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A B S T R A C T   

Ecological niche models use presence-only data, which is often affected by lack of true absences leading to 
sampling bias. Over the last decade, there has been an uptick in the integration of occurrence data from global 
positioning systems telemetry data in ecological niche models and/or species distribution models. These data 
types can be affected by serial autocorrelation at high relocation frequencies yet have been used in ecological 
niche models using geographic filters and subsampling techniques. Yet, no study to date has attempted to discern 
a method to identify the appropriate time interval for a particular species if integrating GPS telemetry occurrence 
data in a MaxEnt framework. We demonstrate a rigorous spatial technique using a robust contemporary dataset 
from ocelots (Leopardus pardalis) to assess the appropriate time intervals to use in a species-specific ecological 
niche model. We assessed a range of daily time intervals (every 0.5, 1–4, 6, 8, and 12 h) commonly used in 
teresstrial mammalian carnivore studies. We observed the predictive performance of shorter time intervals every 
2 h was comparable to much longer intervals every 12 h. These shorter intervals under/overestimated the least 
amount of data compared to 12 h. This study demonstrates that by accounting for serial autocorrelation and 
conducting rigorous spatial analyses, scientists can identify the appropriate time interval to integrate GPS 
telemetry data use in ecological niche models in MaxEnt. These results can also be transferable across highly 
mobile terrestrial taxa at different spatial scales, which can help inform species management or conservation 
strategies.   

1. Introduction 

Over the last 60 years, wildlife ecologists have used telemetry to 
understand the study of animal movement, space use, and resource 
utilization for a wide range of species globally (Milspaugh et al., 2012, 
Hofman et al., 2019). Initially, animal movement data was constrained 
by the use of very high frequency (VHF) radio collars that prevented 
continuous data collection through space and time (Kays et al., 2015). 
More recently since the late 1990s, these tracking devices and collars 
have now advanced with the use of Global Positioning System (GPS), 
which increases temporal resolution and spatial accuracy (Hebblewhite 
and Haydon, 2010, Kays et al., 2015, Hofman et al., 2019). This increase 
in temporal resolution and spatial accuracy has allowed scientists to 
gain a stronger understanding of wildlife behavior such as movement 

patterns and home range distributions across urban and remote land-
scapes (Hebblewhite and Haydon, 2010, Milspaugh et al. 2012, Kays 
et al., 2015). 

Such large datasets derived from current GPS and satellite collars 
have allowed researchers to develop rigorous statistical approaches due 
to the ability to connect sequential successive locations at fine time in-
tervals (Lombardi et al., 2021; Perotto-Baldivieso et al., 2012; Ward, 
2016). However, these repeated steps can be inherently nonindependent 
or autocorrelated, which violates assumptions related to estimating 
animal space use and distributions (Cagnacci et al., 2010; De Solla et al., 
1999; Dormann, 2007; Kays et al., 2015; Perotto-Baldivieso et al., 2012), 
with a higher frequency of locations having a stronger correlation 
(Boyce et al., 2022; Cagnacci et al., 2010). Most studies attempt to 
eliminate or reduce autocorrelation from telemetry datasets by defining 
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a less frequent tracking schedule (Caso, 2013; Heard et al., 2008; Joly 
et al., 2015; Leonard et al., 2020; Thalmann et al., 2016) or subsampling 
(Beumer et al., 2019; De Solla et al., 1999; Lombardi et al., 2021; Poor 
et al., 2020), but often do not report the level of correlation. 

Ecological niche modeling (ENM) is typically used by researchers 
with passive or non-invasive sampling such as camera-trap data, 
confirmed observations, harvest records, and natural history collections 
(Anderson and González, 2011; Duscher and Nopp-Mayr, 2017; Phillips 
et al., 2009). Ecological niche models contain environmental conditions 
under which species can maintain populations, and that model can then 
be transferred to different landscapes to predict distributional potential 
for the species (Elith et al., 2011). These models rely on the uniform 
sampling premise, which stipulates that data be sampled randomly 
across a landscape without autocorrelation between presence locations 
(Merow et al., 2013; Phillips et al., 2009). If biases or autocorrelation are 
suspected to exist in such sampling data, it has been suggested to use a 
bias file, which represents the relative sampling effort, spatial filter, or 
other statistical approaches (Crase et al., 2012; Kramer-Schadt et al., 
2013; Václavík et al., 2012). Further, it has been suggested higher levels 
of autocorrelation could artificially inflate levels of model performance 
in ENMs (De Solla et al., 1999). Spatial autocorrelation, an extension of 
serial autocorrelation, is a pressing challenge when modeling ENMs, as 
left unchecked can lead to flawed analyses and violate assumptions of 
spatial independence Lichstein et al., 2002). Further, presence of spatial 
autocorrelation can artificially inflate the statistical significance of 
species-covariate relationships in ENMs (Dormann, 2007; Václavík 
et al., 2012). 

