
managers are using predictive models to inform management decisions, but need improved host species maps
to increase the reliability of disease forecasts (Cunni e et al. 2016). We examine the impacts of plot selection,
remote sensing and environment variable selection, and the use of machine learning methods with and without
leveraging spatial structure in the data. We test the hypothesis that our mapping accuracy improves when we
combine the use of survey data speci cally targeted at our species of interest with fuzzed FIA plots will improve
mapping accuracy over using FIA data alone. We also test the use of remote sensing and environmental variables,
alone and in combination, with the hypothesis that combining these variable sets produces more plausible
distribution maps. Lastly, we examine the extent to which the incorporation of spatial dependence into machine
learning improves SDM performance.



Figure 2.1IThe study area encompasses the Northwestern and Central California Jepson regions oriented north to
sound along the California Coast. We investigated the use of plot observations from a) four integrated sudden oak
death network plots (859 plots) and b) the most recent cycle of Forest Inventory and Analysis fuzzed plots (1,677
plots). The sudden oak death network plots were spatially clustered in areas of known outbreaks as shown in insets i)
Humboldt and Del Norte counties, ii) San Francisco bay area, and iii) the Big Sur region.

2.2 Methods and Materials

2.2.1 Study Species and Region

We selected three study areas along the central and north coastal California regions that represent di erent levels
of host species distribution and levels of invasion from P. ramorum (2.1). Each study ared,isEadi2@ign

123 km on each side. These are highly heterogeneous landscapes primarily composed of forest, chaparral, an
grasslands and range from sea level to 1,500 m in elevation. The northern California study area (Nor Cal) is
mostly temperate coniferous forests dominated by coast redwood (Sequoia sempervirens) along the coast and
mixed evergreen and live oak woodlands as you move away from the ocean. Douglas r-tanoak (Pseudotsuga
menziesii - Notholithocarpus densi orus) is a predominant forest type across the area. This area experienced
an initial outbreak in the early 2000s, and at the beginning of the simulation in 2003 had only six con rmed
cases of sudden oak death. The second study area is just north of San Francisco (Bay Area). This area is a
patch matrix of urban and woodland land cover with high concentrations of host species in the remaining
natural woodland forest. Signi cant urban expansion and loss of natural forest have expanded the urban/forest
boundary with pronounced edge e ects (Guerra et al. 2017). Like Nor Cal, this area falls into the northern



Figure 2.2Distribution of species importance values comparing FIA and sudden oak death network plots. The SOD
network exhibits a more representative distribution of species observations for those not well captured in the FIA data.

coastal region of California and has a similar mix of forest types, encompassing remaining patches of redwood
but also transitioning towards more oak species. Due to the proximity to urban centers, this area has a higher
likelihood of human mediated disease spread, but also a greater concentration of sampling points. This area
experienced one of the earliest outbreaks of P. ramorum from the early to mid 1990s which is re ected in the
higher level of observed infection points across the study area. The southernmost study area encompasses the Big
Sur region (Big Sur). This highly diverse landscape is shaped by the steep, complex terrain and proximity to the
coast. In upper elevations forests are mixed coniferous, with mixed oak woodlands on north-facing, moise slopes
and chaparral shrubland and annual grasslands on dry south-facing slopes at mid-elevations. Redwood-tanoak
forests are found along riparian corridors and lower elevations.

2.2.2 Data
2.2.2.1 Field Observations of Species Occurrences

The machine learning and regression models were developed and t with two sets of data covering three Jepson
regions in California (Figure 2.1). The rst set consists of FIA data alone (FIA-only) while the second is a
combination of FIA plots and integrated plot data from four long-term networks for monitoring the e ect and
spread of sudden oak death (FIA+SOD). Using the available FIA datamart API, forest plot and tree observations



were selected from the study area (Burrill et al. 2021). We used fuzzed plot locations in this study as we were not
able to obtain exact plot locations. A total of 1,677 FIA plots were used in this study, with tanoak occurring in
432, live oak in 195, bay laurel in 208, redwood in 246, and Douglas r found in 1,040 plots.

The sudden oak death network data consists of integrated information from four monitoring networks
designed to gather long-term data related to disease dynamics through time. These plot networks were originally
established between 2000 and 2007 along the coast of California. Plots ranged along the California coast from
the Big Sur region in Monterey county in the south, to Del Norte County on the Oregon border. A total of 859
plots were aggregated, each consisting of 500 m2 circular plots. We used only the most recent survey for each
plot, ranging from 2002 to 2019 (Appendix A.1). In these plots, individual stems were tagged and measured,
along with species identi cation and assessment of health status. A total of 73,317 stems were surveyed in these
plots, consisted of 24,744 (34%) tanoaks in 533 plots, 15,245 (21%) bay laurel in 563 plots, 10,901 (15%) redwoo
411 plots, 4,568 (6%) live oak in 310 plots, and 2,140 (3%) Douglas rin 244 plots.

For each plotin the study area, we extracted the species abundance and basal area for each tree with a DBH
of greater than 2.54 cm (1 in). We used these values to calculate each host tree species' Importance Value (1V,
for use as the dependent variable, de ned as the mean of a species' relative frequency and relative basal area fo
each plot and ranges from zero to one (Costanza, Coulston & Wear 2017). The species IV gives a more holistic
view of a species' plot characteristics by accounting for both frequency and basal area, and reduces the in uence
of extreme values (e.g. a single large tree or many small trees). Using this value allowed us to directly combine
measurements taken from di erent survey techniques across the plot networks to examine how species mapping
performance changes using FIA-only and FIA+SOD plot sets.

2.2.2.2 Remote Sensing and Environmental Data

A total of three covariate sets were tested in this study: environmental data only, remote sensing data only,
and a combination of environmental and remote sensing data (table x). All data were up- and downscales to
a common modeling resolution of 30 m. We used the EROS Science Processing Architecture On Demand
Interface (ESPA) to request all available Collection 1 surface re ectance products and spectral indices from 11
Landsat 8 Operational Land Imager (OLI) scenes that covered the study region (U.S. Geological Survey 2020b).
Scenes were selected from the summer months of June, July, and August of 2019 to represent peak growing
season conditions. The most cloud- and Il-free image was selected from this time period for each path/row.
Only data labeled as clear (bit 1) in the Pixel QA band were used. Landsat tiles were then mosaicked and clipped
to the study region.

Environmental covariates were composed of 28 total bioclimatic and topographic variables. Topographic
variables were retrieved from the USGS 3DEP seamless elevation product (U.S. Geological Survey 2020a). These
data were upsampled from their native resolutiéralm‘ second (approximately 10 m) to 30 m using nearest
neighbor sampling to match Landsat's spatial resolution. We used GDAL and GRASS GIS to calculate a variety
of topographic variables (GDAL/OGR contributors 2021; GRASS Development Team 2017). Irradiance was
calculated using the GRASS GIS r.sun function as the global irradiance at day-of-year 80, roughly equivalent to
the spring equinox representing mean irradiance for the year. We use the WorldClim version 2 variables dataset
representing a wide range of bioclimatic information relating to temperature and precipitation normals from
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Figure 2.3Correlation analysis was used to reduce the number of covariates used in the species distribution models
(SDMs). We calculated the Pearson's R correlation coe cient and used hierarchical clustering to examine highly
correlated variables, and selected a representative variable from each group.

the years 1970 - 2000 (Fick & Hijmans 2017). These data were downsampled using cubic spline resampling from
their native resolution of 30 seconds (approx. 1 km) to 30 m to match image resolution. All raster data processing
was performed using GDAL and the rasterio python library (Gillies et al. 2013 ; GDAL/OGR contributors
2021).

We used multivariate correlation analysis and hierarchical clustering to select a single variable from highly
correlated clusters (Figure 2.3, Appendix A.1). This reduces the dimensions of the covariate data and improves
the interpretability of variable contribution in the SDMs. Four remote sensing variables and ten environmental
variables were ultimately used in the models from 41 total covariates considered (Table X). We explored the use
of model-based variable reduction techniques, including recursive feature extraction with cross-validation. We
found that the SDM evaluation metrics were not improved and our ability to interpret ecological meaning was
hindered. We therefore considered correlation analysis a better approach that yielded similar results with easier
interpretation.

11



Table 2.1Independent covariates considered in our species distribution models (SDMs).

covariate description

remote sensing

band 4 Landsat 8 OLI Red band surface re ectance

band 5 Landsat 8 OLI Near Infrared band surface re ectance

NDVI Normalized di erence vegetation index

EVI Enhanced Vegetation Index

environmental-topographic

TWI topographic wetness index (Moore, Grayson & Ladson 1991)
TPI topographic position index (Wilson et al. 2007)

TRI terrain ruggedness index (Riley, DeGloria & Elliot 1999)
irradiance day of year 80, roughly spring equinox
environmental-bioclimatic

annual mean temperature average of all monthly temperature values

isothermality (annual mean diurnal range / annual temperature range) * 100
annual precipitation sum of all monthly precipitation values

max temperature of warmest month  the maximum temperature of the warmest month
temperature seasonality standard deviation of average monthly temperatures over a year
temperature annual range (max of warmest month - min of coldest month)

12



Figure 2.4Scaled covariate data show that di erences exist among the selected covariates among species in this study.
These observations represent the most homogeneous plots for each species, selecting the 10 plots with the highest
species importance value.

