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Abstract 

While numerous studies have considered forest loss factors at local scales, there is a gap of 

comparative quantitative regional modeling at the U.S. national level. Here, we investigated 

statistical relationships between gross forest cover loss (GFCL) and numerous socioeconomic, 

biophysical and ownership variables between two decades, the 1990s and the 2000s. A spatial 

error model was employed to compensate for spatial autocorrelation effects. Models from 

the 2000s had stronger explanatory power than the 1990s models, especially in the Northeast 

and the South (R2 of 0.89 and 0.87 respectively). The amount of forested areas in low slopes 

was a highly influential factor for high GFCL, followed by urban area cover and mill density. 

On the other hand, agricultural cover was negatively correlated with GFCL acting as a 

stabilizing factor in the South and Midwest regions. Our study offers an important insight in 

regional drivers of GFCL, drivers that should be further examined in the local context to gather 

better understanding of their contributions. 
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1. Introduction 

Numerous studies have examined deforestation drivers from local to global scales. These drivers 

were usually grouped in two categories, namely proximate causes and underlying causes [1]. 

Proximate causes were defined as human activities or immediate actions at the local level, such as 

agricultural expansion, that originated from planned land use and directly influence forest cover. 

Underlying causes represent fundamental social processes, including human population changes 

and agricultural policies that motivate the proximate causes and either operate at the local level or 

have an indirect impact from the national or global level.  

Internationally, deforestation has been linked to demographic (i.e., population density) and 

accessibility (i.e., road proximity) variables [2], agricultural expansion [3], poverty [4, 5], illegal 

logging [6] (Honey-Rosés 2009 in Mexico) and other biophysical variables including altitude, 

distance to crops, and distance to rivers [7]. In another study, among 41 tropical countries between 

2000 and 2005, urban population growth and exports of agricultural products were recognized as 

significant drivers of forest loss [8]. Education levels and forest land ownership were also found to 

have impact on deforestation in 128 countries with larger than 50,000 km2 forest [9]. In two other 

studies population, education levels, and forest ownership (state owned or privately owned), were 

found to influence deforestation in Africa and Eastern Europe [10, 11]. National-level data from 100 

tropical countries were collected and two proximate drivers, commercial agriculture and 

subsistence agriculture, were identified as significant drivers of deforestation, whereas timber 

extraction and logging were recognized as proximate drivers of forest degradation [12].  

Looking at the U.S. specifically, recent studies have shown pervasive deforestation across the 

conterminous U.S. [13-16]. In addition, population and income in the U.S. are projected to increase 

in the first half of twenty first century, resulting in increased residential area and deforestation [17]. 

Mechanical disturbance, (e.g. logging), non-mechanical disturbance, (e.g., wildfire), and conversion 

to developed and agriculture lands were the main sources of these forest land losses nationally in 

U.S. and in several major level II ecoregions in the 1973-2000 period [13, 16]. In another U.S. 

Geological Survey study, forest land cover was found to be the source of 40% or more of newly-

developed urban lands in 35 of the 84 level III ecoregions in the continental U.S. between 1973 and 

2011 [15].  

Regional studies exist within the U.S. examining forest cover changes and driving forces in 

ecoregions [16, 18-20]. Studies on deforestation and fragmentation at local scales found that 

income, urbanization, slope and population were the correlated factors in parts of metropolitan 

areas in Georgia and California as well as in mountain areas in Arkansas [21-23]. However, only 

correlation coefficients or descriptive information were reported without a quantitative model 

showing the influence and/or significance of variables. To date, there have been no studies that 

examine the driving factors of deforestation at the national level in the U.S. with regional models 

that can guide understanding and management of deforestation at finer scales, for example the 

county level. A national level perspective is necessary to put regional scale drivers within a national 

context and to identify drivers possibly originating outside the study region as the result of national 

socio-economic events [18]. Fine study units (e.g. counties) are critical as that is one of the scales 

where decisions related to deforestation frequently operate in additional to national forest policy 

and private landowner decisions, and on county levels most socio-economic datasets can be derived 

[24]. 
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To close this critical knowledge gap, we examined deforestation in the conterminous 48 states 

in the U.S. and driving factors of both direct causes (e.g., logging), and of indirect or underlying 

causes (e.g., population dynamics). We built regional models with drivers of deforestation to 

examine which factors are universally influential across the U.S. and which show a more regional 

effect. Our overarching goal is to use the modeling results to guide further regional research and 

management decisions.  

