Incorporating Climate Sensitivity for Southern Pine Species into the Forest Vegetation Simulator
Melissa Dawn Shockey

Thesis submitted to the faculty of the Virginia PolytecHngtituteand State University in
partial fulfillment of the requirements for the degree of

Master of Science
In
Forestry

Philip J. Radtke
CarolynA. Copenheaver
StepherP. Prisley

April 17", 2013

Keywords: Random Forest, Classification, Abundance, Clintods Vegetation modeling,
Climate Change
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Melissa Dawn Shockey

Abstract
Growing concerns over the possible effects of greenhgaseelated global

warming on North American forests have led to increasing calls to address climate change
effects on forest vegetation in management and planning applicafibesobjecties of

this project are to model contemporary conditions of soils and climate associated with the
presence or absenaad abundancef five southern pine species: shortleaf pjReus
echinataMill .), slash pineR. elliottii Engelm), longleaf pingP. palustrisMill. ), pond pine

(P. serotinaMichx.), andloblolly pine (P. taedal.). Classificationand regressiobased
Random Forest models were developed for presabsence and abundance data
respectively. Modednd dagnostis such as receivarperating curvefROC)and variable
importance plotsvere examined to assess model performance. Preabseace

classification models had cof-bag error rateranging fron6.3246 to 16.06% and areas
under ROC curves ranging from 0:0208. Regressiormodelsexplainedbetweenl3.76%
and43.31%of variation in abundance valueblsing the models based on contemporary
data, predictiongveremade for the future years 2030, 2060, and 2090 dsingdifferent
greenhouse gas emissions scenarios and thifeeedif general circulation modelMaps of
future climate scenarios showed a range of potential changes geographic extent tie
conditions consistent with current presence observatiBasultsof this work will be
incorporated inteastern U.Svariants of the Forest Vegetation Simulatie¥§) mode]

similar towork that has been done for FVS variants in the West
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Introduction

Growing concerns over the possible effects of gneesegasrelated global
warmingon North American forests have led to increasing cali&ctmunt forclimate
change irfforest vegetatiomanagement and planning applicatigeENulty et al. 2012
Under standing forest tree speciesd ranges a
climate and edzhic factors is a key step in developing models that can account for future
climate change in predicting growth and yiéikrson et al. 2008

When developing management plans and prescripti@isaccount for climate
change it 6 s | mpwhethempedies ¢cawaddpnaadwvemain within their native
rangesor not whethermortality is likely toincrease or decreassdwhetherareas outside
of existingranges are likely to become suitahbbitatfor one or more speciesModeling
tools capable of making predictions under climate change scenarios are therefore critical to
forest managers and policymakers. Curremtigstmodels being used for management and
planningapplicationsare not ensitive to climate inputs. They assume static climate
conditions ovetime. Since it is generally accepted that climate conditions are changing
and will continue to changexisting models may not be suitable for lelagge planning.

In the western Uhed Stateshe Forest Vegetation Simulatdf\(S) has beemaugmentedo
include climate sensitivity; howevidn the eastert.S.these changes have not yet been
made(Crookston et al. 2030

The FVS model is a system of integrated analytical tools based otifgrien
knowledge developed from decades of natural resource researstfanagement
experiencgdCrookston and Dixo2005. The USDA Forest Service maintains, supports,

and develops updates and new extensions fortRkbIghits Forest Management Service

Center(http://www.fs.fed.us/fmsc/fvy. The firstversion of FVSwas developed for

northen Idaho and western Montaahout40 years agandthen wasexpanded to include

all U.S. foress (Crookston and Dixon 2005tage 1978 At its coreFVS is an individual

tree, distancendependent, growth and yield model that has been calibrated for specific
geographic areas of the United States in modules called variemtsadditional

geograplaal variants were added over time, along with extensions that allowed for a wide

range of management possibilities and scenafid&variants in FVSan be used to
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predict changeassociated with stand dynamicksturbance, and propakenanagement

actions. The Inkable modulesor extensionscansimulateevents such agrious insect and
pathogen impacts, fire effects, fuel loading, snag dynamics and development of understory
tree vegetation. Simulation can jperformed ér a wide variety of forest pes, stand

structures, and pure or mixed species st@dbadon 2003. ClimateFVS is a recent

addition to the FVS modeling system that provides forest managers a tool for considering
the effects of climate change on forested ecosystems. It augments the predictors in FVS to
take into account the effects of climate on midgtagrowth, and regeneratigiCrookston et

al. 2010.

While no climatesensitive version of FVS is available for the eastern U.S.,
considerable work has bedone to demonstrate potentidfieets of climate change on
eastern forestslverson and Prasgd998) predicted the abundance of 80 tree species under
various climate change scenarios in the eastern United States (areas east df the 100
meridian) using soils, climate, and vegetation data. Using Forest Service Forest Inventory
and Analysis (FIA) vgetation data thegstimated aaverage importance value for each of
the target counties in their study. Using the calculated importance values, coarse soils maps,
and regimal climate data, they useegression treeto quantifythe relationships between
environmental factors and species distributiolv&rson et al(2008 refinedtheir methods
usingthe Random Forests algorithi@reiman 2001 andupdatedsoils, climate, and
vegetation data to estimate potential habitat for 134 eastern United States tree §pecies.
their review of methoddor developingspecies distribution modelb/erson et al(2011)
concluded that such modgbroduced before tharailability of machinelearning tools
around 200%reinferior to those produced later. &ength of recently created species
distribution modeldhat makes them superior is that they use extremely robust

nonparametric statistical tools such as Random F{xeston et al. 2011

Iverson and Prasgd 998 performedtheir analyses at theounty levelusingcoarse
(20 x 20 km) griddeddata set$or soils and climate variablesluang et al(2011) used
intermediateresolution (4 x 4 km) gridded climate data, but did not consider soils in their
climatebased model of forest productivity in loblolly pine. Finer scale (800 x 800 m)
gridded climate data have been usedaneloping climatesensitive foest productiviy

models and species distribution madgl western North America, bdetailedsoils
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information was unavailablend therefore not us€tlatta & al. 2010 Rehfeldt et al. 2006
Other studies from western North America have developed chsegtgitive models of site
productivity or species distributions, using either empirical metbogsocessased
models, but generally not incorporating detailed soils informg@mops et al. 203XCoops
and Waring 201 IMonserud et al. 2008V eiskittel et al. 201a

In the western United Stat&ehfeldt et al. (200ausedvegetation presenesence
data instead ofabundancelatato make predictions of the viaibyl potential for 9
constituent species in 25 biotic communities. Tharagch used bRRehfeldt et al. (2006
to defineclimatic conditions associated with a particu@tic community was to create
climate envelope. A climate envelope is a correlative approach for bioclimatic modeling
that encompasses a realized climate niche. It is used to outline the distrilhlimmes,
communities, species, and populations; however, an envelope generally overestimates the
realized nichéRehfeldt et al. 2006

In contrast to western North America, detailed soils data are widely available in the
East.lversonet al.(2008 incorporated soils data from the State Soil Geographic Data Ba
(STATSGO), the scale th§t:250,000) matched their courigrvel analyses. Finespatial
resolution soils data for much of the eastern U.S. are also published in the Soil Survey
Geographic (SSURGO) database, available at scales ranging from 1:12,000 to 1:63,360.
Generally coarseesolution datasets such as STATSGO are sgistd for broad scale
management and planning applications while finer resolution data such as SSURGO are
suited for work involving individual land parcldSDA 1994 USDA 1995.

The objectives of this proje are to model contemporary conditions of soils and
climate associated with the presence or absence of five southern pine species: shortleaf pine
(Pinus echinataMill .), slash pineR. elliottii Engelm), longleaf pingP. palustrisMill. ),
pond pine P. serétinaMichx.), andloblolly pine (P. taedal.). Datasources include (FIA)
records of forest vegetatioBSURGO soils datandintergovernmental Panel on Climate
Change (IPCClutureclimate scenariosSpecies presence or absence and abundance will
be modeledisingthe classification and regressiomodeling methods known collectively as
Random Forest Diagnostic plots such as receiver operating curves and variable

importance plots will bexamined to assess goodnesdit and the explanatory power



climate and soils variables as predictot$sing the models based on contemporary data,
predictions will be made for the futudecades starting @030, 2060, and 2090 using
climate predictions from four differetCC scenariosnd three general circulation models

Materials and Methods

Forest vegetatiodata will belinked with detailed soils andontemporary climate
datato developa series o$peciesspecificclimate soils-vegetation relatiorigpsfor five
southern pinesThe primary tool for characterizing vegetatisuils-climate relationships
will be the Randonfrorests ensembtdassification and regressiiree analysis software
implemented in the Ranguage and environment for statistical computikipthods to be
usedwill build on work that has been done in the western United S@reskston et al.
201Q Rehfeldt et al. 2008/Neiskittel et al. 201Jeand by Iverson et a{2008 in eastern

tree species.