13



Figure 2.9~lowchart of methods. Gray boxes denote the plot, covariate, machine learning model, and variogram
models that were tested in this. study. Each combination of plot, covariate, and model were used to generate a total of
18 spatial and non-spatial models for each species. We only t each variogram once, from the four shown, and selected
the one with the best t for use in spatial modeling.

2.2.3 Predictive Modeling

2.2.3.1 Machine Learning

We used three machine learning and regression models in this study: ordinary least squares linear regressior
(LR), Random Forest (RF) (Breiman, Last & Rice 2001), and support vector regression (SVR) (Drucker et al.
1997; Awad & Khanna 2015). LR is used as a baseline method with which to compare two di erent machine
learning approaches in RF and SVR. We selected these methods to compare two popular machine learning
algorithms that have been widely applied in the remote sensing and ecology domains for supervised learning in
both classi cation and regression (Prasad, Iverson & Liaw 2006; Belgiu & Dr gup 2016; Guo, Kelly & Graham
2005). Previous comparisons have shown that the di erent approaches of RF and SVR have strengths, and
selecting a single approach is often application and domain-speci ¢ (Wu, Zhong, et al. 2017). These algorithms
have shown relatively good accuracy when used in combination with regression kriging of high-dimensional data
(Bostan, Heuvelink & Akyurek 2012; Li, Ao, et al. 2020). The advantage to using ML algorithms is their ability

to handle non-parametric data and nonlinear relationships that do not meet the assumptions of other statistical
models. Machine learning and linear regression models were implemented using the scikit-learn python library
(Pedregosacetal. 2011).

14



2.2.3.2 Machine Learning with Spatial Dependence

The three regression approaches were used in both regular regression and regression kriging con gurations that
accounts for the spatial dependence between observations. Regression kriging relies on the use of a variogram
which measures spatial autocorrelation among the species IV values of the plots in other words, the variogram
gives a measure of how related points are that are close to each other in space, and over what distance does tha
relationship extend. In doing so, regression kriging considers both the explanatory power of the independent
covariates and the spatial structure of the points to predict an unobserved value in space. The plot observations
were rsttransformed into a gridded coordinate space to match the pixels of the covariate layers at 30 m. We
calculated empirical variograms with a maximum range of 11,700 m (390 pixels) and a lag distance of 450 m (15
pixels) with four di erent variogram models: matern, gaussian, spherical, and exponential (Table X, Appendix
A.2). We selected the variogram with the best t based oX tzéuR for each plot set (e.g. FIA-only, or
FIA+SOD) for use in regression kriging. We considered the 10 nearest points to predict values in space, where
the strength of the relationship between these 10 observation points and the predicted grid cell is determined by
the variogram. For each of the ve species of interest, we tested two sets of plot data, three sets of covariate data,
and three regression algorithms in regression kriging, resulting in eighteen models for each species (Table X).
We implemented the variogram modeling and regression kriging using the geostats framework with the gstools
and pykrige python libraries (Murphy, Miller & Yurchak 2021; Miller et al. 2021).

2.2.3.3 Model Evaluation

For all 18 SDMs for each species, we evaluated model performance using a 10-fold cross-validation procedure
where 10% of the data were withheld as a test set while the remaining data were used to train the machine learning
model. For each test set, we calculated the median absolute error (MAE), root mean square error (RMSE) and
coe cient of determination (R. In this study, Rmay be negative when the predicted test set values derived

from the training model tworse than the mean of the test set dependent variable. We selected the model with
the highest mediar’Ralue as the best performing to generate the nal species map for each species. Lastly, we
used the nonparametric Wilcoxon signed-rank test for related paired samples to compare the cross validation
scores of all other models to that of the best model to examine if the best model score was signi cantly higher.
Cross-validation and metric computation were implemented using the scikit-learn python library (Pedregosa
etal. 2011).

2.3 Results

2.3.1 Overall Model Performance

We found that among all species tested, the FIA+SOD plot set and ENV+RS covariate set with RF-RK had the
highest median cross-validatésdere for four out of ve species - tanoak@{®11, RMSE 0.144, MAE 0.036),
California Live Oak (R0.532, RMSE 0.150, MAE 0.006), Douglas? 0(B44, RMSE 0.190, MAE 0.071),

and bay laurel #0.42, RMSE 0.129, MAE 0.024) - while for redwood the highest score used environment
only data with the FIA+SOD plot set and RF-RK (R591, RMSE 0.171, MAE 0.015) (Table 2.3, Figure 2.7).
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Table 2.2Methods and data compared for creating species importance maps. We examined how combining data from
two plot networks (FIA-only, and FIA=SOD), three sets of covariation data (RS-only, ENV-only, and RS+ENV), and
the choice of machine learning model with and without spatial dependence in uence the resulting species distribution
map.

variogram model covariates regression models plot networks
matern remote sensing linear regression FIA-only

. . combined plot set
gaussian environment random forest (FIA+SOD)

combined covariate set

exponential (ENV+RS) support vector regression

spherical

The RF-RK R scores, however, were not signi cantly better than regression kriging using LR or SVR with
either the environmental or ENV+RS covariate sets (Figure 2.8, Appendix A.4). Selecting the best set of factors
was less clear when considering measures of error. For RMSE, the best performing SDM across the board was
still RF. The ENV+RS covariate set led to the lowest RMSE values for all species except bay laurel which scored
best with environmental data only. However, the plot set was mixed, with only Douglas r having the best
performing SDM using the FIA+SOD plot sets, while all other species minimized RMSE with the FIA-only

plot set. And lastly, when scoring models with MAE the best performing models were more mixed. Only one
species, bay laurel, had a minimum MAE with the ENV+RS covariate set, while tanoak used environment
only data and the remaining three species used remote sensing only data. Douglas r and coast redwood but
used the FIA+SOD plot sets while tanoak and live oak use FIA-only data. And across all species, SVR-RK
minimized MAE. Lastly, LR-RK and SVR-RK SDMs performed consistently across all covariate sets tested,
while RF-RK scored highly only with covariate sets that included the environmental data, and had markedly
lower evaluation scores when using remote sensing data alone. Predicted values underestimated species presen
and overestimated species absence consistently across all species (Figure 2.6). Slopes for the tlines ranged fror
a minimum of 0.43 for Bay Laurel to 0.61 for Redwood while intercepts ranged from 0.04 for coast live oak to

0.1 for Douglas .

2.3.2 Plot Network Data

Use of the FIA+SOD plot set resulted in moderate to strong improvements in Madiare® but their

inclusion also increases the error associated with those predictions over using the FIA-only plot set (Table 2.4).
On average,®mproved signi cantly (p < 0.05) by 15% across all species when using the FIA+SOD plot set
over the FIA-only plot set. For most species, the increase in scores using the FIA+SOD plot set was relatively
small (Coast Redwood from 0.49 to 0.55 and Douglas Fir from 0.29 to 0.38) to moderate (California Live Oak
0.37 from 0.47 and Tanoak from 0.36 to 0.49). Bay Laurel, however, saw the largest improemtént in R
anincrease of 0.31, from 0.01 with FIA-only to 0.4 with FIA+SOD. This large increase is primarily caused by
FIA-only data SDMs explaining very little variation in bay laurel's importance value, and the FIA+SOD plot set
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Figure 2.6Hexbin plots show the t of the best species models for each species.

Table 2.3The median and median absolute deviatiorf,dRBot Mean Square Error (RMSE), and Median Absolute

Error (MAE) from each median model score from 10-fold cross validation of all 18 models for each species grouped
by covariate set, plot set, and machine learning model. Models are labeled as: RF = Random Forest, SVR = Support
Vector Regression, LR = Linear Regression. Scores are read as Median (median absolute deviation) . Bold indicates
the highest score in the column for each group.

R? RMSE MAE

covariate set
env only 0.413(0.074)0.148 (0.021)  0.023(0.016)
rs only 0.325(0.127) 0.159(0.029) 0.033(0.029)

rs+env 0.419 (0.065) 0.149 (0.021) 0.027 (0.017)
plot set

FIA-only 0.351(0.092)0.146 (0.025)  0.015(0.013)
FIA+SOD 0.459(0.058) 0.161(0.018) 0.033(0.018)

model

LR 0.397(0.072) 0.152(0.023) 0.036(0.014)
RF 0.389(0.135) 0.151(0.028) 0.024(0.019)
SVR 0.402 (0.08) 0.148(0.022)  0.015(0.013)
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Figure 2.7Maps of model results. a. tanoak, b. Douglas r, c. California Live Oak, d. coast redwood, e. california bay
laurel.
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Figure 2.8a) Distribution of cross-validateghRlues from all models for Tanoak (Notholithocarpus densi orus) and
summary plots by b) covariates, c) plot set and d) machine learning model. Models are labeled as: RF = Random Forest,
SVR = Support Vector Regression, LR = Linear Regression. In a), * denotes models that scored signi cantly lower than
the top model from a Wilcoxon test (p < 0.05).

being more in line with the best &ores of other species. Conversely, the use of the FIA+SOD plot set led to
higher values of RMSE and MAE for four out of the ve species mapped. For these species, the di erences were
generally modest from both RMSE ranging from 0.01 - 0.04 and MAE ranging from 0.02 0.03. For Douglas

r, the opposite was true with the FIA+SOD plot set resulting in lower values of both RMSE with a di erence

of 0.03 and MAE of 0.06. This appears to be related to the fact that Douglas r was well sampled in FIA data,
whereas the other species are undersampled and the addition of more homogenous stands of these species fron
the sudden oak death networks provided a fuller sample of training data.

