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The Kemp’s ridley sea turtle (Lepidochelys kempii) is the most endangered sea turtle
species in the world, largely due to the limited geographic range of its nesting
habitat. There has been limited research regarding the connection between beach
geomorphology and Kemp’s ridley nesting patterns, but studies concerning other sea
turtle species suggest that certain beach geomorphology variables, such as beach
slope and width, influence nest site selection. This research attempts to address
the literature gap by quantifying the terrestrial habitat variability of the Kemp’s ridley
and investigating the connection between beach geomorphology characteristics and
Kemp’s ridley nesting preferences on Padre Island, TX, United States. Geomorphology
characteristics, such as beach width and slope, were extracted from lidar-derived digital
elevation models and associated with Kemp’s nest coordinates and pseudo-absence
points randomly created within the study area. Generalized linear models and random
forest models were used to assess the significance of variables for nesting preferences.
Kemp’s ridley nest presence was successfully modeled using beach geomorphology
characteristics, and elevation, distance from shoreline, maximum dune slope, and
average beach slope were the most important variables in the models. Kemp’s ridleys
exhibit a preference for a limited range of the study area and avoid nesting on beaches
with beach characteristics of extreme values. The results of this study include new
information regarding Kemp’s ridley terrestrial habitat and nesting preferences that have
many applications for species conservation and management.
Keywords: sea turtle, lidar data, habitat model, coastal, beach geomorphology
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higher beach face slopes and narrower widths had higher
nest densities of loggerhead turtles than beaches with lower
slopes and wider widths (Provancha and Ehrhart, 1987).
Research regarding hawksbill turtles found that nest elevation
above sea level was positively related to hatching success.
Furthermore, this study found that hawksbills nested further
from the high tide line on beaches with less steep slopes,
suggesting that they prefer to nest at a certain mean elevation
above sea level (Horrocks and Scott, 1991). Similarly, Wood
and Bjorndal (2000) found that out of the factors slope,
temperature, moisture, and salinity, slope had the largest
impact on nest site selection of loggerheads, likely because
it is correlated with nest elevation. A study in Mexico
discovered that green sea turtles prefer beaches with steeper
slopes, specifically a steeper berm slope, while hawksbill
turtles nest site selection extended to a wider range of beach
morphology characteristics (Cuevas et al., 2010). A similar study
regarding nest site selection by the green sea turtle in Mexico
found that the most utilized nest sites were characterized by
beaches at least 1,300 m long with gentle to medium slopes
(Zavaleta-Lizárraga and Morales-Mávil, 2013).
Most recently, Dunkin et al. (2016) developed a model that
accurately predicted loggerhead nesting habitat suitability in
Florida using elevation, beach slope, beach width, and dune
peak as predictors. Consistent with the findings of several of
the aforementioned studies, they found that elevation was the
most influential factor for nesting preferences (Dunkin et al.,
2016). Similarly, Yamamoto et al. (2012) successfully modeled
nest density for three different sea turtle species using a limited
number of geomorphology variables. This study found that each
sea turtle species exhibited a tolerance for beaches with a wide
range of measured geomorphology variables but would not nest
on beaches outside of this tolerance (Yamamoto et al., 2012).
The specific preference of nesting beach characteristics varies
between species, possibly due to the difference in size, weight,
and behavior between each species. This makes the specific
preference of nesting beach characteristics for the Kemp’s ridley
difficult to quantify. Considering the importance that slope
and elevation have in regards to nest site selection of various
species of sea turtles, it is possible that they are important
aspects of Kemp’s ridley nesting preference. Additionally, other
geomorphology features, such as dune height, rugosity, aspect,
beach width, distance from shoreline, and offshore configuration,
might also be important aspects of nesting preference for
the Kemp’s ridley. Marquez-M (1994) notes that on beaches
in Rancho Nuevo, Mexico, the Kemp’s ridley usually nests
beyond the high tide line in front of the first dune, on the
windward slope of the dune or on top of the dune. This report
describes the distribution of nests at relative positions along
a beach profile, but it fails to quantify the characteristics of
each position, such as elevation or distance from shoreline, and
to assess alongshore nesting preferences in relation to beach
geomorphology characteristics, such as beach slope or width
(Marquez-M, 1994).
The purpose of this study is to: (1) identify the terrestrial
habitat variability of the Kemp’s ridley sea turtle on the beaches
of North and South Padre Islands, Texas; and (2) quantify the

