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 Foot path spanning over 
2,175 miles from Springer 
Mountain, GA to Mount 
Katahdin, ME 

 Diverse ecosystems, rare 
species, and important 
services 

 Latitudinal and 
altitudinal gradient of 
conditions 



Current and Projected Suitable Habitats for  
Ailanthus altissima along the Appalachian Trail Corridor 

1. Relate field-based observations 
of the distribution of Ailanthus 
to a set of ecogeographical 
variables. 

2. Map the current distribution of 
suitable habitats and identify 
high-risk regions along the A.T. 

3. Integrate projected 
precipitation and temperature 
data to simulate potential shifts 
in the distribution of Ailanthus 
habitats. 

Developing a prototype application for the DSS 



 Native to China 
 Introduced to urban areas 

 Tolerates stress 

 Wide range of conditions 

 Problematic invasive in N. 
America 
 Large # airborne seeds 

 Rapid growth 

 Allelopathic 

 Root and stump shoot 
regeneration 

 Disrupts native communities 
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 Open and complex system – 
need to define ecologically 
relevant extent 

 HUC-10 level watershed 
delineations intersecting the 
A.T. centerline 
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 Large database of in situ forest 
measurements collected by the 
Forest Service 

 Plot locations swapped and fuzzed 
to protect confidentiality

 Ailanthus observed at 136 plots 
within the A.T. Shell 

Connecting Field-Based Monitoring and TOPS Modeling 
The FIA data provides detailed in situ measurements which complement 
remotely sensed observations (e.g. from TOPS). The FIA variables are closely 
related to key ecological processes like carbon fixation, nutrient cycling, 
growth, regeneration, mortality, decomposition, etc., and therefore, are 
designed to detect natural and stress-induced changes in forest condition 
from climate change, invasive species, air pollution, and other stressors.  
Areas of degraded forest conditions can be identified from FIA plot level 
data and evaluated in the broader context of TOPS data for improved 
understanding of ecosystem processes. 

Ground Based Monitoring 
The USFS Forest Inventory & Analysis (FIA) data contain detailed forest 
health information with spatial and temporal records. FIA conducts 
continuous standardized annual monitoring in all forests within the U.S. The 
data are broad in scope and produce information on forest productivity, 
biodiversity, vitality, carbon cycling, and soil conservation. The project team 
obtained FIA data from 3,926 plots covering 2002 to 2010 within the A.T. 
HUC-10 shell area.  FIA data obtained from http://www.fia.fs.fed.us/ 



 Presence-only modeling 

 Invasive population out of equilibrium within landscape, absences do not 
indicate poor conditions 

 Machine learning method 

 Maximum entropy distribution = least constrained 

 Generates ‘features’ based on distribution of environmental variables across 
presence points 