2.3.3 Accounting for Spatial Dependence

Species distribution models that leveraged spatial dependence performed signi cantly better than SDMs that
did not. The exception to this was RF when accounting for spatial dependence (Table 2.5, Appendix A.3).
Machine learning models had relatively poor explanatory power and accuracy to predict species IV. Scores for
LR and SVR were close to zero for all species, regardless of the plot data and covariates used. When leveraging
spatial dependence with, all SDMs saw signi cant improvements in explanatory power and accuracy. Linear
regression saw an average improvement of 21%, SVR by 41%, and RF by 8% for all models among all species. F«
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Table 2.4Comparison of Rfor models using FIA-only and FIA+SOD plot sets. Scores are read as FIA-only /
FIA+SOD. Highest model score for each species is emphasized.

Covariates Tanoak

LR RF SVR
env only 0.35/0.49 0.36.61 0.38/0.5
rs only 0.3/0.46 0.18/0.24 0.38/0.5
rs+env 0.35/0.48 0.30.561 0.38/0.5

Douglas-Fir

LR RF SVR
envonly 0.26/0.37 0.33/0.43 0.28/0.37
rs only 0.27/0.38 0.17/0.16 0.27/0.38
rs+env 0.27/0.38 0.3044 0.27/0.39

California Live Oak

LR RF SVR
env only 0.39/0.48 0.44/0.52 0.38/0.47
rs only 0.35/0.44 0.1/0.16 0.37/0.47
rs+env 0.38/0.47 0.4D/53 0.39/0.47

Coast Redwood

LR RF SVR
envonly  0.47/0.55 0.569 0.49/0.55
rsonly 0.44/0.52 0.27/0.26 0.5/0.55
rs+env 0.47/0.56 0.5869 0.51/0.57

California Bay Laurel

LR RF SVR
envonly 0.07/0.41 0.11/04 0.042
rs only 0.06/0.4 -0.08/0.12 0.00.42
rs+env 0.07/0.4 0.040.42 0.07/0.42
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the FIA+SOD plot set, the average percentincrease was 39% for LR, 10% for RF, and 40% for SVR. Particularly
for SVR, the increase was largely due to the average score of the models without spatial dependence being
the worst of all models tested with an average score of -0.72, and the best score with FIA+SOD plot set was
only -0.02. The exception to this was RF when used with environmental data alone or in combination with
remote sensing data. In these con gurations, RF was able to perform nearly as well as if it were used with
regression kriging. The overall averageRase when using regression kriging was only 0.03 for species with

all combinations of plots and environmental data. The score improvements for RF with remote sensing data
alone was on average 0.17 fpirlicating that when using remote sensing data with RF, is it more imperative

to consider spatial dependence than when using environmental data as part of the covariate set.

2.3.4 Selection of Covariate Data

Averaged over all SDMs and all species, the R2 scores for environment data only and ENV+RS covariate set
were 0.446 and 0.447, while the remote sensing data average was 0.340. Across all models, the environmental
variables alone produced the lowest MAE and RMSE, with an average MAE of 0.022 and RMSE of 0.149 and
minimum of 0.005 and 0.107, while remote sensing variables alone had the highest average error with MAE
equal to 0.034 and RMSE equal to 0.17 with a minimum of 0.014 and 0.109. The ENV+RS covariate set fell in
between the other two, with an MAE of 0.029 and RMSE of 0.155 and a minimum error of 0.013 and 0.105.
The performance of covariate data were highly dependent on the selection of models used to predict species'
importance values and the species of interest. For LR-RK and SVR-RK, R2 scores were consistent across the
three covariate sets, generally within only a few percentage points di erence between the highest and lowest
scoring model scores for each species. The biggest di erence was the use of remote sensing variables only with
RF, with and without spatial dependence. These models scored notably lower than any other combination of
plots and models and this nding was consistent regardless of the species used in the SDM. For all species except
bay laurel, there were signi cant di erences among the covariate sets. However, the overall range of di erences
in median scores were relatively small and largely driven by SVR and LR when using di erent covariate sets.
Ranges by species were Tanoak: 0.03, Douglas-Fir 0.01, QUAG 0.04, Coast Redwood 0.04, California Bay
Laurel 0.01 and for SVR Tanoak 0.00, Douglas-Fir 0.02, QUAG 0.00, Coast Redwood 0.02, California Bay
Laurel 0.00.

The models that use ENV+RS covariate maps appear to more realistically represent species distributions
(Figure 2.9). The environmental data is leveraged in the models to de ne distributions along environmental
gradients that we know to be consequential to the distribution of species, and the remote sensing data re ne
these environmental gradients to more accurately re ect ne-scale heterogeneity of forest cover . The maps
created with environmental data or remote sensing data alone showed indications of over tting from the random
forest model (Figure 2.9 b) as arti cial discontinuities and disruptions along gradients in the distribution maps.
Remote sensing data produced maps that appeared to be much noisier than what we expected, or fail to leverage
the covariates in a meaningful way. Remote Sensing only models appear to add little to predictive performance,
rather basing the prediction solely on the proximity to the observation points (Figure 2.9 c). Although the maps
of ENV+RS covariates also exhibited some of these characteristics, they are far less pronounced than either
covariate set alone.
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Table 2.5Comparison of Rfor model using FIA+SOD plot set that account for spatial dependence with kriging and
those that do not. Scores are read as with spatial depedence / without spatial dependence. Highest model score for
each species is emphasized.

Covariates Tanoak

LR RF SVR
env only 0.17/0.49 0.49/51 0.05/0.5
rs only 0.13/0.46 0.02/0.24 0.02/0.5
rs+env 0.2/0.48 0.47051 0.11/05

Douglas-Fir

LR RF SVR
env only 0.26/0.37 0.41/0.43 0.21/0.37
rs only 0.07/0.38 -0.02/0.16 0.03/0.38
rs+env 0.27/0.38 0.4R/A4 0.24/0.39

California Live Oak

LR RF SVR
env only 0.2/0.48 0.51/052 0/0.47
rs only 0.01/0.44 -0.04/0.16 0/0.47
rs+env 0.21/0.47 0.5263 0.15/0.47

Coast Redwood

LR RF SVR
env only 0.15/0.55 0.3739 -0.03/0.55
rs only 0.1/0.52 0.02/0.26 -0.02/0.55
rs+env 0.33/0.56 0.5859 0.22/0.57

California Bay Laurel

LR RF SVR
envonly 0.15/0.41 0.37/04 -0032
rs only 0.03/0.4 -0.04/0.12 -0.@B42
rs+env 0.17/0.4 0.3942 -0.02/0.42
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Figure 2.9A comparison of resulting maps of tanoak for each set of covariates. a) ENV+RS covariate set (random
forest with spatial dependence), b) ENV-only (random forest with spatial dependence), and ¢) RS-only (SVR with
spatial dependence).
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2.3.5 \Variable Importance

Among all the species tested, four variables annual mean temperature, annual precipitation, temperature sea-
sonality, and isothermality were most commonly among the top variables in permutation variable importance

from the RF-RK SDMs (Figure 2.10). Temperature seasonality, or the standard deviation of average monthly
temperatures over a year, had the highest importance for tanoak and coast redwood, annual mean temperature
the highest importance for california live oak and california bay laurel, and annual precipitation the highest
ranking variable for Douglas r. Together, these three variables accounted for the majority of importance for all

the species tested here. For tanoak, remote sensing variables had relatively small importance values, but all foul
variables were above zero, suggesting some contribution to overall explanatory power within the model with
NDVI and EVIranking 5th and 7th most important. Topographic variables contributed very little to the tanoak
model with importance values near zero. For Doulas r, annual mean temperature and annual precipitation
contributed nearly the same importance to the model, followed by temperature seasonality, Landsat 8 band 4,
and isothermality. All the remaining variables had importances medians near zero. The vast majority of model
importance for California live oak was in annual precipitation, with a median permuted importance value of
0.57. Band 4 was the highest ranked remote sensing variable. The remaining variables were again near zer«
for this species. Band 4 was the second highest variable for coast redwood behind temperature seasonality a
variable highly correlated with distance to coast. Lastly, bioclimatic variables had the highest importance for bay
laurel, with only Landsat bands 4 and 5 with median importance values meaningfully above zero.

