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Many species have experienced dramatic changes in both geographic range and population sizes in recent
history. Increases in the geographic range or population size of disease vectors have public health rele-
vance as these increases often precipitate the emergence of infectious diseases in human populations.
Accurately identifying environmental factors affecting the biogeographic patterns of vector species is a
long-standing analytical challenge, stemming from a paucity of data capturing periods of rapid changes
in vector demographics. We systematically investigated the occurrence and abundance of nymphal Ixodes
scapularis ticks at 532 sampling locations throughout New York State (NY), USA, between 2008 and 2018,
a time frame that encompasses the emergence of diseases vectored by these ticks. Analyses of these field-
collected data demonstrated a range expansion into northern and western NY during the last decade.
Nymphal abundances increased in newly colonised areas, while remaining stable in areas with long-
standing populations over the last decade. These trends in the geographic range and abundance of
nymphs correspond to both the geographic expansion of human Lyme disease cases and increases in inci-
dence rates. Analytic models fitted to these data incorporating time, space, and environmental factors,
accurately identified drivers of the observed changes in nymphal occurrence and abundance. These mod-
els accounted for the spatial and temporal variation in the occurrence and abundance of nymphs and can
accurately predict nymphal population patterns in future years. Forecasting disease risk at fine spatial
scales prior to the transmission season can influence both public health mitigation strategies and individ-
ual behaviours, potentially impacting tick-borne disease risk and subsequently human disease incidence.

� 2020 Australian Society for Parasitology. Published by Elsevier Ltd. All rights reserved.
1. Introduction

Zoonotic pathogens, those transmitted naturally among wild-
life that can infect humans, represent a resurgent threat to
human health (Woolhouse et al., 2001; Jones et al., 2008). The
recent emergence and re-emergence of diseases caused by zoono-
tic pathogens has been associated with alterations in human
land-use patterns and global climate change, although the
abun-
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mechanistic links are often obscure (Lashley, 2004; Aguirre and
Tabor, 2008; Suzán et al., 2008; Aluwong and Bello, 2010;
Chaves and Koenraadt, 2010). One proposed mechanistic driver
precipitating zoonotic disease outbreaks is the impact of environ-
mental features on the geographical distribution and abundance
of arthropod vectors of diseases (Sleeman et al., 2009; Fouque
and Reeder, 2019; Petrosillo, 2019). Thus, establishing which
environmental features promote geographic range or population
size changes of vectors can identify ecological processes that
are exacerbating disease risks from many zoonotic pathogens.
Further, empirically validated biogeographic models of the vec-
tors can result in accurate predictions of future range or popula-
tion size expansions which can be critical components in the
design of effective mitigation strategies (e.g. Guerra et al., 2002;
Gage et al., 2008; Patz et al., 2008; Diuk-Wasser et al., 2010;
Kaplan et al., 2010; Khatchikian et al., 2011). Here, we use fine-
scale spatio-temporal data collected over a decade and across a
large geographic expanse to build and validate predictive biogeo-
graphic models of a medically-relevant tick vector, Ixodes scapu-
laris. We focus on nymphs, the tick life stage that most
commonly infects humans with pathogens including those
responsible for Lyme disease, babesiosis, and anaplasmosis
(https://www.cdc.gov/lyme/datasurveillance/maps-recent.html
access 21 May 2020; https://www.cdc.gov/parasites/babesiosis/
epi.html access 21 May 2020; https://www.cdc.gov/lyme/trans-
mission/index.html accessed 21 May 2020).

Scientific and anecdotal evidence suggest that the population
density and geographic range of I. scapularis have increased in
the northeastern United States (US) over recent decades, following
several hundred years at undetectable levels (Humphrey et al.,
2010; Ginsberg et al., 2014; Khatchikian et al., 2015; Van Zee
et al., 2015; Eisen et al., 2016; Sonenshine, 2018). These changes
in the occurrence and abundance of I. scapularis correlate with
changes in the spatial distribution and incidence of human dis-
eases caused by pathogens vectored by this tick (Persing et al.,
1990; Marshall et al., 1994; Hoen et al., 2009; https://www.
cdc.gov/lyme/datasurveillance/maps-recent.html accessed 21
May 2020) (Fig. 1). While several of the potential environmental
drivers of the re-emergence of I. scapularis in the northeastern US
have changed little over recent time, the changes in I. scapularis
population demography and human disease incidence have been
very heterogeneous (Higgins, 2004, Khasnis and Nettleman, 2005,
Ogden et al., 2008a, Ogden et al., 2008b). For example, Westchester
County, New York State (NY) (southern Hudson Valley) has experi-
enced consistently high human Lyme disease incidence for more
than 20 years while in Albany County, NY (northern Hudson Val-
ley), incidence has steadily increased from around 0 cases in
1997 to 215 per 100,000 persons in 2009 (New York State Depart-
ment of Health, 2019). Linking environmental features to current
tick spatial patterns is challenging, as the observed patterns reflect
the integration of multiple ecological processes over a long history,
and ecological processes differ across geographic space due to
environmental heterogeneity (Lemey et al., 2009; Chikhi et al.,
2010). Analysing data collected during the dynamic phase of pop-
ulation growth and geographic expansion, together with environ-
mental metadata at similar spatial and temporal scales, can avert
this statistical challenge (Lemey et al., 2009; Pybus and Rambaut,
2009). Remotely sensed environmental data, combined with a suf-
ficiently large dataset of the occurrence and abundance of nymphal
ticks, allow for high-resolution spatio-temporal modelling of these
data with respect to the natural environmental heterogeneity and
ecological processes (Drummond and Rambaut, 2007; Epps et al.,
2007; Gasbarra et al., 2007; Hey and Nielsen, 2007; Balkenhol
et al., 2009; Cushman and Landguth, 2010; Hey, 2010; Lacey
Knowles and Alvarado-Serrano, 2010; Shirk et al., 2010; Spear
et al., 2010).
2