INTRODUCTION
The range of the Kemp’s ridley sea turtle encompasses the Gulf
of Mexico and extends into the northwestern Atlantic Ocean
(Putman et al., 2013). Most nesting occurs on beaches along the
west-central Gulf of Mexico, with the greatest nesting numbers
near Rancho Nuevo, Tamaulipas, Mexico (Shaver and Rubio,
2008; Caillouet et al., 2015; Shaver and Caillouet, 2015). The
Mexican government began protecting the nests in 1966 because
the population was rapidly declining (Caillouet et al., 2015;
Shaver and Caillouet, 2015). By 1977, extinction of the species
was imminent, so a bi-national, multi-agency imprinting and
head-start project was implemented in order to increase Kemp’s
ridley nesting at Padre Island National Seashore (PAIS), known as
the PAIS Restoration Program (Shaver and Rubio, 2008; Shaver
and Caillouet, 2015). The overall goal of this project was to
create a secondary nesting colony in a location that was both
protected and within the native range of the species (Shaver
and Rubio, 2008). Due to these and other efforts, both Rancho
Nuevo and Padre Island National Seashore serve as main nesting
sites for the Kemp’s ridley sea turtle today, in Mexico and the
United States, respectively (Caillouet et al., 2015). Nesting also
occurs in Veracruz, Mexico and occasionally in Florida, Alabama,
and the Atlantic coast in the United States (National Marine
Fisheries Service and U. S. Fish and Wildlife Service, 2015).
A female sea turtle responds to various signals, both biotic and
abiotic, to select the most successful site for her eggs, making nest
site selection non-random (Weishampel et al., 2006; ZavaletaLizárraga and Morales-Mávil, 2013). According to Wood and
Bjorndal (2000), sea turtle nest site selection can be divided
into three stages: beach selection, emergence of the female,
and nest placement. Beach selection and emergence probably
depend on offshore cues and beach characteristics, such as slope
and dune profile (Wood and Bjorndal, 2000). A number of
selective forces drive nest placement both seaward toward the
shoreline and landward away from it; nests close to the sea
have a higher probability of inundation and egg loss due to
erosion while nests further from the sea are more likely to result
in predation and hatchling disorientation (Wood and Bjorndal,
2000; Santos et al., 2006).
The biophysical features of beaches that affect nest site
selection have long been thoroughly studied, but morphological
characteristics influencing nest site selection have not been
researched to the same extent (Horrocks and Scott, 1991;
Yamamoto et al., 2012). There has been little to no research
regarding the connection between beach geomorphology and
Kemp’s ridley nesting site selection, but studies regarding other
species of sea turtles suggest that beach characteristics may
be important factors in determining sea turtle nesting site
preferences (Santos et al., 2006; Yamamoto et al., 2012).
While it is well-known that females prefer to nest on
beaches with fine grain sands because it is more difficult to dig
egg chambers in coarse, dry sand, Mortimer (1982) predicted
that slope and offshore configuration are potentially more
important than sand grain properties in nesting preferences,
but their relative importance was not quantified (Mortimer,
1982, 1990). One study found that segments of beaches with
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for generalized linear models and random forests, the statistical
models used in this study. Therefore, psuedo-absence points
were created randomly within the study area at a 10:1 ratio to
the presence data.
In 2009, the US Army Corps of Engineers (USACE) Joint
Airborne Lidar Bathymetry Technical Center of Expertise
(JALBTCX) collected lidar data of the South Texas Gulf of
Mexico shoreline for the West Texas Aerial Survey 2009 project.
The survey was conducted between February and April, just
before Kemp’s ridley nesting season. Additionally, the Bureau
of Economic Geology (BEG), the Center for Space Research,
and Texas A&M-Corpus Christi conducted three airborne lidar
surveys of the Texas Gulf of Mexico shoreline every year from
2010 through 2012. The 2010 and 2011 surveys were conducted
in April at the beginning of Kemp’s ridley nesting season while
the 2012 survey was conducted in February, a few months
prior to the start of nesting season (Paine et al., 2013). The las
files for each dataset were procured from the NOAA Coastal
Services Center’s Digital Coast website with NAD83 horizontal
and NAVD88 vertical datums. Using NOAA/NOS’s VDatum, the
USACE data was converted from Geoid12A to Geoid99, the same
geoid as the 2010–2012 BEG lidar data. The BEG lidar data was
characterized by UTM Zone 14 N projected coordinate system.
Consequently, LAStools was used to project the 2009 LAS files
into UTM Zone 14 N.
The last return points were used for this project in order to
reduce the probability of land cover biasing topography (Starek
Michael et al., 2012). The point density of each dataset was
evaluated in order to determine the ideal resolution for the digital
elevation models (DEMs) and outliers were located by identifying
data points that exceed a height or slope difference relative to
neighboring measurements within 30 m. Based on the point
density of the datasets, a pixel size of 1 m was determined to be
sufficient. Each LAS file was gridded using an inverse distance
weighted (IDW) operation with a search radius of 2.5 m and a
maximum of 3 points within each search radius. The subsequent
rasters were combined to create consistent surfaces for each year.

influence of beach geomorphology characteristics on Kemp’s
ridley nest site selection.

