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A B S T R A C T   

The Asian longhorned tick (Haemaphysalis longicornis) is a vector of multiple arboviral and bacterial pathogens in its native East Asia and expanded distribution in 
Australasia. This species has both bisexual and parthenogenetic populations that can reach high population densities under favorable conditions. Established 
populations of parthenogenetic H. longicornis were detected in the eastern United States in 2017 and the possible range of this species at the continental level (North 
America) based on climatic conditions has been modeled. However, little is known about factors influencing the distribution of H. longicornis at geographic scales 
relevant to local surveillance and control. To examine the importance of local physiogeographic conditions such as geology, soil characteristics, and land cover on the 
distribution of H. longicornis we employed ecological niche modeling using three machine learning algorithms - Maxent, Random Forest (RF), and Generalized 
Boosting Method (GBM) to estimate probability of finding H. longicornis in a particular location in New Jersey (USA), based on environmental predictors. The 
presence of H. longicornis in New Jersey was positively associated with Piedmont physiogeographic province and two soil types - Alfisols and Inceptisols. Soil hy
draulic conductivity was the most important predictor explaining H. longicornis habitat suitability, with more permeable sandy soils with higher hydraulic con
ductivity being less suitable than clay or loam soils. The models were projected over the state of New Jersey creating a probabilistic map of H. longicornis habitat 
suitability at a high spatial resolution of 90×90 meters. The model’s sensitivity was 87% for locations sampled in 2017-2019 adding to the growing evidence of the 
importance of soil characteristics to the survival of ticks. For the 2020-2022 dataset the model fit was 57%, suggestive of spillover to less optimal habitats or, 
alternatively, heterogeneity in soil characteristics at the edges of broad physiographic zones. Further modeling should incorporate abundance and life-stage in
formation as well as detailed characterization of the soil at collection sites. Once critical parameters that drive the survival and abundance of H. longicornis are 
identified they can be used to guide surveillance and control strategies for this invasive species.   

1. Introduction 

The Asian longhorned tick (Haemaphysalis longicornis Neumann) is a 
species of medical and veterinary importance in East Asia, Australia, and 
New Zealand/Oceania, recently established in the United States (Bick
erton and Toledo, 2020; Hammer et al., 2015; Heath, 2016; Luo et al., 
2015; Rainey et al., 2018; Thompson et al., 2020). In its Australasian 
range, H. longicornis represents a major threat to domestic livestock, 
heavily parasitizing large ruminants and impeding production of animal 
products (Heath 2016). It is a vector of Theileria orientalis group bovine 
pathogens, and has recently been implicated in the transmission of the 

virulent T. orientalis Ikeda genotype to US cattle (Dinkel et al., 2021; 
Thompson et al., 2020). Though humans are not favored hosts of 
H. longicornis, opportunistic feeding is well documented across native 
and invasive ranges (Bickerton and Toledo, 2020; Wormser et al., 2020). 
In East Asia, H. longicornis vectors severe fever with thrombocytopenia 
syndrome virus (SFTSV), an emerging human tick-borne disease 
recently reclassified as Dabie bandavirus (Li et al., 2021; Liu et al., 2015; 
Luo et al., 2015). Under laboratory conditions, H. longicornis has 
demonstrated vector competency for the closely related Heartland virus, 
emergent in parts of the US (Raney et al., 2022). Endemic bacterial 
pathogens, including Borrelia burgdorferi sensu stricto, the human 
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variant of Anaplasma phagocytophilum, and Bourbon virus have been 
detected sporadically in field collected specimens in the US, although 
the epidemiological significance of these findings is not yet known 
(Breuner et al., 2020; Cumbie et al., 2022; Levin et al., 2021; Price et al., 
2022, 2021). While H. longicornis is currently not perceived as a major 
public health threat in the US, this status may change given the enor
mous tick densities reached in favorable habitats (Bickerton et al., 2021; 
Rochlin et al., 2022). Within its native range, the tick is most abundant 
in tall grassy transitional areas such as hillside gravesites and farmland 
bordering forests, which are places often frequented by humans, 
increasing the risk of tick bites (Coburn et al., 2016; Johnson et al., 
2017). High H. longicornis abundance was also observed in similar 
ecotone and open field habitat in the US (Rochlin et al., 2022). 

In 2017, the first established H. longicornis population was discov
ered in New Jersey, USA (Rainey et al., 2018). As of April 2022, the US 
range of H. longicornis covers 17 states and 297 counties (USDA APHIS 
situation report 2022). This tick species appears to be expanding its 
range southward, westward, and northward to occupy extensive suitable 
habitat found in eastern North America (Rochlin, 2019) although some 
of these new detections are likely the result of increased surveillance. 
The potential continental level distribution of H. longicornis has been 
characterized (Raghavan et al., 2019; Rochlin, 2019), but modeling its 
localized distribution at scales relevant for both surveillance and control 
of this species is a more difficult proposition. Climate data without 
constraints afforded by the use of habitat environmental data provide a 
‘‘broad-brush’’ picture of suitability for a given species (Sohl, 2014) 
whereas local environmental data can provide insight into site-level 
habitat suitability. We hypothesized that H. longicornis fine-scale dis
tribution is largely determined by the ecological patterns of natural 
communities including soil, vegetation, and host species and physi
ogeographic conditions. Specifically, we observed the appearance of an 
association between this tick species’ distribution in New Jersey and the 
Piedmont ecological region (Dalton et al., 2014) (Fig. 1). Ecological 
regions are characterized by geology and topography, natural commu
nities, soils, and hydrologic conditions (Cleland et al., 1997). New Jersey 
is home to several geological provinces with three major types - Coastal 
Plain, New England, and Piedmont - occupying most of the state (Cle
land et al., 2007, 1997; McNab et al., 2007). 

The aim of this study was to identify the environmental parameters 
and conditions that define known H. longicornis habitat in New Jersey on 
a local scale appropriate for further investigations into this tick species’ 
distribution and for guiding management decisions. We employed 
ecological niche modeling using three common machine learning algo
rithms - Maxent, Random Forest (RF), and Generalized Boosting Method 
(GBM) for modeling species distribution estimated from presence data- 
only and from environmental variables (Elith et al., 2011; Marmion 
et al., 2009; Phillips et al., 2006). The individual models were projected 
over the state of New Jersey creating a probabilistic map of H. longicornis 
habitat suitability at a high spatial resolution of 90×90 m. 

2. Materials and methods 

2.1. Data sources 

We obtained data on H. longicornis surveillance in the state of New 
Jersey (NJ) from multiple independent sources including county, state 
and federal agencies and several Rutgers University research projects 
(sources detailed below and in Table 1). While we only used detections 
of H. longicornis from the environment, as opposed to on-host detections 
of uncertain geographic provenance, we were unable to compare tick 
density and abundance across datasets due to variable sampling meth
odology. Therefore, we used only presence/absence data in our ana
lyses. In total, information on 283 sites in all 21 NJ counties was 
obtained resulting in 275 sites used in the analyses (see Results section 
for more details). All sites were geocoded to the exact geographic 
coordinates. 