2.4 Discussion

2.4.1 Spatial Dependence

We found that leveraging spatial dependence signi cantly improved SDM results over the use of models without
kriging. R2, RMSE, and MAE appear to be relatively invariant to the choice of machine learning method when
accounting for spatial dependence through regression kriging. This suggests that the spatial autocorrelation
of species characteristics is the predominant factor improving accuracy in SDMs above all other factors tested
in this study. Until recently, few studies have explored the ability to combine regression kriging with machine
learning methods and these studies have primarily been in the domains of soils and geology. Our results show
that these methods can easily be applied to spatial ecology problems in which the data have a spatial structure
and the phenomena at hand exhibit at least some level of spatial autocorrelation. Additionally, our results show
that even in patchy landscape with disjointed surfaces (e.g. agriculture and urban boundaries with forests) the
regression kriging approach was able to accurately predict the absence of species correctly. Regression kriging
overcomes the limitations of ordinary kriging where there is an assumed continuous surface, as in the case of
topography. Advances in computing power have made combining machine learning approaches with regression
kriging and other methods that account for spatial dependence more feasible. Our results suggest that more
studies should consider the improved predictive performance of including spatial structure in their data to
generate petter predictions.

The one exception to this nding is the use of RF in regular regression. With environmental data, alone or
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Figure 2.10v/ariable importances by species.
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in combination with remote sensing data, regular RF overperformed when compared with LR and SVR. It
achieved predictive scores very close to those of RF-RK. However, regular RF had relatively poor performance
when using only remote sensing variables. We believe this is related to two factors. We hypothesize that these
two behaviors are related to the number of variables that were selected from remote sensing sources due to the
high correlation among those variables, and related to the relatively low autocorrelation in remote sensing data
when compared to topographic and bioclimatic variables. First, only four remote sensing variables were selected.
Our results would suggest that these variables have very little predictive power for mapping species across broad
geographic areas even when leveraging spatial dependence. Previous studies have shown that decision-tree bas
regression algorithms have reduced performance when using too few variables or variables with interactions,
whereas LR and SVR are better able to handle interactions, even when not explicitly speci ed in the model
(Merow et al. 2014). Second, regular RF may have bene ted more from the high level of spatial autocorrelation
in the environmental variables than LR and SVR. This could also be related to the native scale of the bioclimatic
data that was downscaled for modeling. An additional factor in uencing model performance is related to the
selection of study extent and the inclusion of a high number of observations with zero species importance values.
We selected a study region delimited by previously identi ed ecoregions that exhibit similar levels of homogeneity
in vegetation composition within each region. Realistically, however, realized extents for most of the species
studied here do not cover the entire study area. This results in a large portion of our empirical eld data having
zero observed species values. Zero in ation presents considerable challenges to SDMs, even when data are no
expected to follow a known distribution (Garcia-Marti, Zurita-Milla & Swart 2019). This is one explanation for

why machine learning models fared signi cantly worse than when spatial proximity was considered in model
tting. A regression kriging prediction is localized made by considering the covariates and spatial relationship,
dictated by the variogram, of only the ten closest observations. This reduces the number of zeros used in any
given prediction for target pixels. This process is spatially analogous to multi-step machine learning approaches
that aim to reduce the impact of zero in ation by initially splitting data into zeros and non-zeros (Mathlouthi,
Larocque & Fredette 2019). As studies aim to expand the application of machine learning methods with ne
scale data to broader extents, we suggest that future studies carefully consider the tradeo between extent and
zero in ation if not accounting for spatial dependence in their methods.

2.4.2 Plot Data

Despite the limited spatial distribution of sudden oak death network plots, these data were still able to signi -
cantly improve SDM accuracy over FIA-only models. Beyond simply a larger dataset, the sudden oak death
network data provided a meaningful addition of speci c plot observations that helped |l in species data not
captured in the FIA data. For species that are well represented in the FIA data and particularly those that hold
great commercial value, the improvement of including additional plot data were modest, such as for Douglas .
For other species that are not as wide-spread and lack commercial importance, such as tanoak and bay laurel.
the improvements in mapping accuracy were much larger. In the case of bay laurel, FIA data alone was unable
to accurately map its distribution across the region, and only reasonable accuracies could be achieved with
the inclusion of the sudden oak death network data. Additionally, FIA data over this extent includes a large
portion of area for each species where the species does not occur. The addition of targeted survey plots that
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favored higher presence values for each species helped to Ilin an undersampled region of species abundance anc
basal area values for nearly homogenous stands that were not otherwise captured by the FIA data alone. Future
research should investigate how more widely available eld observations, such as those from crowdsources
datasets like iNaturalist, could improve species mapping approaches when combined with authoritative datasets
like FIA (Devictor, Whittaker & Beltrame 2010; Butt et al. 2013; Henckel et al. 2020). While these datasets
have their own limitations (e.g. spatial sampling pattern), our results suggest integrating disparate datasets with
fuzzed FIA plot coordinates and leveraging spatial dependence may be able to signi cantly increase the accuracy
of modeling e orts over broad geographic regions. This would open up new avenues for mapping species that
have not been adequately captured by general eld surveys.

Our results suggest that fuzzing of the exact FIA coordinates may also play a role in the lower accuracy when
using FIA-only data. Although we are not currently able to test this, previous studies that compared fuzzed and
actual FIA data used with with synthetic spatial data have suggested that accounting for spatial dependence can
overcome some limitations of coordinate fuzzing with LR, but that the ceiling for improvement was reduced as
the overall accuracy went down (Coulston et al. 2006; Direnzo 2016). That study found that they were able to
achieve similar accuracies with fuzzed coordinates as with exact coordinates as they up-scaled data. This sugges
that the 30 m resolution data used in this study was too ne to achieve the best possible accuracies with fuzzed
data. Selecting a coarser modeling resolution (e.g. upscaling all data to 1 km pixel resolution) with fuzzed data
may be able to achieve accuracies similar to that of using exact coordinate data. This is done at the expense of
resolution and the ability to discriminate species distributions in highly heterogeneous landscapes. We would
suggest that future studies consider measures of landscape heterogeneity when selecting a mapping resolutior
to determine if up- or downscaling data would be appropriate both for the distribution of empirical data and
landscape patchiness.

2.4.3 \Variable Selection

A confounding factor for remote sensing data comes from the nature of remote sensing observations taken
from space and the high variation of spectral mixing from mixed forest types across the study region (Roth,
Dennison & Roberts 2012). This is supported by previous studies that found that species traits far outweigh
the modeling approach selected (Syphard & Franklin 2010; Syphard & Franklin 2009). Di erences in accuracy
among di erent species may be explained by their being generalist or specialist species, and particularly related
to their dominance in forest structure. In particular, it is challenging to accurately map understory species using
broadband spectral indices alone (Singh & Gray 2020; Singh, Chen, et al. 2018). Dominant canopy species such
as redwood and Douglas r have less spectral mixing which lead to improved modeling accuracy from remote
sensing variables. Co-dominant, secondary, and understory species are more likely to have spectral mixing
that reduces our ability to accurately predict their distributions. The emergence of new remote sensing data
products hold promise to nd novel, uncorrelated, variables that could be used to improve the performance

of species mapping from remotely sensed data (He, Bradley, et al. 2015). Particularly, future studies should
consider remotely sensed data related to time-series measures of productivity and phenology and measures tha
are more directly related to biotic forest characteristics (Zeng et al. 2020). Additionally, lidar-derived structure
metrics should also be considered, but continue to be limited in their availability over broad geographic extents
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(Fassnacht et al. 2016). As more data are collected, these metrics will become more prevalent in species mapping

2.5 Conclusion

In this work, we investigated the e ect that modeling decisions have on the accuracy and explanatory power
of machine learning models namely, the use of geostatistical methods to account for spatial dependence,
comparisons of environmental and remote sensing explanatory data, and use of combined eld plot observations.
This work was motivated by the need to create more accurate maps of tree species for use in forecast models
of tree diseases. We have shown the ability to achieve reasonable species distribution accuracy and predictive
power from high-resolution remote sensing and environmental data over broad geographic regions. We have
demonstrated that machine learning algorithms can be incorporated into an existing spatially explicit regression
kriging framework. We found that leveraging spatial dependence improves the overall predictive performance in
mapping species distributions. We have found that combining ancillary eld observations to fuzzed FIA data
can, in some cases, drastically improve the performance of species distribution predictions across the landscape
These improvements, however, are highly dependent on the species, its characteristics in forest assemblage
and representation in observation data. Tradeo s between scale resolution and extent and SDM performances
may lead to prioritizing one over the other. Researchers should explore multiple options before deciding on a
nal modeling approach. This study furthers our understanding of modeling choices on SDM performance in
the context of mapping species distributions and more broadly shows that careful consideration around these
factors is needed for future studies looking to employ machine learning approaches for spatial problems.
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CHAPTER

3

EFFECTS OF SPATIAL GRAIN AND
INITIAL CONDITIONS ON DISEASE
FORECAST UNCERTAINTY

3.1 Introduction

Forest ecosystems around the world are experiencing unprecedented levels of environmental disturbance with
consequences for carbon cycling (Sleeter et al. 2019), ecosystem structure and function (Grimm et al. 2013;
Duveneck & Scheller 2015), and species composition and survival (Kelly & Goulden 2008; Wang et al. 2015).
Forest diseases are one such disturbance whose introduction has severe consequences for ecosystem hea
(Carroll 2008; Mack et al. 2000). Human commerce and international trade drive the introduction of invasive
tree diseases into uninvaded ecosystems. Already, biotic disturbances impact more land than re and forestry
combined, but are more di cult to study due to challenges in observing and tracking spread (Hicke et al. 2012).
Emerging forest diseases are expected to impact more forests globally under climate change (Weed, Ayres &
Hicke 2013; Anderson et al. 2004). Policy makers and land managers, tasked with stopping the establishment and
spread of forest diseases, are increasingly looking for novel solutions to inform management decisions (Prospero
etal. 2021). Forecasting forest diseases have become a critical component to stopping their introduction and
establishment.

