ABSTRACT

JEUCK JAMES A MetaAnalysis ofLandUse /LandCoverChangeFactorsin the
Conterminous U&ndPrediction ofPotentialWorking Timberlands in the US South from
FIA InventoryPlots and NLCDCoverMaps.(Under the directioof Dr. Frederick Cubbage
andDr. Robert Abj.

This dissertation consists of research projects related to forest land use / land cover
(LULC): (1) factors predicting LULC change and (2) methodoltmggredict particular forest
use,or fipotential working timberlara (P, Yd6Mm)current forms of land data. The first
project resulted in a published papgemetaanalysisof 64 econometric models from 47
studies predicting forest land use changeheresponse variablegepresenting some form
of forestland changewere organized into four group$orestconversion to agriculture
(F2A), forestland to development (F2D), forestland to-fusasted (F2NF) and undeveloped
(including forestland) to develep (U2D) land. Over 250 independent econometric variables
were identifiedfrom 21 F2A models, 21 F2D models, 12 F2NF models, and 10 U2D
models. These variables were organized into a hierarchy of 119 independent variable groups,
15 categories, and 4 econeimic drivers suitable for conducting simple vote count statistics.

Vote counts were summarized at the independent variable group level and formed into ratios

estimating the predictive success of each variable group.

Two ratio estimates were developed®a on (1) proportion of times independent
variablessuccessfullyachievedstatistical significanc€ <= 0.10) and (2) proportion of
times independent variableaccessfullymet the originatesearcherexpectations. In F2D
models,popular independent viables such as population, income, and urban proximity
often achievd statistical significanceln F2A modelspopularindependentariables such as

forest and agricultural rents and costs, governmental progeardsite qualitpften



achievel statisti@l significance In U2D models, successful independent variaiolelsided

urban rents and costs, zoning issues concerning forestland loss, site quality, urban proximity,
population, andhcome. F2NF modelsigh successariables were found to kagricultual

rents, site quality, population, and incomihis metaanalysisprovidesinsight into the

general success of econometric independent variables for futureuseest cover change

research.

The second part of thdissertatiordevelopeda methodor predictingarea
estimates and spatial distribution®#V/T in the US South This techniqueletermind land
usefrom USFS Forest Inventory and Analy¢lHA) and land covefrom the National Land
Cover Databas@NLCD). Three dependent variable forfi3V Formg were derived from
the FIA dataDV Form1, timberland, otheDV Form2, short timberland, tatimberland,
agriculture, otherandDV Form3, shorthardwood HW) timberland, tall HW timberland,

shortsoftwood W) timberland, tall SW timberland, agriculture, other.

Theprediction accuracgf eachDV Formwasinvestigatedusingbothrandom
forest model and logistic regression maosiedcificatiors and data optimization techniques
Model verificationemployinga fleavegroupo u Mante Carlo simulatiometerminedhe
selection of atratified version of theandom foresinodelusingoneyear NLCD
observations with aaverall accuracyof 0.53 0.94. The lower accurag side of the range

was when predictions were made fromagigregated NLCD land covelassi gr as s._ s hr ubc



The selected model specificatimasrun using2011 NLCD and the other
predictor variables to produtieree levels of timberlangrediction and mbability maps for
the US South.Spatialmasksremovel areas unlikely to be working forests (protected and
urbanizedands) resulting in PWT mapsThe aea oftheresulting mapsampared well with
USFS areagtimates and maskédNT mapsandhadan 8i 11%reduction of the USFS
timberland estimate for the US Soutbmpared taheDV Form Change analysisf the
2011 NLCD to PWTshowed (1) the majority of the short timberland came from NLCD
grass_shrub; (2) the majority of NLCD grass_shrub predicted into tall timberland, and (3)
NLCD grass_shrub was more strongly associated with timberland in the Coastal Plain
Resulting map pragtts providepractical analytical toslifor thoseinterested in studyinthe

area andlistributionof PWT in the US South.
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CHAPTER 1

Introduction and Purpose of Dissertation



Introduction

fiftheworldgeta ny s mal | er |, I 611 e n d(Rablpns1P84)v i ng next

The abee quote by novelist Tom Robbirsoftenhow many in the natural resources
field feel about the constant competition for our finite resourée® pessures fomultiple
land use and new wood product demarfde., wood pellets) competing against traditional
demand,indeedma ke t he ddei gbbmraol ot small er. Us
through a tremendous chanup private ownership patterns.ori@orate land ownership has
reached unprecedented heights andcumporate private timberland caught in a ever
increasingrendof parcelizatbn through generational transfer or land s&i@s
development pressurebdrban development and growdiffectsareauseof timberlands ad
placesa different set of values on foresfBhis shifting can reduce regional fiber supply
forcing regional woodnarkets to move or close. A gap in local markets leads to lessened
regional demandndreduceghefinancial incentiveo practice sound forest management,
perpetuating the problenT he above is an exiampl eyofeonketdg
thereduction of working timbéandsthat occus, to some extenthroughout the United

States.

A more widespread and higher levelamknowledgemertf the importancehat
working timberland$iave orlocal, state, and regional economies is absolutely necdssary
stopthiscycle. Longterm regional planningffortsneed to include the value of well
managed working timberlarabpart of theregionalasses thatsupportimportantecosysters
and wildlife habitas, along withcritical resources for sustainable economik&ny public
and private gganizations are working collaboratively to idi§nand propose strategies
designed to mitigate the drivers and factors that change workingsfanestarniands.

Three examples of numerous government partnessinigh grassroots projects inclutthe



United StatesGeologicSurvey Gap AnalysisProgram(USGS GAP)the South Atlantic
Landscape Conservation Cooperative, and the Sentinel Land§aesrship USGS GAP
(2014)is a nationatollaborativeeffort between federal and state agenciesrand

government organizatiors identify species and habitatedequately represented in

existing conservation lands in order to reddegradatiorof habitas for common species.

One product from this effort is the Protected Areas Database (PAD), a vector database that
includes federal, state, and privately protected lands that are uefaiation for regional

planning.