MATERIALS AND METHODS
Study Area
The study area for this research is the beaches of the Padre Island
National Seashore, located on North Padre Island, and South
Padre Island, TX, United States (Figure 1). North and South
Padre Islands are barrier islands that run parallel to the coastline,
separated from the mainland by the shallow estuaries of the
Upper and Lower Laguna Madre, respectively (Judd et al., 1977;
Weise and White, 2007). Collectively, North and South Padre
Islands extend 182 km from Corpus Christi to Brazos-Santiago
Pass, varying from 450 m to 4.8 km in width (Judd et al., 1977).
Port Mansfield Channel is a human-made and jettied channel
that separates South Padre Island from North Padre Island (Judd
et al., 1977). Because Kemp’s ridleys have been observed nesting
from the water line to behind the foredune crest, the study area
includes the area of beach extending from the wet/dry line to the
landward dune boundary.
Beaches in the northern and southern sections of the study
area are broad and characterized by large foredunes and
grasslands (Davis, 1977; Weise and White, 2007). Washover
channels and a greater extent of development also characterize
the southern section (Weise and White, 2007). The shape of
the Texas Gulf shoreline causes longshore currents to converge
near the central section of the study area, resulting in the
accumulation of sediment and shell fragments (Davis, 1977).
Thereby, the beaches in this region are steeper and the mean
sediment size is larger in comparison to the other regions of
the study area, resembling the geomorphology of the beaches of
Rancho Nuevo, Mexico (Watson, 1971; Carranza-Edwards et al.,
2004; Weise and White, 2007).

Dataset
The coordinates of observed Kemp’s ridley nests within the
study area for the years 2009–2012 were obtained from Dr.
Donna J. Shaver, the coordinator of the Sea Turtle Stranding
and Salvage Network in Texas and Chief of Sea Turtle Science
and Recovery at Padre Island National Seashore (Supplementary
Table 1). The coordinates were imported into ArcGIS as XY
data tables and were subsequently exported as shapefiles and
projected to the coordinate system of UTM Zone 14 N. Of the
total 573 nest coordinates, 8 points (1.39%) were determined to
be outliers and were excluded from the study. These coordinates,
comprised of three points from 2012, four points from 2011,
and 1 point from 2010, were located outside of the study
area, likely due to an instrumentation error when the nest
coordinates were recorded.
Pseudo-absence points, or background data, establishes the
characteristics of the study area while the presence data provides
the attributes of the area in which a species is more likely to
be present (Phillips et al., 2009). Barbet-Massin et al. (2012)
found that model accuracy increased until an asymptote when
the ratio of pseudo-absence to presence points reached 10:1
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Feature Extraction
Shoreline, potential line of vegetation, and landward dune
boundaries were mapped to delineate the beach and the foredune
complex within the study area for geomorphology characteristic
extraction. Through the analysis of lidar data and beach profiles,
Gibeaut et al. (2002) and Gibeaut and Caudle (2009) found that
the wet/dry boundary typically occurs at 0.6 m above mean sea
level on the Texas Gulf Coast. This elevation was mapped as
the shoreline for each year. The potential vegetation line is the
lowest elevation dune vegetation may thrive along the Texas Gulf
shore and is 1.2 m above mean sea level. The wet/dry line is the
seaward boundary of the beach and potential vegetation line is
the landward boundary of the beach and seaward boundary of
the foredune. The ArcGIS Contour List tool was used to map the
contours, and the contours were smoothed using a 5 m tolerance
with the Polynomial Approximation with Exponential Kernel
(PAEK) method of the Smooth Line tool in ArcGIS. The landward
dune boundaries for the 2010–2012 data were mapped by the
Coastal and Marine Geospatial Lab at Harte Research Institute,
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FIGURE 1 | The study area of the research, the beaches of North and South Padre Islands, TX, United States.
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Boxplots were created in R that compare the median
and interquartile range of each geomorphology characteristic
differentiated by nest presence and pseudo-absence. These
boxplots served as tools that can be used to recognize if the
Kemp’s ridleys are nesting within a subset of the available
habitat. Additionally, a correlation matrix composed of pairwise
scatterplots and associated Pearson correlation coefficients
was calculated in R to assess the collinearity between the
geomorphology characteristics and to preliminarily pinpoint
any geomorphology characteristics with a relationship to nest
presence. Collinearity between variables can skew generalized
linear models, so this information was taken into consideration
during model development and selection.
In addition, the data was analyzed using statistical regression
models to both quantify the relationship between beach
geomorphology characteristics and Kemp’s ridley nest
site selection and assess the capacity of geomorphology
characteristics in predicting nest presence. A generalized linear
model was selected as a traditional modeling technique because it
has the capacity of modeling response variables with non-normal
distributions, such as discrete, binary data (Gilmour et al., 1985;
Zuur et al., 2009). This modeling technique was expanded upon
by the use of a machine-learning technique because recent
studies have suggested that machine-learning methods may
perform better than traditional algorithms, especially when the
dataset includes a limited number of samples over an extensive
range (Breiman, 2001; Elith et al., 2006; Mi et al., 2017).