Target Species
Five southern pine species will be studied here because of their importance in the

life cycle ofthe federally endangered redckaded woodpeckePicoides borealis)and
because dfherole these fivespecies play iefforts to restore and preserve functioning
native pine forest ecosystems in therth Carolina sandhillsegion Old growth mixed pine
stands including longleaf, loblolly and shortleaf pine are used by dheokaded
woodpeckePicoidesborealis(RCW) for nesting, roosting, and foragiii§antos et al.
2010. About 1% of the original redockaded woaggecker population remains, so the
protection of this endangered species imdequired habitat a major goal of

conservationistéBurns and Honkala 199&antos et al. 2030

Longleaf pine is native to a wide variety of sites ranging from wet, poorly drained
flatwoods to dry, rockymountain ridges. Redockaded woodpeckeoosting and nesting
are mosoftenobserved in longleaf pines, with tree size and mortality playing major roles
in the composition of suitable RCW nesting sfidarding and Walters 2002 oblolly pine
Is the moseconomicallyimportant tree species in the southern UnitedeStatomprising
approximately 30 million acresf commercial forest land in the regi@@mith et al. 201D

Itsrole in RCW nesting and roosting is second only to longleat pmiglolly pine responds
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well to silvicultural treatments and can be managed as eitherag@shor uneveaged

natural stands, or by artificial regeneration in plantat{@thultz 1999 Shortleaf pine has

the widest range of any pine species in the southeastern United States and is one of the four
most important commercial conifers in that regidrhe speciesolerates a wide range of

soil and site conditiomand maintains its growth rate for a relatively long pef®abatia et

al. 200§. Slash pinga species known for its rapid early growth and frequent and abundant
seed productiorhas the smallest native range of the four major southern @Fosgell and

White 1994. Pond pine is frequently found as a major overstory species in pocosins,
oligotrophic and precipitation fed coastal plain wetlands that can have a peat accumulation
as deep as 2(Bolin 2007. Pond pine standand pocosinare considered to be a major
wildlife sanctuary for wetland speci€Burns and Honkala 19%0

All five pines are predominately found in the south so the primary area ofvioitus
be the Southern (Sn) variant of FVS. Southern military lands encompassed by the Sn
variant such as Fort Bragg, a large (4%kArmy installation in the Sandhills region of
southcentral North Carolina, U.S.A={gurel), are interested in results as they may impact

future management decisions of those military lands.

*
F N
L1
.

i
Fort Brage, NC .
. B’ |

..J}- ¢ SN suggested range

Figurel. Location of Fort Bragg, NC and the suggdstenge of FVSSN



Geographic Scope

Thirty seven states from the eastern U.S. will be evaluated based on the poesence

absenc®f the fivetarget pine species thin thestudy areqTablel). For the purpose of

this work the eastern U.S. will be defined by the states having any area east of 100

meridian, corresponding to forests east of the Great Plains. The states imilbded)

have been documented by FIA to have at least one of the target species present or B) are in

a state of possible interest within this study as potentially supporting one or more of the

target species as climate changes in tiiechtury.In somenorthern tier states, the interest

in these species may be very low; however, they will be included here to ensure that a wide

range of climate and soils conditions are covered, both for areas where thpquies are

known to be preserind in areas wdre they are not.

Tablel. Names and abbreviations of aktes included in analysis. Asterisk (f¢notes a state
where at least one of the target species can currently be found in a FHA plot

States Abbreviations States Abbreviations
Alabama AL* North Carolina  NC*
Arkansas AR North Dakota ND
Connecticut CT Nebraska NE
Delaware DE New Hampshire NH
Florida FI* New Jersey NJF
Georgia GA New York NY
lowa 1A Ohio OH*
Illinois I* Oklahoma OK*
Indiana IN* Pennsylvania PA
Kansas KS Rhode Island RI
Kentucky KY* South Carolina  s¢*
Louisiana LA South Dakota SD
Massachusetts MA Tennessee TN*
Maryland MD* Texas X
Maine ME Virginia \V/g
Michigan Ml * Vermont VT
Minnesota MN Wisconsin Wi
Missouri MO* West Virginia WV*
Missssippi MS*




VegetationData

Thevegetation dataourceused is thg@ublicly-available online database fofrest
plot and tree measurements hosted byAlenational program. Th&IA programis
charged by Congresswithhe assessment of the Nationds foc
forest management practices are sustainable and if current policies are encouraging healthy
forests. Data collected through this project are freely accessible online through the FIA
DataMat for all 50 US states, Puerto Rico, and the Virgin Islands in comma separated value
(CSV) formatted computer filggorest Inventory and Analysis 2012

FIA is a continuing program mandated by Congress in the McSwdeNary
Forest Research Act of 1928 and the Forest and Rangeland Renewable Resources Planning
Act of 1974 . The primary objective of FIA is to determine the extent, condit@ume,
growth, and harvesif timber from all ownership types of forest land within the United
States. Starting in 1929 FIA conducted periodic forest inventories on a state by state basis.
With the 1998 Farm Bill, FIA is now required to collect data annuallgitdeast 20% of the
plots within each statia the eas{Reams et al. 1999 There isapproximatelyone FIAplot
for every 6,000 acresf forest land area in the United States and its territ@US&OA
Forest Service 2005

SoilsData

Soil types and associated attribubesrecompiled from the Soil Survey Geographic
( SSURGO) online database and | in&wmal to FI Ad
geographic coordinategictual coordinates wengsed here to ensure maximum
correspondence betwetdre mapped soil types in BRGOand the actual edaphic
conditions on the FIA field plotSSURGO data represent the most detailed level of soil
mapping done by the Natural Resources Conservation Service (NRCS) with mapping scales
ranging from 1:12,000 to 1:63,360. The data arelaviei for download from the United
States Department of Agriculture (USDA), NRCS, GeoSpatialDataGateway §88A
NRCS 201). Soils properties to bacludedin the analysis are listed frable2, namely
those postulated to be relevant to the growth or survival of forest tree species by Iverson
et.al(2008.



Table2. Soil properties from SSURGO database to be used for anaBased on Table 2 of
Iverson et al. (2008

Variable Name Variable Description

pawc_w Available water capacity

pbd_w Soil bulk density (g/cm3)

pclay_w Percent clay ( Mineral particles ranging in size from 0.002

to 0.02mm in equivalent diameter as a weight percente
of the less than 2.0mm fraction)

pkast_w Saturated hydrauliconductivity

pkffact_w Soil erodibility factor, rock fragment free
(susceptibility of soil erosion to water movement)

pNO10_w Percent soil passing sieve no. I€varse)

pNO200_w Percent soil passing sieve no. 2(ide)

pOM_w Organic matter conten{% by weight)

pph_w Soil pH

psand_w Percent sand( Mineral particles 0.05 to 0.10mm in

equivalent diameter as a weight percentage of the less
2 mm fraction)

psilt_w Percent silt ( Mineral particles 0.05 to 0.10mm éguivalent
diameter as a weight percentage of the less than 2 mn
fraction)

Climate Data

Climate data werebtained from the USDA Forest Service Forestry Sciences
Laboratory (FSL) online data repository for each FIA plot based on published geographic
coordinates. Published coordinates include randeitéred differences of up to 1.6 km
from the actual plot lcations to ensure the confidentiality of forest landowf(iéfang et al.
2017). Due to strong spatial autocorrelation in most climate variables over this distance in
eastern Nortimerica, the use of published ratherritatual coordinates was deemed
adeqate. Elevationlata were also obtained based on FIA plot published coordinates,
noting that past work has shown strong positive correlations between elevations tabulated
using published versus actual coordingi&sng et al. 201)1 Digital Elevation Malel
(DEM) datawereobtained frontGlobal 30 AreSecond Elevation Data Set (GTOPO30)
downloaded from the URL
http://eros.usgs.gov/#/Find_Data/Products_and_Data_Available/GTOPID&0unique
plot id, elevation, latitude, and longitudeeres e nt  t o cuddmeclimitS data sequest
server at URLhttp://forest. moscowfsl.wsu.edu/climate/customDé&R/cky Mountain
Research Station 2012



The FSL climateserver returacontemporaryand predicted climate variables for the
years 2030, 2060, and 2090 for multiple climate change scel@ebgeldt et al. 2006
Thirty-y ear averages are denoted as fAcontempor al
1961 to 1990, a period that coincides with the conditions under which many extant forests
in North America develope(Rehfeldt 2005 Examples of variables included in climate
data downloadsicludemonthly means for maximum, minimum, and average temperatures
and precipitabn. Downloads also include derived annual climate variables that quantify
parameters relevant to tree growth, such as growing season precipitatiet]. To
characterize geographic variation, the Moscow FSL climate data are interpolated across the
region using thirplate splinegCrookston 2012aHutchinson 1998aHutchinson 1998b
Rehfeldt 2008 Thin plate splines are also used to downscale General CirculatdelM
(GCM) predictions for future climate daf@m a coarsespatialresolution. The future
climate data for the years 2030, 2060, 2090 are based upon updating the contemporary
spline surfaces with projections from three General Circulation Models (GEMs)kston
et al. 201QHansen et al. 2001 GCMs have relatively coarse resolutions ranging between
1° and 4° of latitude antl® and 4°longitude. Downscaling from the coarse GCM grids to
point locations uses the weighted average of the monthly change for the GCM t=h cen
to update contemporary spline surfa¢@sookston et al. 2030 The climate data from FSL
is based on three dffent GCMsand several A and Blimatechangescenariosieveloped
by the Intergovernmental Panel on Climate Change (IRC@okston 2010(Table3).