Due to spatial autocorrelation issues, telemetry data have not been 
extensively used in ENMs as data are assumed biased (Fourcade et al., 
2014). Although, over the last seven years, there has been an uptick in 
the number of studies that have integrated telemetry data into ecological 
niche models (Beumer et al., 2019; Chibeya et al., 2021; Coxen et al., 
2017; Dempsey et al., 2015; Poor et al., 2020). Integration into these 
models has used various approaches to reduce temporal dependence and 
serial autocorrelation between locations. Spatial or geographic filters 
have been used in combination with taxa-specific behavioral sub-
sampling in migratory birds (Coxen et al., 2017) and subsampling every 
3 to 12 h for kit foxes (Vulpes macrotis; Dempsey et al., 2015) and musk 
oxen (Ovibos moschatus; Beumer et al., 2019). Chibeya et al. (2021) 
randomly filtered points and fixed a minimum 500 m distance between 
GPS relocation points to reduce serial autocorrelation for African ele-
phants (Loxodonta africana). Behavioral filters (i.e., removal of transient 
individuals) combined with assumptions in independent temporal filters 
have also been used to reduce serial autocorrelation in MaxEnt and 
MaxLike frameworks (Poor et al., 2020). However, while these studies 
have taken suitable measures to attempt to reduce serial autocorrela-
tion, to date, no study has reported the level of serial autocorrelation in 
these GPS data sources used in their studies. 

Consideration for appropriate GPS telemetry time intervals has been 
shown to provide a meaningful benefit for assessing animal movements 
and distributions (Lombardi et al., 2021; Perotto-Baldivieso et al., 2012; 
Ward, 2016). We conducted the present study to demonstrate a new 
technique to assess whether different time intervals commonly used in 
GPS telemetry studies are appropriate to use in ecological niche models 
within a MaxEnt framework. To inform this study, we conducted an 
exploratory analysis using a robust contemporary ocelot (Leopardus. 
pardalis) GPS telemetry dataset and a small subset of sample environ-
mental variables. To achieve this, we evaluated the optimal GPS time 
interval to inform this exploratory ENM analysis and assess its applica-
tion for other taxa in future studies. Our objectives were to (1) Estimate 
the amount of serial autocorrelation between successful GPS telemetry 
locations (0.5–12 h) to determine an appropriate time interval to inform 
an ENM; (2) Evaluate the predictive performance of ENM created using 
different GPS time intervals (0.5–12 h); and (3) Determine the difference 
in the spatial distribution of predicted presence and ENM performance 
(i.e., over/underestimation) compared to a baseline model. 

2. Materials and methods 

2.1. Study system 

This case study focused on the mosaic of >250,000 acres of private 
lands and cropland in northeastern Willacy County and eastern Kenedy 
County (Fig. 1), specifically located on the confluence of the Coastal 
Sand Plain, Lower Rio Grande Valley, and Laguna Madre Barrier Islands 
and Coastal Marshes eco-regions, Texas (Leonard et al., 2020; Lombardi 
et al., 2021). The fieldwork portion of the case study occurred on the 
East Foundation's El Sauz Ranch (113 km2) in southeastern Kenedy and 
northeastern Willacy counties, Texas, USA. The surrounding mosaic of 
private lands was composed of active cropland, cattle ranches, low-fence 
hunting operations, and the small towns of San Perlita and Port Mans-
field. The regional climate was semi-arid and subtropical (10o C–36o C), 
with highly erratic rainfall and episodic drought (Norwine and Kur-
uvilla, 2007). Natural features across this area include parabolic inland 
dunes, palustrine and coastal wetlands, irrigation canals, coastal prairie, 
grasslands, and large patches of dense woody vegetation communities 
(Leonard et al., 2020, Lombardi et al., 2021). 