The power to accurately identify and quantify the effect sizes of
environmental features on population dynamics increases with the
analysis of empirical data collected during changes in population
size or geographic range within appropriate statistical frameworks
(Bernatchez and Wilson, 1998; Fisher and Owens, 2004; Rowe
et al., 2006; Carstens and Richards, 2007; Hickerson et al., 2010;
Dawson and Phillimore, 2014). Data collected during the dynamic
phases of range expansion and population growth are ideal for
developing biogeographic models that explicitly incorporate time,
space, and environmental features (Daniels et al., 1991; Fraser
et al., 1997; Austin, 2002; Dolan et al., 2004; Guisan and Thuiller,
2005; Carstens and Richards, 2007; Elith and Leathwick, 2009;
Pontius and Neeti, 2010; Leighton et al., 2012). We have amassed
data on the occurrence and abundances of nymphal ticks during
annual field collections (2008–2018) from locations distributed
throughout NY, a large geographic area that is representative of
much of the natural environment that I. scapularis may encounter
in the northeastern US, which includes rapid and recent changes
in climate and landscape features.

Determining how environmental features correlate with the
spatial and temporal heterogeneity of I. scapularis in a natural
ecosystem enables a mechanistic understanding of how the envi-
ronmental factors in a real ecosystem influence the realised geo-
graphic range and population sizes of this important disease
vector. We developed spatio-temporal biogeographic models to
assess the potential impact of hundreds of environmental features,
derived from remotely-sensed climate and landscape data, on the
occurrence and abundance of I. scapularis nymphs. Understanding
these general biological and ecological principles will ultimately
lead to novel ecological control strategies such as landscape man-
agement or urban planning that may be broadly applicable. Fur-
ther, models that accurately assess the correlation between
environmental features and nymphal demography can be used to
predict the risk of human contact with the disease vector and
potentially predict future human disease incidence.
2. Materials and methods

2.1. Data

The occurrence and density of host-seeking nymphs at publicly
accessible forested locations across NY were investigated between
April and early December from 2008 to 2018. The sampling proto-
col at all sites consisted of standardised dragging, flagging, and
walking surveys using 1 m2 of white flannel or canvas as previ-
ously described (Prusinski et al., 2014). A total of 532 unique loca-
tions were sampled at least once between 2008 and 2018 with
varying number of sites per county. Some locations were sampled
annually while others were sampled on a rotational basis every 2–
5 years such that locations were visited in 2.5 different years on
average. The variation among sites in the number sampling visits
and years sampled was independent of tick collection success dur-
ing prior sampling. Sites were visited an average of 4.7 times
throughout our collection time period.

Local environmental conditions, including ambient air temper-
ature and relative humidity measured by sling psychrometer
(model 0012-7043, Bacharach, New Kensington, PA, USA) or digital
hygro-thermometer, estimated wind speed (mph), general
weather observations, and start and stop times of sampling were
recorded at each sampling visit. Estimates of I. scapularis nymph
population size, as represented by Fig. 1, were calculated by divid-
ing the total number of nymphs collected by the total person-hours
of sampling effort for each county.

Environmental features (Supplementary Table S1) were curated
based on a priori hypotheses about how specific biotic and abiotic
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Fig. 1. Changes in nymphal tick and Lyme disease incidence across New York State, USA. The geographic range of nymphs expanded across New York State between 2009 and
2017. Although nymphal sampling effort was geographically less expansive prior to 2013, data from all years suggest that few counties west of the Hudson River Valley had
no or few detectable populations of nymphal Ixodes scapularis. By 2017, tick populations had expanded into most of the sampled counties (nymphs were detected in 50 of the
55 sampled counties in 2017 (90.9%) while nymphs were detected in only 18 of 33 (54.5%) counties in 2009). Further, nymphal abundances were relatively high across most
counties in New York State in 2017, whereas high nymphal abundance was detected in only the eastern edge of the state and one other county in 2009. The increasing trends
of both the occurrence and abundance of nymphs are apparent in the data collected across sampling (2008–2017). Human Lyme disease incidence is correlated with the
geographic and demographic expansion of nymphs at the county level. That is, counties with high nymphal abundance tend to have higher human Lyme disease incidence
rates. Further, human Lyme disease cases expanded westward between 2009 and 2017, with human cases appearing 1–3 years after nymphs were first detected in these
counties. County-level abundance was calculated from surveillance data as total nymphs collected per total effort for each county.
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factors may influence the I. scapularis lifecycle. Environmental fea-
tures can be classified into several general categories.

� Local environmental features such as relative humidity, local
temperature, and weather conditions that are specific to a loca-
tion at the specific date and time of sampling.

� Climate measures such as monthly temperature, precipitation,
and humidity values. Cumulative degree days include degree
days above zero degrees Celsius during different seasons and
tick life stages – larval (Jan–Aug) and nymphal (Jan–May) – as
well as days below zero degrees Celsius in the winter (Dec–
Feb). These climate features were also calculated for one and
2 years prior to nymphal collection for each location. Climatic
anomalies, the difference between a climate measure and the
30-year average of that climate variable from 1981 to 2010,
were also calculated and used as a predictor in regression
models.

� Biodiversity indices: biodiversity scores were obtained from a
predictive model that evaluates the terrestrial biodiversity of
both lands and waters in NY. Aquatic biodiversity is based on
watershed score.

� Vertebrate populations: annual white-tailed deer harvest data
and human population data were obtained for each county.

� Landscape data includes elevation and proportions of urban,
forest or shrub landcover.