2.1.1. Tick data collections 
During 2017-2018 after the Asian longhorned tick was first detected 

in NJ (Rainey et al. 2018), the US Department of Agriculture (USDA) 
conducted environmental surveys at multiple sites across NJ using a 
variety of tick sweeps made of white crib flannel or corduroy cloth 
pulled beside or behind the operator over the ground and through low 
vegetation (‘USDA dataset’). The cloth was inspected every 1-2 m and 
attached ticks were removed with forceps and stored in 80-95% ethanol 
in labeled 1.5-2 ml plastic tubes. Sampling was focused on premises 
where the Asian longhorned tick had been detected on livestock (USDA 
APHIS situation report 2022)). Ticks were sent to the National Veteri
nary Services Laboratories (NVSL, Ames, IA, USA) where experts per
formed the taxonomic identifications. 

In May 2018, faculty and students at the Rutgers Center for Vector 
Biology developed weekly surveys for H. longicornis at 12 sites across 
three Rutgers New Brunswick campuses (Cook, Douglas, and Livingston, 
Middlesex county, NJ) to assess the distribution and habitat relation
ships of H. longicornis in urban environments where contact with people 
is more likely (‘RU1 dataset’, see Table 1 for tick data). Based on existing 
information from its native range (Coburn et al., 2016; Johnson et al., 
2017) we sampled forest edges and it became immediately evident that 
H. longicornis was especially abundant in bushes and tall grasses on the 
sides of trails and paths (data not shown). Because it is often difficult to 
walk through those areas, we chose to sample with a tick sweep, a 
system where operators walk transects holding the long side of a 
L-shaped PVC pipe and brush the vegetation and ground directly to the 
side of the transect with a cloth attached to the shorter side (Egizi et al., 
2019a). Three 30.5 m long transects were sampled at each site and ticks 
were checked every meter. Opportunistic surveys for H. longicornis were 
also developed in August 2018 and then again in June, August and 
September 2019 at several locations across multiple counties including 
Atlantic (May’s Landing), Salem (Mad Horse Fish and Wildlife, Stony 
Point), Cumberland (Tindall Island, Sea Breeze, New Sweden Wildlife 
Management Area) and Warren (Musconetcong Gorge Nature Preserve). 
During each survey, multiple sites and a minimum of three transects 100 
m long were sampled. Ticks were stored in vials with 100% EtOH and 
identified using established morphological keys (Egizi et al., 2019b; 

Fig. 1. Ecological sections and tick collections. Ecological sections in New 
Jersey and surrounding states are shown. New Jersey state and county 
boundaries are indicated. Haemaphysalis longicornis (ALT) locations for training 
(Train) and both testing (Test1 and Test2) datasets are shown. All negative 
locations from Test1 and Test2 datasets were combined. 
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Keirans and Litwak, 1989); specimens identified as H. longicornis were 
barcoded at the cytochrome oxidase locus and integrated in a broader 
analysis (Egizi et al., 2020). 

In August 2018, after a Monmouth County resident submitted a fe
male H. longicornis to the county’s passive tick surveillance program 
(USDA APHIS situation report, 2022)), the Monmouth County Mosquito 
Control Division developed active surveillance to confirm the extent of 
the species’ presence in the county (‘MCMCD dataset’). In 2018-2019 
surveillance focused on ecotone and/or old field habitat in public 
parks and recreation areas both near the resident’s home and 
throughout western Monmouth County (because neighboring Middlesex 
County had known established populations). Sampling was performed 
only on rain-free days when vegetation was dry, and winds did not 
exceed 10 km/h between the hours of 0800 and 1300. For this explor
atory sampling, three 30.5 m long transects were sampled at each site. In 
following years (2019-2022) detections of H. longicornis were a 
byproduct of routine active surveillance targeting Ixodes scapularis Say 
and Amblyomma americanum (L.), in Monmouth County (Jordan et al., 
2022). Sampling was conducted in forest interior sites in public parks 
and open spaces. Five 100-m transects at each site were sampled on 
three different days during May-June each year, by working a 1-m2 

cotton duck cloth drag held behind the operator in a straight line and 
inspecting the drag at 10 m intervals (Jordan et al., 2022). Ticks were 
removed from drags with forceps and placed in vials with 90% EtOH, 
identified to species as described. 

In 2019 and 2020, the US Forest Service in collaboration with 
Pennsylvania State University (‘USFS dataset’) collected data from plots 
in 27 forest stands of the Pinelands National Reserve in southern New 
Jersey for 3 days in early June, late July/ early August, and early 
October using 1 m2 cotton drags and 1 m2 sweeps. Plots were circular 
with a radius of 7.3 m and were located at least 30 m from a road to 
minimize edge effects. All sampling radiated from plot center and 3 
drags and 3 sweeps were conducted along different 7.3 m transects (total 
of 65.7 m sampled each time at each plot). Ticks were removed from the 
sampling cloth using a lint roller sheet which was then placed in a Ziploc 
bag. Ticks were later removed from the lint roller sheets, identified ac
cording to species and life stage using a stereo microscope (Leica S8AP0, 
Leica Microsystems, Wetzlar, Germany) and morphological keys, and 
stored in vials of 90% ethanol. 

From March through November 2019 a NJ Department of Health and 
NJ Department of Environmental Protection jointly-sponsored survey 
was conducted at 64 sites in 20 counties across New Jersey to specif
ically target H. longicornis (‘NJ dataset’). Potential sites were chosen by 
the collectors based on their experience in other H. longicornis habitat 
and through local accounts given by county mosquito control personnel. 
Sites were sampled using tick sweeps constructed with 0.25 m2 

(0.5×0.5 m) crib flannel and a PVC pipe handle (Egizi et al., 2019a). 
Sampling distance was assessed by measuring the collector’s stride 
length and walking a fixed number of strides prior to checking the 
sweep. Tick sweeps were inspected every 10 m based on observations 
that H. longicornis does not remain on drags as long as other tick species 
(Sherpa et al., 2021). A minimum of 750 m2 was sampled at each 

location. Any ticks collected were transferred directly from the sweep to 
sterile vials. Ticks were stored at 0 ◦C and then identified using the 
morphological keys mentioned above. 