2.2. Telemetry data collection 

We used a contemporary telemetry dataset from previous studies on 
collared adult ocelots (n = 8; 4 males; 4 females, Table 1) collected from 
January 2014 to July 2017 (Leonard et al., 2020; Lombardi et al., 2021; 
Veals et al., 2022). We did not capture live animals for this study, please 
see Leonard et al. (2020) and Lombardi et al. (2021) for specific details 
on capture and handling protocols used. Data were collected using Lotek 
Minitrack and Litetrack global positioning systems (GPS) and Iridium 
satellite-GPS collars that used a variety of time-interval schedules based 
on prior project objectives (i.e., every 30 min to every 12 h). The tem-
poral extent of GPS data lasted on average 141 days (range 70–280 days) 
and occurred during all seasons throughout the year. 

2.3. Temporal spatial autocorrelation analysis 

For each GPS dataset, we first removed outlier geographic points that 
may have been a result of pre-deployment testing and locations collected 
within 24 h of capture to minimize bias due to live capture (Beumer 
et al., 2019; Lombardi et al., 2021). We applied a geographic filter to 
exclude locations that had a dilution of precision >10 (D'Eon and Del-
parte, 2005), less than four satellite coverage, and removed geographic 
outlier locations that may have been the result of an error (Lombardi 
et al., 2021). 

To understand the effect of time intervals commonly used in 
mammalian studies on resultant ENMs, we assessed for serial autocor-
relation of successive locations at different time intervals (Lombardi 
et al., 2021; Perotto-Baldivieso et al., 2012; Ward, 2016). We sub-
sampled the data in ArcGIS 10.6.1 (ESRI, Redlands, California) at half 
hour, 1, 2, 3, 4, 5, 6, 8, and 12 h, which includes the raw location data 
that were collected at half hour and 12-h. Intervals were chosen based 
on a 24-h time cycle in a given day to ensure fixed times of each interval 
dataset and to compare to commonly used time intervals across 
mammalian studies (Benson et al., 2021; Lehnen et al., 2021; Leonard 
et al., 2020; Walton et al., 2018; Young et al., 2019). For each parti-
tioned dataset, we calculated the Euclidean distance (m) between two 
successive locations (Lombardi et al., 2021). We used Pearson's corre-
lation analysis (significance P = 0.05) to determine the similarity be-
tween pairs of successive steps. We postulated that shorter time intervals 
(i.e., 30 min) will have the highest serial positive correlation, and longer 
time intervals (i.e., 12 h) would have minimal serial autocorrelation and 
not be positively correlated. 

Serial autocorrelations among successive telemetry locations will 
decline at longer time intervals such that those are likely most inde-
pendent. Twelve hour time intervals have previously been used in 
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studies on neotropical felids (Caso, 2013; Leonard et al., 2020), Tas-
manian devils (Thalmann et al., 2016), and larger ungulates (Heard 
et al., 2008; Joly et al., 2015; Perotto-Baldivieso et al., 2012); therefore, 
we used this time interval as an appropriate baseline dataset in deriving 
ENMs for this study. ENMs. However, GPS time intervals recorded at 
higher frequencies (i.e., every half-hour) often violate assumptions of 
independence that are required by many models, requiring the use of 
correlation matrices to account for the correlated structure of these 

datasets (Dray et al., 2010; Perotto-Baldivieso et al., 2012). 

2.4. Exploratory ecological niche modeling 

For this exploratory ENM analysis to assess the predictive perfor-
mance at different time intervals, we used a subset of three environ-
mental variables related to ocelot ecology in the region (Harveson et al., 
2004, Gómez-Ramírez et al., 2017, Lombardi et al., 2021). We 

Fig. 1. Location of ranchland study system used in this analysis in southern Texas.  

Table 1 
Summary table of individual adult ocelot GPS dataset (total locations, and partitioned time intervals (0.5, 1, 2, 3, 4, 6, 8, and 12 h) used in this exploratory analysis. 
Data were collected in eastern Kenedy and northeastern Willacy counties, Texas, USA from March 2014 to May 2017.  

ID1 Begin End Total 0.5 1 2 3 4 6 8 12 

O17F 25 Jan 17 17 May 17 2951 2841 1480 704 475 416 236 179 119 
O5M 16 Jan 17 27 Mar 17 1308 1171 646 323 250 163 110 85 57 
O6M 20 Apr 15 25 Jan 16 1408 747 569 344 515 414 244 379 135 
O12F 20 Mar-15 29 Sep 15 545 436 183 134 65 146 126 106 105 
O12M 16 Mar 14 9 Sep 14 630 525 391 297 237 206 197 110 176 
O10F 1 Mar 14 13 Jul 14 506 333 201 129 95 81 68 67 56 
O14F 22 Apr 16 20 Sep 16 588 269 175 95 77 64 64 36 45 
O15M2 14 Jan 17 1 Feb 17 338 220 124 61 39 31 14 16 10 
Total   8274 6542 3769 2087 1753 1521 1059 978 703  

