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ABSTRACT

As the leading cause of arbovirus encephalitis in the United States, West
Nile Virus (WNV) poses a public health risk in the state of Montana where
infection rates in mosquitoes can be as high as 15%. Spatial modeling can serve
as a tool for predicting outbreaks and directing prevention measures. Models for
the entire state of Montana currently exist that predict WNV risk and habitat
suitability of the predominant vector species Culex tarsalis. After collecting
additional mosquito vector samples in the summer of 2017, I used niche
modeling techniques with historic and new presence-only data to build a Cx.
tarsalis habitat suitability model covering only the Great Plains region of Eastern
Montana. An average area under the curve (AUC) value of 0.815 after replicate
cross-validation testing indicated that my model performed better than a random
model (AUC = 0.5) in predicting habitat suitability of Cx. tarsalis. Jackknife
analyses indicated that land cover type, presence of virulent competent birds,
early spring mean temperature, and early spring precipitation were the four
most influential environmental variables in predicting optimal habitat for Cx.
tarsalis. Additionally, my new data was used to perform validations on the
previous model. A two-way analysis of variance (ANOVA) was calculated on the
statewide model and Great Plains model’s predicted levels of Cx. tarsalis habitat

suitability, and was found to be not significant (p = 0.373), suggesting that both



models are equally good predictors of Cx. tarsalis distribution patterns across the
state.
INTRODUCTION

As an arbovirus, West Nile Virus (WNV) persists through a mosquito-
bird-mosquito life cycle where the bird host acts as a reservoir for virus
replication (Lindsey et al., 2010). While humans do not provide the necessary
environment to form a viral reservoir and are therefore considered dead-end
hosts, WNV and the associated health risks can still be transmitted to humans
through mosquito bites (Lindsey et al., 2010). WNV was first detected in the
United States in 1999 in New York (Dauphin et al., 2004). By 2003, the virus
reached the west coast of the country, including establishment in the state of
Montana (Dauphin et al., 2004). Montana is home to 50 species of mosquitoes
(Rolston et al., 2016); however, WNV is primarily transmitted to humans by
Culex tarsalis in this region (Hayes et al., 2005). While 80% of human infections of
WNV are asymptomatic, roughly 20% of infected humans develop flu-like
symptoms, while less than 1% of cases result in neuroinvasive disease. Therefore,
WNV is the leading cause of arbovirus encephalitis in the United States (Lindsey
et al., 2010). Particularly in older patients, encephalitis can be fatal (Dauphin et

al., 2004). Thus, WNV poses a serious public health risk. Since an effective



vaccine has yet to be developed (Dauphin et al., 2004), monitoring and
prevention tactics are currently the best methods for reducing this risk.

Spatial epidemiology uses maps and models of disease and vector
presence in order to help quantify the risk of disease, and better direct
prevention efforts. These models can also be used in predicting future risk
(Ostteld et al., 2005). Hokit et al. (unpublished) created a niche envelope model
for Cx. tarsalis for the state of Montana based on a variety of environmental
factors and mosquito sampling data collected from 2003 to 2015. A WNYV risk
model was developed as well. Continued validation of these models is crucial to
maintaining their usefulness as predictive tools.

After collecting more sampling data during the summer of 2017 in new
locations throughout eastern Montana, I incorporated this new information into
a habitat suitability model of just the Great Plains region of eastern Montana.
Since Montana’s mosquito habitat differs depending on the landscape
geography, modeling data for the Great Plains separately from the Rocky
Mountain and intermountain valley regions, may generate more accurate
predictions of Cx. tarsalis abundance. After generating my Great Plains model
using tools in ArcGIS and the machine learning tool MaxEnt, I aimed to compare
the two models in RStudio. I preformed a two-way analysis of variance

(ANOVA) on the statewide model and Great Plains model’s predicted levels of



Cx. tarsalis habitat suitability in order to test for significant differences in
predictive power. My validations and model modifications may improve the
current Cx. tarsalis habitat suitability and WNV prediction models.
MATERIALS AND METHODS
I. Sample Collection and Processing
During the summer of 2017, I trapped mosquitoes in previously unstudied
locations within the Great Plains of Montana. Each trapping site had two CDC

miniature light traps baited with CO2 from compressed gas tanks (CDC, 2003).

