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Dear Editor,

The black-legged tick, Ixodes scapularis Say, is the primary vec-
tor in the eastern United States of the Lyme disease spirochetes
Borrelia burgdorferi sensu stricto and B. mayonii, as well as
Anaplasma phagocytophilum (anaplasmosis), Ebrlichia muris-like
agent (ehrlichiosis), Babesia microti (babesiosis), and Powassan en-
cephalitis virus (Goodman et al. 20035; Pritt et al. 2011, 2016). The
documented distribution of this medically important tick has ex-
panded substantially over the past two decades, paralleling the in-
crease in the number and geographic distribution of reported human
Lyme disease cases in the United States (Kugeler et al. 2015, Mead
2015, Eisen et al. 2016). Although these findings highlight the need
for continued vector surveillance, resources for such work are often
very limited.

Habitat suitability models can be useful for identifying areas of
potential future expansion and thus aid in targeting limited public
health resources. To better define the leading edge of the tick’s ongo-
ing geographic expansion, recently we published a distribution map
that identified counties that were classified as suitable by at least
two statistical models, but where I. scapularis has not yet been docu-
mented to be established (Hahn et al. 2016). Peterson and Raghavan
(2017) critiqued the distribution based on the cut-point used to di-
chotomize a continuous probability into a binary suitability surface.
The authors used a simplified version of the Hahn et al. (2016)
model to demonstrate a well-known outcome that arises when con-
tinuous probabilities are dichotomized into a binary response
(Fielding and Bell 1997). That is, when the probability threshold is
reduced, a broader geographic area is classified as suitable and
model sensitivity increases. Indeed, when Peterson and Raghavan
(2017) increased sensitivity from 78% (Hahn et al. 2016) to 99%
(1% omission threshold), the predicted distribution of suitable
I. scapularis habitat increased significantly; most areas east of 98.4°
W longitude were considered suitable for I. scapularis (Peterson and
Raghavan 2017). Ixodes scapularis, a primarily woodland-
associated tick, is remarkably well-suited to survive a broad range of
climatic conditions (Eisen et al. 2015, 2016), and it is likely that if
introduced, could survive at low abundance in most of the eastern
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United States. However, the distribution map presented by Peterson
and Raghavan (2017) provides little guidance on which counties are
most likely to be suitable for I. scapularis to establish.

Peterson and Raghavan (2017) simplified our modeling ap-
proach by ignoring forest cover and elevation, two key variables
that were highly significant predictors in the models presented by
Hahn et al. (2016) and that have consistently been shown to
emerge as important predictors of the tick’s distribution and abun-
dance (Lane et al. 1991, Killilea et al. 2008, Diuk-Wasser et al.
2010). Furthermore, Peterson and Raghavan (2017) did not show
the response curves for their selected variables, making it difficult
to interpret their relevance to the biology of I. scapularis. In addi-
tion, they did not address multicollinearity among predictor vari-
ables. We reexamined some of the variables they included and
note, for example, that two predictors—minimum temperature of
the coldest month (Bio 6) and mean temperature of the coldest
quarter (bio 11)—have a correlation coefficient of 0.99 at the
county level. Such a high degree of correlation may result in model
overfitting. The possibility of biologically inconsistent variables
and inclusion of correlated variables in the model presented by
Peterson and Raghavan (2017) may explain the nuanced differ-
ences in the predicted distributions when compared to the Maxent
predictions from Hahn et al. (2016) based on the same dichotomi-
zation threshold. Notably, the differences between their model
and ours are more apparent in representations with lower sensitiv-
ity. In addition, their focus on a single model rather than using an
ensemble modeling approach as utilized in Hahn et al. (2016) un-
derrepresents the uncertainty in predictions that arises due to the
choice of modeling framework. In agreement with Peterson and
Raghavan (2017), we recognize that habitat suitability models are
used for multiple purposes and those purposes may be optimized
based on different dichotomization thresholds. Therefore, we have
reproduced the models from Hahn et al. (2016) and present the I.
scapularis distribution maps that arise from varying dichotomiza-
tion thresholds based on model sensitivity. We then show the cor-
responding changes in specificity that arise when changing
sensitivity and display the additional information on uncertainty
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Fig. 1. Maps depicting the Ixodes scapularis ensemble models consensus habitat suitability scores at four sensitivity thresholds. Scores indicate the number of
the four optimized models (BRT, boosted regression tree; GLM, generalized linear model; MARS, multivariate adaptive regression spline; Maxent, maximum en-
tropy) that classified a given county as having climate, elevation, and land cover conditions suitable for the establishment of /. scapularis. The specificity range of
the ensemble models at the given sensitivity thresholds are also shown in each map. See Supp. Fig. 1 [online only] for more details.

that arises based on an ensemble modeling framework rather than
a single model.