The South Atlantic Landscape Conservatiooperatives amulti-stateeffort in the
US Southeastern stataspart of a broader Landscape Conservation Cooperative with 22
partnercooperatives across North Ameraadthe US Pacific and Caribbean islands. Their
focus i s t o fvatos dcteon ameny emultple pultlio and peivate agencies and
organi zat i ons €C, 2085 through the ddvaedopnmentatoniservation
blueprint addressing future changes in growth and its reshaping of the landscape. Tools
produced includ¢éhe Gnservation Blueprint Atlas that can be used for information

gathering planning,and policy development.

The Sentinel Landscapdartnership is a national program of the US Department of
Agriculture, Defense, and Interiaimed at protectintheworking and rural character of key
landscapeghat strengthesthe economies of farms and forestsnservesabitatand natural
resourcesand protects vital training and testing missions conducted on military installations
that anchor such landscap&be program operateat the state and local legeh which
partnerships are formed between military services, public agencies, agdvernment
organizations. e Partnership coordinatmutually beneficial programs and strategies to
preserve, enhanger protect habitatand working lands near military installations; reduce,
prevent or eliminate restrictions that inhibit military testing and training; and prevent

incompatible development near military facilities.



Thesethreeexamples, although at differescales, are representatiiemany such
collaborativeapproaches that bring many players to the table with the goal of making sound
long-term decisionsabalancep e o pwekbéirggwith the health ofthe naturaknvironment.
| work within thisenvironnent ofcollaboraton and wantedmy dissertatiorio providesome

tools that may be useful tbheseefforts.

Purpose of Dissertation

As aprofessional advancingrestryoutreach, education, and policy buildindnave
always had an interest in the issue of land use change. | wanted a better understanding of
what drives it and to be able to provide samefuladditiors to the bog¢ of literatureon this
subject That led to the first part of this dissertatiammetaanalysis of land use change
models(Chapter2). Its purpose was to find the most important factors driving land use,
particularly forest land use change. The results of the study carefully catalog, at different
levels of hierarchythedrivers, faictors, and individual model variables associated with
various forms of forestland changed theirassociated studies. This is an exceliatting
referencdor anyoneinterested irmodelingforest change factors from local to mdtate
scalesas itprovides themost succesful factorswhere they were used and by whamd

details of the datdescrigion andacqusition.

| also have a great interestspatial €chnologies and wantéd employmy talents in
a project that might reduih a useful mpping product regardingome aspect of land use /
land caver. Professionallyl haveperfamedmanyspatial analyses projestmostly in the
North Carolina region of the US Soutlsingthe National Land Cover Databaee making
estimates of regional forested asedhad become aware of a number of issues with NLCD

that affect the accuracy of land cover estimaaesong thenthat NLCD forest cover is



simply thatforest cover. It does not include forest uses sudbrestspreserved for

environmental and ecological purposes, working timbedamdareasn urban landscapes
that will most likely be developed or converted to greensp¥édigh this dataset,it was not
possible to view or extract tiepatial distribution blandarea either currently, or with the

potential to be, working timberlands

Another isse with the NLCDis its inclusion ofworking timberland in nonforest
land cover typesThe NLCD grass/herbaceous and shrub/scrub cover types may include
recerily harvested timberlands. A relative small (<D)08toportionof these lands exist in
the USSouth but they may bamong the beshdicators of working timberlandg-or an
accurate regional assessment, it is vital to determine how much of those cover types are in
facttimberland. Spat i al di stribution of these fiacti ve
definitely aid in market developmerdutreachandotherefforts. This would be an
important layer of information used by the local and regional planning groups described

above.

The second part dhis dissertation (Chapter 3) wa first attempt at the development
of three USSouth regional map products that idéptocations of potential working
timberland (PWT)predicted from NLCD land cover and other predictor variabldgswas
performed using random forest model that predicted thassification otimberland with a
higher likelihood to become or contimas working timberlaredn 13 southerrstates.The
response&ariables used wetdnited StatesForestSe r v i Foresblsventory and Analysis
(USFS FIA)plot observations of land use theSouth. This project markethe first time
FIA data and NLCD were used together to predict potential working timberland using a
random forest modelOtherpredictorvariables, many deduced from the result€bépter 2
areeconometric or physiographic in nature. TW&'T categorigincludeall timberland,

PWT short and tall timberland, and PWT short and tall hardwood and softwood timberland



thesecan be livestreamed onto any desktop using ArcGISusain calculation of regional

PWT areaand toanalyze spatial patterns.

It is my hopehatthese tools are useftdr research or practical applicationarea

assessment for policy or market developnodrdur evershrinking world.
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Abstract: We conducted a meta-analysis on 64 econometric models from 47 studies
predicting forestland conversion to agriculture (F2A)., forestland to development
(F2D). forestland to non-forested (F2NF) and undeveloped (including forestland) to
developed (U2D) land. Over 250 independent econometric variables were identified from
21 F2A models, 21 F2D models, 12 F2NF models, and 10 U2D models. These variables
were organized into a hierarchy of 119 independent variable groups, 15 categories,
and 4 econometric drivers suitable for conducting simple vote count statistics. Vote counts
were summarized at the independent variable group level and formed into ratios estimating
the predictive success of each variable group. Two ratios estimates were developed based
on (1) proportion of times the independent variables had statistical significance and (2)
proportion of times independent variables met the original study authors’ expectations. In
F2D models, we confirmed the success of popular independent variables such as population,
income, and urban proximity estimates but found timber rents and site productivity variables
less successful. In F2A models, we confirmed success of popular explanatory variables

such as forest and agricultural rents and costs, governmental programs, and site quality, but
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we found population, income, and urban proximity estimates less successful. In U2D
models, successful independent variables found were urban rents and costs, zoning issues
concerning forestland loss, site quality, urban proximity, population, and income. In F2NF
models, we found poor success using timber rents but high success using agricultural rents,
site quality, population, and income. Success ratios and discussion of new or less popular,
but promising, variables was also included. This meta-analysis provided insight into the
general success of econometric independent variables for future forest-use or -cover
change research.