2. Materials and Methods 

2.1 Study Area 

The study was conducted in the conterminous U.S. at the county level and investigated two 

decades, the 1990s and the 2000s. From the original 3,109 counties a subset was selected. Firstly, 

23 counties were removed as their boundaries have changed between the two decades. Secondly, 

a minimum threshold of 10% forest cover was established for each county, which led to the final 

total of 2,132 counties. This threshold was selected to allow our models to concentrate on forested 

counties and reduce the variable sensitivity as counties with small total forest could be highly 

sensitive to minor changes. Figure 1 presents the selected counties along with forest cover 

percentage. In the following sections we discuss the response variable (forest cover), the 

explanatory variables (a group of socioeconomic, biophysical and ownership variables) and the 

statistical models to investigate potential relationships. 

 

Figure 1 Percentage forest cover in 2001. The data was from NCLD change product and 

were aggregated in counties [25]. 

2.2 Response Variable 

Forest cover data were obtained from the National Land Cover Database (NLCD) change product 

of 1992-2001 and the 2011 NLCD product. Both NLCD products are satellite-derived and provide 

wall-to-wall forest cover datasets over the entire continental U.S. The attributed accuracy for both 
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products is approximately 80% for the forest cover changes in the change product of 1992-2001 [26] 

and similarly near 80% in the 2011 NLCD for the forest loss [27]. While these accuracies are not ideal 

for our study, they are not a cause of concern as our analysis was conducted at the county level. 

This aggregation of 30m cell data, instead of a per pixel comparison, provides higher confidence in 

the data accuracy. Furthermore, our comparison was done over time for the same counties so local 

classification errors would be present in both temporal datasets of the same county thus not 

introducing a considerable bias. 

The NLCD mapping products contain multiple classes pertaining to forest cover. For the binary 

forest map creation the classes of deciduous forest, evergreen forest, and mixed forest were 

merged into a single forest class. Gross forest cover loss (GFCL), defined as the total amount of 

forest losses in a county without accounting for forest gains, was aggregated at the county level 

using zonal statistics. An important clarification for our study is that GFCL contains all forest class 

transitions, for example it includes changes between the forest and the shrub/grassland class 

changes. Therefore some of the observed changes may not be permanent or long lasting. 

For modeling purposes the square root transformation of the GFCL percentage was applied for 

both 1990s and 2000s, to ensure normal distribution of the response variables, an essential 

condition for our subsequent regression analysis. The square root transformation was selected over 

a range of transformations to normalize the response variable distribution that was skewed to the 

right (larger values). 

2.3 Explanatory Variables 

The pool of predictor variables was comprised of four general groups: socioeconomic, ownership, 

biophysical, and spatial neighborhood variables (Supplementary Table 1). The socioeconomic 

variables were generated from Census 1990, 2000, and 2010, including population and other related 

demographic attributes, all aggregated at the county level. These variables represent underlying 

factors that may drive forest cover loss processes in indirect ways. Ownership variables and 

biophysical variables were generated by integrating forest land cover data with national datasets 

on land ownership and biophysical attributes. Ownership variables represent underlying driving 

factors of forest cover loss, while biophysical variables represent proximate factors which have 

direct impact on forest cover loss. The spatial neighborhood variables are derived from the first 

three groups to account for spatial autocorrelation effects among observations in counties.  