� Geographic data such as distance to roads and hydrological fea-
tures, the nearest road classification, designation as a critical
environmental area, and ecological zone classification.
3

2.2. Data accessibility

The tick collection data and the analytical code used in this
paper are available at MendeleyData (doi:https://doi.org/10.
17632/rtd52gnbyy.1). The environmental and human disease
data are available in public databases (Supplementary
Table S1). Human Lyme disease incidence data was obtained
from the NY Department of Health’s communicable disease
annual reports (New York State Department of Health,
2019; https://www.health.ny.gov/statistics/diseases/communicable/).
Environmental data were collected from multiple state and fed-
eral databases. Climatic gridded data were obtained from PRISM
Climate Group (Prism Climate Group, 2018; https://prism.oregon-
state.edu/); biodiversity indices and hydrography data were
obtained from the NY Geographical Information Systems (GIS)
Clearinghouse (NY, USA; https://gis.ny.gov/gisdata/); white-
tailed deer data were acquired from the NY Department of
Environmental Conservation (Department of Environmental
Conservation, 2018; https://www.dec.ny.gov/outdoor/42232.
html); landscape data were calculated from the USGS [United
States Geological Survey] National Land Cover Database
(https://www.usgs.gov/centers/eros/science/national-land-cover-
database?qt-science_center_objects=0#qt-science_center_objects);
and elevation data was from the USGS National Elevation Dataset
(https://www.usgs.gov/core-science-systems/national-geospatial-
program/national-map). Road data and human population data
were obtained from the US Census Bureau (https://www.cen-
sus.gov/en.html).
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2.3. Statistical models

Independent models were built to investigate the presence
and the abundance of nymphal ticks as distinct environmental
features are likely to influence the biological processes affecting
tick occurrence versus tick abundance. Fitting two separate mod-
els to the data also increases the interpretability of the model
and model parameters. The occurrence of nymphal I. scapularis
at each sampled location was related to our environmental fea-
tures database using a logistic regression model with a binary
outcome and binomial error distribution. The best fitting model
according to Akaike’s information criterion (AIC) was selected
using a forward stepwise algorithm and k-fold cross-validation.
Briefly, k-fold cross-validation is used to evaluate the perfor-
mance of machine learning models by training multiple models
on different subsets of the data and testing prediction accuracy
on the data subsets not used for model training. Our data sub-
sets were chosen to be each collection year in order to limit
overfitting the model to a single or aberrant year. Thus, k = 10
forward stepwise feature selection algorithms were performed
using training datasets consisting of nine of the 10 years
between 2008 and 2017 with each year held out of the model
training in one of the 10 models. Features included in more than
eight of the 10 cross-validation models were included in our
final predictive model. The statistical significance of the environ-
mental features in the final model were determined using Wald
tests. The out-of-sample predictive accuracy of this model was
evaluated by predicting the 2018 collected tick data, which
was not used in any of the model fitting described above. The
2018 dataset consists of sites that were sampled prior to 2018
(144 sites) and used to train the models as well as independent
sites which were not sampled before 2018 (16 sites). We
assessed predictive accuracy by (i) sensitivity, or the true posi-
tive rate – the ability of the model to correctly identify locations
sampled in 2018 with ticks – and (ii) specificity, or the true neg-
ative rate – the ability of the model to correctly identify loca-
tions sampled in 2018 without ticks.

Abundance of nymphal I. scapularis at each site was related to
our environmental features database using a linear regression
model. Only sites with tick presence, and thus a smaller dataset
than used for the occurrence model, were used for variable
selection and building the nymphal abundance model. The num-
ber of nymphs collected at each site was log-transformed and
modelled as a linear function of each environmental feature. This
model assumes the presence of nymphs at all sites as the log of
zero is undefined. The best fitting model according to AIC was
selected using a similar forward stepwise algorithm and k-fold
cross-validation as described above. The statistical significance
of environmental features included in the final model were
determined using t-tests. To assess the predictive accuracy of
the model, actual and predicted abundances were categorised.
Actual nymphal abundance was divided into similar sized cate-
gories of low (1–4 nymphs), medium (7–35 nymphs), and high
(36 + nymphs), and was compared with nymphal abundance
predictions that were categorised into accurate, under- and
over-predictions. Model predictions were considered accurate if
the size of the prediction error was within one natural log unit
(e�2.718) of average prediction error. The model prediction for
a site was considered overpredicted if the prediction was greater
than the actual value by more than the average prediction error
plus one natural log unit. The model prediction was considered
underpredicted if the prediction was less than the actual value
by more than the average prediction error plus one natural log
unit.
4

3. Results

3.1. Nymphal tick collections

Host-seeking nymph collections yielded over 22,000 nymphs
from over 2,000 visits to 532 sites conducted between 2008 and
2018. Over this time frame, the geographic range of nymphal ticks
expanded from 33% of the counties in NY in 2008 to more than 90%
of the counties in 2017 (Fig. 1). Stable nymph populations have
been detected in southeastern NY and the Hudson River Valley
prior to 2008 and remained present throughout our collection per-
iod (Khatchikian et al., 2012). More recently, tick populations
spread westward and likely northward (Fig. 1). The geographic
range expansion did not appear to proceed uniformly as new pop-
ulations were detected in areas that are geographically distant
from all other known populations. Nymphal abundances also var-
ied over the collection period with the largest changes occurring
in areas where nymphs were recently detected (Burtis et al.,
2016). That is, nymphal abundances in eastern NY remained rela-
tively high throughout the sampling period while many areas in
northern and western NY increased from undetectable to abun-
dances approaching those in eastern NY.

The spatial and temporal variation in the county-level abun-
dance of nymphal ticks corresponds with reported Lyme disease
incidence (Fig. 1) (New York State Department of Health, 2019).
Notably, Lyme disease incidence tended to be greater in counties
with greater nymphal abundances within each year. Lyme disease
incidence increased primarily in the western and northern NY
counties between 2008 and 2017, similar to the observed distribu-
tion of nymphal ticks. However, nymphal I. scapularis populations
were often detected 1–3 years before Lyme disease cases were
reported from a given county or NY region.

3.2. Model accuracy

We estimated separate regression models for the occurrence
and abundance of the nymphal ticks in our collection data (Table 1).
The occurrence model with the greatest predictive accuracy cor-
rectly identified 80.6% of the sites, with 87.4% of sites where nym-
phal ticks were collected and 85.5% of sites where ticks were not
detected within the training dataset (2008–2017). Importantly,
this model predicted a similar proportion of sites with and without
ticks (80.6% and 80.7%) in the out-of-sample dataset collected in
2018, data not used to train the model. Additionally, the predic-
tions were equally accurate for sites that had not been visited prior
to 2018 as for those that had been previously sampled. The diag-
nostic accuracy of the occurrence model is summarised by a receiv-
ing operating characteristic (ROC) curve (Supplementary Fig. S1)
demonstrating excellent discriminatory power in classifying sites
by tick occurrence. These results indicate that this model incorpo-
rates environmental features that can explain the interannual and
spatial heterogeneity in the data and can accurately predict nym-
phal tick distributions in future years (Fig. 2).

