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chosen at random utilizing the ‘random seed’ option
(González, Paz, and Ferro 2014; Rose and Wall 2011;
Signorini et al. 2014). Setting aside data as a test data
set allows the model to run additional statistical analyses
for robustness evaluation of the final product (Phillips
2017). The area under the curve (AUC) cut-off value
utilized was 70%. AUC is an independent measure of
predictive power – it is interpreted as how well the
model distinguishes presence versus background points
(Merow, Smith, and Silander 2013) Models with an AUC
of 70% or greater are viewed as viable for predictive
purposes (Baldwin 2009), with an AUC above 50%mean-
ing the model predicts better than random choice (Rose
and Wall 2011). The cloglog output format was selected,
which gives a range of probability estimates between 0
and 1 – it is the easiest result format to interpret and the
most useful format for the purposes of this research.

All 19 bioclimatic variables were utilized in the initial
run of the model. Jackknife output data then allowed for
the elimination of variables which did not contribute to
the model. This jackknife approach represents a type of
iterative evaluation of bioclimatic variables by permuta-
tion from the set of bioclimatic variables. For each itera-
tion, each variable’s contribution to the variance
explained by the model is calculated, and the best expla-
natory variables for the model are made clear as these
produce the highest AUC values. Jackknife tests in
Maxent produce a bar graph where the bar at the bot-
tom represents the AUC of the model with all variables –
comparing this bar to the bars that represent model runs
without particular variables, the following bioclimatic
variables were eliminated from the model: 5, 6, 8, and
13 (Table 1). Multiple iterations of this process were
completed to test for changes in AUC until the AUC
value obtained was higher than the initial first run invol-
ving all 19 variables. The jackknife approach was used in
this research as an alternative to applying dimensionality

reduction techniques such as principal component ana-
lysis (PCA) as pre-processing for the input bioclimatic
variables. Applying PCA to eliminate variables by trans-
forming their information to their principal components
resulted in a final model with a lower AUC value than
utilizing the jackknife approach. Therefore, the effective
set of variables determined by jackknife was used
instead of the final model. Table 1 lists the bioclimatic
variables utilized in the final iteration of the model.

3.2. Model validation under current EEE incidence
distribution

The habitat suitability (probability of occurrence) surface for
EEE disease incidence prepared in MaxEnt was validated
using a randomization technique, applied identically for
each of four bioclimatic regions (Panhandle, North, Central
and South, respectively) in the state of Florida (Figure 2). For
validation, the MaxEnt surface developed using observed
disease locations (occurring from 2005 to 2010) and biocli-
matic covariates (collected for 1980 to 2010) was overlaid
and compared with new observed EEE disease locations
occurring during 2011–2018, evaluating the predictive
power of the prepared surface for future viral seasons span-
ning 8 years. For each bioclimatic region in the state, 99
spatially random realizations of the n observed disease
events for 2011–2018 were prepared and statistics were
collected summarizing the probability values found at
occurrence surface raster cells co-located with these simu-
lated disease events. Each random simulation was spatially
constrained to the boundary of its host bioclimatic region.
Histograms visualizing the averageprobability of occurrence
at observed disease locations versus simulation were pre-
pared to demonstrate a pseudo-p value for significance
assessment. Further comparisons among observed versus
simulated statistics summarizing EEE disease distribution in
bioclimatic regions are then discussed.

4. Results

4.1. EEEV habitat suitability model

The area under the curve (AUC) for the training data was
.770 and 0.758 for the test data. Both AUC values exceed
a threshold value of 0.5, which corresponds to the AUC
expected from a model generated at random. When the
initial model was run, training data AUC was 0.779, but test
data AUC was 0.744, so eliminating variables increased the
overall predictive power of the model. Generally, high habi-
tat suitability area for EEE appears to be concentrated on the
panhandle as well as northern and central Florida, with only
a small hotspot in southeastern Florida (Figure 3).