2.3.1 Population 

Population growth has been shown to positively correlate with forest cover loss in tropical 

countries [8] and it can potentially impact forest cover loss in the U.S. [17]. Decadal forest change 

1992-2001 at the state level in the U.S. was positively related to population growth and population 

density [28]. Population change at the local level was also related to forest cover loss near the 

Atlanta metropolitan areas in Georgia [21]. In our study, U.S. Census data in 1990, 2000, and 2010 

at the county level were processed and utilized for extraction of population data using the National 

Historical Geographic Information System (NHGIS) database of the Minnesota Population Center 

(www.nhgis.org). Percentage population changes were also computed for the two decades. 

 

http://www.nhgis.org/
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2.3.2 Income and Education 

Education and income are key demographic factors that were shown to correlate with forest 

cover changes in prior studies. For example, the human development index representing education, 

income and health was shown to be related to forest cover loss in tropical forests [29]. Income 

increase was the driving factor of forest cover loss in several parts of the U.S. [17, 23]. Education 

levels have been shown to have impacts on forest cover loss in many parts of the world [10, 11].  

Variables related to education and income were extracted from Census data in 1990, 2000, and 

2010 from NHGIS. For educational attainment, the percentage of people with high school diploma 

or higher was calculated by aggregating categories including ‘High School Graduate’, ‘Some college, 

No degree’, ‘Associate Degree’, ‘Bachelor’s Degree’, ‘Master’s Degree’, ‘Professional School Degree’, 

and ‘Doctorate Degree’. Furthermore, poverty was often found to be related to forest cover loss in 

various studies [5]. Poverty status was calculated as the percentage of households below the 

poverty level in a county. Per capita income was also attained from the census database without 

further modification. Education attainment, poverty levels, and per capita income were based on 

responses from a sampled population in the original Census data collection. Although the sampled 

values are statistical estimations for the actual values, the true value falls between the upper and 

lower bounds of estimated value with statistical significance at the 90% confidence level [30]. In 

addition to the static values, percentage change of income, poverty, and education within each 

decade was computed. 

2.3.3 Ownership and Protected Lands 

Numerous studies have examined and shown influence of land ownership and protection status 

on the forest cover loss process [31]. The direction and magnitude of these relations may vary in 

different countries. Forest land ownership is potentially related to forest cover loss in the U.S. [32]. 

Protected lands have been recognized to help prevent forest cover loss, thus exhibiting negative 

relation with forest losses [28]. The protected forests were included based on the protected land 

dataset Protected Area Database of the United States, PAD-US (CBI Edition) Version 2 from which 

GAP Status 1-3 were included to extract protected forests. In addition, major ownership classes, 

(e.g., federal, state, and private lands), were also extracted from this database to differentiate 

forests from various ownership types. The vectors of different ownership types and protection 

status were overlaid with forest maps and the amount of forest lands falling within the boundaries 

of each category was aggregated in every county by applying zonal statistics. Finally, the percentage 

of forest cover in each category out of total forest cover in the county was computed as input 

variables of statistical analysis. 

2.3.4 Road Network  

Road networks and distance to road have been recognized as contributing factors of forest cover 

loss [21]. Proximity to road is expected to positively relate to forest cover loss due to easier 

harvesting and human development. Road networks data were extracted from U.S. Census Bureau's 

TIGER Primary and Secondary Road data available in Geospatial Data Gateway data portal of the 

U.S. Department of Agriculture Natural Resources Conservation Service (USDA NRCS) to generate 

distance to road variables. Buffers of 1km and 5km from road networks were generated to represent 
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areas under different road influence. Forest maps were overlaid with road network buffers and the 

amount of forest within the buffer zones was aggregated in counties by computing zonal statistics. 

The percentage of forest in each category of 1km and 5km buffers out of total forest cover in each 

county was then calculated as input variable.  