An emerging paradigm in landscape ecology is the development of near-term, iterative ecological forecasting
models (Dietze et al. 2018). These computational models are designed to make repeated and testable predictions
about the near-term (e.g. three to ve year) state of an ecosystem (Clark, Carpenter, et al. 2001). The bene ts of
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these models is their ability to leverage new data as it becomes available to validate and calibrate the forecast:
(Jones et al. 2021). There are, however, a wide variety of uncertainty sources in ecological modeling. The various
sources of uncertainty limit the con dence stakeholders place in a model to generate reliable results which has
slowed the adoption of near-term ecological forecast models for management purposes (Gaydos, Petrasova, et al
2019; Crosetto, Tarantola & Saltelli 2000). Models are themselves uncertain - as simpli ed representations of
reality, they are not able to fully capture the processes involved in complex ecological systems. In building forecast
models, a number of things must be established, such as model structure and parameters, input data, resolution,
etc. (Saltelli et al. 2019). Modelers typically only select the variables and processes most relevant to the purpose
of the model, leading to a compromise between the level of understanding the system and the ability of the
model to answer necessary questions (Regan, Colyvan & Burgman 2002). Particularly in ecology, uncertainty is
pervasive due to the challenge of collecting representative and complete data that can adequately characterize the
phenomena (Regan, Colyvan & Burgman 2002). For example, ecological data used in modeling act as sources
of uncertainty as initial conditions that establish the start of the simulation, as well as drivers of uncertainty in

the model. In addition, an important source of uncertainty comes from the scale and con guration of spatial
data used in spatially explicit forecast models.

Spatial con guration and scale are fundamental concepts in landscape ecology directly related to ecological
patterns and processes (Levin 1992). Scaling data can fundamentally change the connectivity and patch con-
guration of those data, which in turn in uences process relationships in modeling (Urban 2005). Empirical
evidence has shown that the location of infections in relation to the spatial pattern of hosts in uence the rate of
transmission of tree diseases. This suggests that high host density and connectivity lead to increased disease spre:
in forest landscapes (Williams & Levine 2018; Ellis, Vaclavik & Meentemeyer 2010; Ferrari & Lookingbill 2008).
The pattern of host species, the con guration of initial points of infection, and the process of disease dispersal
are all impacted by the scale of data used to model spread (Dillon, Haas, et al. 2014). Selecting an appropriate
modeling scale is a challenging but necessary step in predictive modeling (Evans et al. 2013). Processing ne grair
data over large extents is still computationally intensive despite major improvements in computing resources
over the past few decades. Modelers must make practical choices to account for computational limitations,
although the impacts from these choices are not well understood. In other cases, we still lack the ability to collect
information related to ne scale ecological processing over broad geographic extents. The process of scaling
is intimately related to the spatial con guration of spatial data. The process of scaling aggregates ne grain
ecological processes and simpli es them for representation in models which can reduce the overall variance,
cause loss of information, introduction of statistical bias, and underrepresent extreme events, particularly over
heterogeneous landscapes (Newman et al. 2019). There is, therefore, a need to identify and quantify how much
these spatial characteristics impact the uncertainty of predictions in forecast models.

Uncertainty and sensitivity analysis provide a set of tools and approaches to identify and quantify sources
of uncertainty in a model. Uncertainty analysis is used to determine the overall uncertainty in model results
as a function of all the inputs of the model by examining how closely predictions align with the best available
observations (Ghanem, Higdon & Owhadi 2017). In sensitivity analysis, the goal is to identify how each
parameter or dataset contributes to uncertainty. This can be further broken down into local, sometimes called
one-at-a-time , or global analysis. In global analysis, a set of parameters is changed together, examining the
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entire parameter space, whereas local analysis changes a single factor to isolate its impact on the model's result
In using spatially explicit models, grain and con guration are two components of input data that have a strong
impact on uncertainty in model results and are suitable for examination using sensitivity analysis (Crosetto,
Tarantola & Saltelli 2000). In ecological forecast models, where data are available to validate model outputs,
sensitivity analysis provides a way to examine how changing the modeling scale alters the spatial pattern of
predictions against observational data. The use of sensitivity analysis can be combined with metrics of landscape
pattern to estimate the level of uncertainty in the results (Pontius & Millones 2011; Pickard & Meentemeyer
2019). We quantify how the spatial con guration and spatial grain of these initial conditions in uence model
results using measures of con guration, allocation, and quantity disagreement.

In this study, we apply sensitivity analysis to a spatially explicit simulation of plant disease spread. The Pest
or Pathogen Spread (PoPS) model is one such near-term ecological model designed to simulate and forecas
the spread of plant diseases (Meentemeyer, Cunni e, etal. 2011; Jones et al. 2021). The model uses a spatial
and temporally explicit approach to forecast any pest or pathogens using a generalized set of model parameters.
A modular framework engages stakeholders through participatory modeling with adaptive management and
computational steering (Gaydos, Petrasova, et al. 2019). We examine how the results of the model are impacted
by changing the spatial grain of the spatial input data across three di erent regions to understand if scale and
landscape con guration interact to in uence model results. We use the PoPS model with the invasive pathogen
Phytophthora ramoruas a case study of an epidemic forest disease to examine how the scale and con guration
of host data and initial infection points a ect simulated predictions of disease spread. We modeled disease
spread from 2003 to 2012 using observed infection points as validation data to measure guantity, allocation, and
con guration disagreement. We selected three study areas in coastal California with di erent con gurations of
susceptible host species distribution and initial infection points in order to test hypotheses about the dependence
of model results on initial conditions. However, it is not clear 1) how much the model depends on these initial
conditions, 2) to what degree the uncertainty in their spatial con gurations impact the degree of spread, and 3)
over what duration of simulation these initial conditions begin to impact predictions. We hypothesized that a
greater dispersion of initial infection points leads to in lling of simulated infection between observations and
causes exponential growth in forecasted infection. We expected that areas experiencing higher levels of initial
dispersion, hence more advanced stages of invasion, would experience greater levels of disagreement in all thre
metrics when compared with validation data. Lastly, we anticipated areas that had a more even distribution
of host tree species would experience higher amounts of disagreement (an overestimation of disease spread
than areas where host species were more highly concentrated, regardless of the overall quantity of host specie:s
presentin a study area.

3.2 Methods and Materials

3.2.1 Study Areas

We selected three study areas along the central and north coastal California regions that represent di erent levels
of host species distribution and levels of invasiorFfreamorun{Figure 3.1). Each study area is 15329 km
measuring 123 km on each side. These are highly heterogeneous landscapes composed of forest, chaparral, a
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grasslands and range from sea level to 1,500 m in elevation. The northern California study area (Nor Cal) is
primarily temperate coniferous forests dominated by coast re8e&quodié sempervijerieng the coast and

mixed evergreen and live oak woodlands as you move away from the ocean. Douglas’se¢adotdufja

menziesi Notholithocarpus densi oyissa predominant forest type across the area. This area experienced

an initial outbreak in the early 2000s, and at the beginning of the simulation in 2003 had only six con rmed
cases of sudden oak death. The second study area is just north of San Francisco (Bay Area). This area is a
patch matrix of urban and woodland land cover with high concentrations of host species in the remaining
natural woodland forest. Signi cant urban expansion and loss of hatural forest have expanded the urban/forest
boundary with pronounced edge e ects (Guerra et al. 2017). Like Nor Cal, this area falls into the northern
coastal region of California and has a similar mix of forest types, encompassing remaining patches of redwood
but also transitioning towards more oak species. Due to the proximity to urban centers, this area has a higher
likelihood of human mediated disease spread, but also a greater concentration of sampling points. This area
experienced one of the earliest outbredksarorunfrom the early to mid 1990s which is re ected in the

higher level of observed infection points across the study area. The southernmost study area encompasses the Big
Sur region (Big Sur). This highly diverse landscape is shaped by the steep, complex terrain and proximity to the
coast. In upper elevations forests are mixed coniferous, with mixed oak woodlands on north-facing, moise slopes
and chaparral shrubland and annual grasslands on dry south-facing slopes at mid-elevations. Redwood-tanoak
forests are found along riparian corridors and lower elevations.

3.2.2 Data
3.2.2.1 Field Observations of Infection

Field observations of sudden oak death infection were compiled from four long-term monitoring networks and
California Oak Mortality Task Force/SODMAP survey data (Figure 3.1). Survey e orts began in 2001 to monitor
the spread of sudden oak deBtlamorumlike symptoms are a common response to a variety of pathogens
among species in this region so only lab con rmed cases from symptomatic host tissue were considered positive.
P. ramorunis known to kill above-ground tree structures but leave below-ground structures alive, maintaining
amechanism for long term latent infections. We, therefore, considered even a single positive individual stemin a
plot as positive at the plot level and infection was persistent for an infected plot the remainder of the simulation
period. A total of 5,063 observations were made from 2001 to 2012 and used as initial infection points and
validation.