A final dataset originated from a second Rutgers University project 
(‘RU2 dataset’) conducting tick surveillance in 30 forested public 
parklands in north, central and southern New Jersey between May and 
July 2022, primarily focusing on forested areas but often also including 
ecotones. Each sampling event involved two hours of dragging with a 1 
m2 crib flannel cloth attached to a 1 m long PVC pipe. Both sides of the 
drag were checked for ticks every 10 m and ticks were immediately 
transferred to sterile vials of 90% EtOH, transported back to the lab and 
identified using the morphological keys mentioned above. Whenever 
specimen condition was poor, species ID was confirmed using DNA 
barcoding (Egizi et al., 2020). 

2.1.2. Environmental predictors 
Ecological, soil, and landscape variables used in this study are listed 

in Table 2. All data layers are publicly available from governmental or 

Table 1 
Haemaphysalis longicornis datasets from New Jersey, USA, used in the study.  

Dataset Name Source1 Site 
Type2 

Years collected #Records #Records in analysis3 Used for 

Train RU1, NJ, MCMCD + 2018-2019 29 28 Training 
Test1 RU1, NJ, MCMCD - 2018-2019 110 106 Testing 
Test1 USDA + 2017-2018 32 31 Testing 
Test2 RU2, USFS, MCMCD - 2019-2022 82 80 Testing 
Test2 RU2, USFS, MCMCD + 2019-2022 30 30 Testing  

1 RU1 – Rutgers University, project 1 in New Brunswick, NJ – State of New Jersey, NJ – DOH/DEP sponsored statewide survey, MCMCD – Monmouth County 
Mosquito Control Division, USDA– US Department of Agriculture, USFS – US Forest Service, RU2- Rutgers University, project 2 statewide survey, 

2 Site type: + positive, H. longicornis found, - negative, H. longicornis not found 
3 Some records were located outside of environmental predictor coverage and thus were omitted from the analysis 

Table 2 
Environmental predictors used in the analysis. All predictors were entered in 
random forest (RF) and generalized boosted regression (GBM) analyses. Maxent 
predictors are indicated with a superscriptm. Abbreviations for the SSURGO soil 
parameters are identical to those used in the SSURGO database and documen
tation. For data sources see Supplemental Table S1  

Predictors Description Abbreviations 

Geologym National scale geologic map geo_nj_90m 
Ecological regionsm US ecological and physiogeographic 

sections 
ecomap_nj_90m 

Tree coverm % Tree cover (all forest types) treecov_nj_90m 
Soil orderm (STATSGO) Soil taxonomic order taxorder_nj_90m 
Available water 

capacity / storagem 

(STATSGO) 

The volume of water the soil can 
store that is available to plants to 25 
cm depth 

moist_nj_90m 

Slope (STATSGO) Slope grade slope_nj_90m 
Soil groupm (SSURGO) Soil taxonomic group taxgrtgroup 
Soil hydric group 

(SSURGO) 
A group of soils having similar runoff 
potential under similar storm and 
cover conditions 

hydgrp 

Saturated Hydraulic 
Conductivitym 

(SSURGO) 

The amount of water that would 
move vertically through saturated 
soil under hydraulic gradient 

ksat_r 

Satiated soil (SSURGO) Volumetric soil water content at or 
near zero bar tension, % whole soil 

wsatiated_r 

Liquid limit (SSURGO) The water content of the soil at the 
change between the liquid and 
plastic states 

ll_r 

Coarse sand (SSURGO) Mineral particles 0.5 mm to 1.0 mm 
as a weight % of < 2 mm fraction 

sandco_r 

Very fine sand 
(SSURGO) 

Mineral particles 0.05 mm to 0.1 mm 
as a weight % of < 2 mm fraction 

sandvf_r 

Sieve #4 soil fraction 
(SSURGO) 

Soil fraction passing a number 4 
sieve (4.7 mm square opening) 

sieveno4_r 

Rock fragments 3 to 10 
inch - gravel 
(SSURGO) 

The percent by weight of the horizon 
occupied by rock fragments 7.6-25.4 
cm (3-10 inches) 

frag3to10_r  
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academic sources (see Supplemental Table S1 for sources). Elevation 
was considered but not used in the analysis due to strong correlation 
with soil and ecological region variables. All shapefiles were converted 
to raster files using National Land Cover Dataset 30×30 m resolution 
and extent and cropped to the state of New Jersey boundaries. The 
resulting raster files were then resampled to 90×90 m resolution to 
upscale to coarser resolution layers. All Geographic Information Systems 
(GIS) processing and analyses were conducted in R statistical software v. 
R-3.6.1 (R Development Core Team, 2019) and QGIS v.3.4.13 
(http://www.qgis.org). 

2.2. Environmental predictor selection 

Species distribution model performance is sensitive to the choice of 
modeling parameters with model over-fitting, multicollinearity, and 
data-dredging (i.e. using large number of environmental layers) nega
tively affecting the prediction’s accuracy (Kuhn, 2008; Merow et al., 
2013; Rodda et al., 2011). Therefore, a step-wise variable selection 
process to address these issues was carried out as follows. The initial 
dataset included predictors identified by the investigators and partially 
based on previous studies, as well as fine scale soil variables derived 
from the USDA SSURGO database using tables muaggatt, chorizon, 
component, and valu1 (Soil Survey, 2020). Categorical predictors with 
more than 50 levels, invariable numerical predictors, or those with 
sparse coverage were excluded from the analysis. Highly correlated 
numerical variables were identified by Pearson’s pairwise correlation 
coefficient r > |0.8| and removed using function findCorrelation in the 
package ‘caret’. 

Further reduction was made by using the variable selection proced
ure within the package ‘Boruta’ 6.0.0 (Kursa and Rudnicki, 2010), which 
establishes variable importance based on their permutations (i.e. 
“shadow”) using a Random Forest algorithm. The ‘Boruta’ approach was 
identified as the most powerful of the conventional variable selection 
methods (Degenhardt et al., 2019; Zhou et al., 2019). The resulting set of 
predictors (Table 2) was used for preliminary analysis with all three 
algorithms. Maxent and GBM have well developed variable importance 
selection that was utilized to further reduce the number of predictors 
(Ashrafzadeh et al., 2019; Kuhn, 2008). Specifically, only a subset of 
seven predictors (Table 2) was used by Maxent, with the remainder 
having null variable and permutation importance. GBM variable thin
ning was conducted using package ‘dismo’ (Elith et al., 2008). 