Table3. GCMs and scenarios used in Clim&€S available for download from MoscoRrSL

Short name GCM group name and scenario identification

CGCM3_A1B  Canadian Center for Climate Modeling and Analysis, scenario £
CGCM3_A2 Canadian Center for Climate Meling and Analysis, scenario A2
CGCM3_B1 Canadian Center for Climate Modeling and Analysis, scenario E
GFDLCM21_A2 Geophysical Fluid Dynamics Laboratory, scenario A2
GFDLCM21_B1 Geophysical Fluid Dynamics Laboratory, scenario B1
HADCM3_A2  Hadley Center/World Data Center, scenario A2

HADCM3_B2  Hadley Cerar/World Data Center, scenari@B

ThelPCC (2000 developed longerm emission scenaridlsathave been widely
used in the analysis of possible climate change impacts and options to mitigate climate

change. Four families of storylines were developed to describe the relationships between
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the driving forces of emissions and their evolution and tbcahtext for the scenario
guantification. Each storyline represents different demographic, social, economic,
technological and environmental developments. All scenarios based on one storyline are
known as a s cAlltogether 40 diffdreatsanatieyhave been developbég

the IPCC all equally valid and with no assigned probabilities of occurrence. The four main
storylines are the A1, A2, B1, BBPCC 2007.

There are three groups within the Al family, they characterize alternative
developments of energgdhnologies: A1FI (fossil fuel intensive), A1B (balanced), and
Al1T (predominantly notiossil fuel). They describe a future world of very rapid economic
growth, global population that peaks in rudntury and declines after, and the rapid
introduction ofnew and more efficient technologies. The A2 family describes a very
heterogeneous world focusing on selfiance and preservation of local identities. The B1
storyline describes a convergent world with the same global population scenario as Al but
with rapid changes in economic structures toward a service and information economy with
reductions in material intensity and the introduction of clean and resefiicent
technologies. The B2 storyline describes a world in which the emphasis is on local
soltions to economic, social, and environmental sustainafi@@C 2007. These
different IPCC scenarios are used to supply assumptions for vapplisations of GCMs.
In Table3 the scenariavith the highest carbon dioxieeguivalent (C@-eq) emission levels
is the A2 storylineat 1250ppm The CQ-eq emissions of the otherenariosstudied here

are showrin Table4.

Table4. Special report on Emission Scenarios storylines-&{pconcentrations in 2100

SRES storylines COz-eq (ppm)
B1 600
B2 800
AlB 850
A2 1250
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Data Screening

Data compilation wasarried out, maily in the fall 2011and spring 2018emestes.
FIA data were downloaded for the states liste@ahlel from the FIA DataMar{Forest
Inventory and Analysis 20)2 Corresponding SSURGOisodata for each state were
downloaded from the GeoSpatial Data Gate@d$DA NRCS 201} Tabular soils data,
including map unit identifiers, were spatially joined to the FIA field plot tabularloiata
authorized Forest Service stafithout revealing the actual plot coamdtes to unauthorized
personnelUsing the FIA published plot location information; plots were screened for
obvious errors in published geographic coordingtesexample, when visual inspection
showed that a plot identified as being measured in ore tshak published coordinates more
thanafewkmoutsidef t he st at e 6 s. Thiswagaceompdishedbyooundar y
mapping all plots within a state, one state at a time, so plots outside the boundaries could be
easily identified.

Only plots measured undthe national annual inventory design were used. Further
to avoid duplication of remeasured FIA plots, only the data cataloged in the most recently
recorded inventory year for each state were selected. The plot adetigrannual
inventory desigrtonssts of four 24foot circularfixed-r adi us s ubp3immhes f or t
diameter at breast heighbBH), and four 6.8oot fixed-radius microplots for seedlings and
t r e 2 and 6 inches DBH. The central plot is subplot 1, with subplots 2, 3, and 4
located 120.0 feet from plot center to plot center, at azimuths 6f 380, and 240,
respectively.Microplot centes are positioned 2 feet east adachsubplot centefFigure2)
(Forest Inventory and Analysis 201 Data from optional 58-8oot fixed radius macroplots

were not included in this study.

Various other factors describing the land cover, daséd, and recent disturbance
history were used in selecting suitable data for the analysis. For example, one factor of
interest was the current land cover condition of the FIA plot. Only plots classifiediaf or e s t
| ando wer e u s lam with atfeast 16 percent caverdor eqgivalent stocking)
by live trees of any size, including land that formerly had such tree cover arvilths
naturally or artificially regeneratgdrorest Inventory and Analysis 201 INaturally

regenerated plots with no recent disturbances observed were considered suitable, as were
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those having a naturally occurring disturbance such as fire, or presenseabfaavity .

All plots with other disturbance codes such as fertilization, thinning, or harvesting were
excluded so as to reduce the effects in the database of direct human impacts on natural
forests. Atrtificially regenerated plots were retained relgasdof the status of any
disturbance or treatment codes. An assumption made in the selection of artificially
regenerated forest plots is that conditions suitable for plantation management in the
contemporary climate should also be considered suitabjg@aotation management under

future climate scenarios.

Subplot: \
24.0 ft radius \ Macroplot:
le—— 58.9 ft radius
[
/
- \ /
Azimuth 1-2=360° < ’
Azimuth1-3=120° ~~_1_-~
Azimuth 14 = 240° PR N
/ \ Distance between
’ \ subplot centers is
120.0 ft horizontal

\ 7~ Microplot: \ /
~ ”, 6.8 ft radius center ,
S is 12.0 ft horizontal Sea=”
@ 90° azimuth from
the subplot center

Figure2. Annual FIA Inventory Plot Desig(Design code 1)

Following data screening, presence bsence, on eagblot, of the fivetarget pine
species were aed usingoinary 0/1 variable Species importance val(i&/) wasalso

calculated foreachplot as

YN Qo3YXH YR Q oG i@ia 'Q (1)
060 YE O %m0 ch 00wl @Ia Q w, o T T
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where
TPA denotstrees per acre

Tabulated vegetatiotata were subsequently merged withtdigularsoils and
climate attributes so that all variables of intesgste compiled in a common databése
further analysis. Data screening and compilation were carried out usingahguRge and
software environment (version 2.14.0) for statistical and graphical comguitiegR
Project 2011 Mapping and geospatial analyses were conducted using the Earth Systems
Research Institute (ESRI) ArcGIS vensid0 suite of softwarand R(ESRI 2012 The R
Project 2011

Random Forests (Data Mining)

Data mining is the process of analyzing da&ing manydifferentlinkages and
combinations of variablegnd interpreting and summarizitige data to obtain meaningful
information. New developments datamining softwareallow users to analyzgata
collected ovemany different dimensions, categorize, arehiify relationships among
many variables. Correlatismay existacross dozens of fields large, complex databases
(Sharma et al. 201%in et al. 201). The R implementation of Random Forests usedo
conduct data mining analysis hé€teaw and Wiener 2002

Decision and regressiamneebased methods in Random Forast®lve a data
partitioning algorithm that recursively splits ob&aions into groups to produce tsaeith
branches and noddsach node represents a split of the data into tweavenlapping
groups, and each branch represents one of two data subsets constructed afteragétng.
consist of many nodes and brancties ultimately split the data intdifferent groupssuch
as present or absemtach of them disjoint from the othefsrandomforestis a cdlection
of trees with each tree dependent on the values of a random vector of predictors sampled
independenthand with the same distribution for all trees within the fo(Bsthfeldt et al.
2006. Modelingwasperformed usinghe Random Forestgocedure implemented R,
where the algorithm builds a set of independent regression trees from an input data set
(Liaw et al. 2012
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TheRandom Forest algorithfirst extractsa bootstrapsample’ with replacement
and havinghe samenumber of the observatiomas the original data sétto construce
decisiontree. The remaining observationsglled thefi o -oftbag sampl®  aigecto
compute classification errofsom the tree Thefi i-bna g 0  <ansisgs lofbe
observations thavererandomly selected to be part of the t(Beeiman 2001 At each
node of the tree, a random sample of the predictor varialdeseisted Of thesecandidate
variables the e that minimizes classtfation error is chosenNodes are further split until

no more improvement can be achieyBdeiman 200}

Both the classification anggression modeling systems of Randoonelst use
threshold values to make classification tree decisions based on a training dataeset.
bootstrap training set is drawn, with replacement, from the original training set, then a tree
is grown based on the new training set using random fesglagetion(Breiman 2001 For
our models 200 trees were developed for each plot record being analyzed. It is the
aggregation of these 2@ees that will become the predictietpbortance value or presence

absencealecision that is reported by the model for each plot.