1 ID refers to individual ocelot (O) ID (“M” or “F” refers to male or female). 
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acknowledge that more variables are likely to influence a species- 
specific ENM, but the goal of this analysis was not to estimate suitable 
habitat or variables likely to influence ocelots, we aimed to assess 
whether different time intervals of the dataset affected model perfor-
mance and spatial distribution of occurrence data. We fit a single set of 
environmental variables (n = 3) for comparison purposes. We did not 
include annual bioclimatic variables in this study due to the small 
geographic spatial extent of the dataset within this study system. 

We conducted an unsupervised land cover classification for the 
entire ranchland study system using 30 m LANDSAT 8 imagery from 
2016 in ERDAS IMAGINE (Hexagon Geospatial, Norcross, GA, USA). 
Following methodologies defined by Lombardi et al. (2021), we classi-
fied land-use types in the region into six broad land cover categories: 
agriculture (row-crop agriculture), bare ground (e.g., inland dunes, 
beaches), herbaceous cover (e.g., tall-mid prairie, and cordgrass (Spar-
tina spp.) pasture), urban (towns and village), water (canals, lagunas, 
and wetlands), and woody vegetation (live oak forest and thornshrub 
forest). We manually digitized urban areas and mosaicked the layer into 
the raster following an accuracy assessment (i.e., 85% threshold) using 
200 random points. We included a 30 m one arc-second digital elevation 
model (DEM) obtained from the US Geological Survey as ocelots have 
been documented at varying elevations across their range (Gómez- 
Ramírez et al., 2017; Harveson et al., 2004). Due to the association 
between canopy cover and ocelot habitat use (Harveson et al., 2004); we 
used the 2016 US Geological Survey Canopy Cover 30 m rasters as an 
index of canopy cover. Variables were resampled at 30 × 30 m resolu-
tion and screened for correlation. 

We compared each time interval dataset using an ENM within 
MaxEnt (Version 3.3.1; Phillips et al., 2006). We performed 10 bootstrap 
replicates in which we randomly selected 75% of the locations to train 
the model, with the remaining 25% left to evaluate the model. Each 
bootstrap replicates used 10,000 background points sampled from the 
study area (Kramer-Schadt et al., 2013). Due to the exploratory nature of 
the study and because fit a small set of three covariates, we only fit one 
global model per time interval dataset (each with their occurrence 
sample size) which precluded our ability to run a model selection pro-
cess for each time interval. To assess the predictive performance (model 
quality) of each time interval model, we compared omission rates for 
each time interval model, covariate contributions, and conducted a 
spatial assessment of each model. We evaluated the training and testing 
omission rates for minimum training presence and 10% training pres-
ence values (Cuyckens et al., 2015; Radosavljevic and Anderson, 2014). 
The minimum training presence indicated the least suitable environ-
mental characteristics for which a locality was available in the training 
data and the 10% training presence is a value that excludes 10% of the 
areas with the lowest predicted values (Radosavljevic and Anderson, 
2014). We also evaluated the sensitivity plus specificity threshold for 
each model, which maximizes correctly predicted absences (sum of the 
specificity) and correctly predicted presences (sum of the sensitivity) 
(Cuyckens et al., 2015). 

2.5. Spatial assessment of time intervals in ecological niche models 

We conducted spatial analyses in ArcMap 10.6.1 (ESRI, Redlands, 
CA, USA) to determine the difference in the spatial distribution of areas 
identified as suitable habitat or “probability of presence” by the models 
and differences in model performance for each temporal dataset 
compared to our baseline 12 h model. We compared models on a pixel- 
by-pixel basis of presence probabilities using a raster calculator in Arc-
Map 10.6.1 and reclassified each resulting raster map based on five 
percentile breaks (− 0.10, − 0.05, 0, 0.05, and 0.10). We quantified the 
proportion of area and predicted presence values in each model under or 
overestimated by 10% (< − 0.10 and > 0.10) compared to our 12 h 
model. For the 12 h model, we used the minimum training presence 
criterion, to identify the minimum area that contained presence data 
(Cruz et al., 2019). We used the maximum training sensitivity plus 

specificity threshold (0.285) to identify the breakpoint for 10% under- 
and over-estimation used to compare against the baseline (Cruz et al., 
2019). 