2.3.5 Topography 

Elevation and slope have been shown to be critical factors related to forest cover loss in many 

studies in the U.S. and other parts of the world [33]. Existing forests in low slope areas in the 

beginning of the decades were more prone to forest cover loss due to higher possibility of 

residential development and less constraint for harvesting. Slope variables were derived from the 

National Elevation Dataset (NED) which is the primary elevation data product of the USGS (U.S. 

Geological Survey). The NED is a wall-to-wall dataset with the best available raster elevation data of 

the conterminous United States. For consistent cover across the continental U.S. and to match our 

NLCD data the 30m resolution product was used. It was necessary to integrate slope variables 

extracted from raster datasets with socioeconomic data from the decennial census that was in 

vector format. A slope data layer was generated from the elevation raster data layer. Slope values 

were grouped in two datasets: one binary dataset dividing the U.S. lands above and below a 5% 

threshold and another binary dataset dividing U.S. lands above or below a 10% threshold. Forest 

maps were overlaid with these categorical slope data layers and the amount of forest in each 

category was aggregated in counties by applying zonal statistics. Finally, the percentage of forest 

cover in each category out of total forest cover in the county was generated as final inputs for 

statistical modeling. 

2.3.6 Urban Clusters 

Urbanization and urban population growth as well as proximity to residential areas have been 

recognized as major factors of forest cover loss in tropical areas and in the U.S. [8]. Forest cover loss 

in the U.S. is closely related to urban development and subsequent land use changes [16, 17] with 

over 40% of urban development coming from forest cover changes in many U.S. regions [15]. Urban 

areas data were processed based on the definition and boundary shape files of urban clusters from 

U.S. Census Bureau's TIGER files. Urban clusters of larger than 500ha were selected and identified 

as another category to represent influences of major metropolitan areas. Buffers of 5km and 10km 

from urban clusters were generated to represent different pressure magnitudes of urban areas. 

Forest maps were overlaid with urban clusters, and the percent of forest in each category out of 

total forest cover in the county was aggregated in counties using zonal statistics.  

2.3.7 Agriculture 

The pressure of agriculture land use on forests have been recognized in many studies in U.S. 

(Drummond & Loveland 2010b; Sleeter et al. 2013; Napton et al. 2010; Auch et al. 2012). Agriculture 

land cover datasets were extracted from the NLCD change product, and the amounts of agriculture 

land were generated for each county by applying zonal statistics. Then, the percentage of 

agriculture land in the county was generated as a predictor variable. 
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2.3.8 Mill Density 

Timber cutting and harvesting has been recognized as drivers of forest cover loss in many parts 

of U.S. [16, 20]. In order to incorporate the influence from mechanical disturbance, or harvesting, 

mill locations in the continental U.S. were extracted from shapefiles that represent information 

collected by mill data managers in Forest Inventory and Analysis (FIA) Units as well as collaborators 

in the Texas Forest Service, the Forest Products Laboratory (FPL), and the Focused Science Delivery 

Program of the Pacific Northwest Research Station. The best available data of national coverage 

were from the 2005 dataset, which is a point vector dataset representing mills across the U.S. The 

numbers of mills were aggregated for each county. To have a quantitative estimate of wood 

extraction effects in each county and from neighboring counties, the kernel densities of pulp mill 

location points were computed. Kernel density expresses in a distance-weighted fashion the total 

number of mills that fall within the search area of a kernel. A raster map of 500m cell size was 

generated showing kernel density. For each 500m cell, the density of mills was computed in 200 km 

radius neighborhood distances using a Gaussian distance-weighted function and the values were 

aggregated at the county level by zonal statistics. The entire process was conducted in ESRI’s ArcGIS 

software. 