The abundance model with the greatest predictive accuracy
estimated nymphal abundances at 83.5% sites in the training data-
set. Model predictions were not biased as 8.2% of the sites were
overpredicted and 8.2% underpredicted. Similar to the occurrence
model, the accuracy of the abundance model predictions in the
2018 dataset were only slightly lower than in the training data
(74.8%), indicating that the environmental features incorporated
in this model capture the interannual and spatial heterogeneity
needed to accurately predict tick abundances in future years
(Fig. 2). Further, the predictions of the abundance model were
equally accurate for sites that had not been visited prior to 2018



Table 1
Ecological factors with predictive power of tick occurrence and abundance.

Occurrence Model P value Abundance Model P value

1. Physical and ecological habitat
Latitude a (�) Latitude a (�)

Longitude a (+)
Eelevation a (�) Elevation d a

Forest b (�)
Distance to nearest hydrography feature c (�)

Road type of nearest road e , Interstate a (+)
Road type of nearest road e, State/Other c (+)
Distance to nearest road (�)
Indicator of critical zone (�)

2. Nymph activity period
The spring/summer of the two years prior to collection

Degree days above 0 C (spring) a (�)

3. Adult activity period
The fall of the two years prior to collection

Maximum vapour deficit pressure anomalies (Oct) b (+)
Minimum vapour deficit pressure anomalies d (Oct) b (�)

4. Overwinter success of adult ticks & eggs
The winter in the year before collection

Minimum vapour deficit pressure (Jan) a (�)
Precipitation (Jan) a (�)
Degree days below 0C (winter) a (+)

5. Egg to larvae transition
The spring in the year before collection

Degree days above 0C (spring-summer) a (+) Degree days above 0 C (spring-summer) a (+)

6. Year of collection
Annual deer harvest a (�) Annual deer harvest c (+)

7. Day of collection
Person-hours collecting a (+) Person-hours collecting a (+)
Local temperature b (+)
Month e (+) Month e, June a (+)
Wet (�)

Wald test a � 0.001, b � 0.01, c � 0.05; (�) = negative relationship; (+) = positive relationship; dOrthogonal polynomial variable (squared); eCategorical variable.
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as for those that were visited, demonstrating that the environmen-
tal factors included in the model have high predictive power across
the region.

3.3. Selected environmental features

Both statistical models include geographic, temporal, seasonal,
environmental, climatic, and landscape features as regression
covariates (Table 1). However, the models differed in the number
(16 covariates in the occurrence model versus 11 in the abundance
model) and identity of the environmental features selected for the
final models. Only six covariates were shared between the best
performing models, suggesting that the ecological processes that
determine nymphal occurrence differ from those that determine
nymphal abundance. All of the covariates included in the model
predicting nymphal abundances were statistically significant as
were 12 of the covariates included in the model predicting nym-
phal occurrence; four environmental features improved the accu-
racy of nymphal occurrence predictions but were not statistically
significant (P > 0.05). Several competing models identified during
feature selection of the occurrence or abundance models exhibited
predictive accuracy similar to that of the final best-fitting models.
Each of these competing models differed from the best-fitting
model only by replacing one environmental feature in the best-
fitting models with a similar, highly correlated feature. The coeffi-
cients estimated for each of these correlated features were nearly
identical among these models, suggesting robustness in the
cross-validated features selected. The ecological mechanisms
through which some of the environmental features in the models
impact the occurrence or abundance of nymphs can be surmised
by the timing of their occurrence in the tick life cycle (Fig. 3). That
5

is, several environmental features in the models occur at specific
times during specific years relative to the date of sampling (i.e. pre-
cipitation in January of the winter prior to sampling) and thus
impact identifiable life stages.

3.4. Out-of-sample predictions

The accuracy of model predictions out-of-sample both tempo-
rally (data from 2018 were not used to train the models) and spa-
tially (sites sampled for the first time in 2018) suggest that these
models can predict the occurrence and abundance of I. scapularis
nymphs at previously unsampled locations across NY (Fig. 4). The
predicted occurrence of nymphal ticks varied across sampling
years (Supplementary Fig. S2A), similar to the data observed from
our field collections. Three broad regions associated with higher
elevation in mountainous areas are predicted to have a low proba-
bility of nymphal tick populations throughout all sampling years
including 2018, although the size of the geographic expanse of
the broad areas with low probabilities of nymphs is variable
among years. Predictions with limited confidence occurred geo-
graphically at interfaces between confident presence and absence
predictions, adding confidence to the accuracy of model predic-
tions (Fig. 4). Predictions at fine scales revealed fine-scale hetero-
geneity in the probability of occurrence within broad regions
with generally high expected nymph probabilities. This hetero-
geneity in nymph occurrence is caused by fine-scale heterogeneity
in environmental features (i.e. nymphs are unlikely to be found on
roads or in urban areas).

The predicted abundance of nymphal ticks (Supplementary
Fig. S2B) also varied among years, although to a lesser degree than
the predicted occurrence (Supplementary Fig. S2A). These pre-



Fig. 2. Predictive accuracy of occurrence and abundance models. The occurrence and abundance models trained with nymph collection data from 2008-2017 accurately
predicted both the collection sites visited in 2018 where nymphs were present as well as the abundance of nymphs at those locations. The occurrence model accurately
predicted the presence or absence of nymphs collected in 129 of the 160 (80.6%) sites sampled in 2018. The majority of inaccurate predictions occurred either at locations at
which no ticks were collected in prior sampling years (three of the 20 false negatives) or sites in which ticks had been collected in 2017 but were not detected in 2018 (seven
of the 11 false positives), likely due to local conditions in 2018 hindering collection as opposed to local extinction of tick populations. The observed abundance of nymphs was
accurately predicted at 77 of the 103 (74.8%) sites where ticks were detected in 2018. Nearly half of the inaccurate predictions (11 of 26) occurred at very high (10) and very
low (one) observed abundances where the model predicted high (or low) abundances, but not as high (or as low) as observed in the sample collection. The accuracy of
predictions by both the occurrence and abundance models were nearly identical for the sites that were sampled for the first time in 2018 and for sites that were sampled in
prior years, suggesting that the environmental features in these models are correlated with the occurrence and abundance of nymphs.