2.3. Statistical modeling 

Three algorithms were selected for modeling H. longicornis habitat 
suitability in New Jersey. Maxent is a machine learning algorithm for 
modeling species distribution estimated from presence-only data and 
environmental variables (Elith et al., 2011; Phillips et al., 2006; Phillips 
and Dudík, 2008). Compared to other available algorithms, Maxent 
performance is consistently ranked among the best and it is widely used 
to model invasive species making it the benchmark for accuracy and 
performance (Elith et al., 2006; Merow et al., 2013). In particular, 
Maxent has been able to accurately predict ranges of rare species with 
only a few presence records (Anderson and Gonzalez, 2011; Pearson 
et al., 2007) including invasive species with limited collection records 
(West et al., 2016, p. 201). Other machine learning algorithms, in 
particular random forest (RF) and generalized boosted regression (GBM) 
have been used extensively for species distribution modeling (Bucklin 
et al., 2015; Elith et al., 2008; Gallien et al., 2012; Heikkinen et al., 2012; 
Marmion et al., 2009). Inclusion of multiple modeling approaches 
greatly improves the predictive accuracy of species distribution models 
(Araújo and New, 2007). 

Statistical modeling was conducted in R statistical software using 
package ‘dismo’ 1.1-4 with Maxent 3.4.1 (Hijmans et al., 2017), and 
‘caret’ 6.0-84 (Kuhn, 2008) for RF and GBM. Utilities for model evalu
ation were provided in the packages ‘dismo’, ‘ENMeval’ 0.3.0 

(Muscarella et al., 2014), and ‘PresenceAbsence’ 1.1.9 (Freeman and 
Moisen, 2008). 

2.4. Modeling process and optimization 

Datasets with biased and few localities are especially prone to 
overfitting because of a high “noise” to “signal” ratio (Anderson and 
Gonzalez, 2011). Thus, the goal of model tuning is to achieve a balance 
between a model’s complexity and predictive accuracy. An optimal 
model provides the maximal explanation of calibration data while still 
maintaining generality – the ability to predict independent data. 
Therefore, the approach to reduce overfitting used for all three modeling 
algorithms was to maximize testing AUC (area under the receiver 
operating curve) while minimizing the difference between training and 
testing AUC (ΔAUC) (Merow et al., 2013; Radosavljevic and Anderson, 
2014; Warren and Seifert, 2011). The model performance using training 
data and the unseen (testing) data is expected to be similar if no over
fitting (i.e., too much noise has been modeled in the training data) or 
underfitting (i.e., lack of ability to model old and/or new data) has 
occurred. 

This study’s goal was to model suitable habitat; as a result, the 
background for the model can be chosen from locations that the user is 
interested in contrasting against presences to characterize the discrim
inating environmental conditions (Merow et al., 2013). The absence 
points were included based on the presence of other tick species but not 
H. longicornis in the field collected samples. Having both presence and 
absence data is always preferable, particularly when there is sample 
selection bias (Piesman and Gray, 1994; Yackulic et al., 2013). The tick 
location data were split into one training and four testing sets, two with 
sites where H. longicornis was present, and two where this species was 
absent (Table 1). The purpose of the training set was to create or “train” 
the model, whereas the independent testing datasets were used to assess 
model’s accuracy. 

For Maxent, the model tuning goal is to identify the best combination 
of features and regularization parameters that protect the model against 
overfitting (Anderson and Gonzalez, 2011; Merow et al., 2013). In 
Maxent, linear features are automatically selected for sample size < 10, 
quadratic features are added for sample size > 10, hinge features are 
added for samples > 15, and threshold and product features are added 
when the sample size > 80 (Elith et al., 2011). Hinge features are a 
special case of linear and threshold features thus making the threshold 
features redundant in the model (Elith et al., 2011; Merow et al., 2013). 

Following these recommendations, package ENMeval was used to 
compare regularization values (0.5, 1, 2, 4, 5, 10) with select combi
nations of linear (L), quadratic (Q), product (P), hinge (H), and threshold 
(T) features ("LQ", "LQP", "H", "QH", "QHP", "LQHPT") on a full set of 
environmental variables (Table 2). Other settings included using spatial 
blocks with 5 k-fold random data partitioning. ENMeval quantifies 
several evaluation metrics including the difference between training and 
testing AUC. The best feature and regularization combination (i.e. dif
ference between training and testing AUC) were then used to replace 
default Maxent settings for the final model creation. The Maxent model 
was run 10 times using cross-validation to estimate variable importance. 
Unimportant variables with zero percent permutation significance were 
removed from the set and the best combination of features and regula
rization for the reduced model were determined as described above. The 
reduced model was then projected into New Jersey state boundaries to 
identify areas suitable for H. longicornis with a complementary log-log 
(cloglog) transform to produce an estimate of occurrence probability 
output providing an estimate between 0 and 1 of probability of presence. 

For Random Forest and generalized boosted regression, training 
control parameters in the package caret were set at 10 cross-validations 
with 5 repeats each, for tuning parameters the optimization length 
(other than described below for each method) was set at 15. For RF, the 
terminal node size determines the tree complexity and thus influences 
overfitting. Optimal node size (between 1 and 15) was selected based on 
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maximizing AUCtest and minimizing ΔAUC using 0.7 random data par
titioning. The best node size and 1000 trees were used to create 10 RF 
models to capture some of the stochastic variability, and then averaged 
for the final model. 

GBM optimization followed the established protocol using the 
package dismo (Elith et al., 2008; Hijmans et al., 2017). First, the 
optimal number of boosting trees was determined using a low learning 
rate (0.001) and low tree complexity (2) that allowed two-way in
teractions. The resulting cross-validated model was then used to remove 
the lowest contributing predictors to simplify the model. The resulting 
model was used to determine the tree complexity based on the minimum 
number of observations in the terminal nodes (between 1 and 15) as 
described for RF. The interaction depth was set to 2, the number of trees 
was set to 5000 to approximate the optimal number identified in the first 
step, and the shrinkage (i.e. learning rate) parameter was set at 0.001. 

The resulting probabilistic outputs generated by each algorithm were 
then averaged to produce a single probabilistic map for Maxent, RF, and 
GBM. A threshold value is applied to convert the probabilistic map to a 
binary presence-absence classification (Freeman and Moisen, 2008), for 
example for survey design (Pearson et al., 2007). While there are strong 
arguments against applying such largely arbitrary thresholding (Merow 
et al., 2013), it is often required for policy perspective or practical 
considerations (Liu et al., 2013). Several different thresholds have been 
identified in literature (Freeman and Moisen, 2008; Liu et al., 2013; 
Yackulic et al., 2013). Sensitivity represents the percentage of locations 
where the tick was collected where the model predicted suitability, and 
specificity is the percentage of sites where the tick was not collected that 
were classified as unsuitable. Maximizing the sum of sensitivity and 
specificity, also called True Skill Statistics (TSS) and predicted preva
lence equal to the observed prevalence thresholds produced higher 
sensitivity and kappa, i.e. a measure of how the classification results 
compare to values assigned by chance, in several studies (Freeman and 
Moisen, 2008; Liu et al., 2013). 