2.3.9 Climate 

Regional climatic variability may be influencing GFCL dynamics. To examine this influence, mean 

precipitation and temperature were derived from averaging precipitation and temperature over the 

decades of 1990s and 2000s based on monthly precipitation and temperature data from PRISM 

(http://www.prism.oregonstate.edu/). The Standardized Precipitation Evapotranspiration Index 

(SPEI) was estimated from SPEIbase v2.4 (http://spei.csic.es/database.html) which contains 

monthly data of SPEI over the period 1901-2014. The monthly SPEI data were extracted and 

averaged over the decades of 1990s and 2000s using the National Oceanic Atmospheric 

Administration (NOAA) Weather and Climate Toolkit. Finally, mean precipitation, mean 

temperature, and mean SPEI variables were aggregated in counties by zonal statistics.  

2.3.10 Neighboring Effects 

One important assumption of regression analyses is the independence among variable 

observations, which is often compromised by correlations between observations. The observations 

in our study units, i.e., counties, can be affected by Tobler’s first law of Geography in that counties 

nearby are more related than counties further away. To incorporate and address this spatial 

autocorrelation among neighboring counties, for all the aforementioned variables, another process 

of neighborhood averaging was taken to reflect the influences of neighboring counties on a given 

focal county except for mill density which was processed as kernel density over neighboring areas. 

The new value for a focal county is a weighted average in 100km, 300km, and 500km neighborhood 

with decreasing weights following a Gaussian function curve within the neighborhood. The analysis 

used ESRI’s ArcGIS software. 

 

http://www.fia.fs.fed.us/
http://tfsfrd.tamu.edu/
http://www.fpl.fs.fed.us/
http://www.fs.fed.us/pnw/about/programs/fsd/
http://www.fs.fed.us/pnw/about/programs/fsd/
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2.4 Statistical Modeling  

The statistical modeling aimed at identifying the contributing factors for GFCL. Our approach 

followed two general steps, first variable selection followed by the spatial error model. To select 

the optimal set of correlated variables, we started with all variables and applied a stepwise 

regression using ordinary least squares. During this process predictor variables were added and 

removed one at a time based on minimum entry and removal criteria. Initially, the Bayesian 

Information Criterion (BIC) was used for performance evaluation and the model with lowest BIC was 

selected. We further eliminated variables with low statistical significance, that is P-value larger than 

0.05. The process of stepwise regression generated a model of the best goodness of fit with the 

tradeoff between model complexity and accuracy taken into account by having lowest BIC. However, 

the predictor variables in the resulting model may exhibit high multicollinearity thus making 

individual variable influence difficult to isolate. To address multicollinearity selected variables were 

further filtered. Among related predictor variables with response variable (correlation coefficient > 

0.1), predictors with the highest correlation with other predictors and lowest estimated coefficients 

were removed.  

Spatial autocorrelation of regression residuals can lead to violation of regression assumptions. 

We applied a Lagrange Multiplier test to examine if significant spatial autocorrelation existed. A 

spatial error model (SEM) was implemented, shown in the following equation: 

Y = Xβ + λWɛ + ξ (1) 

Where λ is a spatial error parameter and Wɛ is a spatially lagged error term. Y is a vector 

representing the response variable of and X represents the predictor variables, β represents a vector 

of coefficients of intercept and predictor variables. Finally ɛ represents the model error with 

constant mean and variance. 

The weight matrix W was generated using the 40km neighborhood distance. This distance was 

selected as it produced the lowest Moran’s I value in 1990s and 2000s residuals. In this case ξ can 

meet the assumption of independent well-behaved error term if there is spatial autocorrelation in 

the original error term ɛ. The spatial error parameter λ is often considered as a nuisance parameter 

with little interest per se, and λ is necessary to correct for the spatial autocorrelation [34]. The mean 

of Y is not affected by the spatial error dependence. After correcting spatial autocorrelation by SEM, 

a Moran’s I test was applied to examine if spatial autocorrelation was removed from model residuals. 

Finally, in order to capture regional variability, separate models were developed for the East, 

Midwest, South, and West U.S. regions (see Supplementary Figure 1 for region boundaries). These 

major regions are defined by federal laws and are widely used for data collection and analysis. This 

regional segmentation offers a good balance between capturing local dynamics/drivers and having 

sufficient counties to develop our models and offer reliable results. 