Fig. 3. Lifecycle of Ixodes scapularis. Environmental features are important at different times during the I. scapularis life cycle. The timing at which some of the environmental
features included in the occurrence and abundance models (Table 1) occur during the tick life cycle indicates the ecological impact of these features on where nymphs are
present and their abundance at those locations. Nymphal activity period of the prior generation (see Table 1.2): the presence and abundance of nymphs at each location at the
time of collection depends upon the survival at preceding life stages such as the nymphal stage of the parental generation. The occurrence of nymphs at the time of collection
is impacted by a warm spring 2 years prior, during the activity period of the nymphs of the parental generation. Interestingly, both the occurrence and abundance of nymphs
at the time of collection are also affected by warmer spring and summer days during the egg to larva transition (see Table 1.5) stage of the current generation, suggesting
warmer spring and summer temperatures may impact survival rates. Adult activity period of the prior generation (see Table 1.3): the survival and questing activity of unfed I.
scapularis adults of the parental generation are related to vapour pressure deficit, resulting in changes in feeding and mating success that directly impact population sizes in
the following generation. Overwinter success of adults or eggs (see Table 1.4): the rate of overwinter survival of adults from the parental generation, or their eggs laid prior to
winter onset, is correlated with temperature, precipitation, and vapour pressure deficit in the winter. Survival rate at this stage appears to have a large effect on the
occurrence of the nymphs that hatch from these eggs. Local conditions on the day of collection (see Table 1.7): an accurate assessment of the occurrence and abundance of
nymphs is influenced by the local conditions on the day of collection, such as temperature and rain, which influence both questing behaviour and dragging success.
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dicted results are corroborated by the field collection data, show-
ing dramatic temporal changes in nymphal distribution and rela-
tively steady abundances in areas with long-standing tick
populations (Fig. 1). The nymphal abundance model, which pre-
dicts the number of nymphs assuming that nymphs are present,
suggests that nymphal abundances generally vary gradually over
space, with large predicted differences between proximal locations
caused by abrupt changes in environmental features (i.e. river
edges). The residuals from the abundance model showed no depar-
ture from normality and no evidence of autocorrelation, indicating
that the spatial autocorrelation inherent in the dataset was
accounted for by the covariates in the models. Similar to the
predictions from the occurrence model, the abundance model pre-
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dicted lower nymphal abundances in three broad higher elevation
regions across all years, likely due to shared environmental fea-
tures between these models.
4. Discussion

The occurrence and abundance of I. scapularis nymphs are
determined by interactions with environmental features that vary
over space and time. Data collected during the dynamic phases of
population growth and range expansion are ideal for developing
population dynamic models that explicitly incorporate space, time,
and environmental factors (Daniels et al., 1991; Fraser et al., 1997;



Fig. 4. Abundance and occurrence predictions for ticks across New York State, USA for 2018. The occurrence and abundance of nymphal ticks can be predicted to future years
at very fine spatial scales (500 m). The shared environmental features among the models has caused some similarities in predictions such that most areas predicted to have
low nymphal abundance are also predicted to have no detectable populations. However, some locations predicted to be devoid of nymphs are also predicted to have moderate
nymphal densities as the abundance model utilises a different set of environmental features and predicts abundances under the assumption that nymphs are present. The risk
of encountering a questing Ixodes scapularis nymph at any location is the composite of these models. Any potential confusion from discrepancies between the models can be
calculated as the product of the predictions from these models.
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Dolan et al., 2004; Carstens and Richards, 2007; Leighton et al.,
2012). Such models cope with the inherent heterogeneity of
dynamic populations, thus enabling accurate assessments of the
environmental factors affecting changes in occurrence and abun-
dances while simultaneously limiting biases (Austin, 2002;
Guisan and Thuiller, 2005; Elith and Leathwick, 2009; Pontius
and Neeti, 2010). Analyses of our field collection dataset, which
was collected systematically over 11 years (2008–2018) across
NY, reveals an active range expansion of I. scapularis into northern
and western NY that occurred during the last decade. Nymphal
abundances increased rapidly in areas where ticks were only
recently detected while nymphal abundances remained consis-
tently high throughout the sampling period in areas with long-
standing tick populations. The spatial and temporal variation in
nymphal tick occurrence and abundance can be explained by cor-
responding spatio-temporal variation in the environmental fea-
tures with which nymphs interact. Statistical models that
incorporate environmental features as covariates have high predic-
tive accuracy to future years; accurate predictions of future spread
and abundance of nymphal tick populations will be a useful public
health tool to combat the rapid increases in tick-borne diseases by
aiding in resource allocation decisions and the targeting of inter-
ventional strategies.

The predicted occurrence of nymphal ticks was highly accurate
in far-eastern NY, where active tick surveillance sampling has
occurred for over a decade. Predictive accuracy was nearly as high
in northeastern NY, despite a shorter sampling history, highlight-
ing the robustness in model predictions across climatic regions.
Model inaccuracy occurred primarily in southwestern NY, due
exclusively to locations where nymphs were only recently
detected. No nymphal ticks were detected in this region prior to
2008, suggesting either that the environmental conditions only
recently supported populations of detectable sizes or that migra-
tion to this area was limited prior to 2008 (Diuk-Wasser et al.,
2006; Prusinski et al., 2006). Regardless, the environmental fea-
tures accurately predicted the occurrence of nymphs in more than
80% in sites in 2018 (data not included in model training), where
field collections had not been attempted prior to 2018. This accu-
racy suggests that the environmental features in the model directly
or indirectly impact the distribution of nymphal ticks in NY.