Climate-Soils-Vegeation Model Relationships

In this analysis a climatsoils-vegetatiormodelingapproactwasusedto determine
which soil characteristicsoincide with certain climate conditiomghere aspeciesvas
observedn a recent FIA inventory. By looking at tkell properties andtontemporary
climate relatimships, predictions can be made apdcies rangshiftscan beiddentified.
The contemporary climate will serve to develop climatgetation relationships for
subsequent use in predictions under future cknsatenarios. Once the current vegetation
climatesoils relationships habeen determineg@atterns will be updated with the future
climate predictions to ascertain how the changing climate could affect the species
distributiors. Thenew rangswill represent areas wheria the future there will be suitable
conditionsfor thespecies ointerest to grow.Table5 lists theclimatevariables used in this
analysis, his table was adapted from Table 1Rehfeldt et al. (2006

The climatesoils-vegetation modelingpproachwasconducted by buildingwo
models for each species: one for the abundance measure of importance value, and one for

the categorical approach of penceabsence.For the categorical approach of presence
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absencea Balanced Random Forg®RF) will be used In a BRF the number of

observations of a minority class is what determines the maximum number of plots from the
majority class that are used in the bootstrap san@lesn et al. 2004 For example in the

case ofablolly pinemodels theminority class had 4,309bservationshat are availableo
create the BRF, while pond pine modetdy has317 observationsvailableto create the

BRF (Table6). The majority class for the loblolly pine analysis has 56,125 observations
and the pond pine majority class consists of 70,117 observatighse loblolly pine has
thelargest minority clas# still only comprises 20 %f the total data. Pond pine, the

species with smallest minority class, comprises < 0.5% of the data.

Classification algorithms aim to minimize the overall error rate, but in tbe ca
imbalanced data when thare or in thiscase present, categasythe subject oihterest
these algorithms do not perform wiBlose 2012 There a@ several ways to approach the
problem of extremely imbalanced data. The BRF technique isxamaplewhich consists
of downsampling the majority class to create a more balanced datisen et al. Z004)
cautions that while dowsampling the rajority class is effectivén improving model
performance, it can lead to loss of information due to a large part of the majority class not
being used.Chen et al. (200¢alsoreported that they found a BRF to be more efficient at
i mproving model performance for prediction
equally as effective as Weighted Random Forest (WRF). A WRF puts more weight on the
minority class, penalizing the model more heavily for misclassifying the minority class. A
drawback of thaVRF is thatby placing more weight on the minority class, or ever
sampling,the model may beconmaore vulnerable to noigenis-labeled classihan a BRF
(Chen et al. 2004
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Table5. Climate variables used as independeamiables imrandom brestsregression malyses

For climate interact i @mfenctian wasxused o orehiethat e s a
interaction variable, while a fA_0 denotes a
term.

Acronym Definition

AMI Annual moisture index, dd5/map

d100 Julian date the sum of degrdays >5°C reaches 100

ddo Degreedays <0°C

dds Degreedays >5°C

fday Julian date of the first freezing date of autumn

ffp Length of frostfree perioddays)

gsddb Degreedays >5°C accumulating within the frefsée period
gsp Growing season precipitation, Ap8leptembefmm)

map Mean annual precipitatiofmm)

mat Mean annual temperatu(&C)

mmax Maximum temperature in the warmest mo(ft@)

mmin Minimum temperature in the coldest moitld)

mminddd Minimum degreedays <0

mtcm Mean temperature in the coldest mo(f@)

mtwm Mean temperature in the warmest mofid)

PRATIO Ratio of summer precipitatioio total precipitation, gsp/ma
sday Julian date of the last freezing date of spring

SMI Summer moisture index, gsdd5/gsp

smrpb Summer precipitation balance:
(July+August+September)/(April+May+June)

smrsprpb  Summer/Spring precipitation balance:
(July+August)/(April+May)

TDIFF Summeswinter temperature differential, mtwamtcm

Note. Interactions used in the analyses are MAP x DD5, MAP X
MTCM, GSP x MTCM,GSP x DD5, DD5 x MTCMMAP x
TDIFF, GSP x TDIFF, MTCM_MAP, MTCM_GSP, DD&SP,
AMI x MTCM, SMI x MTCM, TDIFF_MAP, TDIFF_GSP,
PRATIO x MTCM, and PRATIO x DD5.

From: (Rehfeldt et al. 2006
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Table6. The total number of plots used in the analysis and the breakdown of how many plots

contained each of the target species.

Species Number of

plots
Shortleaf pine 4,436
Slash pine 2,753
Pond pine 317
Longleaf pine 1,447
Loblolly pine 14,309
All plots in analysis 70,434

Climate-FVS

ClimateFVS is a recent additioto the FVS modeling system that augments the

predictors to take into account the effects of climate on mortality, grewehproductivity,
and regeneratiofor forest in the western U.8Crookston et al. 2030 Climate FVS uses

climate variables to predithe viability of a species at a point in spa&pecies viability

scores are based on predictions of presence or absence by Random Forests classification

treesbased omumeric scores between 0.0 and ge@erated by the RandomrEst model.

A viability score of 0.0 means zero trees in the random forest classified the species as

Apresent o at a

gli0 yneand 024 odi tbeetrees classifisddhe specieoak

A pr e @&aokston 2010 More generally, the classification@es used in ClimatEVS
to measure species viability are known as vfBesiman 2001 In ClimateFVS species

with viability scores <0.2 arelassified as nowiable for the given climate conditions

(Crookston et al. 2020

Results

Model Devéopment and Training

Two models were developed for each species for a total of ten random forest models.

Thepresenceabsenc€PA) modelswvere developed using a categoriB&F technique

Numbers of FI A plots

of

w h i ccbonstigute the reiroiiitye s

sample sizes in BR(Table6). Predictedimportance value models (I\Were developed
using aregression base@ndom foresalgorithmusing the full dataset rather than a

balanced approadhiaw and Wiener 2002R Development Core Team 2011
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It was determmed that 200 trees would be sufficient for model developtheatgh
investigation of error rates of models containing 200 taee$00 trees.Using slash pine
as an example it wasted thathe mean of squared residu@4SE) for thelV modelis
highwhen thenumber of treess small(Figure3). Asthenumber of trees increasdMSE
decreases until it reaches an inflection paimdlevelsoff. The plots inFigure3 confirm

that little additional decrease in MSE will be realized by increasing the number of trees
above 200. So the choice of 208es used here was deemed to be adequiatade 7 shows
the numerical output and confirms tila¢ MSE of tle example models containing 200 and
500 rees arapproximately 91 The percent of varialily explained by both models are
roughy 43%, ® increasing the number of trees from 200 to 8@Onotgreatlyimprove the
predictive ability of the modelFor theslash pine examplA model inFigure3 the bhck
line represents the out of bag (OQ#timde of error rate. For both classes (present and
absent) theed line represestthe clasificaton errorfor plots where the species did not
occur, and the green line represetiieclassification errofor the plots where the species
did occur ThePA model behaves similarly to the IV model in that therrates are the
highest when onlg small numbeof treesare useandthe error ratedecreasedsmore
trees a@ u®d, reaching a stable lower limit. Table7 the OOB, absent cksification, and
present classificatioarror rates of the PA models containing 20@500 trees are
approximately the sameThis leads to the conclusion that like the exanilenodelthe
addition of 300 trees does not significantly impré&®&model peformance. The use of
BRF typically leads to classification error rates for presence and absence that are roughly

equal in magnitudéChen et al. 2004

Table7. Error rates ofV and PA modeldor slash pineontaining 200 and 500 trees

OOB
estima Present
Mean of Percent of te of Absent classific
squared variability error classificat ation
residuals Explained rate ion error error
IV 200 trees 91.3121 43.27%
IV 500 trees 90.9782 43.48%
PA 200 trees 6.32% 6.37% 5.05%
PA 500 trees 6.26% 6.30% 5.23%
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Figure3. Meansquared eor plots for slash pine IV randormorfest model (left) and PA random

forest model (right) containing 500 treeBhe blacKine represents the out of bag (OOB)
estimate of error rate for the model. The red line represents the classification error for plots
where the species did not occur, and the green line represents the classification error for the
plots where the speciesdccur.

Forthe classifiation model the results of tlieees were aggregated intote
fractionsrangingfrom zero to one. If 120 of 200 trees classified a pldpassend for the
specieghe vote score of 0.6 would be recordétéhder model defaultéhe classreceiving
the majority vote count i s t he sificeonintwo ngo c |
classesre used thef.5 is the threshold for determining the majority class making the final
classification of thisplofi pr edss e nltf a more conservative or
desired then the threshold value can manually be raised or loweirde4 is an example
of how oneclassification treén a random foresnight appear The top node indicates
splitting the data into two groups, one with values for MAPXMTCM < 4910 Tabée?2
andTable5 for variable definitions). Data split to the branch left of a node satisfy the
nodebés stated condition. Il n the case of MA
winters and low annual precipitation values will be split to the left branch. Others will be
split to the right branchlf a recorddid returna true statement for the first step,
MAPXMTCM < 4910, then it would follow the left node to the next branch; which is
MTCM_MAP < 0.001088. If this statement is also returned as true then the algorithm
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brarches left to a terminal node that classifies the plot as absent for the species of interest.
If the statement for the second branch would have been false then the algorithm takes the
right node instead, and then smrsprpb is evaluated and classifiecsamieerue/false or

yes/no decision making process. This continues until the algorithm reaches a terminal node

within the tree and can make a final decision of present or absent.