The traps were set one hour before sunset and ran through the night until
collection 1-2 hours after sunrise. The mosquitoes were then transported to
Carroll College in coolers for processing. Mosquito samples were sorted for
identification of Cx. tarsalis and mosquitoes were tested for the presence of WNV
using the protocols described in Hokit et al. (2013). A total of 256 sites were
sampled and tested in the Great Plains (Figure 1).

II. Model Rebuilding

To build a new niche envelope model specifically for the Great Plains of
Montana, I individually extracted 11 environmental data layers from the original
Cx. tarsalis habitat suitability model (Hokit et al., unpublished) using the Great
Plains region as a mask in ArcGIS 10.5. I used the new environmental variable

layers and 235 locations of the target species presence, to generate a new Cx.



tarsalis habitat suitability model specific to the Great Plains using the machine
learning tool MaxEnt (Phillips, 2010). MaxEnt uses cross-validation such that
90% of my data was used for training the model, and 10% was used to test the
performance of the model (Elith et al., 2011). This modeling technique was
replicated 10 times, and the average results of each replicate produced the final,
overall Great Plains model. The performance of the model was evaluated using
the area under the curve (AUC) statistic from receiver operating characteristic
(ROC) analysis, and jackknife tests demonstrated which environmental variables
most influenced the predictive power of the model (Phillips, 2010). Response
curves showed the associations between the environmental variables and the
presence of Cx. tarsalis. MaxEnt generated these response curves by building
models using each variable individually (Phillips, 2010). Comparing the AUC
values from the original niche envelope model (Hokit et al., unpublished) and
the new Great Plains model determined which model had a better predictive
performance.
III. Further Model Validation

Using newly collected data from the summers of 2016 and 2017, I
performed a two-way analysis of variance (ANOVA) in RStudio to compare the
predictive power of the statewide model and the Great Plains model. The

average number of Cx. tarsalis per trapping night was used as the dependent



variable, while habitat suitability and model type served as independent
variables. The Cx. tarsalis habitat suitability factor contained three levels: low,
moderate, and high suitability, which served as threshold values predicted to
correspond to trap night mosquito counts. The statewide model and the Great
Plains model served as the two levels of the model type variable. The ANOVA
tested whether habitat suitability and model type were significantly associated
with Cx. tarsalis trap counts. Additionally, the ANOVA tested for an interaction
between the two independent variables.
RESULTS

The average AUC value of the 10 replicates of the Cx. tarsalis habitat
suitability model for the Great Plains was 0.815. This value is much greater than
the 0.5 value of a random model, which indicates that the predictability
performance of the Great Plains model was better than random. The average
prediction results of the 10 replicates were depicted geographically to model
thresholds of habitat suitability for Cx. tarsalis in the Great Plains region (Figure
2).

The jackknife analysis results determined which environmental variables
were the most prominent contributors to predicting habitat suitability for the

Great Plains model. According to these results, the four most influential



environmental variables were land cover type, presence of virulent competent
birds, early spring mean temperature, and early spring precipitation (Table 1).

Response curves demonstrated the associations of each of the four most
influential variables with the presence of Cx. tarsalis. Wetlands and developed
land both had positive associations with the presence of the target species.
Forests had a negative association. High levels of virulent competent birds had a
positive association with the presence of the mosquito vector. The response curve
for early spring mean temperature showed there is a positive association
between increasing temperature and Cx. tarsalis in March and April. Early spring
precipitation had a negative association with very dry conditions and very wet
conditions, while moderate precipitation had a neutral association with Cx.
tarsalis presence.