The predicted abundance of nymphal ticks was also highly
accurate across NY. For nearly half of our inaccurate predictions,
7

our model predicted in the correct direction but underestimated
the magnitude of the observed value (i.e. predicted high for an
observed value that was extremely high). This is an example of
the common ‘‘regression to the mean” problem that prevents accu-
rate characterizations of extreme values observed in datasets. Most
of the inaccurate predictions occurred in southwestern NY, similar
to the area with the greatest error in the occurrence model. This is
likely due to the year-to-year variation in observed nymphal abun-
dances in this region, the rate of which varied both temporally and
spatially. The elevated prediction accuracy to the sites in eastern
NY was aided by the relatively limited year-to-year variation.
Importantly, only one of the 18 sites that had not been visited prior
to 2018 was inaccurately predicted. A careful point of considera-
tion is that our objective was to estimate the abundance of nymphs
sustainable by the local environment at each location, which is dis-
tinct from the likelihood of collecting the supportable number
questing nymphs on the day of collection. That is, the number of
nymphs collected is impacted by variable ‘day-of’ conditions such
as local temperature, weather, and hours of surveillance, which are
more difficult to assess statistically. Therefore, sites that were vis-
ited multiple times presented a more accurate assessment of
nymph abundances. Thus, the models presented analysed the max-
imum number nymphs collected within each year as most repre-
sentative of underlying nymphal abundance at each site.

Our prediction models are based on environmental features
that can be categorised into those that are static (Table 1) and
those that vary within and across years (Table 1). Of the six fea-
tures selected in both models, four impacted nymphal tick occur-
rence and abundance in the same direction. For example, ticks
were more likely to be present and at greater abundance at lower
latitudes (Clow et al., 2017,), higher degree days above 0 �C into the
summer (Ogden et al., 2006), with greater collection effort, and in
some months of the year. These factors all suggest that nymphal
ticks are expected to expand in range and population size as the
climate warms. In contrast, deer population size decreased the
probability that nymphs would be present, but assuming they
are present, nymphal abundance was weakly and positively corre-
lated with deer population size. Empirical data suggest that deer
abundance is weakly correlated with I. scapularis population sizes,
but is complicated by interactions with multiple ecological factors
and other animal species (Rand et al., 2003; Kilpatrick et al., 2014;
Kugeler et al., 2016). The impact of elevation follows a similar pat-
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tern as elevation delineates the limit of habitat suitability for tick
occurrence (Rand et al., 2003) but, within that limit, elevation does
not have a clear directional influence on tick abundance. Several
additional features are unique to each model, the timing of which
can indicate the stage of the I. scapularis life cycle impacted by
these environmental variables. For example, the observed abun-
dance of nymphs is impacted by vapour deficit pressure anomalies
in the October 2 years prior to sampling, during the adult tick
activity period of the previous generation. That is, these results
suggest that vapour pressure deficit impacted the survival and
reproductive success of adult ticks, the offspring of which were col-
lected 2 years later as questing nymphs. Temporal changes in the
occurrence or abundance of nymphs could be explained by coordi-
nated temporal changes in specific environmental features. For
example, sites that shifted in the probability of absence to presence
between 2009 and 2017 had concomitant decreases in winter min-
imum vapour deficit pressure and winter precipitation of the year
prior to sampling, compared with sites where the probability of
occurrence of nymphs was unaltered. Similarly, sites in which tick
abundances increased had large increases in forest fragmentation,
maximum vapour pressure deficit in October 2 years before collec-
tion, and spring-summer temperatures. With projections of signif-
icant climate change – including temperature, humidity, and
precipitation – this region is likely to experience future growth
of tick populations and human Lyme disease risk (Stocker et al.,
2013).

Models that accurately predict the occurrence and abun-
dance of nymphal ticks in years beyond the temporal frame
of the training data at sites that had not been previously sam-
pled are ideal for predicting the potential risk of human
encounters with nymphal ticks across unsurveyed regions of
NY (Fig. 4). Predicted occurrence across NY presents regions of
uncertainty at the interface between regions of predicted pres-
ence and absence, denoting regions where nymphal occurrence
is in flux. Similar regions vary annually in the predicted abun-
dances of nymphs. The nymphal abundance model, however,
should be interpreted carefully as this model assumes that
nymphs are present. This results in different environmental fea-
tures explaining the occurrence and the abundance of ticks that
can lead to some disparity between the predictions of the two
models. Thus, a composite of these models is needed to esti-
mate the risk of encountering nymphal ticks at locations across
NY. Multiplying the predictions of the abundance model with
those of the occurrence model, which are binary, results in an
accurate representation of the composite model estimates of
the underlying tick population size. However, caution should
be exercised in locations with greater uncertainty in the occur-
rence model predictions. Utilising these models for public
health objectives should conservatively assume the presence of
tick populations in locations with greater uncertainty to encour-
age preventative behaviour.

Within the US, there are currently no vaccines available to pre-
vent tick-borne diseases such as Lyme disease. NY has one of the
highest burdens of Lyme disease in the country and the number
of reported cases increases annually (CDC, 2019c; New York State
Department of Health, 2019). Personal protective measures, tick-
borne disease prevention education, and habitat modification all
have the potential to effectively reduce disease risk, the targeting
and implementation of which can be greatly aided by fine-scale
knowledge of entomological risks. Use of environmental features
to accurately predict future nymphal I. scapularis occurrence and
abundance across the region at fine spatial scales provides a useful
tool to communicate potential risk of tick encounters 1 year in
advance, granting opportunities to implement timely and targeted
management and education strategies to reduce the incidence of
tick-borne disease.
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Ogden, N.H., Lindsay, L.R., Hanincová, K., Barker, I.K., Bigras-Poulin, M., Charron, D.F.,
Heagy, A., Francis, C.M., O’Callaghan, C.J., Schwartz, I., Thompson, R.A., 2008a.
Role of migratory birds in introduction and range expansion of Ixodes scapularis
ticks and of Borrelia burgdorferi and Anaplasma phagocytophilum in Canada.
Appl. Environ. Microbiol. 74, 1780–1790. https://doi.org/10.1128/AEM.01982-
07.