3.2.2.2 Host Species Competency Data

We combined information from ve species that play a central role in the overall sudden oak death system to
create a host competency layer for the PoOPS model: Baylrabedllaria californicg Tanoak lotholitho-

carpus densi oryCalifornia Live OakJuercus agrifoljaDouglas Firfseudotsuga menzjeaiid Coast

Redwood $equoia sempervijeie calculated a host competency score layer that is created by combining the
individual species distribution maps generated in chapter x. The original species layers were estimated from eld
observations of integrated sudden oak death network plots combined with U.S. Forest Service Forest Inventory
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Figure 3.1nfection points from the duration of the entire simulation time. The California Oak Mortality Task Force
(COMTF) and integrated longitudinal sudden oak death network plots used to validate predictions of sudden oak
death spread from the PoPS model. i) northern California (nor-cal), i) San Francisco bay area (bay-area), iii) Big Sur

(big-sur).

33



Figure 3.2The distribution of susceptible host species index at 30 meters at every infection location, the original
resolution of the host species data. The host index is scaled from zero to one, with zero indicating no host species
presentin a pixel and one indicating all trees are susceptible.
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and Analysis plots, which included measurements of every tree in each plot including species type and diameter-
at-breast-height. These plot data were used to calculate individual species importance values as the average c
relative abundance and relative basal area for each species, ranging from zero, indicating no species presenc
to one, a homogenous single-species stand (Costanza, Coulston & Wear 2017). These plot observations were
used to train a Random Forest regression kriging model with remote sensing and environmental explanatory
variables to predict 30 m resolution spatially continuous estimates of species importance across three Jepson
regions along the central and northern California coast. These species layers are multiplied by a host competency
score a measure of how likely a given species is to contribute to the spread of the inBctaumoifim
(Meentemeyer, Rizzo, et al. 2004). The nal host competency layer is created by summing all the individual
species together. The Nor Cal study area has the most host area with? fophléwidby the Bay Area with

4,108 krhand Big Sur with 2,909 Km

3.2.2.3 Weather Data

P. ramorunspreads most e ectively when temperatures are between Raiand@st to wet conditions

(Davidson et al. 2005). We calculated a weather suitability index according to the procedure introduced in
Meentemeyer, Cunni e, etal. (2011). We used data from the NASA Daymet version 4 research product with
daily observations available on a 1 km x 1 km gridded surface over the continental United States (CITE). The
weather suitability index is a combinatioR.sdmorurnspeci ¢ moisture and temperature suitability from
empirical and observational data (Davidson et al. 2005). Moisture data is scaled from zero to one according to
the number of days in a week where precipitation greater than 2.5 mm occurred in a grid cell. Temperature
data is also scaled from 0 to 1 by regression tting a cubic polynomial expression to the observed weekly mean
temperature. The nal weather suitability index is the average of the moisture and temperature suitability
indexes.

3.2.3 Methods
3.2.3.1 Point Pattern Analysis of Infection Observations

To test how the dispersion of observed initial infection points in uence the disagreement measures of model
results, we used quadrat analysis to identify plot clusters and measure the level of dispersion (Figure 3.4). We
repeated this analysis every year for the duration of the simulation to see if observed quadrat infection spread
rates match those of the simulated spread (Figure 3.5). Over each study area, we generated a 12 x 12 dimensi
guadrat matrix with each quadrat measuring 10.25 km on a side. Within each quadrat, the total number of
infection observations were counted and normalized by the total number of quadrats containing host species
to account for landscape variation and portions of the ocean in each region. We believe the distribution of
infected quadrats gives a better representation of actual distribBtimmudruninfection than the total

number of observed infection points, which is more related to the known infections prior to the modeling
period, the priority of researchers to catch up with emerging outbreaks, and the proximity of researchers and
citizen scientists to accessible survey locations in each region. As previously mentioned, Big Sur and Bay Area
had known infections for years prior to the start of eld observations whereas Nor Cal had an emerging outbreak
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Figure 3.33moothed median weather suitability index by aoi.
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Figure 3.4Initial infection points in 2003 aggregated by quadrats for a) Nor Cal, b) Bay Area, and c) Big Sur.

only a year or two prior to the start of these data collection e orts.

3.2.3.2 Data Scaling

Scaling the processing of transforming data and information from one scale to the next is a necessary part

of making data from di erent scales compatible with one another and preparing data to be used in modeling
(Lischke et al. 2007). In this study, we employ pre-model scaling to up- and downscale data to 11 common
study scales for analysis in the POPS model (Fritsch, Lischke & Meyer 2020). Scale is considered to have two
components: extent and resolution, sometimes also referred to as grain. In this study we maintained a consistent
extent for all study areas and altered only the resolution to isolate the impact resolution has on model results.
The nest grain data was scaled to 50 m grid resolution, and from 100 to 1,000 m grid resolution in 100 m
increments. Host species data were up-scaled from their native 30 m using median resampling while 1,000 m
weather data were downscaled using nearest neighbor resampling. Infection observations were rasterized at eact
study scale by overlay in a GIS and assigning a binary value of 1 for each grid cell that contained any infection and
0 for any cell that did not contain infection. Additional scaling occurring on a temporal scale daily weather

data are aggregated to weekly timesteps, while infection observations are aggregated yearly.

3.2.3.3 The Pest or Pathogen Spread Model

The Pest or Pathogen Spread (PoPS) model is an ecological forecast model used to stochastically predict the
spread of tree diseases across space and time (Jones et al. 2021). The model is fully open-source and availal
in a number of di erent programming language ARtp$.//osf.io/q32p9/ ). It was developed to
provide a species-agnostic framework for simulating the spread of any forest disease and is available through
web fttps://popsmodel.org/ ) and tangible interfaces, providing modules for participatory modeling and
exploration of adaptive management strategies through computational steering (Gaydos, Petrasova, et al. 2019;
Petrasova et al. 2020; Gaydos, Jones, et al. 2021).

Spread is simulated in the model over a gridded surface. Itis initialized with a susceptible host species grid
and initial infection points. A reproductive parameter sets the amount of inoculum generated by each hostin
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Figure 3.5The percentage of infected 10 km quadrats over each study area normalized by the number of quadrats with
susceptible hosts.

an infected grid cell if weather conditions are suitable. A distribution kernel dictates the distance, direction, and
likelihood that a spore is generated from an existing infected grid cell in a stochastic fashion. The likelihood of
inoculum survival in an uninfected cell is controlled by the total hosts present and the suitability of weather
conditions. This process is done for every infected grid cell on a weekly basis. Infected hosts are removed after
two years of infection at a rate of 5% of hosts in a grid cell to simulate mortality (Cobb, Filipe, et al. 2012). Lastly,

a seasonality constraint is applied to simulated spread only during the rainy season from February to September
each year whéh ramorunhas been observed to be most transmissible (Davidson et al. 2005).

We replicate the model parameters used in Meentemeyer, Cunni e, et al. (2011) to hindcast the spread of
sudden oak death over ten years from 2003 to 2012, using available observational weather and infection data to
simulate spread and validate model results. We con gured the POPS model as a susceptible, exposed, infected, anc
removed (SEIR) epidemiological model, adding an exposed compartment to the original susceptible and infected
model (SE). The exposure year data aggregates infections from 2001 and 2002 and sets the exposure lag at 2 yea
(Cobb, Filipe, etal. 2012). Although eld data are available for 2001, there were too few observations available
in some study areas to initialize the model. We considered the use of wild re data but opted not to include it
in order to more clearly elucidate how scale and initial conditions play a role in measures of disagreement. We
believe including yearly disturbance data that altered host availability and removed previous infections would
lead to less interpretable results to meet our study objectives.
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3.2.3.4 Model Validation

The model was validated on a yearly basis using empirical eld observations of disease occurrence and simulated
spread. Starting with the initialization of the model, disease spread is simulated weekly. At the end of each year,
the simulated spread is compared to the grid cells containing known eld observations of infection. For each
study area, 100 model iterations are run to produce a probability of infection for each grid cell in the study area.
We calculate quantity, allocation, and con guration disagreement and report these as both cumulative and
yearly values. We follow the de nitions of quantity and allocation disagreement rst put forth by Pontius &
Millones (2011). Quantity disagreement is de ned as the di erence between the total quantity of a predicted
value in comparison with a truth or reference map. In our study, quantity disagreement represents how
much more or less total infection is observed in a given year of simulation compared to the known observed
infection points, a value of zero would indicate the model simulated the same amount of infection in a given
year as was observed on the ground, and a value above zero indicates an overprediction of spread. Allocation
disagreement, sometimes referred to as location disagreement , is de ned as the di erence between a predicted
distribution of values compared to the distribution of observed or truth values. In other words, did the model

put simulated spread in the correct pixels when compared to known infection observations. Allocation is further
broken down into measures of omission and commission. Omission being where the model failed to predict
values where they were actually observed, and commission being values predicted where they were not observed
The last measure we used in this study is called con guration disagreement (Pickard, Gray & Meentemeyer
2017; Pickard & Meentemeyer 2019). This measure attempts to address the spatial pattern similarity between a
reference and simulated map. Con guration disagreement combines four existing measures of landscape pattern
as calculated in FRAGSTATS 4.1 (McGarigal, Cushman & Ene 2012): 1) number of patches, 2) largest patch
index, 3) mean Euclidean nearest-neighbor distance, and 4) mean perimeter area ratio (see (Pickard, Gray &
Meentemeyer 2017) eq. 7). We used these three measures of disagreement to assess the ability of the POPS moc
to accurately predict disease spread in total quantity, placement, and spatial con guration in reference to the
observed infection points. We normalized the pixel counts of allocation and quantity disagreement by scale area
for comparison across scales and report both the annual rates and cumulative values. These values are reportec
as the median value from 100 iterations of the model runs with the ranges of iterations shaded in each gure.
Due to computational limits, we were able to calculate the disagreement metrics for the 50 m data but were
unable to output maps for data at this scale.