3. Results 

3.1. Tick locations 

The statewide dataset assembled in 2018-2019 contained 139 tick 
sampling locations (Table 1). Out of the 139, 110 were negative, i.e., no 
H. longicornis were detected, and 29 locations were positive for 
H. longicornis. Due to gaps in the predictor spatial coverage, four nega
tive locations and one positive were excluded from the analysis resulting 

in a final tally of 106 negative and 28 positive locations (Test1 negative 
and Train datasets, respectively, hereafter). Therefore, the Train dataset 
with 28 New Jersey positive locations was used for the model devel
opment and training (species distribution modeling relies on presence 
only data). The USDA dataset from 2017-2018 contained 32 sites posi
tive for H. longicornis with 31 valid locations (Test1 positive dataset 
hereafter). Therefore, Test1 was a combined dataset containing both 
positive and negative locations (Table 1) used for model assessment. 
More recent H. longicornis surveys in 2019-2022 were used for additional 
model evaluation. Out of 112 sites, two locations were excluded from 
the analysis because of the gap in the predictors resulting in 110 valid 
locations, 30 of which were positive and 80 negative for H. longicornis 
ticks (Test2 dataset hereafter). All three datasets are provided as Sup
plemental Table S2. 

3.2. Environmental predictor selection 

Out of 58 initial environmental variables (see Supplemental 
Table S1), 11 predictors with too many levels (categorical) or invariable 
(numeric) were removed during the first selection step. An additional 13 
variables were excluded as highly correlated during the second selection 
step. Of the remaining 35 variables, 20 were filtered out by the final 
‘Boruta’ selection leaving a final set of 15 variables (Fig. 2, Table 2). Out 
of 15 predictors in the final set, 8 had zero percent contribution or 
permutation importance in Maxent based on 10 cross-validations and 
were removed from the model resulting in the set of 7 Maxent predictors 
(Table 2). GBM selection process did not identify non-contributing 
predictors, and the full 15 predictor dataset was used to fit both GBM 
and RF models. 

3.3. Environmental predictor importance and responses 

Modeling revealed that the environmental predictor importance 
varied between Maxent and the tree-based algorithms. For Maxent, the 
permutation importance is measured by randomly permuting the values 
of each variable and recording the drop in training AUC normalized to 
percentages. The two most important variables determined by Maxent 
were saturated hydraulic conductivity (ksat_r: 46%) and soil taxonomic 
order (taxorder_nj_90m: 31%). The remaining 5 variables (Table 2) 
contributed less than 10% each. For RF and GBM, the prediction accu
racy on the out-of-bag portion of the data is recorded. Then the same is 
done after permuting each predictor variable. The differences between 
the two accuracies are then averaged over all trees, normalized by the 

Fig. 2. Environmental predictor selection using package ‘Boruta’. Green color designates important predictors, yellow or red color indicates weakly correlated or 
unimportant predictors excluded from the final set, and blue color indicates shadow attributes created by shuffling original ones. Attributes that have significantly 
worst importance than shadow ones are being consecutively dropped, while those significantly better than shadows are considered important. Shadows are re-created 
in each iteration (n = 10,000). For predictor abbreviations and data sources see Table 2 (significant or “green” predictors) and Supplemental Table S1. 
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standard error, and scaled to have a maximum score of 100. The three 
most important RF and GBM variables were slope grade (slope_nj_90m: 
score = 100), hydraulic conductivity (ksat_r: score = 98), and ecological 
region (ecomap_nj_90m: score = 91). Two predictors with the lowest 
importance were liquid limit (ll_r; score = 0) and satiated soil (wsatia
ted_r: score = 11). 

The partial dependence or marginal effect curves for numeric pre
dictors show the effect of changing a particular predictor keeping all 
other variables at their average sample values (Fig. 3). The curves were 
produced by Maxent and by the package ‘pdp’ in R for RF and GBM 
(Greenwell, 2017). The predictor responses exhibited high degree of 
similarity in different models. For all models, the probability of 
H. longicornis presence declined with saturated hydraulic conductivity 
(ksat_r), available water capacity (moist_nj_90m), and the proportion of 
coarse sand (sandco_r), whereas it increased with % tree cover (tree
cov_nj_90m) (Fig. 3). For RF and GBM models, the probability of 
H. longicornis presence also declined with increased sieve #4 soil frac
tion (sieve4_r) and it increased with the proportion of very fine sand 
(sandvf_r) and steeper slope grade (slope_nj_90m). The relationship with 
less important predictors - rock fragments 3 to 10 inch or 7.6-25.4 cm 
(frag3to10_r) and satiated soils (wsatiated_r) were not as uniform, but 
generally showed a decline of the tick’s presence probability. 

A consistent agreement was also exhibited among the three models 
regarding the contributions of categorical environmental predictors 
(Fig. 4). For ecological regions (ecomap_nj_90m), Northern Appalachian 
Piedmont (17 negative / 16 positive) had the largest positive effect on 
the probability of presence containing 55% of positive locations, 
whereas Northern Atlantic Coastal Plain (76 negative / 2 positive) had 
the largest negative effect. For geology (geo_nj_90m), those categories 
that had a positive effect on the tick presence were identified as more 
important in the models, specifically, basalt (1 negative / 4 positive), 
diabase (0 negative / 7 positive), sandstone (2 negative / 4 positive), and 
siltstone (11 negative / 7 positive) containing 76% of the positive lo
cations altogether. For soil hydric group, group C (soils with moderately 
high runoff potential that are 20-40% clay) (18 negative / 16 positive) 
had the largest positive effect on the probability of presence, followed by 
group D (soils with high runoff potential containing > 40 % clay) (6 
negative / 4 positive). 

Soil taxonomy was selected by all models as highly important. For 
soil taxonomic orders (taxoder_nj_90m), Alfisols (14 negative / 17 pos
itive) and Inceptisols (0 negative / 5 positive) had the largest positive 
effect on the probability of H. longicornis presence followed by rock 
outcrop (2 negative / 2 positive) and urban land (3 negative / 2 posi
tive). Conversely, Entisols (37 negative / 2 positive) and Ultisols (44 

Fig. 3. Averaged response curves of numerical environ
mental predictors used to model the potential habitat of the 
Asian longhorned tick (Haemaphysalis longicornis) in New 
Jersey, USA. Grey curves correspond to each of the 10 
cross-validated models and indicate the variability, 
whereas red curves indicate the average response. 
Response curves do not account for interactions between 
the variables. Response curves for ‘ll_r’ are not shown 
because of low importance in the models. For predictor 
abbreviations see Table 2. Maxent, RF (Random Forest), 
and GBM (Gradient Boosting Machines) indicate three 
different algorithms used in the study.   
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negative / 1 positive) had a negative effect on the probability of the 
tick’s presence. For soil taxonomic groups (taxgrtgroup), positive effects 
on the probability of presence were identified as more important, with 
Fragiudalfs (7 negative / 9 pos.) and Dystrudepts (3 negative / 6 posi
tive) having the largest effect followed by Hapludults (36 negative / 6 
positive) to a lesser extent. 