The thresholdralueswithin eachclassification tredor the different vamablesare
based off of the training data sefhe splits and threshold values within ttessification
treg or nodes, are what the algorithm uses to classify the presence or aifdéisce
example based dnue/false decision. This process is repest agaircreatinga different
tree with different variables until 2Qfhiquetrees are created and 200 decisions of presence
or absence have been reach@&tie aggregated vote count is then calculated and based on
either the default value of 0.5 or a udetermined threshold the plot is given the final

classification of present or absent.
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MAPxMTCM< 4910

MTCM_MAP<0.001088 PRATIOxDOD5>=2834

smrsprpb<1.145

absent

MAPxDD54 3.659e+06

absent

absent present

pph_w3
absent

absent

+=5.573

present

Figure4. Decision treexample fodoblolly pine presence/absence classification

The IV models that explained the highest percentagerability was loblolly pine
with 43.31% and slash pine at 43.27Pable8. Loblolly pinealso has the highest mean
squaredesidwal 360.65 The IV model that had the lowest pertage of variability

explainedwas longleaf pine at 13.94 Table8. Longleafpine is aspecies with a low plot

count compared to other target species, the only species leitleaplot countwas pond

pine(Table6).

21




Table8. Random Forest IV model accuracy

%

Mean of Varia Current
Species squared bility Average
residuals Explai v
ned
ShortleafPine 30.73 23.85 17.37
SlashPine 91.31 43.27 54.05
PondPine 6.70 17.13 30.29
LongleafPine 39.99 13.76 35.35
LoblollyPine 360.65 43.31 51.23

Slash pine not only produced a IV model with a high percentage of variability
explained but it also produced®® model with the lowest out of bag (OOB) error rate
6.3246 (Table9) . Inthe case of the IV models the higher the percentage of variability
explained the better the model, however in the PA madaer OOB error rate results in
a better model For example, the PA model fpond pinehas a low OOB ratef 7.31%,

however he 1V modelhad one of the lowest percent of variably explained.

In the PA modelgthe classification erradescribes the error that occurs when a plot
condition is misidentified; for examplecandition offipresend c | a s falbsénboe d a s
vice-versa It is desirable for the classification errors for both presence and absence to be
balanced so that it is known that the model does not consistently predict for one condition

more or less accurately than the other condition.

Common metrics like true pitive rates and false positive rates can be calculated. A

true positive rate is also called the hit rate or recall and can be estimated as:
.. ... 0l OEAEOAMARADOE £ZEAA (2
onm wo Q ———————————— ¢

47 ®AIOEOEOAO

The false positive rat@lso known as the false alarm rate is estimated as:
O B8 G ACAGHE A MARAOOBDAEAA (3)
T 00 T GACAGEDAD

22



Both of these metrics atesed in receiver operating curve graphing procedures.

Table9. Confusion matrices foRandom Forest PA model accuracy

0]0]=]
. ( Classification
Species absent present % Error
)
ShortleafPine absent 55313 10685 16.06% 0.1618
present 627 3809 0.1413
SlashPine absent 63372 4309 6.39% 0.063
present 139 2614 0.0505
PondPine absent 64989 5128 7 31% 0.0731
present 18 299 0.0568
LongleafPine absent 60781 8206 11.7% 0.1189
present 100 1347 0.0691
Loblolly Pine absent 49513 6612 10.76% 0.1178
present 969 13340 0.0677

An ROC graph helps the user visually compare the relative tradeoff between
benefits (true positives) and costs (false positigire5. A ROC grapiplots the
proportions of true positive to false positive predictions that would be realized in a training
data set given the range of possible prediction thresholds (T) from [0,1] the true positive
rate is plotted on the Y axis and the false positiveisgiotted on the X axisThe
prediction thresholds for our models (T) were determined using these ROC graphs based on
the point in the curves at which the errors were minimizdte ROC curve is a depiction
of classifier performance. Area under the@®€urve (AUC) is a value always between 0
and 1 that is a portion of the area of the unit square. Random guessing produces a diagonal
line between (0, 0) and (1, 1) which has an area of 0.5, therefor no realistic classifier will
have an AUC less than 0.9he AUC is an equivalent to the Wilcoxon test of ranks
because the AUC of a classifier is equivalent to the probability that the classifier will rank a
randomly chosen positive instance higher than a randomly chosen negative instance
(Fawcett 200h Of the species studied, the classification model for shortleaf pine PA had
the lowest AUC = 0.92Figureb). In comparison, the classification for slash pine PA had
the highest AUC value (0.98Figure6). ROC curves for longleaf, loblolly, and pond pine

can be found in the appendix.
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Figure5. ROC graph for shortleaf pine PA modbbwingarea under the curve, true positive
rate (left yaxis), false positive ratgx-axis), and vote count ratio (rightaxis)
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AUC=0.9819
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Figure6. ROC graph for slash pine PA model showanga under the curve, true positive rate
(left y-axis), false positive rate {xxis), and vote count ratio (rightaxis)

Variable Importance

Once the models were develop#te importance variable plots within randomForest
were displayed to see if there wengy similarities/dissimilarities between species or across
modeling techniquesYariable importance plots are dcharts of variable importance as
measured by a Random Fordsigure7-Figurel11) (Liaw and Wiener 2002 For
regression IV mdd importance plotsgolumnA is the mean decrease in accuraEpr the
PA model importance plotsplumnB is the percent increase in M&IncMSE) Both
columns A forlV and column B forPA representhe decrease of the predictive ability of
the model vinen a predictor is replaced by random noise. A higher value indicates greater

variable importancéVincenzi et al. 2011
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For the shortleaf pine models the soils variable pNO1(pescent soil passing sieve
no. 10) is the most important variable in both IV and PA modeling technjqages
determined by the %IncMSE and MeanDecreasefacy columng Figure7). Shortleaf
pinelV models selected soils variables as among the most importamunof the 10
predictors Shortleaf pie PA mockls selected climate variablas among the most
important in9 out of 10predictors Figure7). Similarly in Figure8 andFigure9 for slash
pineand longleaf pin¢he 1V mode$ determined thapredominatelysoils variables were
important for model classification while the PA maxieted pedominately climate
variables. Pond p&lV and PA models selected predominately climate variables as being
among the most important variabl@igure 10). Loblolly pine IV and PA modelsn the
other hand selectqatedominately soils variables being among the most important
variables Figurel1l). The loblolly pinelV and PAmodels have sevesommonvariables in

the top tenmore than any of the species IV/PA modélg(rell).

Twenty different predictors ranked among the top 10 most important variables over
the five species studied. Of the twenty, eleven described soils attributes and nine were
climate variables. Soil bulk dsity (pbd_w) was ranked as a top 10 preditomll IV
models. Three other most commonly occurivignodes variableswere pawc_w,
pkffact_w,and pphw (seeTable2 for definitiong. Models of species PA showed greater
variation in the selection of important predictors, with 24 different climate variahtk9
soils attributes ranking in the top 10 of one or more mod@teer most commonly
occurring predictor variabldsr the PA models werdd0, MAPXMTCM , mmin, and
MTCM_MAP eachappearingn threeout of the five speciesodels

The two most frequently occurring variables across both PA amdodelswere
soil bulk density (pbd_w) and aila&ble water holding capacitpawc_w) each appearing in
the top 10 most important variables for six different mo{E&ble10). All 11 soils
varialdes are found in the top 10 most important variables for at least 3 IV or PA models

while only 8 climate variables are found in at least 3 IV or PA modelblé10).
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Figure8. Slash Pine Variables most important to IV model predictio(A), Variables most
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Table10. Selected climate and soils variables and their raril0jIof %4ncMSE and
MeanDecreaseAccuraclyy species and IV/PA model. aviables listed are ranked among
the top ten most important variables fotestst 3 outlO models.

Shortleaf Longleaf
Pine Slash Pine Pine Pond Pine | Loblolly Pine

Variables v | PAl v ] PA|l V]| PA] V] PA|IV] PA
ddo 6 4 3
MAPXMTCM 7 5 8
MAPXTDIFF 4 8 8

@ mmin 5 4 9

& MTCM_MAP 5 8 10

O PRATIO 10 2 7
smrpb 10 9 7
smrsprpb 5 10 3
pawc_w 7 6 3 7 3 2
pbd w 2 3 2 1 2 8
pclay_w 5 7 8 3
pkast_w 8 1 9 7
pkffact_w 3 1 5 6

v pNO10_w 1 1 4 3 5

3 pNO200_w 9 6 9 6
pOM_w 7 4 6 1 1
pph_w 9 2 1 10
psand_w 4 5 4
psilt_w 8 4 10

Once themodel reliability scores, OORndpercent of variability explainedad
been explored and the important variables for model classification identifeechodels
were used to predict for the current range of each spectese how well they matched the
observeddata. The predict function in BndomForestwas used for these calculations
(Liaw and Wiener 200R For IV mapping the methods followed thosePoésad et al.
(2007-ongoing online database called Tree Atlas. Only plots with a modeledriampe
value of 1% or greater wemeapped witithe sameslass intervad used byPrasackt al.
2007ongoing in their maps.The mapping for the modeled PA w@sneby setting the

threshold value of the vomuntfor determining presende 0.05.