Ogden, N.H., Maarouf, A., Barker, I.K., Bigras-Poulin, M., Lindsay, L.R., Morshed, M.G.,
O’Callaghan, C.J., Ramay, F., Waltner-Toews, D., Charron, D.F., 2006. Climate
change and the potential for range expansion of the Lyme disease vector Ixodes
scapularis in Canada. Int. J. Parasitol. 36, 63–70. https://doi.org/10.1016/j.
ijpara.2005.08.016.

Ogden, N.H., St-Onge, L., Barker, I.K., Brazeau, S., Bigras-Poulin, M., Charron, D.F.,
Francis, C.M., Heagy, A., Lindsay, R., Maarouf, A., Michel, P., Milord, F.,
O’Callaghan, C.J., Trudel, L., Thompson, A., 2008b. Risk maps for range
expansion of the Lyme disease vector, Ixodes scapularis, in Canada now and
with climate change. Int. J. Health Geogr. 7, 24. https://doi.org/10.1186/1476-
072X-7-24.

Patz, J.A., Olson, S.H., Uejio, C.K., Gibbs, H.K., 2008. Disease emergence from global
climate and land use change. Med. Clin. 92, 1473–1491. https://doi.org/
10.1016/j.mcna.2008.07.007.

Persing, D., Telford, S., Rys, P., Dodge, D., White, T., Malawista, S., Spielman, A., 1990.
Detection of Borrelia burgdorferi DNA in museum specimens of Ixodes dammini
ticks. Science 249, 1420–1423. https://doi.org/10.1126/science:2402635.

Petrosillo, N., 2019. Emerging infections and future threats. Erciyes Med. J. 41, 130–
135.

Pontius, R.G., Neeti, N., 2010. Uncertainty in the difference between maps of future
land change scenarios. Sustain. Sci. 5, 39–50. https://doi.org/10.1007/s11625-
009-0095-z.

Prusinski, M.A., Chen, H., Drobnack, J.M., Kogut, S.J., Means, R.G., Howard, J.J.,
Oliver, J., Lukacik, G., Backenson, P.B., White, D.J., 2006. Habitat structure
associated with Borrelia burgdorferi prevalence in small mammals in New
York State. Environ. Entomol. 35, 308–319. https://doi.org/10.1603/0046-
225X-35.2.308.

https://doi.org/10.1534/genetics.110.118661
https://doi.org/10.1371/journal.pone.0189393
https://doi.org/10.1371/journal.pone.0189393
https://doi.org/10.1111/j.1365-294X.2010.04656.x
https://doi.org/10.1111/j.1365-294X.2010.04656.x
https://doi.org/10.1093/jmedent/28.4.537
https://doi.org/10.1111/jbi.12190
https://doi.org/10.1111/jbi.12190
https://doi.org/10.1603/0022-2585(2006)043[0166:spohis]2.0.co;2
https://doi.org/10.1603/0022-2585(2006)043[0166:spohis]2.0.co;2
https://doi.org/10.1111/j.1466-8238.2010.00526.x
https://doi.org/10.1603/0022-2585-41.6.1043
https://doi.org/10.1603/0022-2585-41.6.1043
https://doi.org/10.1186/1471-2148-7-214
https://doi.org/10.1186/1471-2148-7-214
https://doi.org/10.1093/jme/tjv237
https://doi.org/10.1146/annurev.ecolsys.110308.120159
https://doi.org/10.1111/j.1365-2664.2007.01325.x
https://doi.org/10.1016/j.tree.2004.05.004
https://doi.org/10.1186/s40249-019-0565-1
https://doi.org/10.1038/37551
https://doi.org/10.1016/j.amepre.2008.08.030
https://doi.org/10.1016/j.amepre.2008.08.030
https://doi.org/10.1016/j.tpb.2007.06.004
https://doi.org/10.1186/1756-3305-7-394
https://doi.org/10.1186/1756-3305-7-394
https://doi.org/10.3201/eid0803.010166
https://doi.org/10.1111/j.1461-0248.2005.00792.x
https://doi.org/10.1111/j.1461-0248.2005.00792.x
https://doi.org/10.1093/molbev/msp296
https://doi.org/10.1073/pnas.0611164104
https://doi.org/10.1016/j.ympev.2009.09.016
https://doi.org/10.20506/rst.23.2.1503
https://doi.org/10.1073/pnas.0903810106
https://doi.org/10.1073/pnas.0903810106
https://doi.org/10.1111/j.1558-5646.2010.01001.x
https://doi.org/10.1038/nature06536
https://doi.org/10.1007/s10530-010-9721-z
https://doi.org/10.1016/j.arcmed.2005.03.041
https://doi.org/10.1111/j.1365-2915.2010.00935.x
https://doi.org/10.1111/j.1365-2915.2010.00935.x
https://doi.org/10.1890/ES12-00134.1
https://doi.org/10.1890/ES12-00134.1
https://doi.org/10.1111/evo.12690
https://doi.org/10.1603/ME13232
https://doi.org/10.1111/zph.12245
https://doi.org/10.1111/j.1365-294X.2010.04702.x
https://doi.org/10.1111/j.1365-294X.2010.04702.x
https://doi.org/10.1586/14787210.2.2.299
https://doi.org/10.1586/14787210.2.2.299
https://doi.org/10.1093/infdis/170.4.1027
https://doi.org/10.1093/infdis/170.4.1027
https://doi.org/10.1128/AEM.01982-07
https://doi.org/10.1128/AEM.01982-07
https://doi.org/10.1016/j.ijpara.2005.08.016
https://doi.org/10.1016/j.ijpara.2005.08.016
https://doi.org/10.1186/1476-072X-7-24
https://doi.org/10.1186/1476-072X-7-24
https://doi.org/10.1016/j.mcna.2008.07.007
https://doi.org/10.1016/j.mcna.2008.07.007
https://doi.org/10.1126/science:2402635
http://refhub.elsevier.com/S0020-7519(20)30331-3/h0265
http://refhub.elsevier.com/S0020-7519(20)30331-3/h0265
https://doi.org/10.1007/s11625-009-0095-z
https://doi.org/10.1007/s11625-009-0095-z
https://doi.org/10.1603/0046-225X-35.2.308
https://doi.org/10.1603/0046-225X-35.2.308