3. Results 

We observed a significant positive correlation among successive lo-
cations for the half-hour time interval, as expected, and observed no 
significant positive correlation for the other time intervals (Fig. 2). We 
observed a large drop in the serial correlation between half-hour and 
one hour, between one hour and 12 h had a similar correlation near zero 
(Fig. 2). Omission rates for each model were close to the predicted 
omission rates and each had low minimum training presence omission 
rates (Fig. 3). Two-hour time intervals had the lowest training and test 
omission rates for maximum sensitivity plus specificity thresholds 
among models considered and were closest to our baseline 12-h model 
(Table 2). Contributions of each variable slightly differed across time 
interval models (Fig. 4), but we will not explore these further because it 
was beyond the scope of our study. 

Half-hour data and eight-hour data had the greatest percentage of 
presence probabilities that were underestimated compared to the 12 h 
model (Fig. 5). Based on the 10% threshold, each dataset under-
estimated <10% of the total estimated ocelot presence probability 
(Table 3). Two hour time intervals produced the lowest difference 
(<2.5%) in under- and overestimation of estimated ocelot presence 
(Fig. 5). We observed a similar difference in proportion (<2.5%) of 
under/overestimation based on three hour intervals, but this interval 
slightly underestimated more data beyond the criterion threshold 
(Fig. 4). Four to eight hour time intervals over/underestimated the 
greatest proportion of areas of ocelot presence and half hour and eight 
hour time intervals overestimated the greatest proportions of presence 
probability beyond the criterion threshold (Fig. 5). 

4. Discussion 

This study shows the importance of carefully selecting proper time 
intervals to reduce serial autocorrelation if integrating high-frequency 
GPS telemetry data in a MaxEnt framework for ecological niche 
modeling. Over the last 15 years, a growing body of knowledge and 
extensions of ecological niche modeling has been built on MaxEnt 
(Phillips et al., 2009, Anderson and González, 2011, Elith et al., 2011, 
Merow et al., 2013, Kramer-Schadt et al., 2013, Yackulic et al., 2013). At 
the same time, advances in telemetry technology have led to an explo-
sion of data on animal movement and distribution, which has contrib-
uted to the field of movement ecology (Baasch et al., 2010) and forays 
into species distribution modeling (Edren et al. 2010, Limiñana et al., 
2015, Dempsey et al., 2015, Chibeya et al., 2021, Poor et al., 2020). As of 
January 2020, Movebank (Wikelski et al., 2020), an online data re-
pository for animal movement data has grown to >2.4 billion locations 
across 989 taxa from >7600 studies worldwide. Because the higher level 
of autocorrelation found in higher frequency GPS telemetry datasets (e. 
g., 5, 10, 15, and 30-min intervals) can inflate model performance and 
impact the ability to discern space use and distribution estimates, our 
study supports the notion of accounting for spatial autocorrelation, 
analyze, compare and identify the optimal time interval telemetry 
datasets to use MaxEnt framework. Future development of MaxEnt or 
species distribution modeling R-packages such as megaSDM (Shipley 
et al., 2022) and dismo (Hijmans et al., 2017) could include serial cor-
relation factors or autocorrelograms to allow scientists to integrate GPS 
data and avoid sampling biases. This has important implications for the 
use of GPS telemetry in such models, as researchers will be able to un-
derstand the differences in time intervals that may affect model per-
formance differently. 

For ocelots, as with other territorial wide-ranging carnivores, longer 
time intervals can create uncertainty in animal activity and may obscure 
key information regarding behavior and fine-scale resource use (Perotto- 
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Baldivieso et al., 2012; Schwager et al., 2007). Our case study shows 
promise and indicates GPS data from telemetered ocelots can be used to 
inform a potential ENM for ocelots. To retain biologically meaningful 
inferences and data independence for estimating ENMs, two hour time 
intervals were comparable to 12 h time intervals. Two hour intervals 
under- and overestimated the least amount of data compared to 12 h 
intervals. Further, two-hour intervals had among the lowest omission 
rates especially the testing maximum sensitivity plus specificity 
thresholds, which was the lowest among all intervals. These shorter 
intervals may represent the optimal interval for researchers attempting 
to gain as much GPS data while avoiding serial autocorrelation at higher 
frequencies. While two-hour time intervals may be considered high 
frequency, successive locations were not highly positively correlated (p 
= 0.002) between successive GPS locations. Knowledge of the exact time 
interval needed to collect biologically meaningful data can vary across 
species, depending on distribution, space use, age, and behavior (Lom-
bardi et al., 2021; Perotto-Baldivieso et al., 2012; Ward, 2016). We 
recommend studies follow this spatial analytical approach to ensure 
they identify the optimal interval to answer their research question 
(Perotto-Baldivieso et al., 2012; Reynolds and Laundre, 1990; Swihart 
and Slade, 1985). 