Keywords: forestland use change; meta-analysis; econometric modeling

1. Introduction

Forestland change is ubiquitous across America. Nationally, the 2010 RPA Assessment [1]
estimated 41 million acres of additional urban land from 1982 to 2007, a 58% increase from 1982. The
development of forestland contributed to 17 million of those acres (for comparison, this is almost the
extent of all North Carolina’s timberland). Scenarios in the 2010 RPA Assessment predicted the
expansion of urban and developed areas by 2060 will lead to an estimated 16-34 million acres (4%-8%)
of forestland loss in the contiguous US (this included a predicted 9-21 million acres of forestland
development in the US south alone). This has dramatic regional implications on economic and
ecosystem services provided by forestland, wildlife habitat, water quality, and carbon sequestration.
Conversion of forest use to other uses other than development, even if temporary, inevitably increases
soil erosion and water quality degradation. While the past 60 years has seen forestry/agriculture
conversions shifting in favor of forestland, over 9 million acres of forestland still have been converted
to agriculture in the 1982-2007 period [1].

The need for has never been greater for balancing societal demands with protection of natural forest
systems” health, biodiversity, habitat, and ecosystem services. Understanding the dynamics of changing
land use and land cover (LULC) is recognized as a critical component in land management planning
and policy development. Rural LULC change research has important and direct linkages to natural resource
health issues such as forestland conversion [2-6]. crop land abandonment and afforestation [7-9]:
agricultural crop support programs [10-13]; and land fragmentation effects on timber base [14]; water
quality; and wildlife habitat degradation. Urban LULC change studies explore sprawl and quality of
life by modeling growth patterns that reflect zoning, land use regulation policy, urban amenities, and
land value [15-29]. Recent studies measure and forecast direct and indirect effects on LULC change
through climate change models [10,30-36]. All these efforts are vital for estimated rate of change,
forecasting, policy development, and biophysical feedback from the local to global scale. Irwin [37]
offers a concise historical perspective of the diverse research efforts in rural development and
regional issues.

One important branch of LULC research is identification of econometric variables that can predict
forestland change. Stemming from classic Ricardian land rent theory and von Thiinen location theory,
this research identifies the factors driving ownership decisions to (1) keep lands in “working™ forests
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(we define “working” as sustainable performance of normal agricultural management or low to high
intensity timber management on forestlands); (2) convert lands to other uses (i.e., forest to agriculture)
or (3) permanently remove lands from rural land uses (i.e., forest to development). Since the late 20th
century, a profusion of econometric models has developed. These models rely on multivariate
regression techniques to predict the extent of land use or land cover change (the dependent variable)
based on explanatory variables such as land rent, distance to markets, or population growth.
Improvements in tabular and spatial data sources, refined GIS analysis, and innovations in econometric
model specifications have resulted in diverse modeling efforts spanning temporal and spatial scales.
These studies have employed hundreds of independent variables in efforts to explain land use change.
Most studies include important literature reviews that provide background to their research goals and
guide future efforts. However, to date there has been no attempt to systematically analyze the wealth of
information in the context of describing the types of econometric variables chosen in modeling efforts
and their relative success.

1.1. Vote Counting Meta-Analysis

The objective of this study was to the review the diverse body of literature on econometric models
regarding forest LULC change and devise a method of assessing independent variable success at
predicting forestland loss. Our method was based on a vote count meta-analysis of the observed
independent variables in each model’s results. Vote counting is a simple meta-analysis method
appropriate for studies that include a diversity of techniques, data, and assumptions such as those in
econometric models of LULC change. This method counts the number of significantly positive,
significantly negative, and non-significant correlations that explanatory variables (e.g., land rent or
population growth) have with the dependent variable (i.e., forest LULC change). Summing the votes
allows an investigator to assess the following:

e popularity of independent variables used in studies;

e success rate of statistical significance for observed independent variables used to predict
forestland loss;

e success rate of observed independent variables’ sign relationships in meeting the expected
relationships of the study authors;

e general relationships and trends drawn from these studies.

Examples of vote counting meta-analysis used in forestry-related econometric studies include
Beach ef al. [38], who assessed econometric models used in studies of non-industrial private forest
management, and Pattanayak et al. [39], who assessed agroforestry adoption studies. Both studies
point out that econometric models are not strict experiments and that the results often do not report
important assumptions, appropriate error distributions, or even standardized data development. This
lack of information precludes the use of more sophisticated meta-analysis forms other than simple vote

count procedures.

10
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1.2. Determining Vote Count “Success” for Independent Variables Used in Econometric LULC
Change Studies

There are numerous ways meta-analysis vote counting may be used to determine the “success” of
independent variables’ abilities to predict a dependent variable, in this case, forestland loss. The term
“success” is subjective and requires contextual framing in terms of the goals and methods used. Our
study utilized two definitions to interpret independent variable success. Both methods employed
simple vote counts by groups of similar independent variables. Definition No.1 of success followed
methods similar to Beach ef al. [38] and Pattanayak et al. [39] that were based on vote counts of
statistical significance. Our method recognized statistically significant independent variables
regardless of unique model conditions that may alter the sign relationship. This recognition was
important when working with such a wide diversity of study scales, regional differences, data formats,
data resolutions, and research goals. Indeed, the goal of LULC change research often is to identify and
estimate previously unknown relationships with no prior stated expectations. Therefore, significance,
regardless of sign relationship contributes important information.

We also acknowledged that often LULC change models are developed as the first step in a LULC
change forecast model, when researchers are not “exploring data” but have carefully chosen variables
with preconceived expectations of their coefficient sign and significance. Numerous studies include
these expectations in their methods or results that provide insight into the behavior of the predictive
variables given specific model conditions. We recognize there is subjectivity when using the expert
opinion of modelers. However, we feel that contrasting the expected and observed behavior of model
variables lends additional information when assessing a variable’s success for future use. Therefore,
for Definition No.2 of success, we provided the proportion of votes when observed sign relationships

met expectations to the total number of times relationships were stated for a variable.
2. Methods
2.1. Rules for Model Acceptance

Over 200 articles were reviewed on LULC change models spanning 35 years of forestry,
agricultural, urban, and land planning literature that covered diverse approaches in forestland use
change economics. In econometric LULC studies, a wide range of definitions of “forestland”
exist [40]. These are based on the study authors” objectives (i.e., strictly rural models vs urban/rural
interface models). Even so, we found considerable overlap of the predictive variables due to
similarities in many of the processes leading to LULC change. We preferred an inclusive approach to
model acceptance in attempts to capture as much overlap as possible. This approach led to the
acceptance of a wide variety of definitions of “forestland™ within the framework of this study. We
accepted four forest LULC change models types based on the “from™ and “to” conditions of the
model’s left hand side (LHS): forest to development (F2D), forest to agriculture (F2A), forest to
non-forest (F2NF) and undeveloped to developed (U2D). These are briefly described in Table 1. We
originally had two models types (F2D and F2A). Thanks to an anonymous reviewer’s advice, we
re-assessed the model types and found the F2D model types really were in three distinct types, F2D,
U2D, and F2NF.