 Many iterations, balancing gain against regularization to prevent 
overfitting 

 Widely used 

 Ranked high in comparative studies 

 Large body of literature 

 Applied to diverse species and regions  

 Stable package and active user group 

sample of L, and could by chance include 
presence locations. 
Using a random background sample implies 
a belief that the 
sample of presence records is also a random 
sample from L1. 
We deal later with the case of biased 
samples. 
Description of the model 
MaxEnt uses the covariate data from the 
occurrence records 
and the background sample to estimate the 
ratio f1(z)/f(z). It 
does this by making an estimate of f1(z) that 
is consistent with 
the occurrence data; many such 
distributions are possible, but 
it chooses the one that is closest to f(z). 
Minimizing distance 
from f(z) is sensible, because f(z) is a null 
model for f1(z): 
without any occurrence data, we would have 
no reason to 
expect the species to prefer any particular 
environmental 
conditions over any others, so we could do 
no better than 
predict that the species occupies 
environmental conditions 
proportionally to their availability in the 
landscape. In MaxEnt, 
this distance from f(z) is taken to be the 
relative entropy of 
f1(z) with respect to f(z) (also known as the 
Kullback-Leibler 
divergence). 
Using background data informs the model 
about f(z), the 
density of covariates in the region, and 
provides the basis for 
comparison with the density of covariates 
occupied by the 
species – i.e., f1(z) (Fig. 1). Constraints are 
imposed so that the 
solution is one that reflects information 
from the presence 
records. For example, if one covariate is 
summer rainfall, then 
constraints ensure that the mean summer 
rainfall for the 
estimate of f1(z) is close to its mean across 
the locations with 
observed presences. The species’ 
distribution is thus estimated 
by minimizing the distance between f1(z) 
and f(z) subject to 
constraining the mean summer rainfall 
estimated by f1 (and 
the means of other covariates) to be close to 
the mean across 
presence locations. 
We note that previous papers describing 
MaxEnt focused on a 
location-based definition over a finite 
landscape (typically a grid 
of pixels). We will call this a definition based 
in geographic space 
and compare it with our new description, 
which focuses on 
environmental (covariate) space. Note, 
though, that we are not 
implying by this wording that in either 
definition there is any 
consideration of the geographic proximity of 
locations unless 
geographic predictors are used. In the 
original definition 
(Phillips et al., 2006), the target was p(x) = 
Pr(x|y = 1), which 
was a probability distribution over pixels (or 
locations) x. This 
was called the ‘‘raw’’ distribution (Phillips et 
al., 2006), and gave 
the probability, given the species is present, 
that it is found at pixel 
x. Maximizing the entropy of the raw 
distribution is equivalent to 
minimizing the relative entropy of f1(z) 
relative to f(z), so the two 
formulations are equivalent (see Appendix 
S2 for equations 
showing the transition from the geographic 
to environmental 
definitions). The null model for the raw 
distribution was the 
uniform distribution over the landscape, 
since without any data 
we would have no reason to think the 
species would prefer any 
location to any other. As mentioned at the 
start of this section, in 
environmental space, the equivalent null 
model for z is f(z). 
Constraints were described earlier in 
reference to covariates, 
but – as explained in the section on 
covariates and features – 
MaxEnt actually fits the model on features 
that are transformations 
of the covariates. These allow potentially 
complex 
relationships to be modelled. The 
constraints are extended 
from being constraints on the means of 
covariates to being 
constraints on the means of the features. We 
will call the vector 
of features h(z) and the vector of coefficients 
b (note, this 
notation is different to previous papers: 
Table 2). As explained 
Presence records 
Background sample 
Temperature 
Precipitation 
(etc) 
Probability densities 
Density 
Temperature 
Temperature 
Density 
Precipitation 
Precipitation 
Mapped covariates Sample at locations 
Figure 1 A diagrammatic representation of 
the probability densities relevant to our 
statistical explanation, using data presented 
in case 
study 1. The maps on the left are two 
example mapped covariates (temperature 
and precipitation). In the centre are the 
locations of the 
presence and background samples. The 
density estimates on the right are not in 
geographic (map) space, but show the 
distributions of values 
in covariate space for the presence (top 
right) and background (bottom right) 
samples. These could represent the densities 
f1(z) and f(z) for a 
simple model with linear features. 

Elith et al. 2011 



 From NASA’s Terrestrial Observation 
and Prediction System (TOPS) 

 AR5 CMIP5 RCP6.0 

 Generate bioclimatic variables 

 Used R package ‘dismo’ 

 Suite of 19 biologically meaningful 
climate variables 

 Annual trends 

 Seasonality 

 Extreme or limiting environmental 
factors 

 Baseline (1950-2005) and projected 
(2090-2095) data 



 Topographic (NED) 
 Elevation, slope, aspect… 

 Landcover (NLCD06) 
 Developed areas, agriculture, canopy 

cover… 

 Soil Moisture (STATSGO) 

 

 



 Performance: 10-fold cross validation on test area 
under curve of receiver operating characteristics 

 Complexity: sample size adjusted Akaike information 
criteria (AICc) 

 Simplicity especially desirable when transferring 
(projecting) to new conditions 

 Consistency: ecologically significant variables selected 
and resulting distribution in agreement with existing 
knowledge 

The following picture 

shows the omission 

rate and predicted area 

as a function of the 

cumulative threshold. 

The omission rate is is 

calculated both on the 

training presence 

records, and (if test 

data are used) on the 

test records. The 

omission rate should 

be close to the 

predicted omission, 

because of the 

definition of the 

cumulative threshold.  

   

 

The next picture is the 

receiver operating 

characteristic (ROC) 

curve for the same 

data. Note that the 

specificity is defined 

using predicted area, 

rather than true 

commission (see the 

paper by Phillips, 

Anderson and 

Schapire cited on the 

help page for 

discussion of what this 

means). This implies 

that the maximum 

achievable AUC is 

less than 1. If test data 

is drawn from the 

Maxent distribution 

itself, then the 

maximum possible 

test AUC would be 

0.849 rather than 1; in 

practice the test AUC 

may exceed this 

bound.  

   

 

 

  

 

The next picture is the 

receiver operating 

characteristic (ROC) 

curve for the same 

data, again averaged 

over the replicate runs. 

Note that the 

specificity is defined 

using predicted area, 

rather than true 

commission (see the 

paper by Phillips, 

Anderson and 

Schapire cited on the 

help page for 

discussion of what this 

means). The average 

test AUC for the 

replicate runs is 0.846, 

and the standard 

deviation is 0.043.  