For shortleaf pinghe current FIA plotghat have the highest IV al@cated in the

northwestern extent of its rangéidure12 C). The Random Forest modelkiigure12 D
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was able to prediahis higher occurrence of IV in the northwestg@ortion of itsrange.

The modeled PA for shortleaf pineassT= 0.43Figurel12B). The slash pine Nand PA

current maps daot line upwithL i t t | endap;thereaisnagecket of slash pine in

western Louisiana anehstern Texas that was not previously map(gegure8 A, C). This

pocket of Slash pine does appealvV and PAmodest (Figure8 B, D). The slash pine in

this area outside of the mapped Littleds ra
regeneration so this area is probably pine plantatimatswere planted after the original

range map wacreated Slash pine PA was modeled at a T = @48ure13) and bngleaf
pinewas modeled at T = 0.4EiQurel14). Current pnd pinePA andlV arewidely

dispersedand infrequentvithin the original range map made by Lit{leigure15A, C).

This same pattern is reflected by the modeledhidvever the modeled PA at T=0.49

shows many additional plots as having potential to support pond pine where no pond pine is
currently foundFigure15). Currently loblolly pine has a large range and has high

importance values throughout its rarf{§eurel6 A, C). Thistrend of high importance

values throughout the rangen be seen in the IV model mapigure16 D).
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Figurel2. Shortleafpinanaps agai nst [1971)t HA@Iots wheraborgdeaf ma p
pine arecurrently found (A). OOB nodel predictiongor shortleaf pineusing a 0.43
threshold (B). Importance value$plots where Isortleaf pne arecurrently found (C).
OOB modelmportancevalues for kortleaf pine (D).
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Figurel3. Slashpinemaps agai nst [Q971)t(A) efAplotswheregSashpire p
arecurrently found (B) OOB model predictions folash pine using a 0.43 thsteold (C)
Importance values of plots wherashpine arecurrentlyfound. (D) OOB model
importance values forlash pine
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Figureld. Longleafpinema ps agai nst [A9710)t(A) &ld plotsrwhenegrgjeaina p
pine arecurrently found (B) OOB model predictions foobhgled pine using a 0.43
threshold (C) Importance values of plots whdmngeaf pine areurrently found (D)
OOB model impornce values foohgleaf pine
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Figurel5. Pondpinema ps agai nst [19710)t(A) &ld plotsrwhenegordpinea p
arecurrently found (B) OOB model predictions forgnd pine using a 0.43 thresholdC)
Importance values of plots whegpend pine arecurrently found (D) OOB model
importance vales fa pond pine
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Figurel6. Loblolly pinemaps agai nst [A97i)t(A) &l plotsrwhenegldollyma p
pine arecurrently found (B) OOB modebpredictionsfor loblolly pine using a 0.43
threshold (C) Importancevalues of plos wheredblolly pine arecurrently found (D)
OOB model importance valuésr loblolly pine

While ROC analysis was used to help determine the optimal threshdfior(T)

contemporary climatehefuture predictions T was losved to 0.05.Lowering the vote

count threshold to 0.05 fateterminingpresence can be viewed in a hypothesis test scenario.

By setting the threshold of the vote count to (t0S like setthg an alpha of 0.05 for a

hypothesis test Thenull hypothesis being thalhe target species is preseht95% or more

of classification trees predict the species is absent, this constitutes strong evideric6gp

to reject the null hypothesisThis hypothesis puts more emphasis on eliminating false

negatives so that management decisions can be based on knowing where ¢sasspeci

highly unlikely to befound.
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Model Predictions

After evaluating theen PA and IVmodelstrainedto predict the contemparyrange
of each specieshemodelswerethenused to make predictisrior future climate scenarios
over the 21 century(Table3). Soil properties were assumed to remeonstanbase on
contemporary soils maps, and each species IV and PA were predicted for multiple climate
change scenarios for decades: 2030, 28602090. Results were mapped in the same
way as the model prediction$ the contemporarsanges (Figurel3- Figurel6).
Additionalresultsfor the full set of scenarios are shown in the Appendix.

Usinglongleaf pine as aexamplethe general trend fdv models is that as time
progresses, th@reas where abundance is currently high will remain as high abundance
areas Figurel7 - Figure23). However, plots along the edges of the current ranges have the
potential to increase in abundance as the edge of the potential habitat expands to new areas
where previously the abundance score wa% <lh thePA modeling the general trend is
that as time progresses forward in the model the potential habitat range of longleaf pine is

increasing Figure24 - Figure 30).

In the lowest C@emission scenario CGCM3 Bar longleaf pine thgredicted
habitatrange is expandinfjom the predicted,208 plotsn the contemporary climate
21,375 plots in 209(Figure17A, D). In a medium emission scenario CGCM3 A1B the
number of plots increaseslightly from CGCM3 BXFigure18D). In 2090 the predicted
number of plots raises to 22,25 the highest C@emission scenario GGU3 A2 the
range of potential habitat is expanding even furttiégiire19 D). In the CGCM3 A2
scenario there a28,102plots predicted to have ad 1, in 2090. The difference
between the highestenarip CGCM3A2, and lowest scenariGGCM3B1 is6,727plots.

A similar pattern can be seen in the CGCM3 B1, CGCM3 A1B, and CGCM3 A2 PA
models where the hightemission scenaribasthe greatsg number of fipts mapped as
potential habitatKigure24 - Figure26). The contemporary climate model for Rith a T
= 0.42predicts that 10,847 plotarrentlyhave conditions suitable for longleaf pine to be
presentwhile the CGCMS3 B1 climate scenario with a T=0.05 predicts that the number of
plots to increae to 28,000 in 2090F(gure24 A, D) . The CGCM3 A1B scenario predicts
that in 2090 there will b25,982 plotsuitable for presence of longleaf piftagure25 D).
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The highest emission scenario CGCM3 A2 predicts that in 2090 the number of plots
consistent vih longleaf pine presence is 30,735 pléig(re26 D).

Maps of GCMderived climate variables identify causal relationships between
climate varialk#s and future prediction of the species PA and abund&inee soils
variableswere held constant over all time peri@i®l scenariothe climate variables atbe
only explanatory variables capable of driving future vegetation predictlemdongleaf
pine IV, MAPXTDIFF,SMI, smrsprplwere the highest ranking climate predictoFsgure
9 A). MAPXTDIFF is a precipitatiomnd summewinter temperatre differential
interaction termSMI is asummer precipitation index based on the number of degree days
above 5° C accumulating within the frost free period divided bygtbeing season
precipitation (ApritSeptember)and smrsprpb is the summer /sprorgcipitation balance
( Tableb).
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Figurel?. IV Longleaf pine CGCM3 Bnaps. (A) Longleaf pine OOB baseadelmap (B)
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Figurel8. IV Longleaf pine CGCM3 A1B mapgA) Longleaf pine OOB baseadelmap (B)
year2030 predictiongor longleaf pine under CGCM3 Al&enarig (C) year2060
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Figurel19. IV Longleaf pine CGCM3 A2 mapgA) Longleaf pine OOB baseadelmap (B)
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Figure20. 1V Longleaf pine HADCM3 A2maps. (A) Longleaf pine OOB baseadelmap (B)

year2030 predictiongor longleaf pine undddHADCM3 A2 scenari (C) year2060

predictionsfor longleaf pine undddADCM3 A2 scenariq (D) year 2090 predictions for

longleaf pine undeddADCM3 A2 scenario (D
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Figure21l. 1V Longleaf pine HADCM3 B2 maps(A) Longleaf pine OOB baseadelmap (B)

year2030 predictiongor longleaf pine undddHADCM3 B2 scenarip(C) year2060

predictionsfor longleaf pine undeddADCM3 B2 scenarip(D) year 2090 predictions for
longleaf pine undeddADCM3 A2 scenario
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Figure22. 1V Longleaf pine GFDLCM21 A2 mapgA) Longleaf pine OOB baseadelmap
(B) year2030 predictiongor longleafpine under GFDLCM21 A2 scenarifC) year2060
predictionsfor longleaf pine under GFDLCM21 A2 scenarib) year 2090 predictions for
longleaf pine under GFDLCM21 A2 scenario
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Figure23. IV Longleaf pine GFDLCM21 B1 mapgA) Longleaf pine OOB baseadelmap
(B) year2030 predictiongor longleaf pine under GFDLCM21 B1 scenaliG) year2060

predictionsfor longleaf pine under GFDLCM21 B1 scenar{®) year2090 predictions for