11
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Table 1. Brief description of four model types and left hand side (LHS) conditions
accepted in meta-analysis of econometric models predicting forest land use and land cover
(LULC) change.

Model Type  LHS “From” Condition  LHS “to” Condition Comments
Typically specifies forest and urban

F2D Forestland Developed/Urban . .

from 3 or more possible LHS conditions.

. Typically specifies forest and agriculture

F2A Forestland Agriculture ; s

from 3 or more possible LHS conditions.

Gi forestl iculture, and pastur
U2D Undeveloped Developed/Urban . raups torestiand, agrlc‘u ure Aa.n pasture

into undeveloped “from™ condition.

Groups agriculture, pasture, and urban into
F2NF Forestland Non-forested RHOR e

non-forested “to” condition.

Of the four model types, F2D and F2A models are the most specific in the “from” and “to” classes.
Typically, these were multinomial dependent variable studies predicting three or more possible LULC
outcomes (i.e., forest, agriculture and urban). F2NF and U2D models were less specific because of
research goals or the model framework and specification. Often, F2NF models were multinomial
models but model coefficient results were usually reported only in terms of predicting change in
forestland compared to all other uses. U2D models grouped forestland with all other “undeveloped”
classes and predicted change to “developed”. U2D models were accepted when the authors specifically
defined forestland as a major component of the “undeveloped” class. Organizing all models into these
four types provided the opportunity to see popular and successful predictive variables by model type
and across research objectives.

In general, most of the studies focused on working forestlands (timberlands) and their
predicted gains and losses to potential regional timber supply and other ecosystem services. Those
studies would employ variables such as timber rents and land productivity to predict forestland change.
Other studies, particularly those in the U2D models, had broader definitions of forestland and may not
have differentiated between timberland and non-working forestlands in and around urban areas.
Variables of commercial timber potential give way to other important considerations such as zoning
and urban influences.

Separating the four models also facilitated a more effective meta-analysis process where an
important rule was to strive for one-vote per study to eliminate weighting effects. Numerous studies
contained both F2D and F2A models in them. Analyzing the four model types separately allowed more
than one model to be accepted from a study without violating the one-vote count per study rule.

Other rules of model acceptance were developed to address the one-vote count per study
requirement. If the study contained models of different geographic regions, each region’s model was
accepted. If the study contained multiple model specifications, the model indicated by the authors as
the best fit was accepted. If the study contained models predicting different forest types in a single
geographic region, the forest type deemed most commercially viable for that region was chosen.
Lastly, if the study contained models predicting different ownership classes, non-industrial private
forest ownerships was chosen as it represented the largest class in most regions.

12
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2.2. Independent Variable Classification and Analytical Framework

Applying the above rules narrowed the focus to a population of 47 studies with over 250 unique
independent variables. First, each accepted model was assigned to one of the four (F2D, F2A, F2NF,
U2D) model types and examined for details on model specification, study region and scale, and data
resolution. Model dependent and independent variables were examined for data sources and units of
scale. As model dependent variables predicted either forestland loss or gain, all observed parameter
coefficient signs were standardized so the vote count could be performed correctly. In some studies,
authors reversed the ordination of the NRCS Land Capability Class (LCC), a site quality characteristic,
while others did not. To standardize this, we reversed the ordination of all studies so that site quality
increased with the LCC value. All independent variables, if significant at p < 0.1, were recorded as
positive or negative, otherwise they were recorded as not significant.

To simplify the large number of independent variables, all variables were grouped in a hierarchical
classification scheme (See Figure 1). Major drivers in land use change decisions: markets, government
policies, site characteristics, and socioeconomics provided the organizational framework. Within the
major drivers, categories of variables were developed, such as timber rents within market drivers
(Figure 1). A variety of independent variables representing forms of timber rents required further
grouping within the timber rents category. The “independent variable groups™ level is where vote
counting occurred. Figure 1 shows a small portion of all F2A models, listing studies that used soil
expectation value (SEV) of sawtimber as an independent variable. All SEV variables across FZA
models were similar enough to be vote counted in “Independent Variable Group 1: Soil Expectation
Value, all sawtimber”.

Figure 1. Example of groupings of the F2A models used for vote count meta-analysis of
econometric independent variables predicting forestland loss.

Market Drivers

Category 1: Timber Rents

ndent Variable Group 1: Soil Expectation Value, A7 Sawtimber (S acre)
1) Ahnet al. 2001; observed (-)*, expected (-)**

2) Ahnet al. 2002a; observed (-), expected (-)

3) Mauldinet al. 1999a; observed (ns), expected (not stated)

7) }Dlaminga and Ahn 2002; observed (-), expected (-)

Independent Variable Group 2: Soil Expectation Value, A7/ P;

Category 2: Timber Costs / Uncertainty

Independent Variable Group 1: Uncertainty of timber returns (% change)

] 1) Schatzki 2003; observed (+), expected (+)

Government Policy Drivers

* observed is the observed relationship the model independent variable and forestland loss as
recorded in the study. Positive and negative relationships were included only if obtained statistical
significance of p = 0.10 or less, otherwise “ns” = not significant; ** expected is the expected sign
relationship for the independent variable if stated in the study, otherwise “not stated”.