3. Results and Discussion 

3.1 Gross Forest Cover Loss Spatial and Frequency Distribution 

Figure 2 shows the distribution of gross forest cover loss (GFCL) in the two decades. The average 

GFCL in the selected 2132 counties in 1990s was 5.7%, whereas in 2000s it was 9.9%. Looking further 
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into this GFCL magnitude change between the two decades, only 6 counties experienced GFCL larger 

than 30% in the 1990s, whereas the same number was 200 counties in the 2000s. This indicates that 

GFCL, as a percent for each county, has experienced a higher portion of extreme losses in the 2000s. 

 

Figure 2 County frequency distribution (log of frequency) across gross forest cover loss 

groups (%). Percentage losses are relative to forest cover at the start of each 

corresponding decade.  

A map of the gross forest cover loss (GFCL) response variable, the percentage of GFCL, is shown 

in the two maps from the 1990s and the 2000s in Figure 3. It is clear that the geographic distribution 

of higher relative forest losses (i.e. loss percentages) showed major differences between 1990s and 

2000s. The higher percentage of forest losses during the 1990s were in the southeast coast from 

North Carolina to Texas. In contrast, GFCL in the 2000s shows more intensified GFCL percentages in 

the eastern coast, now extending further north to New York City. A hot spot is also identified in 

Minnesota. It should be emphasized that these maps depict relative, not absolute, forest loss. 

Therefore, comparisons can be made within each county across time, however regional 

interpretations should consider the fact that forest cover varies significantly across counties (see 

Figure 1) therefore absolute losses may be distributed differently. 
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Figure 3 Gross forest cover loss during 1990s and 2000s. 

3.2 Drivers Associated with Gross Forest Cover Loss  

By applying an Ordinary Least Squares (OLS) stepwise linear regression, predictor variables were 

found that contribute significantly to forest loss in 1990s and 2000s. In order to assess 



Adv Environ Eng Res 2021; 2(4), doi:10.21926/aeer.2104026 

 

Page 11/17 

multicollinearity issues typical metrics were calculated (see Table S2 and Table S3 in supplementary 

material). Correlation coefficients of all pairs of predictor variables were less than 0.26, indicating 

low correlation among them. The Variance Inflation Factor (VIF) of all variables was considerably 

less than 5, a typical threshold for high correlation identification. Likewise, the conditional index for 

all variables were less than 30 (maximum value was 1.84), which suggests absence of 

multicollinearity [8].  

In the original OLS implementation (non-spatial regression) spatial autocorrelation was present. 

The Moran’s I of the residuals for the national 1990s model was 0.116 (p-value = 0.001) and for the 

2000s was 0.165 (p-value = 0.001). Furthermore, the LaGrange multiplier test showed spatial 

autocorrelation in both the 1990s and the 2000s model residuals with p-value < 0.05. Therefore, the 

Spatial Error Regression (SER) was selected as it can effectively address spatial autocorrelation in 

the residuals of the multiple linear regression to avoid violating the assumption of independent 

residuals in regression modeling. 

Using SER as the underlying modeling methodology separate models were developed for each 

decade and region. The results are presented in table 1. The first observation is the considerably 

higher variability captured by the 2000s vs. the 1990s models. This could be partially attributed to 

the increasing dominant influences from harvesting [35] in the eastern U.S. over other disturbance 

agent classes such as fire, decline, wind, flooding which were more influential in the 1990s and were 

not fully captured by the 1990s model. This could also be a contributor to the lower performance 

of our models in the West. The increasing influence of logging in the eastern U.S. in 2000s was also 

found in regional study of GFCL [36]. The dominant GFCL in eastern U.S. in 2000s was also shown in 

another global study of GFCL [37]. Below we examine the contributions of each predictor variable. 
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Table 1 Regional spatial error model results. Empty cells and * indicate coefficients/ R2 with p-value >0.05. All coefficients were 

standardized. Both precipitation and temperature variables were significant in South 1990s and Midwest 2000s results but only the higher 

coefficient variable from the two was selected due to high correlation. 