as outlined in Paine et al. (2013). The same systematic qualitative
criteria used to generate the landward dune boundaries for 2010–
2012 was used to create a landward dune boundary for 2009.
Using the ET Geowizard Extension of ArcGIS, cross-shore
profiles were created at each presence and pseudo-absence point,
which were then delineated by beach, or the area between the
shoreline and PVL, and dune system, or the area between the
PVL and landward dune boundary. Points were created every 1
m along the profiles, and elevation values from the DEMs for
each year were extracted to each. The points were converted
back to line segments, resulting in 3D cross-shore profiles,
from which various characteristics were derived. The resulting
geomorphology characteristics include beach slope, beach width,
dune peak height, dune slope uphill, and dune width (Table 1).
Using the ET Geowizard Extension of ArcGIS, the distance of
each point from the shoreline was calculated by generating and
measuring a line segment that extends from each point to the
shoreline. Additionally, aspect, and rugosity rasters were created
for each year from the DEMs. Values from the aspect, slope, and
elevation ratsters were attributed to each coordinate for each year.

Analysis
To better understand the dynamics of the system, preliminary
statistical analyses were conducted. The Optimized Hot Spot
Analysis tool in ArcGIS, which identifies statistically significant
spatial clusters of high values and low values, was used on each
year of nest coordinates, as well as all years combined. This
tool aggregates incident data, identifies an appropriate scale of
analysis, and corrects for multiple testing and spatial dependence.
The Getis_Ord Gi∗ statistic is calculated for each feature in the
dataset, and the resulting high and low z-scores are indicative
of hot spots and cold spots, respectively. The resulting maps
identified statistically significant hot spots and cold spots of nests
and classified the general spatial trends in nesting.

Generalized Linear Models
Because the response variable is binary, binomial generalized
linear models for all years of data combined were developed
in R, with nest presence/absence as the dependent variable and
the geomorphology characteristics as the explanatory variables.
Models utilizing all explanatory variables were dredged in order
to pinpoint the variables that comprise the relatively best model
options. The best models options were then generated and
evaluated using McFadden’s pseudo R-squared value, K-fold
cross-validation prediction error, and a boxplot of the predictions
differentiated by the observation value. McFadden’s pseudo
R-squared value is defined as

TABLE 1 | Description of each geomorphology characteristic extracted to each
presence and pseudo-absence point.
Variable

Description

Beach width

Distance (m) between the potential vegetation line
and the shoreline

Beach slope

Average slope (degrees) of the profile from the
shoreline to the potential line of vegetation;
maximum, minimum, and average values

Dune height

Highest point (m) between the landward dune
boundary and the potential line of vegetation

Dune width

Distance (m) between the potential vegetation line
and the landward dune boundary

Dune slope

Average upward slope (degrees) going from the
potential line of vegetation and the landward dune
boundary; maximum, minimum, and average values

Distance from shoreline

Distance (m) from the coordinate to the shoreline
(negative value on the seaward side of the shoreline)