Using the same environmental predictors and methodology as
presented in Hahn et al. (2016), we used VisTrails Software for
Assisted Habitat Modeling (SAHM, version 2.0; Morisette et al.
2013) to develop habitat suitability models for I. scapularis in the
eastern United States using the four modeling algorithms retained in
the final ensemble model in the original publication: 1) boosted re-
gression tree (BRT), 2) generalized linear model (GLM), 3) multivar-
iate adaptive regression spline (MARS), and 4) maximum entropy
(Maxent). After obtaining the continuous relative probability map
produced by each of the modeling algorithms, we applied four dif-
ferent probability threshold values to dichotomize the model output
onto a binary occurrence surface. The probability thresholds were
based on varying the sensitivity of the models. Here we present bi-
nary habitat distribution maps for each of the modeling algorithms
based on the 78% sensitivity threshold presented in Hahn et al.
(2016), as well as maps using 90, 95, and 99% sensitivity thresh-
olds. We also calculated the resulting specificity of the models at
each of these sensitivity thresholds.

As expected, across modeling algorithms, as sensitivity (counties
classified as suitable with records of established I. scapularis popula-
tions) increases, the number of counties predicted to be suitable also
increases (Fig. 1; Supp. Fig. 1 [online only]). Although confidence in
records showing establishment is greater than absences, by increas-
ing sensitivity the number of counties with very low predicted rela-
tive probability of established populations are increasingly included
in the predicted suitability area. As a result, with increasing sensitiv-
ity there is a corresponding increase in the number of false positives
(counties classified as suitable, but where the tick has not been

reported to be established). For example, both the sensitivity and
specificity were ~78% across modeling algorithms in Hahn et al.
(2016). Increasing the sensitivity of the model to 99% leads to sub-
stantial drops in specificity, ranging from 27 to 49% (Fig. 1). Said
another way, the number of counties classified as suitable from
which there are no records of established populations increases.
While the distribution map showing suitable I. scapularis habitat
based on a 99% sensitivity threshold may be useful for identifying
areas where the tick could become established if introduced, it pro-
vides little insight into where to target limited resources for vector
surveillance activities aimed at identifying areas with the greatest
relative probability of establishment.

Although the predicted distribution of I. scapularis habitat using
a 99% sensitivity threshold across modeling algorithms (Fig. 1)
looks similar to the maps produced by Peterson and Raghavan
(2017), there are two discrepancies worth noting. First, our ensem-
ble model does not predict suitable habitat as far west as Peterson
and Raghavan (2017), particularly in Nebraska and Kansas. Second,
our ensemble model does not consistently predict suitable habitat
along the Appalachian mountain chain from northern Georgia up
along the border between Tennessee and North Carolina. A likely
explanation for the model disagreement in Nebraska and Kansas is
that Peterson and Raghavan (2017) did not include forest cover as a
predictor in their habitat suitability model, whereas forest cover was
highly significant in the Hahn et al. (2016) models. The counties
predicted as suitable by Peterson and Raghavan (2017) in western
Nebraska and Kansas are dominated by grasslands and contain
<10% forest cover. The models in Hahn et al. (2016) show low rel-
ative probability of suitable habitat in counties with minimal forest
cover. Although Peterson and Raghavan (2017) provided new I.
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scapularis collection records in Kansas in their publication, we did
not include these presence points in our reanalysis because they did
not specify the number of ticks or life stages collected, so we could
not determine if the surveillance records met the criteria for estab-
lished populations. Likely causes for low relative probabilities of
suitability in the southeastern states were discussed in detail previ-
ously (Hahn et al. 2016).

In summary, habitat suitability models are useful tools in public
health. Depending on the intended use of the model (e.g., defining
the ecological niche or climatic envelope of a species, or allocating
resources to areas where the species of interest is most likely to oc-
cur), end users may have different tolerances for false negatives or
false positives. Additionally, habitat suitability models can be useful
for gaining insight on the climatic or ecological factors that deter-
mine species distributions. An essential part of this work is interpret-
ing whether the fitted explanatory variables are consistent with
what is known about the species in order to verify the biological
plausibility of the models. Finally, compared with the use of a single
modeling framework, the ensemble modeling approach provides ad-
ditional information that can be useful for end users. Specifically,
areas predicted by all models to be suitable should provide greater
confidence of suitability than the prediction from a single model. In
an effort to make the models of greater utility to a broad audience,
we present our original ensemble models dichotomized based on 78,
90, 95, and 99% sensitivity.

Disclaimer

Any use of trade, firm, or product names is for descriptive purposes
only and does not imply endorsement by the U.S. Government.
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