Results of the two-way ANOVA compared the predictive powers of the
original statewide model and the Great Plains model (Table 2). There was no
significant difference between the model types and their ability to predict
average Cx. tarsalis counts per trapping night (p = 0.373). However, the p value of
habitat suitability was significant, which indicates that the levels of habitat
suitability predicted by the models are associated with significantly different trap
count values. The levels of habitat suitability, low, moderate, and high, were

associated with the mean values of trap counts, 13.8, 80.2, and 174.1, respectively.



Lastly, there was no interaction between model type and habitat suitability levels
(p =0.484).
DISCUSSION

The AUC value of the Great Plains Cx. tarsalis habitat suitability model
(AUC = 0.815) was lower than the reported AUC value for the model of the entire
state of Montana (AUC = 0.86; Hokit et al., unpublished). However, the lower
AUC may be a result of the smaller sampling data size available for the Great
Plains rather than an indication that the Great Plains model has less predictive
power than the model of the entire state. Instead, the two-way ANOVA results
indicate the two models are equivalent in predicting habitat suitability (Table 2).
Comparing the visual representations of the new model to the plains region of
the full state model showed that the new Great Plains model predicted a wider
distribution of Cx. tarsalis in Eastern Montana than did the statewide model
(Figure 2). Furthermore, the new Great Plains model predicts larger total areas of
the highest and lowest thresholds of habitat suitability than the full state model,
which predicts larger areas of moderate and high thresholds (Table 3). Montana
is ecologically diverse with regions of plains, forested mountains, and
intermountain valleys; the forests of Montana appear to be negatively associated
with the presence of Cx. tarsalis (Hokit et al., unpublished). It is possible that, the

full state model of Cx. tarsalis habitat suitability is underrepresenting the
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predicted presence of the vector species in the Great Plains due to forest data
from Western Montana diluting the predictions for the vastly different climate of
the plains in Eastern Montana.

Jackknife analysis and response curves results support the findings of
previous studies that land cover type, temperature, and precipitation are helpful
environmental variables in predicting habitat suitability of Cx. tarsalis (Hokit et
al., unpublished). Since vector species presence helps indicate the possible
spread of WNV, modeling these variables may aid public health prevention
efforts for the disease. Although both the statewide and Great Plains models
have equal power in predicting habitat suitability of Cx. tarsalis, the new Great

Plains model may serve as a beneficial tool in building further WNV risk models.
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TABLES

Table 1. Relative contributions of the environmental variables to the Great Plains

model.
Environmental Variable Percent Contribution to Model
Land Cover 28.1
Virulent Competent Birds 20.3
Early Spring Mean Temperature 16
Early Spring Precipitation 9.5
Late Spring Precipitation 8.2
Shannon Bird Diversity Index 6.2
Late Spring Temperature Fluctuation 3.5
Summer Precipitation 3
Winter Mean Temperature 29
Average Heating Degree Days 1.6
Summer Temperature Fluctuation 0.7

Table 2. Results of Two-Way ANOVA with Cx. tarsalis count per trap night as the
dependent variable.

D f
Source of Variation egrees 0 Summary Mean Fvalue pvalue
Freedom Square Square
Model Type Effect 1 15267 15267 0.799 0.373
Habitat Suitability 2 747542 373771 19570  <0.001*
Effect
Model Type x Habitat 2 27926 13963 0.731 0.484
Suitability
Residuals 121 2311014 19099

* — Significant value, p < 0.05.
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Table 3. Total areas of each habitat suitability threshold within the Great Plains
model and the Great Plains portion of the original full Montana state model
(Hokit et al., unpublished).

icti f Habi
PreI-(II:I:)til’?aI: © Suita:b:;itty Area in New Area in 1Statewide
Suitability Thresholds Model (sq km)  Model’ (sq km)
Lowest <0.07 89,474 23,341
Moderate 0.07-0.13 298,152 364,286
High 0.13-0.30 221,478 300,339
Highest >0.30 80,922 62,598

1 - Areas from the Great Plains portion of the model developed by Hokit et al.,
unpublished.
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Figure 1. Locations of target species Cx. tarsalis (filled circles) and WNV presence
(red targets) in the Great Plains of Montana. Sampling sites where Cx. tarsalis was
not detected are represented with hollow circles.
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