3.4. Model selection and output 

Maxent model selection was carried out using recommended pro
tocols to avoid data dredging and collinearity (Merow et al., 2013; 
Pearson et al., 2007; Warren and Seifert, 2011). The model selection 
process sought to improve the models by removing the least important 
variables (Table 2), changing the default features, and increasing the 
regularization parameter. The best fitting model included hinge, 
quadratic, and product features combined with a higher regularization 
parameter of 4.0, which was in line with previous findings (Anderson 
and Gonzalez, 2011). The final model had similar AUCtrain = 0.844 ±
0.007 and AUCtest = 0.831 ± 0.077 (mean±SD based on 10 replicates) 
indicating a lack of overfitting (Merow et al., 2013). The omission rate 

(proportion of test points not predicted) for the lowest training presence 
was 0% and for the 10th percentile training presence it was 8.2% ±
0.001 as expected in a model with a moderate to good fit to the data 
(Radosavljevic and Anderson, 2014), and which were significantly 
better than random predictions at P < 0.001 by binomial test. 

Both tree-based models, RF and GBM, contained all 15 predictors 
(Table 2) as GBM variable selection (Elith et al., 2008; Hijmans et al., 
2017) failed to identify non-important predictors. For RF, the selected 
terminal node size was set to 10, which resulted in the model with 
AUCtrain = 0.992 ± 0.006 and AUCtest = 0.907 ± 0.052 (mean±SD 
based on 10 replicates). For GBM, the number of minimal observations 
was set at 14 resulting in the model with AUCtrain = 0.974 ± 0.015 and 
AUCtest = 0.904 ± 0.059 (mean±SD based on 10 replicates). 

The models were projected into New Jersey’s environmental condi
tions (Fig. 5). Continuous maps produced by the models were converted 
to binary distribution maps, using two threshold-dependent measures. 
Maximum specificity and sensitivity, also known as true skill statistic, 
TSS (Freeman and Moisen, 2008) was a more permissible threshold with 
the following cutoff probability values, Maxent = 0.410, RF = 0.375, 
and GBM = 0.190. The cutoff values of TSS/Maximum sensitivity and 

Fig. 4. Distribution of Haemaphysalis longicornis positive and negative locations (Train and Test1 datasets) in New Jersey, USA, in relation to categorical envi
ronmental predictors used in modeling. For predictor abbreviations see Table 2. 
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specificity were very similar to the 10th percentile presence threshold 
(Pearson et al., 2007; Radosavljevic and Anderson, 2014). A stricter 
presence threshold of the predicted prevalence equal to the observed 
prevalence (Freeman and Moisen, 2008) was also applied with the 
following cutoff values: Maxent = 0.710, RF = 0.425, and GBM = 0.345. 

3.5. Model comparison and assessment 

All three models identified northern New Jersey as the most suitable 
habitat for H. longicornis (Figs. 5 and 6). To compare the model outputs, 
package ‘dismo’ niche similarity metric I ranging from no similarity =
0 to identical = 1 was used (Warren et al., 2008). The environmental 
niches produced by the three models largely overlapped with high de
gree of similarity: I = 0.927 for Maxent vs. RF, I = 0.931 for Maxent vs. 
GBM, and I = 0.968 for RF vs. GBM. Despite this general similarity, 
several important differences were noted among the model outputs. A 
subset of 7 out of 15 predictors in Maxent (Table 2) generated a 
smoother probability surface with two distinct bands approximately 
corresponding to Northern Appalachian Piedmont and Hudson Valley 
ecological regions, with an area of lower suitability dividing the two. 

Maxent also identified scattered areas of suitable habitat in western and 
southern New Jersey, although the probability was generally lower 
(Fig. 5 comparing TSS versus prevalence). Both tree based algorithms, 
RF and GBM, used a full set of 15 predictors generating maps that pre
dicted suitable habitat more uniformly across the northern New Jersey, 
but with much more granularity or patchiness at the local scales. GBM 
was also more like Maxent in identifying suitable areas in southern and, 
in particular, western New Jersey. In contrast, RF classified the entire 
southern part of New Jersey as unsuitable. 

The consensus probabilistic map indicating suitable habitats for 
H. longicornis was created by averaging the projections made by the 
three algorithms (Marmion et al., 2009). The average probability map 
combining the three models and the overlapping binary outputs is 
shown in Fig. 6. The same figure also shows the Train and Test1 site 
locations (Table 1). 

Model accuracy was assessed using two testing datasets, Test1 and 
Test2 (see Table 1 for description). The probability scores for the loca
tions where Asian longhorned ticks were detected declined from 0.651 
± 0.155 for the train set to 0.39 ± 0.178 for Test1 set, to 0.2 ± 0.177 for 
Test2 set (all pairwise comparisons P < 0.001, Mann Whitney U test). 

Fig. 5. Haemaphysalis longicornis projected habitat suitability in 
New Jersey, USA. The output for all three models, Maxent, 
Random Forest (RF), and generalized boosted regression (GBM) is 
shown. Top row: probabilistic maps with a range from 0 (not 
suitable) to 1 (highly suitable). Middle row: binary maps indicating 
presence (black) and absence (grey) produced by maximizing 
specificity and sensitivity, also known as true skill statistic, TSS 
(Freeman and Moisen, 2008). Bottom row: binary maps indicating 
presence (black) and absence (grey) produced by applying the 
threshold with the predicted prevalence equal to the observed 
prevalence.   
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Whereas all of Train set locations were accurately predicted as “pres
ence” under the maximum specificity and sensitivity threshold, i.e. 
100% sensitivity (Fig. 7), 27 out of 31 (87% sensitivity) and 17 out of 30 
(57% sensitivity) were correctly classified in Test1 and Test2 datasets, 
respectively. A more stringent equal predicted and observed prevalence 
threshold resulted in 93% sensitivity for the Train set (26 out of 28), 
48% sensitivity (15 out of 31) for Test1 set, and 27% sensitivity (8 out of 
30) for Test2 set. The model’s specificity, i.e. the ability to predict 

negative locations from which the Asian longhorned ticks were absent 
was 69% (73 out of 106) for Test1 set, and 82% (41 out of 50) for Test2 
set under maximum specificity and sensitivity threshold, and 85% (90 
out of 106) for the Test1 set, and 100% (50 out of 50) for the Test2 set 
under equal predicted and observed prevalence threshold (Fig. 7). For 
TSS threshold, the positive predictive value (PPV) was 0.93 (Test1) vs. 
0.57 (Test2) and the negative predictive value (NPV) was 0.68 (Test1) 
vs. 0.82 (Test2 set). A more stringent equal predicted and observed 

Fig. 6. Combined model projections for Haemaphysalis longicornis suitable habitat in New Jersey, USA. Left panel: averaged probabilistic model. Asian longhorned 
tick (ALT) locations used for developing or training the model (No – other tick species but not ALT were found – used as Test1, Yes – ALT found, used as Train) and 
testing ALT positive locations (Yes- ALT found, used as Test1) from an independent dataset are shown. Right panel: combined binary outputs (see Fig. 5) indicating 
ALT presence agreement among the three models. Two thresholds were used: maximum specificity and sensitivity, also known as true skill statistic, TSS (maxSpSens) 
and a stricter predicted prevalence equal to the observed prevalence (Pr_eq_Ob). 