Rugosity

Surface roughness or the standard deviation of
elevation

Aspect

Compass direction that a slope faces

Elevation

Elevation (m) above NAVD88
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R2McFadden = 1 −

log (Lc )
log (Lnull )

where Lc denotes the likelihood value from the current fitted
model and Lnull denotes the corresponding value for the
null model (McFadden, 1974). In K-fold cross-validation, the
observations are split into K partitions, the model is trained on
K-1 partitions, and the test error is predicted on the left out
partition k (Zuur et al., 2009). This process is repeated for each
partition and the result is the average test error of all partitions
(Zuur et al., 2009).
Because the sampling type and ratio of the pseudo-absence
data can greatly affect the model, these components were taken
into consideration when developing the model (VanDerWal
et al., 2009; Barbet-Massin et al., 2012). As mentioned in Section
“Dataset,” pseudo-absence points were generated at a ratio of
10:1 to the presence points. However, using this ratio as an
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This effectively bootstraps the pseudo-absence data so the entire
distribution is assessed. In order to assess the accuracy of each
model, a confusion matrix was generated as an output for both
the test subset of each model. Accuracy, sensitivity, and specificity
were used to assess and compare the performance of each model
iteration. Variable important plots were constructed in order to
determine the role of each explanatory variable.

input into the model would likely cause the model to be biased
to predict the pseudo-absence points. Therefore, models were
developed using 10:1, 5:1, 2:1, and equal ratios of pseudoabsence points to presence points in order to gauge the effect
of variations in ratio pseudo-absence points on model accuracy
(VanDerWal et al., 2009; Barbet-Massin et al., 2012). The models
generated using a 5:1, 2:1, and equal ratios of pseudo-absence
to presence points were re-constructed 100 times, resampling
the pseudo-absence points each iteration, in order to fully take
into consideration the distribution of the pseudo-absence points.
McFadden’s pseudo R-squared value, K-fold cross-validation
prediction error, boxplots of the predictions differentiated by
observed values, and the results of confusion matrices for each
model were compared in order to evaluate model performance.
The analysis of spatial data is often complicated by spatial
autocorrelation, a phenomenon that occurs when the values
of variables sampled at nearby locations are not independent
of each other (Dormann et al., 2007; Crase et al., 2014). In
order to determine if there was spatial autocorrelation in the
presence/absence data, a spline correlogram of the raw data was
created in R (Zuur et al., 2009; Crase et al., 2014). A spline
correlogram is a graphical representation of Moran’s I for
different distance classes that is smoothed using a spline function.
A spline correlogram of the Pearson residuals of the model was
also created in R to determine if any spatial autocorrelation was
explained by the explanatory variables (Zuur et al., 2009).

RESULTS
The use of the Optimized Hot Spot Analysis tool on the nest
coordinates of each year and all years combined resulted in the
presence of a hot spot near the central section of Padre Island,
Texas each year (Figure 2). In particular, the analysis of all
years combined exposed a notable hot spot along the central
section of Padre Island and a cold spot along the northern half
of South Padre Island.
Boxplots of each geomorphology characteristic differentiated
by nest presence contrast the range of geomorphology values
used by the Kemp’s ridley sea turtle with the total range of
available nesting area (Supplementary Figures 1–7). For most of
the geomorphology characteristics, the extent used by the Kemp’s
ridley for nesting is limited in comparison to the breadth of the
entire study area; the Kemp’s ridley tends to avoid extreme values.
The median value for presence points is lower than the median
value for the background points for the variables elevation,
distance from shoreline, maximum dune slope, dune width, and
average beach slope. In particular, the interquartile range of the
presence points does not overlap with the interquartile range of
the background data for elevation and distance from shoreline,
indicative of a distinct preference of the species.
Furthermore, Table 2 lists statistical measures of each
geomorphology characteristic for the nest coordinates for all
years of data combined, which provides a detailed quantification
of the terrestrial habitat range of the Kemp’s ridley sea turtle.