Table 1. Bioclimatic variables considered in the final model for
this study.
1 Annual mean temperature
2 Mean diurnal range
3 Isothermality
4 Temperature seasonality
7 Temperature annual range
9 Mean temperature of driest quarter
10 Mean temperature of warmest quarter
11 Mean temperature of coldest quarter
12 Annual precipitation
14 Precipitation of driest month
15 Precipitation seasonality
16 Precipitation of wettest quarter
17 Precipitation of driest quarter
18 Precipitation of warmest quarter
19 Precipitation of coldest quarter
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4.2. Results of model validation under 2011-2018
EEEV incidence distribution

Following application of the validation routine introduced
in section 3.2, results suggest the MaxEnt probability of
occurrence surface generated in consideration of
2005–2010 EEEV disease incidence has significant predic-
tive power towards indicating risk for future year disease

incidence (2011–2018) in the Panhandle (n = 41), North
(n = 156) and Central Florida (n = 44) bioclimatic regions.
Here, theMaxEnt surface is considered predictive provided
the means of occurrence probabilities at randomly simu-
lated disease patterns are lower than the mean occur-
rence probability at disease locations from the observed
pattern. This dynamic establishes the MaxEnt surface is
better at suggesting disease incidence than a random

Figure 3. EEE habitat suitability map, predicted by land cover, digital elevation, and bioclimatic variables.

Figure 4. Jackknife test results of final Maxent modelling output. See Table 1 for bioclimatic variables corresponding to numbered
variables.
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surface, at a significance level roughly interpretable as
p = 0.01 given 99 simulations. Histograms depicting the
mean probability of occurrence for the simulated refer-
ence distribution versus the observed pattern for the
Panhandle (Figure 5), North Florida (Figure 6), Central
Florida (Figure 7) and South Florida (Figure 8), respec-
tively. For the South Florida region (where only n = 2
disease cases were observed from 2011–2018), validation
results do not suggest significantly higher observed
occurrence probabilities from the MaxEnt surface are co-
locating with (2011–2018) disease incidence locations.
However, an alternative, additional simulation randomiz-
ing all available years of EEE disease incidence locations
(2005–2018) for South Florida (n = 18) shown in Figure 9
suggests the MaxEnt surface is predictive when consider-
ing all available disease cases.

5. Discussion

5.1. Disease-case location as a proxy for
presence-only data

Maxent provides a technique used heavily in ecology-
enabling models of habitat suitability; this approach has
great potential for utility in other fields. Utilizing Maxent,
a habitat suitability predictor was produced for EEEV

based on fatality data in horses collected from
2005–2010 in Florida, USA. This research utilized disease-
case location data as a proxy for presence-only data –
instead of tracking vector location, the model was cre-
ated based on disease presence location. Rate of detec-
tion represented a substitution for survey methods used
to gather data on species presence. Using the rate of
detection in dead-end host versus tracing vector loca-
tion could potentially eliminate the sampling bias issue
heavily present in current presence-only data survey
methods. Collecting dead-end host locations from veter-
inary professionals across the region of interest allow for
more extensive surveying to create a presence-only data
set versus relying on comprehensive (presence-absence)
surveying methods. EEEV transmission and fatality are
reported, and extensive records are kept of disease loca-
tions in this manner. This extensive record is kept by CDC
and other entities allowing for a more comprehensive
presence-only data set that has minimal skew due to
sampling bias, because all known cases are reported. If
utilizing disease-case data alleviates sampling bias (or at
least produces data with less bias), then the qualms in
interpreting the model raised by Merow, Smith, and
Silander (2013) can be solved as the sampling bias pre-
vents individuals from easily interpreting Maxent output
as habitat suitability. Given less biased presence data,

Figure 5. Panhandle region validation result.
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Figure 6. North Florida region validation result.

Figure 7. Central Florida region validation result.
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Figure 8. South Florida region validation result.

Figure 9. South Florida region alternative validation result.
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