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Developing an operational system for ecological
forecasting of West Nile virus

* Why did we do it?

* Where did we do it?
* How did we do it?

* Did it work?

* Why does it matter?
* What did we learn?
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Why did we do it? West Nile
virus is a terrible disease.

On her 40th birthday, Ferris was bitten by a
mosquito and contracted West Nile virus. "At
first | had sweats and chills, but then | was
brought to the hospital — but | don't
remember that last part. | had been out for
weeks. Later the doctors told me | was
paralyzed from the waist down. And that | had
contracted meningitis and encephalitis. And
that | lost my speech. And | had some brain
damage. But the worst part was that my right
hand was like this club — | had lost the use of
my drawing hand."

Emil Ferris, Chicago Magazine



Where did we do it? South Dakota, of all places...

* States with the highest long-term
annual incidence of West Nile
virus in the United States

* North Dakota (3.16/100,000)
* South Dakota (3.06/100,000)

* |n South Dakota, from 2002-2024
there have been

—————— e 2,866 reported cases

® 00110016 @ 017t 037 @ 038t0109 @ >1.10 @ Cumulativedata unavailable L4 683 cases Of neur0|nva5|ve disease
West Nile virus human neuroinvasive disease average annual e 54 deaths
incidence per 100,000 population by county of residence, .
1999-2024. Source: CDC ArboNET * 924'669 populatlon (2024)
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What’s unique about South Dakota?

* A place of extremes — the most continental of continental climates
* Abundant habitat for vectors and hosts of West Nile virus

| Combined Temperature—Precipitation Variability | LAURA INGALLS WILDER
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http://us-climate.blogspot.com/2014/12/intra-annual-climate-variability.html
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How did we do it? Integrating multiple data sources to
improve spatial and temporal predictions of disease risk.
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Calibration
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We developed a set of
simple tools (ArboMAP) to
facilitate weekly forecasting
by public health personnel
In state agencies.

JAMIA Open, 2023, 7(1), 0ooad110
https://doi.org/10.1093/jamiaopen/ooad110
A access publication 21 D ber 2023
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The Arbovirus Mapping and Prediction (ArboMAP) system
for West Nile virus forecasting

Dawn M. Nekorchuk, PhD', Anita Bharadwaja, MPHZ, Sean Simonson, MPH?,
Emma Ortega, MPH?, Caio M.B. Franga, PhD*®, Emily Dinh, PhD®, Rebecca Reik, MPH®,
Rachel Burkholder, MPH®, Michael C. Wimberly (&, PhD"*
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Ia. Obtain epidemiological and
mosquito pool WNV testing results

Mavion

2b. Move the downloaded file to the R project
weather folder

R ArboMAP Project v
3a. Use ArboMAP GUI to start a report

R ArboMAP

R markdown script performs the modeling and forecasting based on the user’s data and settings

l Human case data }

| Mosquito data I——)[ Mosquito infection rate modeling]—)[ Ensemble modeling ]—)I Predictions and forecast |

[ Weather data l——)[mgged effects}




The best model, fitted to historical data,

captures seasonal and interannual variations

251 Calibration
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WNYV Positive Counties

Did it work? The model fit the historical
data well and was able to accurately
predict seasonal and interannual
variation in WNV occurrence.

Forecasts

Forecasts made in early July can
distinguish high WNV years (2016

and 2018) from low WNV vyears
(2017 and 2019)
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Meteorological Data Predict West Nile Virus in a High-Risk
Region of North America
Michael C, Wimberly =1, Justin K. Davis, Michael B. Hildreth, and Joshua L. Clayton

Published: 16 August 2022 | CID: 087006 | https://doi.org/10.1289/EHP10287



Why does it matter? Forecasting is needed for public health
decision-making to address limitations of surveillance data.

Reports of human cases are delayed by
weeks to months

In 2018, only 8 cases were reported by July
26th, giving the false impression of low WNV
risk. In reality, 50 cases had already occurred,
and there were 169 cases during the 2018
season — the highest total since 2012. Qur
WNV forecasts predicted a higher-than-usual
level of WNV risk in early July, highlighting
the need for aggressive prevention
messaging and vector-control.

Advance Access Publicati
Vector-Borne Diseases, Surveillance, Prevention

In SD, mosquito abundance is not a reliable
predictor of WNV risk

Most cases occur between weeks 28-36, after
the seasonal peak in mosquitoes.
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Epidemic West Nile Virus Infection Rates and Endemic

Population Dynamics Among South Dakota Mosquitoes:

A 15-yr Study from the United States Northern
Great Plains
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We implemented ArboMAP in several other states.
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What did we learn? There are opportunities...

* Integrating multiple data streams UM LIEAITH  Topios v Programs v LSTSNg& | Healtoa
(human case surveillance, mosquito
surveillance, and environmental R
monitoring) improves accuracy of | —

arbovirus risk forecasts.

* The goal of generating operational 0
forecasts of arbovirus risk in a public 5 =

2020,

health setting is feasible.

2019

* Arbovirus risk forecasts can provide ——
a unique source of information that
is useful to support decisions about Y
public health messaging and vector e o
control activities.
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...but also challenges.

* Fragmented and uneven
surveillance data create X
challenges for modeling and Join the

prediction. s_w.A.T.

 Uncertain forecasts needs to be
translated into actionable
decisions.

* Improved tools and enabling
environments are needed to
support long-term sustainability
and institutionalization.
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