As we observed in this case study with ocelots, two and 12 h datasets 
had comparable model performance, but we would recommend using 
two-hour data to maximize the variability of potential environmental 
variables used throughout the day for future analyses for ocelots. We are 
not discouraging using longer time intervals, but that will depend on 
study-specific hypotheses for a given species. Our original approach to 
assessing time intervals of GPS data in MaxEnt frameworks allows re-
searchers plenty of opportunities to integrate these results into other 
movement ecology techniques (i.e., step- or resource- selection) as 
additional analyses and not function as a replacement. This allows re-
searchers to gain a stronger understanding of the ecological processes 
that govern the roles different taxa may play in their environment. 
Although we did not perform a model selection in this study, based on 
the varied omission rates for training and testing data, model covariate 
contributions, and different spatial distribution of occurrence points we 
posit different time intervals will likely result in varied model selection 
results. 

Uniform sampling is a key assumption when using MaxEnt, in which 
environmental conditions must be sampled in proportion to their 

availability regardless of their spatial pattern (Phillips et al., 2009). Most 
studies that use MaxEnt use presence-only data from camera trap 
studies, natural history collections, or harvest records (Cruz et al., 2019; 
Cuyckens et al., 2015; Duscher and Nopp-Mayr, 2017). Presence-only 
data collection can be affected by imperfect sampling and detection 
probabilities, due to the lack of true-absence data to designate which 
sites were searched (Coxen et al., 2017; Merow et al., 2013). It is 
assumed that if sampling is biased, one cannot differentiate if species 
locations receive the largest search effort or if certain locations are 
preferred (MacKenzie et al., 2017; Merow et al., 2013; Phillips et al., 
2009). Unlike non-invasive surveys or observational obtained data, 
telemetry data allows substantively more occurrence data to be 
considered in a given area. These locations will be indicative of the lo-
cations that are preferred by the species (biologically and ecologically) 
and would represent true areas of occurrence or absence (either there or 
not) on the landscape. If similar environmental variables are present in 
areas where the target or collared animal did not visit, researchers can 
infer based on the ecology that the animal is likely to occur there 
(MacKenzie et al., 2017). 

This study applies to telemetry datasets used in ENMs across taxa. 
Previous studies show telemetry data can be used in ENMs (Beumer 
et al., 2019; Chibeya et al., 2021; Coxen et al., 2017; Dempsey et al., 
2015; Poor et al., 2020), and now we demonstrate a methodological 
process researchers can use to optimize their data partitioning for their 
desired research question. As a rule, we recommend researchers define 
potential temporal periods based on ecological information about the 
species and the scientific questions related to ENMs that are asked of the 
data, but these will differ from species to species. This has implications 
for the use of GPS telemetry, as researchers will be able to understand 
ecological processes that govern landscape patterns and ecological 
niches for different taxa such as carnivores, ungulates, and birds at 
regional and continental scales. 

5. Conclusions 

Our study represents an effort to assess an appropriate taxa-specific 
time interval to integrate GPS telemetry data into a MaxEnt framework 
by accounting for serial autocorrelation and rigorous spatial approaches. 
In our example, shorter time intervals might be a preferred tradeoff to 
longer 12-h intervals, which can allow researchers to increase variability 

Fig. 2. Mean Pearson correlation coefficients for GPS time intervals: 0.5 h (n = 6542 locations), 1 h (n = 3769 locations), 2 h (n = 2087 locations), 3 h (n = 1753 
locations), 4 h (n = 1521 locations), 6 h (n = 1059 locations), 8 h (n = 978 locations), and 12 h (n = 703 locations) used in this analysis. 
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Fig. 3. Omission rate and predicted area as a function of the cumulative threshold for each time interval model (30 min [A], 1 h [B], 2 h [C], 3 h [D], 4 h [E], 6 h [F], 8 h [G], and 12 h [H]) considered in this analysis.  
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in their data while retaining spatial independence between successive 
locations. This methodology is transferable across highly mobile 
terrestrial taxa and may allow researchers the ability to identify 
appropriate intervals to use when estimating ENMs at regional or con-
tinental spatial scales. Further, this approach can help inform species 
management or conservation strategies by strengthening the support for 
use of such data sources in these types of ecological modeling 
frameworks. 
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