longleaf pine under GFDLCM21 B1 scenario
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Figure24. PA Longleaf pine CGCM3 B1 map$A) Longleaf pine OOB baseadelmap (B)
year2030predictionsfor longleaf pine under CGCM3 B1 scenafi€) year2060
predictionsfor longleaf pine under CGCM3 B1 scenafiD) year 2090 predictions for
longleaf pine under CGCM3 B1 scenario
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Figure25. PA Longleaf pine CGCM3 A1B mapgA) Longleaf pine OOB baseadelmap (B)
year2030 predictiongor longleaf pine under CGCM3 A1B scenari€) year2060
predictionsfor longleaf pine under CGCM3 A1B scenar(iD) year 2090 predictions for
longleaf pine under CGCM3 A1B scenario
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Figure26. PA Longleaf pine CGCM3 A2 map$A) Longleaf pine OOB baseadelmap (B)
year2030 predictiongor longleaf pine under CGCM3 A2 scenari€) year2060
predictionsfor longleaf pine under CGCM3 A2 scenarib) year 2090 predictions for
longleaf pine under CGCM3 A2 scenario
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Figure27. PA Longleaf pine HADCM3 A2 mapgA) Longleaf pine OOB baseadelmap (B)
year2030 predictiongor longleaf pine under HADCM3 A2 scenari{&) year2060
predictionsfor longleaf pine under HADCM3 A&cenarig (D) year 2090 predictions for
longleaf pine under HADCM3 A2 scenario
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Figure28. PA Longleaf pine HADCM3 B2 mapgA) Longleaf pine OOB baseadelmap (B)
year2030 predictiongor longleaf pine under HADCM3 B2 scenar{&) year2060
predictionsfor longleaf pine under HADCMS3 B2 scenar{®) year 2090 predictions for
longleaf pine under HADCM3 B2 scenario
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Figure29. PA Longleaf pine GFDLCM21 A2 map$A) Longleaf pine OOB baseadelmap
(B) year2030 predictiongor longleaf pine under GFDLCM21 A2scenar{€) year2060
predictionsfor longleaf pine undeGFDLCM21 A2scenarip(D) year 2090 predictions for
longleaf pine under GFDLCM21 A2scenario

51



QR

(D)

Figure30. PA Longleaf pine GFDLCM21 B1 map$A) Longleaf pine OOB ase nodelmap
(B) year2030 predictiongor longleaf pine under GFDLCM21 Blscenar(€) year2060
predictionsfor longleaf pine under GFDLCM21 BlscenafD) year 2090 predictions for

longleaf pine under GFDLCM21 Blscermari
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Figure31l. (A) CGCM3 B1 scenarioap forSMI in the year 209@nd(B) CGCM3 A2 scenario
map forSMI in the year 2090.
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Figure32. (A) CGCM3 B1 scenario map for MAPXTDIFF in tigear 2090and(B) CGCM3 A2
scenario map for MAPXTDIFF in the year 2090.
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Figure33. (A) CGCM3 B1 scenario mapif smrsprpb in the year 2090d(B) CGCM3 A2
scenario map for smrsprpb in the year 2090

The climate maps for the scenarios CGCM3 B1 and CGCM3 A2 display how the
different scenarios are prediat) the values of each varialite be distributed in the eastern
United States in 2090~{gure31 - Figure33). To make inferences about how these climate
maps are driving model prietions they must be comparedRagurel7 D andFigurel19D.

For further model investigation of how climate variables may be impactingchtter plots
were mad€Figure34 - Figure36). Longleaf pinan the 2090 scenario for these two
climate scenarios, CGCM3 B1 and CGCM3 A2, seem to predict the highest importance
values at a median valaéd MAPXTDIFF, approximately within the range of 15,688,000
(Figure34). While low valuesless than threef smrsprpb predict the higkt I\(Figure

36). SMI seems to predict the highégtfor values neaor slightly higher than fivéFigure

35).
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Figure34. (A) Scatter plot 02090 predicteddngleafpinelV versus 2090 climateariable
MAPXTDIFF for CGCM3 Bland(B) CGCM3 A2scenario
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Figure35. (A) Scatter plot 02090 predictedangleaflV versus 2090 climia variable SMI for
CGCM3 Bland(B) CGCM3 A2scenario
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Figure36. Scatter plot 02090 predicted Longled¥ versus 2090 climate variable smrsprior
CGCM3 B1 (A) and CGCM3 A2 (B) scenario

While the pond pine PA models appeared to predict well using the BRF techniques
in the model diagnostics phaBgure37 appears to have pond pine growing in plates
donot seeniikely. Figure 10 shows that predominatetyimate variables arenportant for
model prediction. Pond pine PA is an example/bére rarity within the dataset could be
causing our models to return false positivEace the goal of our models was to eliminate
falsenegativesthe model for pond pine is efficiehbwever it might need a higher
threshold tha®.05 to make more informative decisiomsnimationswere made of each
species that combine one frame for every threshold value between 0 and 1. These movies
allow the user to see the effect 0bm the models. Aese animationsan be found in the
appendix(Figure A- 109- Figure A- 113).

A combined modeling approach was tried to see how thé#vand IVmodels
overlappedor pond pine For this example both the IV and PA models were ran
independently then the resulting datase¢se merged togethdrased on a plot identifier.
When graphing this combined dataset the plots displayed meet both PA and IV criteria.
This means that all plots havé*a T=0.05 andanlV > 1%. Figure39has a much more
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restrictedrangethan either the PA or IV maps individuallyrigure37andFigure38). PA

has the most noticeable changes occurring between the mapping methbes¥3us
changingthere are fewer plots in the 3% class however other higher classes are not
affected All other species and climate scenarios can be found in the appendix miodeled
this same combination approach

(A)

(©)

Figure37. PA Pond pine CGCM3 A1B modelaps. (A) Pond pine OOB baseadelmap (B)
year2030 predictiongor pond pine unde€EGCM3 AlBscenariq (C) year2060 predictions
for pond pine unde€CGCM3 AlBscenarig (D) year 2090 predictions foropd pine under
CGCM3 AlBscenario
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Figure38. 1V Pond pine CGCM3 A1B modehaps. (A) Pond pine OOB baseadelmap (B)
year2030predictionsfor pond pine unde€EGCM3 AlBscenarig (C) year2060 predictions
for pond pine unde€GCM3 AlBscenarig (D) year 2090 predictions folopd pine under
CGCM3 AlBscenario
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(B)

(D)

Figure39. Combined IV and PA Pond pine CGCM3 A1B monteps. (A) Pond pine OOB
base mdelmap (B) year2030 prediction$or pond pine unde€EGCM3 AlBscenarig(C)
year2060 predictiongor pond pine unde€EGCM3 AlBscenarig (D) year 2090
predictions for pnd pine unde€CGCM3 AlBscenario

Discussion

In the current literature commalata analysis toslamong researchers aodust
statisticalempirical modeling appraa such as random forg€trookston 2012tdverson et
al. 2008 Iverson et al. 2004Rehfeldt et al. 200%chultz 1999Weiskittel et al. 2011b
Relationshi between vegetatigedaphi¢ and climate vaables are complex and nonlinear
(Austin 2002. Traditional parametric statistical approaches poorly capture the patterns
present in the data due to violations in statistical assumptidthere the literature diverges

is how to best manage the data and implemenntigelingalgorithns to get the most
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accurate and meaningftdsults(lverson et al. 2008verson et al. 201, llverson et al. 2004
Rehfeldt et al. 2008Rehfeldt et al. 2009

Some researchers favor usalgundance data versus preseabsencelata(lverson
et al. 2008Iverson et al. 20Llverson et al. 2004 The argument ithata regession
based approach for abundance (V) is more powerful than a classifibatsed approach
for presenceabsence (PAyhen trying to predict future potential habitat ranges
Abundance data interpretations based on the core of a species range can be made rather than
a more uncertain range where all boundaries are equeighted. Iverson et al. (2011
states thathe main advatage of using abundance datdhat analyss and interpretations
canbebhsed on the core of the speciebds ranges,
boundarieghat are equally weigatlin presenceabsence dataverson et al. (2011
defined the core of a species raagean area of the species distribution where there is a
greater certainty of species occurrentiethe specific example cited within their research
they found a PA model for a species to predi@0% loss in the extent of the species habitat
but only a36% loss from its current range when abundance data was used. They attributed
the large difference to higher sensitivity of the model being able to distinguish core areas
from edge area@ustin 2002 Iverson etal. 201).