13
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The success of each independent variable was then assessed and tallied based on the two success
definitions described above. Conceptually, within Independent Variable Group 1, the “Ahn et al.
2001 study was given the assignment “observed (—)”. This was the vote based on the observed
regression coefficient for SEV. The “success” Definition No.1 stated earlier (observed statistical
significance regardless of sign) was basis for this vote and it received vote of “17. The assignment,
expected (—), denotes the study authors stated that they expected this variable to have a negative
relationship in their F2A model. Thus, the variable received a vote of “1” on the basis of the “success™
Definition No.2 (observed significant relationship met expectations). While not a rigorous
examination, vote count based on the independent variable group-level was useful in drawing
observations and conclusions about the relative success of categories and independent variable groups.

To include “positive”, “negative”, and “not significant” vote counts, along with study authors’
citations for each independent variable group, proved too unwieldy to include in this paper. Instead,
we summarized “success” using the two definitions provided earlier. Definition No.1, significance
regardless of the independent variables’ sign relationships to forestland loss, was expressed using the
following ratio:

XS
S/T =n—i €))

where: }'S; = vote count sum for observed significant variable coefficients in independent
variable group (7); n; = number of independent variables in group (7).

Definition #2, meeting the authors’ expected sign relationships between independent
variables and forestland loss, was expressed using the following ratio:

_ X OEAgree;

E/T = @

ne;

where: YO EAgree; = vote count sum of observed significant variable coefficients for
independent variable group (7) that agreed with the study authors” expectations in group ()
ne;= number independent variables in group (7) with stated expectations.

S/T and E/T ratios of vote counts were performed at the independent variable group level and
summarized at the category level. High S/T ratios suggest success of the members in an independent
variable group’s ability to achieve statistical significance in predicting forestland loss for a particular
model type. High E/T ratios suggest that members in an independent variable group adhered
expectations for a particular model type.

3. Results
3.1. Accepted Models Description

For brevity, the results presented here are only summaries of the datasets created from this analysis.
We have provided a thorough dataset accompanying this study that may be downloaded by anyone
requiring a more detailed examination of the data. After careful review, a population of 64 models
from 47 studies was accepted. Table 2 lists each study by model type (F2D, F2A, F2NF, U2D) lead
author(s), dependent variable (LHS), model specification, and geographic region. The earliest model

14
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accepted was White and Flemming [41] and most recent was Meng [42]. The observed models used

change data spanning over 70 years with individual studies ranging from 2-year to 45-year periods.
Ten studies contained both F2D and F2A model types and one study contained both F2NF and

F2A models.

Table 2. Characteristics of 47 econometric studies used in this meta-analysis by forest

LULC change models, authors, dependent variable, and model specification. The LULC

change model types studied were forest to agriculture (F2A, 21 models), forest to

development (F2D, 21 models), undeveloped to developed (U2D, 10 models), and forest to
non-forest (F2NF, 12 models). (LC) identifies the 6 land cover change models, all others
were land use change models.

Model
Model Type Authors Dependent Variable Estimator (LHS) X
Specification
FA2 Claassen 1993 [43] probability: farm conversion to forest conditional logit South
FA2 Jensen 2007 [44] log acres CRP OLS South
FA2 Parks and Kramer 1995 [10] proportion: county land in WRP grouped logit National
FA2 Parks and Schorr 1997 [45] area enrolled in CRP grouped logit Northeast
FA2 Poe 1998 [46] proportion: state hydric cropland in WRP OLS National
FA2 Schatzki 2003 [47] probability: NRI crop plot to forest binomial probit South
F2A Stavins and Jaffe 1990 [48] forest from crop land abandonment nonlinear LS South
F2A White and Flemming 1980 [41] forest acres vs crop acres OLS (3-stage) South
F2D Ahn et al. 2002b [49] In(urban share/forest share) MML South
F2D, LC Hodges et al. 1998 [50] binary: LC pixel change forest to urban binomial logit South
F2D, LC Kline et al. 2009 [51] logit(developed from LC forest pixel) Logit West
F2D Nagubadi and Zhang 2005 [52]  In(timberland share/urban and other share) MML South
F2D Nagubadi and Zhang 2007 [53]  In(SW forest share/urban and other share) MML South
F2D Nagubadi and Zhang 2009 [54] In(NIPF share/urban and other share) MML South
F2D Nagubadi and Zhang 2010 [55] In(timberland forest share/urban share) MML South
F2D, LC Wear and Bolstad 1999 * [56] probability: LC forested pixel developed binomial logit South
F2D Zhang and Nagubadi 2005 [57]  In(timberland share/urban and other share) MML South
In(urban share/forest share)
F2D, F2A Ahn et al. 2000 [58] . MML South
In(agriculture share/forest share)
In(urban share/forest share)
F2D, F2A Ahn et al. 2001 [2] g MML South
In{agriculture share/forest share)
In(urban share/forest share)
F2D, F2A Ahn ef al. 2002a [59] : MML South
In(agriculture share/forest share)
. probability: NRI forest plot to urban . .
F2D, F2A Lubowski 2002 [12] . i nested logit National
probability: NRI forest plot to agriculture
. In (urban share/forest share)
F2D, F2A Mauldin ez al. 1999a [60] MML Northeast
In (farm share /forest share)
2 In (urban share/forest share) ;
F2D, F2A Mauldin ez al. 1999b [61] MML Midwest

In (farm shares/forest shares)
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Model Type

Authors

Table 2. Cont.