3.3 Results

In general, the POPS model forecasted progressively greater areas of probable infection for all study areas aftel
10 years of spread as the modeling scale increased (Table 3.1). The only exception to this was the 500 m data i
Nor Cal where the total area of spread exceeded the 600 and 700 m data, which we believe is due more to the
stochasticity of the model than an anomaly in the data. The Bay Area, with the highest number of infected
guadrats at the start of the simulation, was projected to have the highest area of infection, regardless of modeling
scale, followed by Big Sur and Nor Cal. The rate of area increase was greater in Bay Ardpe(@4@hhkm

Big Sur (57.6 kffyear) and Nor Cal (14.3 kiyear). These di erences appear to be largely driven by the initial
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Figure 3.6The simulated distribution of sudden oak death infection probability after ten years by study area. These
maps show the likelihood that a given grid cell is to be infected from 100 iterations of the model at 100, 500, and 1,000
m scale.

Figure 3.7A single realization of a POPS model run at 100 m resolution.
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Table 3.1Area (km) of greater than 50% probability of infection by study area and scale after ten years of simulation.

modeling scale

100 200 300 400 500 600 700 800 900 1,000

NorCal 22 33 44 58 100 77 93 108 126 151
BayArea 475 907 1,242 1,682 2,031 2,272 2,662 2,932 3,105 3,536
BigSur 115 185 247 316 398 435 510 540 589 633

Figure 3.8The time series of simulated spread probability for the 500 m resolution data.
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guantity and distribution of infection points. The Nor Cal region had only 2 infected quadrats in 2003, while
Big Sur had 7 and the Bay Area had 30.

Overall, coarse grain data had higher levels of cumulative allocation and quantity disagreement, while
con guration disagreement was higher for ner scale data by the end of the modeling time period (Figure 3.10).
Cumulative con guration disagreement increased linearly throughout the simulation period among scales and
study areas. The Bay Area had the widest spread of con guration disagreement by scale, while Nor Cal and Big
Sur showed relatively tightly grouping, with the exception of the 50 m data for Big Sur. The study areas exhibited
di erent cumulative temporal patterns of quantity and allocation disagreement. In the Big Sur and Nor Cal
study areas, values of quantity disagreement remained relatively low for the rst seven years of simulation, after
which they began to increase exponentially, with coarser resolutions increasing faster than ner resolutions.
Allocation disagreement shows a similar pattern of lag for these two study areas until the third year of simulation
when they begin to increase linearly and again, the coarse resolutions had a higher level of disagreement than

ner resolutions. The Bay Area saw an increase in quantity and allocation disagreement much earlier in the
simulation, with quantity disagreement diverging after three years and allocation disagreement after one year.

Yearly rates of disagreement also varied by study area and scale (Figure 3.9). Con guration disagreement
showed the greatest response to stochasticity in the model. In all three study areas, the yearly con guration
disagreement initially drops. In the Bay Area, the yearly disagreement then sharply increases before leveling
out or dropping slightly for all scales between four and six years into the simulation. Big Sur and Nor Cal, on
the other hand, show large changes in con guration disagreement from year to year and stabilize around year
eight in the simulation. Quantity disagreement rates showed similar patterns to cumulative disagreement for
each study area, with Big Sur and Nor Cal remaining relatively low until year seven and the Bay Area increasing
steeply after year three. Lastly, Allocation disagreement also shows a similar temporal trend as the cumulative
measures, with Big Sur and Nor cal increasing after 3 years and the Bay Area increasing after the rst year.
However, the yearly rate of allocation disagreement rose sharply before stabilizing after two to three years and
then remained relatively stable or decreased.

3.3.1 Con guration Disagreement

All three study areas exhibited similar linear increases in cumulative con guration disagreement through
time (Figure 3.10). Compared to the other measures of disagreement, scale did not appear to have a large
impact. Cumulative disagreement increased linearly through the simulation period for all three study areas. The
di erence in disagreement among adjacent scales was small and ranges of disagreement from the 100 mode
iterations overlapped across scales. The exception to this is the 50 m data in Big Sur and Bay Area. These grains
showed the greatest di erence in con guration disagreement at the end of the simulation between the 50 m
data (Bay Area: 6.10, Big Sur: 5.60) and the rest of the grains. This is visible in the non-overlapping range of the
50 m data. The Bay Area 50 m con guration disagreement begins to increase more rapidly around year 3 in the
simulation.

The initial levels of con guration disagreement appear to be related to the quantity and dispersion of initial
infection points. Nor Cal had the highest starting con guration disagreement of 0.49 but the lowest number of
infected quadrats at the start of the simulation with only 2 (0.74% of host quadrats). Big Sur was in between the
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other 2 study areas with 19 infected quadrats (4.1% of host quadrats) and a con guration disagreement of 0.24,
while the Bay Area had the highest number of infected quadrats with 52 (26.9% of host quadrats) and the lowest
starting disagreement of 0.16. The di erence was moderate but remained throughout the simulation time. Nor
Cal nished with a slightly higher average level of disagreement (5.03) than Big Sur (4.39) and Bay Area (4.14).
Despite this, Nor cal has the smallest di erence among the nal disagreement values with 1, while Big Sur had
arange of 1.77, and the Bay Area with the highest spread among the scales of 2.85. Although for Big Sur, the
bigger range is primarily due to the large di erence between the 50 m data and the rest of the grain results (1.38
of atotal range of 1.77).

Yearly rates of con guration disagreement (Figure 3.9) showed the greatest response to stochasticity in the
model with all three study areas showing di erent temporal trajectories. Big Sur and Nor Cal showed high
variation in scale response through time. All three study areas appear to stabilize around a yearly rate of 0.6
con guration disagreement by the end of the simulation period. The Bay Area stabilized around ve years and
the other two areas eight years into the simulation. The Bay Area had the most consistent rate trajectory of the
three study areas, with the scales following a relatively linear increase in disagreement from year two. The 50 and
100 mresolutions did not show an initial dip in the second year of simulation, but rose until the fourth year
where they began to level o but stayed above 0.7 for the remainder of the simulation. Resolutions up to 700 m
continue torise into the fth year, while for resolutions 900 to 1,000 m, there is a peak at year seven just over 0.5
and then a decline of about 0.1. The 800 meter resolution also showed a smaller decline in the last three years.

3.3.2 Quantity Disagreement

Quantity disagreement grew exponentially through the simulation period and the model showed a strong
sensitivity to the number of initial infection points in the study area. Finer resolution data had signi cantly less
guantity disagreement than coarse scale data. The di erence in disagreement among scales grew as the modeling
period progressed. Coarse scale quantity disagreement response to scale was always greater than disagreement
ner scales unlike con guration disagreement. We found that the Bay Area had the greatest level of disagreement
among all scales while the Big Sur and Nor Cal study areas had relatively little disagreement in comparison.
After 10 years of simulation, disagreement in the Bay Area ranged from a minimum of 1,148 km2 for 50 m data
to a maximum of 9,815 km2 for the 1,000 m data, or 8.5 times more spread at the coarsest resolution. The other
two study areas, by comparison, were signi cantly less. The 1,000 m data for Big Sur reached a maximum of
1,233 km2 and Nor Cal a maximum of 871.5 km2 after 10 years of simulation both less than the 50 m data of
Bay Area. However, the range between the 1,000 m and 50 m data was 9 times greater in Nor Cal, whereas it was
only 4.6 times greater in the Bay Area.

Beyond the total amount of cumulative disagreement, there were also di erent temporal responses in each
study area. The Bay Area showed a much earlier response in the rise of quantity disagreement than the other two
areas. Yearly rates of disagreement in the Bay Area began to rise exponentially at the third year of the modeling
period. Big Sur and Nor Cal saw a small rise in values around the three year mark, but didn't begin to rise
exponentially until approximately seven years into the simulation. The earlier increase in values in the Bay Area
appears to be driven by the number of initial infections in that study region, even with less area of uninvaded
host area compared to Nor Cal.
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3.3.3 Allocation Disagreement

Allocation disagreement displayed a similar response to scale as quantity disagreement. The temporal lag before
values began to increase was shorter, with both Nor Cal and Big Sur having in ection points around three years

of simulation and the Bay Area showing increases after one year. This again appears to be in response to higher
levels of infection observed in the Bay Area compared to the other two study areas. Interestingly however, Big
Sur had the highest level of allocation disagreement by the end of the simulation. This is also observed in the
annual rates for each study area. Annual rates of allocation disagreement also show an increase starting one to
three years into the simulation, but peaked between four to seven years and then remained stable or reduced
slightly. Big Sur saw the highest rate of change with 1,000 m data with 264 km2 of disagreement at year 7 and
an average rate of 131 km2 per year. Cumulative allocation disagreement at ner scales was relatively small an
remained below 20 km2 for all study areas.