Fig. 7. Model assessment. Train dataset (presence only) was used to develop the model, whereas two test datasets, one from 2017-2019 (Test1) and the second one 
from 2019-2022 (Test2) were used to evaluate the model. All three models were combined. Probability of presence (continuous scale) determined for points where 
Haemaphysalis longicornis (ALT) was present or absent in New Jersey, USA. Maximum specificity and sensitivity or equal predicted and observed prevalence are on 
categorical scale (yes or no) and were evaluated based on the proportion of points falling into the “presence” category. 
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prevalence threshold resulted in PPV of 0.7 (Test1) vs. 0.26 (Test2) and 
NPV of 0.84 (Test1) vs. 1.0 (Test2 set). 

4. Discussion 

Ecological zones exhibit similar patterns in: (1) geology and topog
raphy, (2) biotic communities, (3) soils, (4) hydrologic function, (5) 
climate, and (6) natural processes such as nutrient cycling, productivity, 
succession, and disturbance regimes (Cleland et al., 1997). All three 
models identified northern New Jersey as the area with the highest 
habitat suitability for H. longicornis with 26 out of 28 total positive lo
cations (Fig. 1). Of note, the first detection of an established population 
H. longicornis in the US was within this region, (Rainey et al 2018), 
which is broadly included in the Eastern broadleaf forest province 
subject to more continental climate with vegetation characterized by tall 
deciduous broadleaf forest often dominated by oak-hickory cover 
(McNab et al., 2007). Haemaphysalis longicornis higher abundance and 
association with certain ecological communities, i.e. forested to shrubby 
or mixed habitats, roughly similar to eastern broadleaf forest habitat in 
the US, have been observed in many previous studies (Heath, 2016; Li 
et al., 2016; Neilson, 1980; Oh et al., 2009; Tsunoda and Tatsuzawa, 
2004). 

Eastern broadleaf forest ecological province is further divided into 
four sections, Northern Appalachian Piedmont, Lower New England, 
Hudson Valley, and Northern Ridge and Valley (Cleland et al., 2007, 
1997; McNab et al., 2007). Among those, Piedmont clearly stood out 
having over one-half of all H. longicornis positive locations (Fig. 1). The 
terrain forms a Piedmont peneplain, i.e. gently rolling hills with 
erosional features. These land cover and topographic features are 
reminiscent of China’s more mountainous parts of Henan, Hubei, and 
Anhui provinces, which are considered prime H. longicornis habitat in 
the epicenter of the Dabie bandavirus outbreak vectored by this tick 
species (Liu et al., 2015). This affinity of H. longicornis for wooded hilly 
landscape was captured on the models by positive association of slope 
grade and tree cover with H. longicornis habitat suitability (Fig. 3). 

Piedmont’s geology is complex, consisting of bedrock, shales, silt
stones, and sandstones that are also present in other ecological sections 
in northern New Jersey (Dalton et al., 2014; McNab et al., 2007). Not 
surprisingly, geology was also a strong contributor to H. longicornis 
presence with basalt, diabase (especially prominent in the diabase sill of 
New Jersey Palisades), sandstone, and siltstone identified as most suit
able habitat containing 22 or 76% of the H. longicornis collections in the 
training dataset and 30 or 93% of the positive sites in the Test1 dataset. 
While only 7 or 22% of the H. longicornis positive sites in the Test2 
dataset (2019-2022) were within Piedmont, most positive locations 
were in close proximity to this ecological region (Fig. 1). Geology may 
also serve as a proxy for other microhabitat factors not included in the 
current model. 

The southern part of New Jersey is included within the Coastal Plain 
Mixed Forest province with different geology, soil, and land cover. Its 
single ecological section, Northern Atlantic Coastal Plain, contained the 
majority of H. longicornis negative locations (76 out of 110, 70%) where 
other tick species, but not H. longicornis, were found prior to 2020. This 
ecological region is subject to humid, maritime climate with forest 
vegetation dominated by conifers (McNab et al., 2007). The terrain is a 
flat alluvial plain with soils formed by recent marine deposits of sands 
and shales. Coastal plain ranked as low suitability H. longicornis habitat: 
its dominant geological compositions alluvium, sand, and gravel 
(Dalton et al., 2014; McNab et al., 2007) were devoid of H. longicornis 
positive locations, despite comprising 48% of collection sites in the 
Test1 dataset (66 negative sites/137 total sites) (Fig. 4). These broadly 
defined distribution patterns were similar to some areas of northern 
China, where H. longicornis ticks were mostly found in shrubland and 
broadleaf forested areas, but not in coniferous forests (Zheng et al., 
2012). More recently (since 2020) H. longicornis were found in the 
northern, transitional part of Northern Atlantic Coastal Plain suggesting 

that the range of this species is expanding into new habitat types from its 
original establishment in northern New Jersey (Fig. 1). Similar 
H. longicornis distribution was observed on nearby Long Island, New 
York, where this species was much more abundant in the Appa
lachian/Piedmont ecological zone in comparison to Coastal Plain/Pine 
Barrens, however incursions of H. longicornis into less favorable Pine 
Barrens were also observed (Rochlin et al., 2022). 

Not much information is available on H. longicornis associations with 
different soils. Types of soils are classified based on their physical and 
chemical characteristics into soil orders, suborders, groups and other 
taxonomic units (Soil Survey Staff, 1999). In this study, presence of 
H. longicornis was strongly associated with two soil taxonomic orders, 
Alfisols and Inceptisols. Alfisols are formed under forest or grass vege
tation, have distinct clay accumulation in the subsoil, and are rich in 
nutrients, fertile, and productive. In the US, Alfisols are common in the 
Ohio and Mississippi river valleys (“NRCS Soils,” 2023). One particular 
group of Alfisols, Fragiudalfs, contained about 30% of all positive 
H. longicornis locations. Fragiudalfs are found in gently sloping terrain 
under forest vegetation, and are characterized by a fragipan that is a 
dense subsurface soil layer severely restricting water flow thus reducing 
drainage and increasing soil moisture (Soil Survey Staff, 1999). Incep
tisols, the second soil taxonomic order closely associated with 
H. longicornis presence are those soils that are in the beginning stages of 
soil profile development commonly found in mountainous terrain, 
especially in southern New England, the Appalachian Mountains, and 
the Allegheny Plateau (“NRCS Soils,” 2023). One group within this 
order, Dystrudepts, contained over 20% of all positive H. longicornis 
locations. These are acidic soils with lower pH that are freely drained but 
remain moist throughout the year due to abundant rainfall supporting 
either forested or agricultural land uses (Soil Survey Staff, 1999). 