 
Northeast South Midwest West 

Decade 1990s 2000s 1990s 2000s 1990s 2000s 1990s 2000s 

Variable Coefficient  Coefficient  Coefficient  Coefficient  Coefficient  Coefficient  Coefficient  Coefficient  

Constant 1.30 3.32 2.1 2.41 1.76 1.52 2.05 2.34 

Slope<5% forest (%) 0.33 0.97 0.39 0.93 0.17 0.69 0.36   

Urban (>500ha) 10 km 

Buffer Forest (%) 

0.23 0.18 0.18 0.08 0.06 
 

0.16   

Agriculture (%)      -0.22 -0.34 -0.12 -0.38     

Mill Density (count/km2) 0.11 0.17 0.2 0.22 0.11       

Mean Precipitation (in.) -0.28   
 

0.43   -0.72   0.12 

Mean Temperature (F) 
 

0.72 0.48   0.52 
 

    

Spatial Error λ 0.42 0.75 0.52 0.76 0.58 0.61 0.47 0.62 

R2 0.52 0.89 0.66 0.87 0.44 0.71 0.26* 0.5* 

 



Adv Environ Eng Res 2021; 2(4), doi:10.21926/aeer.2104026 

 

Page 13/17 

3.2.1 Forest in Low Sloped Area 

The most influential was the percent of forest at a 5% or less slope (SLP5). The lower slope 

forested lands represent fewer constraints for harvesting and development. From 1973 to 2000 in 

the U.S. nationally, conversion of forests because of mechanical disturbance (i.e., logging) 

accounted for the largest gross forest loss [13]. Another major type of transition from forests was 

development during 1973-2000 [13]. For example, in the southeast Piedmont ecoregion, a major 

forested ecoregion in the east where forest cover is dominant, forest cover loss due to mechanically 

disturbance of forest was the major type of conversion between 1973 and 2000 [36]. This relation 

is comparable to the results in a study in Atlanta, Georgia [21] where forestland area change from 

1973 to 1999 positively correlated with mean slope gradient at the county level. At census tract 

level, forestland area change from 1973 to 1999 correlated negatively with mean slope gradient 

[21]. It should be noted that our modeling results focused on forest cover loss compared with 

previous studies on net forest cover changes with mixed effects from forest gains.  

In addition, the SLP5 coefficients increased considerably from 1990s to 2000s. This potentially 

reflects increasing pressure on GFCL from harvesting and wood extraction in flat areas, as steep 

slopes were not as cost-effective to harvest compared to flatter lands [38]. Logging was found to be 

the primary cause of GFCL in U.S., especially in southeast U.S., during between 2000 and 2005 [37]. 

3.2.2 Urbanization 

The relatively high impact of urbanization was reflected with high coefficients in the Northeast 

and South models. Nationally in U.S., conversion of forests to developed lands is a major type of 

land cover change from 1973 to 2000 [13]. In the southeast Piedmont ecoregion with forests as 

dominant land cover, forest to urban development were the major types of conversions between 

1973 and 2000 [36]. On the other hand, forests were also found to be a preferred land cover for 

urban expansion across U.S. 1973-2011 [15] and in the southeast [16] between 1992 and 2001.  

3.2.3 Agriculture 

Agriculture showed significant relationship with GFCL in the South and Midwest models acting 

as an important stabilizing factor. This was initially a surprising finding considering a wide range of 

studies showing a major transition from forests to agriculture between 1973 and 2000 across the 

U.S. [13, 18]. Furthermore, internationally agriculture is typically seen as a major deforestation 

contributor, primarily driven by potential financial benefits. Within the U.S. there has been 

substantial agricultural intensification, thus reducing overall land conversion pressures. In addition, 

farming communities are appreciative of land benefits and land sustainability, thus resisting to 

considerable forest loss. 

