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Average and Ecological Niche Modeling

Background

Figure Seven: July 2019 Maxent Forecast
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Within this project we sought to expand upon basic averaging forecasts by Figure Five: Maxent Data Processing Steps

Implementing climatological nice modeling with Maxent. To this end, we
calculated multiple zonal statistics on historical and forecasted climate
data to create variables such as mean temperature, mean precipitation
level, and Growing Degree Days (GDD). After processing the data, we were
able to input a combinations of presence, background, and historic
climate data Maxent in order to obtain a forecasted probability for each
US county in each month. However, we faced some limitations that likely
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affect our ability to make reliable and accurate forecasts. 0
Figure One A: July Historical Presence/Absence PresenceDsts | em—— Sutnat
Maxent Entropy Figure Seven: Distribution of probability forecasts for aedes aegypti across all US
TN Modelne 340 R —— counties in July 2019 (L). Map of probability distribution for California (R)
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A sence Data Background Files
.g- » — There were many limitations in this project. First, while forecast climatological
R data was obtained, the data was harder to process. The variables listed in Figure
Flgure Five: Flow qlagram of dgta processing nfaede.d to |pput data into Maxent software. Forecast Six for the historical climate data were never successfully adapted to the forecast
Figure One: Map of aedes aegypti presence Figure Two: July climate data obtained from Prism Group and historical climate data obtained from NOAA data. Therefore, we could not overlay past climate data onto forecasted climate
(Red) and absence (Blue) for California, July - - when running Maxent which harm ili mak r redictions.
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_ c S _ _ _ _ This is a significant limitation and would need to be resolved in order to proceed
glg#fre Two; HIZtOI‘IC prot;gbllltydlstrl-buJ’u?n of - Figure Six: July 2019 Maxent Result Variable Comparisons with further spatial forecast challenges. Furthermore, Maxent is has inherent

alifornian aedes aegypti presence in July limitations when is comes to making probability forecasts due in part to its
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