T. Tran, M.A. Prusinski, J.L. White et al. International Journal for Parasitology xxx (xxxx) xxx
Prusinski, M.A., Kokas, J.E., Hukey, K.T., Kogut, S.J., Lee, J., Backenson, P.B., 2014.
Prevalence of Borrelia burgdorferi (Spirochaetales: Spirochaetaceae), Anaplasma
phagocytophilum (Rickettsiales: Anaplasmataceae), and Babesia microti
(Piroplasmida: Babesiidae) in Ixodes scapularis (Acari: Ixodidae) collected from
recreational lands in the Hudson Valley Region, New York State. J. Med.
Entomol. 51, 226–236. https://doi.org/10.1603/ME13101.

Pybus, O.G., Rambaut, A., 2009. Evolutionary analysis of the dynamics of viral
infectious disease. Nat. Rev. Genet. 10, 540–550. https://doi.org/10.1038/
nrg2583.

Rand, P.W., Lubelczyk, C., Lavigne, G.R., Elias, S., Holman, M.S., Lacombe, E.H.,
Smith, R.P., 2003. Deer density and the abundance of Ixodes scapularis
(Acari: Ixodidae). J. Med. Entomol. 40, 179–184. https://doi.org/10.1603/
0022-2585-40.2.179.

Rowe, K.C., Heske, E.J., Paige, K.N., 2006. Comparative phylogeography of eastern
chipmunks and white-footed mice in relation to the individualistic nature of
species. Mol. Ecol. 15, 4003–4020. https://doi.org/10.1111/j.1365-
294X.2006.03063.x.

Shirk, A.J., Wallin, D.O., Cushman, S.A., Rice, C.G., Warheit, K.I., 2010. Inferring
landscape effects on gene flow: A new model selection framework. Mol. Ecol.
19, 3603–3619. https://doi.org/10.1111/j.1365-294X.2010.04745.x.

Sleeman, J.M., Howell, J.E., Matthew Knox, W., Stenger, P.J., 2009. Incidence of
hemorrhagic disease in white-tailed deer is associated with winter and summer
climatic conditions. EcoHealth 6, 11–15. https://doi.org/10.1007/s10393-009-
0220-6.
10
Sonenshine, D.E., 2018. Range expansion of tick disease vectors in north america:
Implications for spread of tick-borne disease. Int. J. Environ. Res. Public Health
15, 478. https://doi.org/10.3390/ijerph15030478.

Spear, S.F., Balkenhol, N., Fortin, M.J., McRae, B.H., Scribner, K., 2010. Use of
resistance surfaces for landscape genetic studies: Considerations for
parameterization and analysis. Mol. Ecol. 19, 3576–3591. https://doi.org/
10.1111/j.1365-294X.2010.04657.x.

Stocker, T.F., Qin, D., Plattner, G.K., Tignor, M.M., Allen, S.K., Boschung, J., Nauels, A.,
Xia, Y., Bex, V. and Midgley, P.M., 2014. Climate Change 2013: The physical
science basis. Contribution of working group I to the fifth assessment report of
the intergovernmental panel on climate change 1535. https://doi.org/10.1017/
CBO9781107415324.

Suzán, G., Marcé, E., Giermakowski, J.T., Armién, B., Pascale, J., Mills, J., Ceballos, G.,
Gómez, A., Aguirre, A.A., Salazar-Bravo, J., Armién, A., Parmenter, R., Yates, T.,
2008. The effect of habitat fragmentation and species diversity loss on
hantavirus prevalence in Panama. Ann. N.Y. Acad. Sci. 1149, 80–83. https://
doi.org/10.1196/annals.1428.063.

Woolhouse, M.E.J., Dye, C., Taylor, L.H., Latham, S.M., woolhouse, M.E.J., 2001. Risk
factors for human disease emergence. Philos. Trans. R. Soc. Lond. B 356, 983–
989. https://doi.org/10.1098/rstb.2001.0888.

Van Zee, J., Piesman, J.F., Hojgaard, A., Black IV, W.C., 2015. Nuclear markers reveal
predominantly north to south gene flow in Ixodes scapularis, the tick vector of
the lyme disease spirochete. PLoS One 10. https://doi.org/10.1371/journal.
pone.0139630.

https://doi.org/10.1603/ME13101
https://doi.org/10.1038/nrg2583
https://doi.org/10.1038/nrg2583
https://doi.org/10.1603/0022-2585-40.2.179
https://doi.org/10.1603/0022-2585-40.2.179
https://doi.org/10.1111/j.1365-294X.2006.03063.x
https://doi.org/10.1111/j.1365-294X.2006.03063.x
https://doi.org/10.1111/j.1365-294X.2010.04745.x
https://doi.org/10.1007/s10393-009-0220-6
https://doi.org/10.1007/s10393-009-0220-6
https://doi.org/10.3390/ijerph15030478
https://doi.org/10.1111/j.1365-294X.2010.04657.x
https://doi.org/10.1111/j.1365-294X.2010.04657.x
https://doi.org/10.1196/annals.1428.063
https://doi.org/10.1196/annals.1428.063
https://doi.org/10.1098/rstb.2001.0888
https://doi.org/10.1371/journal.pone.0139630
https://doi.org/10.1371/journal.pone.0139630

	Spatio-temporal variation in environmental features predicts the distribution and abundance of Ixodes scapularis
	1 Introduction
	2 Materials and methods
	2.1 Data
	2.2 Data accessibility
	2.3 Statistical models

	3 Results
	3.1 Nymphal tick collections
	3.2 Model accuracy
	3.3 Selected environmental features
	3.4 Out-of-sample predictions

	4 Discussion
	Acknowledgements
	Appendix A Supplementary data
	References