   
 



 

Model 

Log 

Likelihood Parameters 

AICc 

Score 

Mean 

Test 

AUC AUC SD 

4bio_4topo -1751.24 56.8 3707.533 0.85 0.034 

2bio_1topo -1796.72 40.9 3713.173 0.812 0.035 

4bioalt_4topo_2lc -1749.24 61.8 3733.685 0.847 0.034 

5bioalt_5topo -1747.56 68.2 3777.135 0.848 0.045 

10bioalt_6topo -1735.15 72.2 3788.426 0.855 0.047 

5bioalt_4topo -1747.74 69.8 3794.235 0.849 0.044 

4bioalt_3topo -1752.98 67.8 3796.161 0.85 0.041 

5bioalt2_3topo -1750.84 69.4 3804.34 0.852 0.04 

6bioalt_6topo -1743.5 73.1 3817.243 0.848 0.046 

allbio_alltopo -1732.14 76.2 3821.316 0.847 0.039 

5bio_5topo -1751.37 74.4 3862.39 0.848 0.045 

10bio_5topo -1739.94 79.4 3886.28 0.851 0.048 

4bio_5topo -1752.8 76.9 3886.495 0.842 0.046 

10bio_5topo_4lc -1734.39 88.3 3997.353 0.844 0.046 

allbio_alltopo_alllc -1722.52 92.5 4079.972 0.844 0.049 



 

Variable 

Percent 

contribution 

Permutation 

importance 

bio11 40.1 34.7 

bio4 27.1 43.9 

bio8 22.7 6 

slope 4.6 5.1 

trasp 3.1 2 

nlcd_wet 0.9 0.7 

bio19 0.8 2.4 

dem 0.6 5.3 

Marginal 

Isolated 
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Table 8: Current and Projected Area of Suitable Habitats 

 

Suitable Area (km2) 

Province Total Area Current % Projected % Change % 

211 4478 1283 28.7% 2372 53.0% 1089 84.8% 

221 20013 17211 86.0% 19802 98.9% 2591 15.1% 

231 2831 1577 55.7% 2824 99.7% 1247 79.1% 

M211 29746 624 2.1% 14969 50.3% 14345 2298.3% 

M221 51004 39348 77.1% 49098 96.3% 9750 24.8% 

A.T. Shell 108072 60044 55.6% 89066 82.4% 29022 48.3% 

Mean Elevation (meters) Mean Latitude 

Province Current Projected Change % Current Projected 

Change 

(deg) 

Change 

(km) 

211 289 414 125 43.3% 41.26 41.41 0.14 17 

221 195 201 6 3.0% 40.31 40.63 0.31 36 

231 267 348 81 30.1% 37.17 36.02 -1.15 -128 

M211 340 436 96 28.2% 42.49 43.46 0.97 108 

M221 491 561 70 14.2% 38.23 37.68 -0.55 -61 

A.T. Shell 391 449 59 15.1% 38.91 39.35 0.44 49 



Table 8: Current and Projected Area of Suitable Habitats 

 

Suitable Area (km2) 

Province Total Area Current % Projected % Change % 

211 4478 1283 28.7% 2372 53.0% 1089 84.8% 

221 20013 17211 86.0% 19802 98.9% 2591 15.1% 

231 2831 1577 55.7% 2824 99.7% 1247 79.1% 

M211 29746 624 2.1% 14969 50.3% 14345 2298.3% 

M221 51004 39348 77.1% 49098 96.3% 9750 24.8% 

A.T. Shell 108072 60044 55.6% 89066 82.4% 29022 48.3% 

Mean Elevation (meters) Mean Latitude 

Province Current Projected Change % Current Projected 

Change 

(deg) 

Change 

(km) 

211 289 414 125 43.3% 41.26 41.41 0.14 17 

221 195 201 6 3.0% 40.31 40.63 0.31 36 

231 267 348 81 30.1% 37.17 36.02 -1.15 -128 

M211 340 436 96 28.2% 42.49 43.46 0.97 108 

M221 491 561 70 14.2% 38.23 37.68 -0.55 -61 

A.T. Shell 391 449 59 15.1% 38.91 39.35 0.44 49 



 Simple models with clear ecological interpretation 
performed strongest 

 Projecting to future conditions precludes use of 
landcover/veg variables  

 performed poorly at broad scale of model regardless 

 FIA plot location fuzzing limits examination of fine-
scale site characteristics 

 Independent test data needed to further evaluate 
performance 



 Combining Ailanthus presences from FIA and Maxent 
modeling techniques successfully estimated current 
and projected suitable habitats 

 Strong indication potential extent of Ailanthus 
habitats likely to increase as climate changes 

 Introductions will increase invasive pressure on 
sensitive high elevation and northern ecosystems 
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