Random Forest
A random forest model was determined to be a suitable machine
learning methodology option due to the size of the dataset and
the binary nature of the predictant (Breiman, 2001; Svetnik et al.,
2003; Elith et al., 2006; Mi et al., 2017). Specifically, a random
forest was preferred over other machine-learning techniques,
such as a neural network, because they are less computationally
expensive, do no require an extensive amount of data, are less
prone to overfitting and provide information on the importance
of each predictor (Breiman, 2001).
Random forests are machine learning classification and
regression tools composed of a combination of trees created by
using bootstrap samples of training data and random feature
selection in tree induction (Breiman, 2001; Svetnik et al., 2003).
A random forest model was applied to the all of the years of
data combined, with the predictant as the presence or pseudoabsence of a nest site and the predictors as the geomorphology
characteristics. The relative importance of each predictor in the
model was quantified, providing even more insight into the
relationships within the system.
As previously mentioned in regards to the development of
the generalized linear models, the sampling type and ratio
of the pseudo-absence data can greatly affect the model, so
these components were taken into consideration during the
development the random forest model as well (VanDerWal et al.,
2009; Barbet-Massin et al., 2012). A subset of the pseudo-absence
points of equal ratio to the presence points was constructed
and then the data was further split into 75% for testing and
25% for training. The random forest model was built and then
a loop was established to perform 100 iterations of each step.
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Generalized Linear Models
A correlation matrix of the variables revealed collinearity between
the following pairs of variables: maximum dune slope and average
dune slope, maximum beach slope and average beach slope, and
elevation and rugosity (Supplementary Figure 8). There was
also a notable relationship between elevation and dune height, as
well as between elevation and distance from shoreline. Therefore,
these pairs of variables were not included in the generalized linear
models in order to avoid creating a bias.
The generalized linear models created using higher ratios of
pseudo-absence to presence points had a lower prediction error
than models created using a lower ratio (Table 3). However, the
results of the confusion matrices of the models created using
varying ratios of pseudo-absence to presence points revealed
that the ratio acts a factor for model accuracy in predicting
pseudo-absence to presence points (Table 3). As the ratio of
pseudo-absence to presence points decreases, the accuracy of
the predictions for nest presence, or sensitivity, increases and
the accuracy of the predictions for nest absence, or specificity,
decreases. This is supported by the trends in the boxplots of the
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FIGURE 2 | Statistically significant hot spots and cold spots for each year of data produced using the Optimized Hot Spot Analysis tool in ArcGIS.
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TABLE 2 | Statistical measures of each geomorphology characteristic for the nest coordinates of all of the years of data combined.
Elevation
Avg beach
(m)
slope (degrees)

Beach
width (m)

Dune
height (m)

Dune
width (m)

Max dune slope
(degrees)

Avg dune slope
(degrees)

Distance from
shoreline (m)

Average

1.20

2.96

17.46

6.44

250.18

29.03

7.79

19.47

Standard deviation

0.77

0.93

9.25

1.88

75.93

7.72

2.59

61.72

1st quartile

0.75

2.27

11.02

5.38

87.93

24.01

6.07

2.71

Median

1.11

2.78

15.53

6.22

123.91

29.17

7.54

12.79

3rd quartile

1.47

3.43

21.05

7.37

189.76

33.92

9.34

23.01

TABLE 3 | Generalized linear models created using varying ratios of pseudo-absence to presence points and their respective measures of accuracy.
Generalized linear model

McFadden’s pseudo
R-squared

K-fold
cross-validation
prediction error

Ratio of
pseudo-absence:
presence points

5.9 – 1.64*elevation + 0.21*dune height – 0.36*avg beach slope – 0.075*max dune slope –
0.034*beach width

0.460

0.117

1:1

4.9 – 0.037*distance from shoreline + 0.13*dune height – 0.088*max dune slope –
0.43*avg beach slope

0.411

0.106

1:1

3.16 + 0.077*dune height – 0.29*avg beach slope – 0.086*max dune slope

0.097

0.220

1:1

5.8 – 1.79*elevation + 0.22*dune height – 0.44*avg beach slope – 0.074*max dune slope –
0.04*beach width

0.450

0.111

2:1

5.23 – 2.05*elevation + 0.26*dune height – 0.47*avg beach slope – 0.069*max dune
slope – 0.05*beach width

0.448

0.075

5:1

4.375 – 2.16*elevation + 0.23*dune height – 0.37*avg beach slope – 0.065*max dune
slope – 0.05*beach width

0.417

0.051

10:1

These models were produced using all the years of data combined.

spline correlogram of the Pearson residuals of the top generalized
linear model for all the years combined (first model in Table 4)
exhibited little spatial autocorrelation between nests, even within
a short distance (Supplementary Figure 16). This suggests that
the spatial autocorrelation in the data was explained by the
explanatory variables in the model (Zuur et al., 2009; Crase et al.,
2014). Therefore, the generalized linear model does not need to be
adapted to account for spatial autocorrelation (Zuur et al., 2009).