3.2.4 Mill Density 

Mill density, used as a proxy for harvesting intensity, also correlated positively to GFCL, especially 

for the Northeast and South in 2000s. Commercial forestry is among the most common drivers of 

land cover changes in southeast U.S. between 1973 and 2000 [18]. Specifically, conversion of forests 

caused by mechanical disturbance (i.e., logging) accounted for the largest gross forest loss from 
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1973 to 2000 in the U.S. nationally [13]. The increasing coefficients of mill density possibly reflect 

the increasing commerce of forest products, forest harvesting, wood extraction in the 2000s. For 

example, in a highly-forested level III ecoregion Piedmont, forest to mechanically disturbed 

increased in both the period of 2000 to 2006 and the period of 2006 to 2011, compared with 1990 

[36]. 

3.2.5 Climate 

While both precipitation and temperature variables were tested during model development, 

only one of them was further processed due to high correlation. Mean temperature was significantly 

correlated with GFCL in Northeast for 2000s and South and Midwest for the 1990s. This correlation 

could be attributed to temperature effects on tree mortality. Mean precipitation varied between 

positive and negative contribution to GFCL. The negative sign could be attributed to better than 

expected precipitation addressing drought issues [39] or extreme precipitation causing flooding and 

therefore negatively affecting forests [40]. 

Finally, the spatial parameter lambda was significant with low p-value, suggesting considerable 

spatial autocorrelation in the error structure of the regression model. The lambda parameter affects 

the modeling results by correcting the biasing influence of the spatial autocorrelation in the error 

term. It is treated as nuisance parameter meaning that statistically it is not of interest per se but 

must be accounted for in the analysis of those parameters that are of interest [34]. 

4. Conclusions 

In this study, we investigated an extensive collection of variables from three categories, namely 

socioeconomic, ownership, and biophysical variables that potentially relate to GFCL. We found that 

the amount of forested areas in low slopes was positively correlated to GFCL. This suggests that site 

access and deforestation cost may be playing an important role in forest cutting selection. Urban 

area cover was also a contributing factor to forest loss dynamics, a well-documented result of urban 

sprawl. From the forest harvesting perspective, mill density was also correlated with high forest loss 

for the Northeast and South regions. This depicts the harvesting pressures which while not as high 

as other drivers they should be considered. Climatic factors also played a role but it is difficult to 

provide concrete results as they may partially capturing localization and other drivers not examined 

in this study (e.g. policy and management). Strong agricultural presence was negatively correlated 

with GFCL in the South and Midwest regions, statistically quantifying for the first time the 

importance of agriculture in controlling forest losses at the regional level. This could be a direct 

effect of the Conservation Reserve Program in 2000s that promoted forest stability in counties with 

a higher percent of agriculture lands.  

For future work, it would be interesting to incorporate additional variables capturing 

management and decision making. Also expanding the study to include the 2010-2020 decade 

would offer additional insights. With the proliferation of satellite data, forest change detection is 

not the limiting factor for expanding this analysis globally, rather the availability of well documented 

driver data becomes a primary concern. 
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Additional Materials 

The following additional materials are uploaded at the page of this paper. 

1. Table S1: List of considered predictor variables. Exp. Corr. represents expected correlation. 

Location is from the prior studies of forest cover loss and correlation. 

2. Figure S1: Boundaries of major regions in the U.S. from Census Topologically Integrated 

Geographic Encoding and Referencing (TIGER) data. 

3. Table S2: Multicollinearity analysis among predictor variables during 1990s. Variance 

inflation factor (VIF), conditional index, and correlation coefficients were computed for each 

predictor variable and all pairs of variables. 

4. Table S3: Multicollinearity analysis among predictor variables during 2000s. Variance 

inflation factor (VIF), conditional index, and correlation coefficients were computed for each 

predictor variable and all pairs of variables. 
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