Dependent Variable Estimator (LHS)

Model

Specification '

1540

Region

probability: FIA forest plot to urban

F2D, F2A Munn and Cleaves 1999 [3] e . ML South
probability: FIA forest plot to agri.
3 : Midwest,
Plantinga and Mauldin 2001 * In(urban share/forest share)
F2D, F2A MML South,
[32] In(farm share/forest share)
Northeast
probability: NRI forest plot to urban ;
F2D, F2A Polyakov and Zhang 2007 [62] e nested logit South
probability NRI forest plot to farm
A probability: LC forest pixel converts
LC i Polyakov and Zhang 2008 [63] to development probability LC forest conditional logit South
pixel converts to farm
F2NF Alig er al. 1988 * [64] percent farm-forestland share-Coastal Plain SURE South
F2NF Alig 1986 ° [65] percent farm-forestland share SURE South
F2NF Hardie and Parks 1997 [66] In[P(forest)/P(developed)] MML South
F2NF Hardie ez al. 2000 [67] In[(P(forest)/P(developed)] MML South
F2NF Lewis and Plantinga 2007 [68] probability: NRI plot transition from forest  conditional logit South
F2NF Meng 2011 [42] probability: NRI plot transition from forest RP logit South
F2NF Parks and Murray 1994 ° [69] proportion of county in forestland grouped logit West
F2NF Plantinga and Wu 2003 [33] In(forested share/non-forest share) SURE Midwest
probability: transition - :
F2NF Wear et al. 1999 [70] i binomial logit South
from commercial forestry
i probability: forest to non-forest transition
FINF,A2F  Plantinga and Ahn 2002 [71] i . NSURE South
probability: farm to forest transition
U2D Alig et al. 2004 [72] In [P(developed)/1-P(undeveloped)] logit National
U2D, LC Alig er al. 2005 [14] forest fragmentation index OLS West
U2D Bockstael 1996 [73] binary: undeveloped vs developed binomial probit  Northeast
U2D Carrion and Irwin 2004 [16] probability: undeveloped to residential binomial probit Midwest
U2D Cho et al. 20057 [24] log (developed/original undeveloped area) SURE West
u2D Hsieh et al. 2000 [17] acres undeveloped converted to urban 2-Stage OLS Midwest
U2D Irwin et al. 2002 [74] In{undeveloped share/developed share) binomial probit Midwest
u2D Irwin and Bockstael 2002 [75] binary: undeveloped parcel gets developed binomial probit ~ Northeast
U2D Kline and Alig 1999 [76] probability: FIA forest plot is converted binomial probit West
. probability: LC undeveloped pixel
U2D, LC Landis and Zhang 1997 [77] ML West

to developed

! ML denotes multinomial logit, MML denotes modified multinomial logit, RP logit denotes random parameter logit, OLS denotes

ordinary least squares, SURE denotes seemingly unrelated regression equation, NSURE denotes

lated

regression equations; * Wear and Bolstad (1999) [56] had three study areas from the Southern Appalachian. We chose only one,

Henderson County, NC; ? Plantinga and Mauldin (2001) [32] had three study states that we treated separately: Wisconsin, Maine, and

South Carolina; * Alig et al. (1988) [64] had two study areas that we treated separately: Southern Coastal Plain, and Southem Interior
Highlands; * Alig (1986) [65] study modeled multiple areas in the US South but we only used the one covering the full extent; ° Parks
and Murray (1994) [69] had two study states that we treated scparately: Oregon and Washington; ’ Cho et al. (2005) [24] modeled the

cast and west sides of the Cascades region separately along with a pooled model. We chose only the pooled model.
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Six studies (labeled with “LLC” in Table 2) used land cover change models as the dependent
variable. Land cover models are derived from remotely sensed “snapshots™ of land cover and,
depending on the classification techniques used, may not detect normal forest harvesting from land
conversion activities. This could lead to erroneous estimates of true land use change (Coulston et al. [78],
Hodges et al. [50], Polyakov and Zhang [63]). However, when land cover models are thoroughly
ground-truthed and misclassifications corrected, they have the advantage of complete coverage of the
study region. With the exception of Alig er al. [14], all the land cover models included in this
meta-analysis claimed some form of validation and/or reclassification technique accounting for young
forests. The remaining 41 studies used land use change originating from inventory plot-, parcel-,
county-, or state-level data as the dependent variable. Six studies modeled multiple regions. The
footnotes for Table 2 describe our decisions regarding these studies in attempting not to violate the
one-vote per study rule.

The spatial resolution of dependent variables were graphed by model type and geographic region
(Figure 2). Pixel data refers to satellite imagery. Plot data typically came from the USES Forest and
Inventory and Analysis (FIA) or the USDA Natural Resources Inventory (NRI) datasets. Parcel data
usually came from land records offices and were found on studies covering relatively small geographic
areas. The most commonly used spatial resolution was county-level (64% of all studies). For
simplification of Figure 2, two other resolutions were grouped along with the county-level data,
Census Tracts (2 studies) and FIA units (4 studies). Typically county-level models predicted the
change in proportions (termed “shares”, Table 2) of various land uses at the county level. FIA and NRI
plot data was frequently aggregated at the county level, however, seven studies modeled change of the
NRI or FIA plots. These can be determined in Table 2 in the “Dependent Variable Estimator (LHS)”
column. By doing so, these studies took advantage of important site productivity information such as
Land Capability Class (NRI) or Site Index (FIA) included in plot inventory data. Lubowski [12] found
NRI plots the best data source for his nationwide study on land use change predictions.

Figure 2. Spatial resolutions by geographic region and model types included in a
meta-analysis of 64 econometric models predicting forestland conversion.
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Notes: pixel denotes satellite imagery data, plot denotes FIA or NRI inventory plot, parcel denotes property parcel.
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The F2D and F2A model types were most frequent, each having 21 models (33%). The number of
remaining model types ranged from five to eight. Figure 2 shows the models were highly skewed to
the US South with 37 models (58%). Most research interest in this region centered on
agriculture/forest conversion predictions and loss of productive forestland (and their benefits such as
wildlife habitat) to development. U2D processes are typically accounted for in F2D studies, perhaps
demonstrated by the lack of specific U2D studies in the US South. Forestland conversion to agriculture
1s not as prevalent an issue in other regions (i.e., northeast) relative to the US South and received less
emphasis. West Coast research that we used focused more on permanent development of rural land
rather than specific forest to agriculture processes. The other geographic regions showed consistent use
of all four model types.

Figure 3 groups model specifications by model type and geographic region. The three most
common specification groups were logit (9 specification forms); ordinary least squares (OLS,
3 specification forms), and seemingly unrelated regression equations (SURE, 2 specification forms).
Logit models represented 80% of all models with binomial or multinomial dependent variables and
were used across all model types and geographic regions.