predictions of each model differentiated by the observed values
(Supplementary Figures 9–14). These boxplots revealed that the
median prediction value for the presence points increases in
accuracy at a faster rate than the median prediction value for the
absence points decreases in accuracy, resulting in a somewhat
balanced accuracy in the model created using an equal ratio.
Consequently, an equal of pseudo-absence to presence points
was determined to be optimal for the purposes of this study
because the resulting model was the most accurate in predicting
the presence points without exceedingly hindering accuracy in
predicting the absence points.
Generalized linear models generated using an equal ratio
of pseudo-absence to presence points explained 40–46% of the
variability of nest presence with a relatively low prediction
error (Table 3). In each model, each variable was significant
with a p-value < 0.001. The top two models both contained
the variables elevation and distance from shoreline, which are
collinear. Additionally, these models included the variables of
dune height, average beach slope, and maximum dune slope
as well. A model containing the aforementioned significant
variables without elevation or distance from shoreline only had
a pseudo R-squared value of 0.097, indicative that the variables
elevation and distance from shoreline are the most influential for
the top two models (Table 3). Response curves of the predictions
of models 1 and 2 in Table 3 show the relationship between
the probability of nest presence and elevation and distance from
shoreline, respectively (Figures 3, 4).
The spline correlogram of the raw data for all years of data
combined revealed positive spatial autocorrelation between nests
up to 250 m apart (Supplementary Figure 15). However, the
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The random forest model generated using an equal ratio of
pseudo-absence to presence points improved upon the accuracy
of the comparable generalized linear models (Table 5). A random

FIGURE 3 | Response curve of the predictions of model 1 in Table 3 showing
the probability of nest presence versus elevation (m).
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FIGURE 4 | Response curve of the predictions of model 2 in Table 3 showing
the probability of nest presence versus distance from shoreline (m).
FIGURE 5 | Receiver operating characteristic (ROC) curve of the random
forest model.

forest model was also generated using a 10:1 ratio of pseudoabsence points to presence points, which had a lower sensitivity in
comparison to the model created using an equal ratio (Table 5).
This is indicative that the higher ratio of pseudo-absence to
presence points biases the model against the presence data,
which is consistent with the trends between the generalized
linear models created using varying ratios of pseudo-absence to
presence points.
The receiving operating characteristic (ROC) curve, which
shows the false positive rate versus the true positive rate, of the
random forest model created using an equal ratio of pseudoabsence to presence points further demonstrates the accuracy of
this model (Figure 5). The closer the false positive rate is to 0
and the closer the true positive rate is to 1, the more accurate
the model. Therefore, the top random forest model for this
study was the model created using an equal ratio of pseudoabsence to presence points. The variable importance plots of
this model revealed elevation and distance from shoreline to be
the most important variables, concurrent with the results of the
generalized linear models (Figure 6).

these characteristics may be important factors in Kemp’s nest
site selection. The top generalized linear models were able to
explain 40–46% of the variability of nest presence with a relatively
low prediction error (Table 4), and the final random forest
model was highly accurate with a true positive rate above 85%
(Table 5). The random forest model was superior in performance
compared to the generalized linear models, which is indicative
of a more complex relationship between nest site selection and
beach geomorphology characteristics than can be captured in
a traditional modeling technique. This indicates that ranges of
the geomorphology characteristics may be more important for
Kemp’s ridley nesting than linear trends.
For both the random forest model and the top generalized
linear models, elevation and distance from shoreline were the
most important variables, but maximum dune slope, dune
height, and average beach slope were relatively important
variables as well. The importance of elevation and distance
from shoreline strongly corresponds to the results of studies
regarding both hawksbill and loggerhead sea turtles. Horrocks
and Scott (1991); Wood and Bjorndal (2000), Weishampel et al.
(2003), and Katselidis et al. (2013) found that the hawksbill
and loggerhead prefer to nest at a certain elevation above mean
sea level. Furthermore, Dunkin et al. (2016) developed a model
that successfully predicted loggerhead habitat suitability using

DISCUSSION
Kemp’s ridley nest presence was successfully modeled using a
small number of geomorphology characteristics, suggestive that

TABLE 4 | Results of the confusion matrices for GLMs created using varying ratios of pseudo-absence to presence points.
Ratio of pseudo-absence: presence points

Balanced accuracy

Sensitivity

Specificity

Positive prediction value

Negative prediction value

1:1*

0.842

0.892

0.793

0.811

0.880

2:1

0.822

0.775

0.869

0.747

0.885

5:1

0.773

0.589

0.957

0.735

0.921

10:1

0.665

0.340

0.989

0.747

0.938

∗ Model

1 in Table 3.