The dry and sandy soils of southern New Jersey appeared less suit
able as H. longicornis habitat. Entisols are the soils of unstable environ
ments, such as floodplains and sand dunes commonly found at the site of 
recently deposited materials (e.g., alluvium), or in parent materials 
resistant to weathering (e.g. sand) (Soil Survey Staff, 1999). The sandy 
Entisols group known as Psamments were especially unsuitable for 
H. longicornis. Quartzipsamments (quartz sand Psamments) contained 
about 15% of all tick collections but not a single positive H. longicornis 
location. The low suitability of sandy and gravelly soils for H. longicornis 
is also corroborated by the negative influence of the coarse sand and 
gravel sized rocks as opposed to more loamy or clay soils with a higher 
proportion of finer mineral particles (very fine sand) that are more 
plastic and not easily separated in a sieve (Fig. 3). 

Another soil taxonomic order occupying most of the southeastern US 
(“NRCS Soils,” 2023), Ultisols, presented a more complex picture. Ulti
sols are acidic weathered low-fertility soils of warm and humid climates. 
While when considered at larger aggregated scales (STATGO, Fig. 4, 
taxorder_nj_90m), Ultisols appeared unsuitable for H. longicornis, the 
analysis at finer smaller spatial scales and finer resolution (SSURGO, 
Fig. 4, taxgrtgroup) revealed that Hapludults, a common Ultisols group 
of southeastern US, contained about 20% of positive H. longicornis lo
cations. However, the locations where H. longicornis was found repre
sented a much smaller fraction of the total within this soil group (Fig. 4) 
compared to the more favorable Alfisols and Inceptisols suggesting 
generally lower or patchier habitat suitability. 

Although Hapludults are well drained, these soils usually receive 
abundant rainfall throughout the year (Soil Survey Staff, 1999). Hu
midity and dehydration have been identified as major factors affecting 
H. longicornis survival (Heath, 2016). The consistency of rainfall in 
supporting water content as well as the hydrological soil features are 
likely among the most critical factors in defining the environmental 
conditions for H. longicornis (Rochlin, 2019). Approximately 70% of all 
positive H. longicornis locations were from the soil hydrologic groups C 
(55%) and D (14%). These soils have moderate to high runoff potential 
because the movement of water through the soil is restricted as their 
composition with 20 to >50% clay tends to retain water (NRCS, 2007). 
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The critical role of soil hydrologic characteristics is underscored by the 
importance of saturated hydraulic conductivity in all models (Fig. 3). 
Soil hydraulic conductivity describes the ease with which pores in a 
saturated soil transmit water. Clay soils that support H. longicornis 
habitat have low saturated hydraulic conductivity, which is much higher 
in sandy soils. Other soil parameters related to hydrologic properties of 
the soil such as available water capacity, satiated soil, and liquid limit 
generally followed the same pattern. 

Applying the true skill statistics (TSS) as a threshold (Freeman and 
Moisen, 2008), the model sensitivity was initially as high as 87% when 
tested with an independent dataset collected within the same period 
(2017-2019). However, it declined to 57% for the more recent dataset 
collected in 2020-2022. This decline in accuracy predicting positive (i.e. 
presence) locations can have several explanations including the possi
bility that H. longicornis is still in the process of expanding its range and 
occupying the entirety of suitable habitat. Therefore, the model devel
oped at the initial stages of the invasion may not have captured all 
relevant microhabitat characteristics (Srivastava et al., 2019). Another 
possible explanation for poorer model sensitivity using test data from 
recent years is potential impacts of sampling bias on model performance. 
Some environments or locations were likely oversampled due to acces
sibility or other factors, whereas other may have been undersampled. As 
the later datasets were largely generated by different agencies/
personnel, they could have been biased in different ways than the earlier 
datasets yielding reduced sensitivity. 

The distribution of the ALT appears to be expanding in NJ, north
wards into suitable habitat as well as southwards into less suitable 
habitat (Fig. 1). However, the populations of H. longicornis are still 
largest at the original sites (data not shown), a feature not exploited by 
the current presence/absence modeling approach. Overall, even with 
reduced sensitivity, the model predicts H. longicornis presence signifi
cantly better than random (X2 = 11.1, P < 0.001) and retained high 
specificity, i.e., the ability to differentiate locations not suitable for 
H. longicornis (82%) in 2020-2022. Therefore, in its current format the 
model remains useful for surveillance, indicating that areas with xeric 
soils and coniferous vegetation should be de-prioritized. While the 
generated maps might be appropriate for some management decisions 
(for example to protect livestock in high-risk areas), better accuracy is 
needed to inform preventative interventions such as treating recrea
tional or residential areas. As with all modeling efforts, they are meant to 
be used as guidance but assessing the situation on the ground is still 
recommended before investment in these types of interventions. 

It is possible that the model did not capture all factors contributing to 
H. longicornis habitat suitability. One such factor might be anthropo
genic influence on this species’ occurrence and detection in new areas 
(Egizi et al., 2020). The “urban corridor” of New Jersey, an area with the 
greatest human population density and connected by major highways, 
aligns closely with the Piedmont region. This fact raises sampling biases 
due to higher propagule pressure as well as higher likelihood of detec
tion (Pearson, 2007; Phillips and Dudík, 2008; Yackulic et al., 2013). As 
a result of its high population density, the Piedmont region is also where 
risk of human, pet, and/or livestock exposure to H. longicornis bites and 
potential pathogen transmission is expected to be among the highest in 
the state. 

In conclusion, at present there are still considerable knowledge gaps 
with regard to environmental predictors that define the microhabitat 
distribution of H. longicornis. As mentioned, presence/absence models 
also do not reflect species abundance, which can be much higher in 
optimal microhabitats resulting in a higher rate of tick bites and risk of 
pathogen transmission. This study also highlights the utility and need for 
geographically representative sampling of tick populations (i.e., sam
pling outside areas already known to be suitable) to improve the ability 
to accurately predict species distributions in future studies. More accu
rate range and population density predictions will provide better guid
ance for local public health and vector control agencies to mitigate the 
impact of this species on veterinary and public health. 
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