Figure 3. Model specifications by geographic region and model types included in a
meta-analysis of 64 econometric models predicting forestland conversion.
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3.2. Frequency of Model Use by Econometric Drivers and Categories

All variables were organized into 4 major drivers: markets, government policies, site characteristics,
and socioeconomic characteristics. These drivers were further classified into 15 categories. Table 3
provides a brief description/justification of the rich variety of modeling categories in these studies.
Figure 4 provides a graphic of the frequency (popularity) of econometric drivers and categories used
by model type. Land productivity was the most popular category and used in high proportions of all
model types. Similarly population ranked very high among all model types. Rents (timber and
agricultural) were most popular with F2A, F2D, and F2NF models. Proximity to development had
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relatively high popularity in F2D and U2D models and to a lesser extent F2A models. Forestry
incentive programs were important in F2A models and zoning of interest in F2NF models.

Table 3. Description of 15 categories used to organize variables from 64 econometric

models for use in vote count summaries.

Driver Category

Description

Timber Rents Income from forest production or economic value of timber (price, efc.)
Timber Costs involved in timber production (i.e., site preparation costs) or
: indicators of uncertainty in timber product (i.e., uncertainty in
Costs/Uncertainty A
timber revenue)
Agriculture Rents  Income from agricultural production
Costs involved in agricultural production (i.e., cropping costs),
Nkt Agriculture indicators of uncertainty in agricultural product (i.e. uncertainty in
Uncertainty agriculture revenue), or practices that reduce uncertainty in
agriculture (i.e., irrigation systems)
Urban Rents Income from development or residential land value
Costs involved in development (i.e., conversion costs, property
Urban taxes), indicators of uncertainty in development markets (i.e.,
Costs/Uncertainty ~ variance of housing values), or practices that reduce uncertainty for

development (i.e., sewers nearby)

Forestry Incentive
Programs

Involving government programs promoting forestry, effects of
government programs that promote agriculture.

Zoning Effects on
Forestland Loss

Involves effects of forest/agriculture use zones, urban growth zones,
critical habitat zones. mandatory review of farmland development,
rural zoning at the county Vs township levels (and spillover effects)

Site productivity ratings for agriculture or forestry, land quality

Ond lity/I;:;juctivity fragmf:ntation. Also, land quality for development, slope, and
elevation.
Forestland Status of location with respects to timber production/ownerships
Proximity (i.e., forest type, ownership type, or contiguous forestland
Influences surrounding location).
Site Agricultural Status of location with respects to agriculture
Characteristics Proximity production/ownerships (i.e. farmer owned, acres of farmland in
Influences county).
Status of location with respects to development potential (distance
Development to roads, cities, developed sites, vacant land, erc.). Also includes
Proximity USDA Economic Research or other combinations of distance and
Influences population measurements yielding “gravity” indices, or “urban

continuity”

Population and

US Census Bureau estimates of population, typically county

Growth density.
Socioeconomic Income US Census Bureau estimates of income, typically median HH.
Other Includes landowner age, education, death rates, and effects of

Socioeconomic

changes in estate tax laws.
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Figure 4. Frequency of models by major econometric driver and categories included in a
meta-analysis of 64 econometric models predicting forestland conversion.
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3.3. Vote Count Analysis Results

Table 4 is the summarized vote count ratios for the 64 models. It was organized by the four model
types (columns) and econometric drivers, categories, and independent variable groups (rows). The
category name rows also include the number of models used for that category by model type. For
example, 16 F2D models used variables in the timber rents category (m = 16). Within each category
are the independent variable groups and their estimation units. The 113 independent variable groups
attested to the diversity and imagination study authors. Each model type has two columns containing
the vote count ratios, “S/T” (significant to total) and “E/T” (expected to total) described by success
Definitions No.1 (Equation (1)) and No.2 (Equation (2)).

The “category summary” row, allows quick assessment of the overall success of a category.
Frequently, these summaries were larger than the number of models. This resulted from models that
contained multiple variables within a category. For example, Nagubadi and Zhang [53] included
sawtimber prices of both oak and pine in the F2D model that we chose. Both variables fell under the
same category but were in different independent variable groups. The far right column (All S/T) is the
summary of S/T ratios for all model types. An important point when interpreting the All S/T column is
double counts occurred for certain variables. This results when a study had two model types (as the
case with 10 F2D and F2A models) that used the same variable.

We provided a lower limit to “success™ at 67% and visually marked ratios falling below that in
yellow for S/T ratios and orange for E/T ratios. While admittedly an arbitrary limit, this highlighted the
independent variable groups that may warrant caution.
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Table 4. Vote count meta-analysis summary of independent variables used in 47 econometric studies that estimated forest land loss

through 4 model types: forest to development models (F2D), forest to agriculture models (F2A), undeveloped to developed models (U2D),

and forested to non-forested models (F2NF).

Market Drivers

Timber Rents m=16 m=14 m=1 m=11 m=36
Soil Expectation Value, Sawtimber, All ($/acre) 3/8 2/3  8/10  8/8 3/4 2/4 14/22
Soil Expectation Value, Pulpwood All ($/acre) 1/1 1/1 1/1 1/1 22
Timber Products Income ($/county) 2/2 2/2 3/3 3/3 1/3 6/8
Stumpage Value Sawtimber, All ($/MBF) 5/5 4/4 1/1 1/1 6/6
Forestry : Crop Income Rent (ratio) 1/3 1/2 1/3
Pulpwood Stumpage Price, Softwood ($/unit) S/cu ft) 1/1 1/1
Sawtimber Stumpage Price Softwoods ($/MBF)] 1/1 1/1 1/1 /1 01 1/2 1/1 3/5
Stumpage Value Sawtimber, Oak ($/MBF) 0/1 0/1 0/1
Category Summary 12/18 13/15 1/1 8/14 33/48
Timber Costs/Uncertainty m=10 m= m=0 m=2 m=3
Timber Site Prep/Planting Costs ($/acre) 1/2 1/1 12
Trend in timber returns (returns trend line) 0/1 0/1
Uncertainty of Timber Revenue (derived) 1/1 1/1 1/1
Category Summary 1/2 1/2 2/4
Agriculture Rents m=16 m=17 m=3 m=4 m=234
County Level Farm Rent (SEV or Profit) ($/acre) 12 0/1 7/ 7/ 2/2 1/1 10/11
County Farm Prod. Rev., $ Total or Net/area) 2/13 4/4 7/9 79 23 1/2 1/2 12/27
Farm Income to State Per Capita Income (ratio) 1/1 1/1 1/1
Proportion of sales from high-value crops (ratio) 1/1 1/1 1/1

21



Forests 2014, 5 1546

Table 4. Cont.