3.4 Discussion

3.4.1 Scale Dependence

How sensitive the model is to scale was dependent on the metric used to measure disagreement and the duration
of the simulation. Allocation and quantity disagreement were relatively invariant to scale up to three years,
and up to ve years results were still reasonably reliable. This suggests that practitioners could comfortably
select a scale for modeling that is appropriate for the management actions needed to control spread within
this timeframe. Scale begins to play a larger role in divergent levels of disagreement after ve years. Beyond this
time, ner grains are much more suitable for modeling purposes and the response in quantity and allocation
disagreement shows strong dependence on the choice of scale and the initial conditions related to the distribution
of host species and infection points. Con guration disagreement, however, is less sensitive to the scale and
con guration of input data. All three study areas showed similar responses to change in modeling scale with a
linear increase in con guration disagreement that was persistent throughout the modeling time.

When possiblgiven computation and time limitations) we might recommend the nest modeling grain
possible, as these data not only minimize levels of disagreement in model results, but more accurately capture
ecological patterns (Fritsch, Lischke & Meyer 2020). Previous studies show host connectivity drives disease
spread (Ellis, Vaclavik & Meentemeyer 2010), which suggests scale may be a primary factor in higher levels of
disagreement for coarse grain data where host data are more homogeneous and connected. Median up-scaling
scaling of data causes a loss of landscape patch information which results in more continuous host species
cover and eliminates areas of no host species. This scaling process leads to overestimates of spread at coars
grains in the model by increasing the overall host area. Areas of species absence are converted to presence ar
then getinfected and contribute to spread. In addition to the scale of host species and infection data tested
here, additional spatial data are also impacted by the choice of modeling scale. Weather data are not available at

ne scales, and the conditions that impact the process of sporulation and short range dispersal of inoculum
are not well captured. Although many downscaling approaches exist, it is challenging to quantify uncertainty
introduced by the process and uncertainty varies by methods and geography (Behnke et al. 2016; Khan, Coulibaly
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Figure 3.9Yearly measures of disagreement by study area.
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Figure 3.1@umulative measures of disagreement by study area.
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& Dibike 2006). Future research can focus on the level of driver uncertainty introduced by weather data and
various downscaling methods on simulated rates of forest disease spread.

3.4.2 Landscape Con guration

The number and distribution of infections have a strong impact on the quantity disagreement in the simulations.
This impact increases with the duration of the model. Our results show that once observed infection points
reach a certain number and/or distribution, the POPS model will predict a signi cantly higher quantity of
disease. The study areas used here are not comprehensive in the quantity and spatial arrangements possible, s
these data do not make clear whether there is a threshold for the quantity of initial infections and how strong
the relationship is between infection observations and measures of disagreement. Our ndings do suggest there
is a need to systematically test the sensitivity of the model to various quantities and distributions of infection
locations.

The relationship between disagreement measures and host con guration appears to be largely driven by the
impact of scale, where coarser scale data leads to more homogenous and connected host data which in turns
leads to higher levels of predicted spread. Here too, our ability to draw conclusions may be hindered by the use
of real-world data in the model. Allocation disagreement is where host data appears to play the most critical
role. Big Sur, despite having fewer total infected quadrats and higher clustering of quadrats than Bay Area, had
the most allocation disagreement. This may be due to the high level of host species patchiness found in this
study area and the relatively constrained availability of susceptible hosts. The primary host range runs along
the coast in a highly heterogeneous landscape, with a gradient of reduced host species moving inland toward
the central valley. The con guration and patch matrix of host species here may have posed a challenge to the
model to allocate disease along this narrow strip of forest. Again, our results suggest there is model sensitivity
to the con guration of host species, but a more comprehensive global spatial sensitivity analysis is required to
elucidate the relationship among these factors.

3.4.3 Surveillance

In practical terms, we believe these results show that the longer it takes to detect an emerging forest disease,
the less reliable model results will be in predicting the overall quantity of infected hosts. These results suggest
that it is critical to begin surveillance of a forest disease as soon as possible, otherwise the uncertainty of model
predictions grows exponentially leading to a potential inability to control the infection after only a few years
(Cunni e etal. 2016). This is particularly apparent in the di erent in results between Nor Cal and Bay Area.

Itis estimated that the Bay Area had spread for almost a decade before survey e orts began, whereas the rst
infection in Nor Cal were likely only a few years prior to ground surveys. We anticipate that more systematic
survey e orts, in addition to more rapid detection of emerging forest diseases, would lead to reduced levels of
disagreement across all scales and improved reliability of model results. More research is necessary to identify
the timeline after which an infection can no longer be modeled with certainty and/or spread is truly exponential

and outpaces the resources available to contain infection. These results also highlight the need for frequency
surveying of emerging infections to continually update the model. Without repeated surveillance, these rare
events will not be captured in simulations even with stochasticity built into the model. The model will need to
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be rerun every year with new observations to be a reliable tool for managing disease outbreaks. As an example, a
long distance dispersal event detected in Nor Cal was not predicted in the model, but updating the model with
new infections would allow land managers to more readily apply management actions based on model results
when stochastic spread events occur.

3.4.4 Model and Parameter Uncertainty

The selection of model parameters, while appropriate at the scale extent of the state of California, may not
be appropriate over the extent of the chosen study areas. The model may need to be calibrated for each study
area and each modeling scale. Due to computation limitations of the process, we chose to go with previously
published model parameters. Our results do not indicate to what degree model parameters contribute to
increased disagreement across study areas or whether these parameters generalize across scale resolution
extent. The original model, from which we took the parameters, simulated spread across the entire state of CA
at moderate resolution (250 m). Despite using the model parameters that were calibrated over the entire study
area previously, we believe there is a need to examine them again in light of the high measures of disagreement for
each study area. In the future, we suggest that model calibration will need to precede any additional sensitivity
analysis related to the scale and con guration of input data.

We do not account for changes to the landscape during years of simulation, such as urbanization, forestry,
wild re, and biotic control measures taken to stem the spreagdwforumWhile these real landscape changes
may be re ected in the ground data used to validate the model, it was not accounted for in the simulation.
We cannot discount the hypothesis that one of the reasons the Bay Area may have greater levels of quantity
disagreement is due to the more dynamic nature of the landscape in that study area, including within its extent
a major metropolitan area and more human activity during the simulation period. Additionally, a number of
major res have also occurred in all three the study areas, including the basin complex re in 2008 in Big Sur.
These events dramatically alter the distribution of host species and interact with pathogen spread processes to
increase host susceptibility and accelerate mortality (Metz, Frangioso, Meentemeyer, et al. 2011; Metz, Varner
etal. 2013; Dillon, Meentemeyer, et al. 2013; Jones 2017). These factors primarily remove host species from th
landscape, so we expect our results to overestimate the quantity of spread compared to true ground conditions.
Like disease spread, however, these stochastic events would have interacted with the landscape con guration of
host distribution and infection observations, making results related to scale more di cult to interpret.

3.5 Conclusion

We used the POPS near-term iterative forecast model to predict the spread of the pRmadeease

three di erent study areas along the coast of California. These study areas represented di erent con gurations
of initial disease infection observations and host distributions. We used sensitivity analysis to examine how the
choice of modeling scale impacted measures of con guration, allocation, and quantity disagreement. We found
that scale results were important when measuring quantity and allocation disagreement, but had little impact
on con guration disagreement. We additionally observed that the number and distribution of initial infection
points was a signi cant factor a ecting response to scale, where study areas with few highly clustered infection
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points had less disagreement among scales than study areas with a higher quantity of distributed infections.
Our results show that land managers looking to employ the POPS model can expect reasonably reliable results
from any scale choice up to approximately three to ve years of simulation, after which ner scales provide
signi cantly less disagreement. This work contributes to our understanding of the importance of scale and
modeling choices in near-term, interactive forecasting applications.
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Figure A.1Hierarchical clustering and correlation analysis among the covariate datasets.
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(a)tanoak (b) Douglas- r

(c) California live oak (d) coast redwood

(e)bay laurel

Figure A.2The variogram used in regression kriging was selected from four options: spherical, matern, exponential,
and gaussian. The variogram model with the Bést ®Ras chosen.
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(a)tanoak (b) Douglas- r

(c) California live oak (d) coast redwood

(e)bay laurel

Figure A.3boxplot ts for FIA+SOD plot set and ENV+RS covariate sets.
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(a)tanoak (b) Douglas- r

(c) California live oak (d) coast redwood

(e)bay laurel

Figure A.4 Model comparisons by plot set, covariate, set, and regression model for all species.
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Table A.INumber of plots from SOD and FIA networks by year.

year sodplots FlAplots year sodplots FIAplots

2003 2 0 2012 95 180
2004 225 0 2013 9 184
2005 39 0 2014 12 191
2006 84 0 2015 4 194
2007 169 0 2016 12 186
2008 22 0 2017 11 185
2009 29 0 2018 60 176
2010 6 0 2019 77 176
2011 O 205 total 859 1,677
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