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Temperature had significant effect on Lyme, that differs 
by town

Different towns have large differences in probabilities of 
Lyme detection, and probabilities of Lyme infection

Both models were able to predict held-out data most of 
the time, but temperature is less suited to yearly-fore -
casts 
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Maine has some of the highest rates of 
Lyme in the United States. 

Problem: Most Lyme exposure happens 
locally, but our understanding of Lyme 
is at the statewide or county scale 
 Are there important spatial 

differences in Lyme at the 
town scale? 

Do we have enough informa -
tion for town-level forecast of 
Lyme 

Could we use this spatial infor -
mation for targeted preven -
tion?  

(Yes)

(Yes)

(Maybe)

Towns left blank either due to lack of 
convergence, or high uncertainty (SD >10)

Towns left blank either due to lack of 
convergence, high uncertainty (SD >10), 
or failed to outperform the null model. 
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Much more uncertainty around censored data
Temperature narrowly outperforms Null for half of towns

Within Sample Predictive Loss (2009-2016)

Has censored data
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Null model outperformed Temperature for majority of towns
                             when projected into the future

Out-of Sample Predictive Loss (2017-2018)
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Temperature captured 84%  of valida-
tion points within 95% confidence in-
terval. 

Null model captured 93%  validation 
points within 95% confidence interval. 

0 5 10 20 30 40
Miles

 12.540%

 15.770 %

 19.006 %

 22.503%

 29.251%
 63.210%

Forest ! Urban Edge

PERCENT EDGE

This work was done in collaboration with 
NASA DEVELOP’s Summer 2019 Boston - 
MA Health and Air Quality team. Thanks to 
participants: Celeste Gambino, Britnay 
Beaudry, Madison Berman, Monica Col-
menares, and node lead Zach Bengtsson. 
Dr. Susan Elias, and Chuck Lubelczyk from 
MMCRI Vector-Borne Disease Laboratory 
advised model development. Dr. Michael 
Dietze assisted in model fitting. 

NASA Develop’s
Project Summary 

@TempestMcCabe

@fosfate_