2D
S/IT E/T

Category Summary 3/16 16/18 2/3 3/4 24/40
Agricultural Costs/Uncertainty m=0 m=35 m=1 m=1 m="7
County (or Parcel) Crop Costs ($/acre) 2/3 2/3 0/1 2/4
Uncertainty of Agriculture Revenue (derived) 1/1 1/1 1/1
Conservation Practices Used on Plot (binary) 1/1 1/1 1/1
Conversion Costs Forest to Agriculture ($) 2/2 2/2 2/2
Property Taxes (S) 1/1 1/1 11
Trend in Agriculture Revenue (% change) 0/1 0/1
Irrigation (binary) 1/1 1/1 1/1
Uncertainty of Agriculture Revenue (derived) 1/1 1/1 V1 11 2/2
Category Summary 8/10 1/1 0/1 9/12
Urban Rents m=6 m=0 m=2 m=2 m=9
Residential Land Value ($/acre) 1/1 1/1 1/1
Profit from Recently Developed Land ($/county) 6/6 6/6 1/1 1/1 2/2 9/9
Category Summary 6/6 2/2 2/2 10/10
Urban Costs/Uncertainty m=1 m=0 m=3 m=1 m=35
Value of Farmland ($) 212 22 0/1 2/3
Conversion Cost Forest to Urban ($) 1/1 1/1 1/1 1/1 2/2
Property Taxes (S) 1/1 1/1 1/1
Sewer nearby (binary) 1/1 1/1 1/1
Variance of new housing value (derived) 1/1 1/1 1/1

Category Summary 2/2 5/5 0/1 7/8
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Table 4. Cont.

2D F2NF
E/T ST ET ST EIT
Forestry Incentive Programs m=1 m=8 m=10 m=2 m=9
County Tree Planting and Cons. Expenses ($) 2/3 2/2 2/2 4/5
County Tree Planting Programs (acres) 0/1 1/1 1/1 172
Rental Rate for Ag. Reduction Prog. ($/acre) 2/2 2/2 2/2
County WRP Restoration Costs (S$/acre) 1/1 1/1 1/1
County Land in Acreage Adjustment Programs, Other Than WRP (%) 0/1 01 1/1
County Idle Crop Land (%) 2/2 2/2 2/2
Parcel (Plot) Has CRP Eligibility (binary) 2/2 2/2 22
Impact of Flood Control Program on Farming Feasibility (index) 212 2/2 1/1
Flood Control Programs Impact on Land Quality Heterogeneity (mean) 1/1 1/1 1/1
Pre-WRP Easement Property Tax (binary) 1/1 1/1 1/1
Hydric Cropland Eligible for WRP (state acres) 1/1 1/1 1/1
Category Summary 0/1 15/17 2/2 17/20
Zoning Effects on Forestland Loss m=2 m=0 m=35 m=0 m=7
County Has/Plot in Forest Use Zone Law (binary) 22 11 22
County Has or Plot in Agriculture Use Zone Law (binary) 2/2 2/2
Parcel in Critical Habitat Zone (binary) 1/1 1/1
Plot in Urban Growth Zone (binary) 1/1 1/1 0/1
Interaction Land Use Law Enacted X Urban Growth Zone (binary) 1/1 1/1 1/1
Mandatory Review on Farmland Dev. (binary) 1/1 11
County Has Comprehensive Plan (binary) /1 11 1/1
Parcel in 3+ Acre Minimum Zoning (binary) 2/2 22 22 4/4
Proportion of County in County Rural Zoning (%) 0/1 0/1

Proportion of County Rural Zoning Enacted in Neighboring Counties (%) 0/1  0/1 0/1
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Table 4. Cont.

¥2D F2A 2D F2NF

SST ET ST ET ST ET ST ET
Proportion of County in Township Rural Zoning (%) 1/1 1/1 1/1
Proportion of Township Rural Zoning Enacted in Neighboring Counties (%) 1/1 1/1 1/1
Category Summary 2/2 13/15 15/17
Site Characteristics
Land Quality/Productivity m=19 m=17 m=8 m=9 m=48
A.veragc Site Productivity Rating For County (inversed LCC, MLRA Class, or 313 22 11 77 ) 1" 24 n 18/30
Site Index)
Variance in Average County LCC (derived estimate) 1/1 1/1 1/1 1/1 2/2
Highly Productive Soils-LCC LII; MRLC Class 1,2 (% of area or binary) 8/14 5/6 712  6/7 4/5 4/6 2/3 23/37
Moderately Productive Soils-L.CC IILIV (% of county, acreage, plot, or binary) 1/1 1/1 2/2 2/2 2/2 1/1 5/5
Loss of Highly Productive Acreage During Study Period (%) 1/1 1/1
Land Quality Fragmentation Index n " "
(continuous, low value = low fragmentation, high value = high fragmentation)
Poor Soil for Development (binary) 2/2 1/1 2/2
FIA Plot or Raster Slope (%) 4/4 1/1 2/2 2/3 2/2 2/3 1/1 10/12
Elevation (meter) 1/2 1/1 172
Category Summary 17/34 23/28 12/14 11/16 63/92
Forestland Proximity Influences m=3 m=3 m=2 m= m=9
Location Is Softwood Forest (binary) 1/1 0/1 12
Location Is Hardwood Forest (binary) 0/1 0/1 0/2
Contiguous Forest Area in Parcel or Around Plot (acres) 2/2 1/1 1/1 1/1 4/4
Forested Land In County (acres) 1/1 1/1 1/1
Public Ownership (binary or percent by area) 0/1 0/1 0/1 0/1 0/3
Location Is Industry Ownership (binary) 0/1 0/1 072

Location Is NIPF Ownership (binary) 1/1 0/1 172
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