Other authos have relied more opresenceabsence data and bioclimatic madef
realized niche for contemporargpecies distributiongloyce and Rehfeldt 201Rehfeldt et
al. 2006 Rehfeldt et al. 2009 These auth@ use a technique similar to &RN. They set
up their models by developing a sampling protocol which was used to splégbtation
data into 40% presence obgations and 60% absence observations with presence
observations being weighted by a factor ofThe climate data was used to create a
hypervolume in which each dimension consisted of an estimate of the species climatic limits,
mean of all observations of present vegetation data, expanded by * 0.1 standard deviation.
Of the 60% absence data used witihe model 40% of the absence observation came from
within the same climatic hypervolume, or climate envelope. While the remaining 20% of

the absence observations came from outside of this climate enyRleipfeldt et al. 2006

Random Brest was the primary analysis tdot boththelV and PA modelgreviously

mentioned Howeverthe models created in this project are slightlyadéht. This project
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used the regression based randoragomethods with IViaundance datbut with a few
modifications on data preparatiorflverson et al. 2008averagel FIA plots over a gridded
area, this project used point data from individual FIA pl&ehfeldt et al. (2006 Rehfeldt
et al. (2009, Joyce and Rehfeldt (20Ldeveloped climate envelopes then using a WRF
analyzed their dataA climateenvelope was not developed for this projects models instead
all plots were used in each mosighining set and a BRF was usedaondomly create a
dataset of equal proportions between present and absent obserratingshe
bootstrappingand baggingperatiors. Another difference in the models presented in this
project from the literature is that SSURGO soils data was used. The use of point data
instead of gridded dalowedthe use of detailed soils data whereviously thecoarse
STATSGO soil dta was sufficient for thgridded analysis.

When using classification trees to make predictitims relative costs of false

negative and false positive predictions must be considered. A false positive for these
models for examplewould be if a plot vas classified as absent when the observed value
was present. A false positivier exampleis if the plot was classified as present when the
actual observed value was absent. The cost of a false negative in this case could be greater
than the cost of false positive because of the effort, time, and money that might be spent
on management plans and conservation efforts to help a species survive. The function that
has been used to describe the relationship between a false negative and a false fbsitive is
slope of an isgperformance line in receiver operating characteristics (ROC) $pangett
2006. A ROC graph is a technique that is used feualizing, organizing, and selecting
classifiers based on their performance, and all points that correspond to the slope-of an iso
performance line have an equal classification cost.
0 ¢ i€ 0BQW 0t WQD O QL Q (4)

0 ¢ iEdMdan €d Qo0 QL Q

The formula given for the isperformance lin€ 4 ) ignores the proportions of presence and
absence within the training data because of the use of a BRF. The proportion in this case is

equal to one and so it is not necessary to include ifothaula.
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Work from(Iverson et al. 201, IRehfeldt et al. 20065chwartz et al. 20QGhave
foundany species ithout a sufficient amount of data are difficult to develop models for
while trying topreserve a high confidence in the outputs. Rarity within the dataset could
explain poor model reliability for longleaf pirsd pond pineTable8 andTable9). The
most frequently occurring species in the dataset is loblolly piheh isfrequently found
growingin monocultures This is why loblolly pineexperiences a largewveragdV than
most otherspeciesvhich aremore commonly found growing in mixed star{dsible8).
Slash pine is another example of a species that is frequently found in monocultures and has
a high average IV.

Some unanswered questions stemming from this research is how the models or data
could have ben further manipulated to improve results. For example the IV regression
models were produced using the full dataset and not by using a balaspdlite the PA
classificationrmodels. Would have developing a random sampling regime to-dample
the @ IV plots given the model more power to predict foe turrent range of each species,
thus giving a strong predictive power in the future models? A randomizedskwpling
techniquecould be especially helpful for a rare species such as pond pine outeremore

than 70,000 observations only approximately 300 had an IV greater%tharable6).

Another question of interest is how would model development be affected if data
from outside of the United States was used? It would not be expedied amyof the five
southern pinganalyzed heren Canadahoweverabsent 0% IV is still a data value with
associated climaticariables that could be usednmdeldevelopment How would adding
these data points affect the mo@el8lternativelynow would additional presencdV > 0%
data points affect the models? Pine plantations in South America include species of interest
to this project such as loblolly pinédow would includingadditional preserbservations
from warmer moister environmeragfect the model and would the afte of these

observations differ from the effects of the previously mentioned absent observations?

Genetically speaking observations from pine plantations in South America would be
differentthan the typical natural forest FIA plot. Some researchersdraalgzed and noted
different climatic responses within the same species due to genetic vaaiadienggest
models need reflect these differen{@&sookston et al. 201Rehfeldt et al. 1999 For the
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models presented in this work plantation datd natural forest data from FIA plots were
analyzed together and not separatdfyture workas an extension of thggojectwould be

to make thalistinctionbetween natural forest and plantation plots within the FIA data and

to refine the models based specific genetic responsesults.
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Figure A- 1. ROC graph for longleaf ptnPA modekhowing AUC and where different vote
threshold values lie along the curve.
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Figure A- 2. ROC graph for pongine PA modeshowing AUC and where different vote
threshold values lie along the curve.

70



AUC=0.957

o
- e e
/
¥ 4

o L. @
o o
Qo _| | «©
o f o

B ;

m |

_.; |

= J

o |

a

2 |

P os J <
o | o
o (aY]
o o
o
o o

T T T T T T
00 02 04 06 08 10

False positive rate

Figure A- 3. ROC graph for loblolly pine PA modshowing AUC and where different vote
threshold values lie along the curve.
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Figure A- 4. IV Shortleaf pine CGCM3 A1B models (tdgft), 2030(top-right), 2060 (bottom
left), 2090 (bottorrright)
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Figure A- 5. PA Shortleaf pine CGCM3 A1B models (ttgdt), 2030 (topright), 2060 (bottom
left), 2090 (bottorrright)
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Figure A- 6. Combined IV and PA Shortleaf pine CGCM3 A1B models {&f),

2030 (top

right), 2060 (bottorreft), 2090 (bottorrright)
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Figure A- 7. IV Shortleaf pine CGCM3 A2 models (tdgit), 2030 (topright), 2060 (bottom
left), 2090(bottomright)
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Figure A- 8. PA Shortleaf pine CGCM3 A2 models (ttgit), 2030 (topright), 2060 (bottom
left), 2090 (bottorrright)
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Figure A- 9. Combined IV and P&hortleaf pine CGCM3 Athodels (topleft), 2030 (top
right), 2060 (bottorreft), 2090 (bottorrright)
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Figure A- 10. IV Shortleaf pine CGCM3 B1 models (tdgft), 2030 (topright), 2060 (bottom
left), 2090 (bottorrright)
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Figure A- 11. PA Shortleaf pine CGCM3 B1 models (t&ft), 2030 (topright), 2060 (bottom
left), 2090 (bottorrright)
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Figure A- 12. Combined IV and PA Shortleaf pine CGCM3 B1 models-{gd), 2030 (top
right), 2060(bottomleft), 2090 (bottorrright)
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Figure A- 13. IV Shortleaf pine GFDLCM21 A2 models (tdgft), 2030 (topright), 2060
(bottomleft), 2090 (bottonrright)
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Figure A- 14. PA Shortleaf pin6FDLCM21 A2 models (tojeft), 2030 (topright), 2060
(bottomleft), 2090 (bottonrright)
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Figure A- 15. Combined IV and PA Shortleaf pine GFDLCM21 A2 models-{&dp), 2030
(top-right), 2060 (bottorreft), 2090 (bottor¥right)
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Figure A- 16. IV Shortleaf pine GFDLCM21 B1 models (tdgift), 2030 (topright), 2060
(bottomleft), 2090 (bottonrright)
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Figure A- 17. PA Shortleaf pine GFDLCM21 B1 models (t&ft), 2030 (top-right), 2060
(bottomleft), 2090 (bottonrright)

85



IV_PA_GORLON PA_SOSLON

Figure A- 18. Combined IV and PA Shortleaf pine GFDLCM21 B1 models-(&df), 2030
(top-right), 2060 (bottorreft), 2090 (bottor¥right)
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Figure A- 19. IV Shortleaf pine HADCM3 A2 models (tapft), 2030 (topright), 2060
(bottomleft), 2090 (bottonrright)
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Figure A- 20. PA Shortleaf pine HADCM3 A2 models (tepft), 2030 (topright), 2060
(bottomleft), 2090 (bottonrright)
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Figure A- 21. Combined IV and PA Shortleaf pine HADCM3 A2 models {keip), 2030 (top
right), 2060 (bottorreft), 2090(bottontright)
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Figure A- 22. IV Shortleaf pine HADCM3 B2 models (tdeft), 2030 (topright), 2060

(bottomleft), 2090 (bottonrright)
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Figure A- 23. PA Shortleaf pine HADCM3 B2 models (tdgit), 2030 (topright), 2060
(bottomleft), 2090 (bottonrright)
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Figure A- 24. Combined IV and PA Shortleaf pine HADCM3 B2 models {&ff), 2030 (top
right), 2060 (bottorreft), 2090 (bottorrright)
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Figure A- 25. IV Slash pine CGCM3 A1B models (tdgft), 2030 (topright), 2060 (bottom
left), 2090 (bottorrright)
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Figure A- 26. PA Slash pine CGCM3 A1B models (tégit), 2030 (topright), 2060 (bottom
left), 2090(bottomright)
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Figure A- 27. Combined IV and PA Slash pine CGCM3 A1B models-{&dp, 2030 (topright),
2060 (bottorrleft), 2090 (bottorrright)

95



Figure A- 28. 1V Slash pine CGCM3 A2 mode(op-left), 2030 (topright), 2060 (bottorieft),
2090 (bottoreright)
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