TABLE 5 | Results of confusion matrices for random forest models generated using varying ratios of pseudo-absence to presence points.
Ratio of pseudo-absence: presence points

Balanced accuracy

Sensitivity

Specificity

Positive prediction value

Negative prediction value

1:1

0.896

0.914

0.879

0.885

0.909

10:1

0.759

0.530

0.987

0.787

0.958
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may thrive along the Texas Gulf shore (Table 2). These findings
are consistent with the species description by Marquez-M (1994)
that the Kemp’s ridley usually nests in front of the first dune,
on the windward slope, or on top of the dune. A comparison
of the ranges of values of geomorphology characteristics for
the beaches at which Kemp’s ridleys nested to the ranges for
the entire study area revealed that Kemp’s ridleys exhibited
a preference for a limited range of the available habitat and
avoided nesting on beaches with extreme values for maximum

geomorphology characteristics, of which elevation proved to be
the most influential factor. Multiple studies also found beach
slope characteristics are an important factor for other sea turtle
species in locating suitable nesting habitat (Kolbe and Janzen,
2002; Tucker, 2010; Katselidis et al., 2013).
Results showed that Kemp’s ridleys nest at a median elevation
of 1.04 m above mean sea level and a median distance from
shoreline of 12.79 m, which corresponds to the area near the
potential vegetation line or the lowest elevation dune vegetation

FIGURE 6 | Variable importance plots of the top random forest model. The figure on the left shows the mean decrease in accuracy of the model due to the exclusion
of each variable and the figure on the right shows the relative importance of each variable.

FIGURE 7 | Examples of beach profiles that would not be preferred for nesting due to (A) the wide, flat beach and (B) the narrow, steep beach and high average
dune slope.
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National Marine Fisheries Service [NMFS] et al., 2010; National
Marine Fisheries Service and U. S. Fish and Wildlife Service,
2015).
The models did not explain all of the variability in Kemp’s
ridley nest presence, indicative that other factors, such as
coastal development, alongshore currents, offshore bathymetry,
sediment size, or environmental conditions, could also be
influential (Weishampel et al., 2003; Pike, 2008; Garcon et al.,
2010; Katselidis et al., 2013; Thums et al., 2019). Kemp’s ridleys
often nest in synchronous emergences called arribadas, and
studies suggest that there may be cues that initiate an arribada,
including strong onshore wind, lunar and tidal cycles, olfactory
signals, or social facilitation (Shaver and Rubio, 2008; Shaver
et al., 2017). Jimenez-Quiroz et al. (2005) found a coherence
between nesting cycles and temperature and wind fluctuations,
implying that these environmental variables could serve as
stimuli for nesting. Shaver et al. (2017) discerned that Kemp’s
ridleys prefer to nest on windy days and may be prompted to
nest by increases in wind speed and surf. It is possible that these
conditions are preferable because the sand is cooler and the risk
of predation is reduced, as any signs of nesting would be quickly
erased (Shaver et al., 2017). Similarly, multiple studies regarding
other species of sea turtles indicate that environmental factors,
such as wind and wave exposure, oceanic currents, rainfall events,
and tide levels, may be related to sea turtle nest site selection
(Pike, 2008; Garcon et al., 2010; Thums et al., 2019). Future

dune slope, average beach slope, and beach width. Additionally,
for each geomorphology characteristic, nesting occurred at a
median value that is lower than the median value for the pseudoabsence points, suggestive of an aversion to maximum values
of geomorphology characteristics. This coincides with trends
exhibited by other species. Yamamoto et al. (2012) documented
that the loggerhead, green, and leatherback sea turtles each
exhibited tolerances for a range of values of geomorphology
characteristics and would not nest on beaches with values outside
these tolerances.
Figure 7 shows examples of profiles that would not be
preferred for nesting because they are characterized by extreme
values for the beach geomorphology characteristics. On the
other hand, Figure 8 shows examples of profiles that would
be preferred for nesting because they are characterized by
beaches with moderate widths and slopes, as well as prominent
foredune complexes.
Spatially, Kemp’s ridleys nested at a higher frequency in a
hot spot along the central section of the study area (Figure 2).
The beaches in this region are on average narrower, steeper
and characterized by higher dune peaks in comparison to the
northern sections of the study area. The beaches in this region
of the study area resemble the beaches of Rancho Nuevo,
Mexico, the main nesting site of the Kemp’s ridley (CarranzaEdwards et al., 2004). Both regions are also characterized by
the presence of shell fragments (Carranza-Edwards et al., 2004;

FIGURE 8 | Example of profiles that would be preferred for nesting due to the moderate beach slope and width and prominent dune complex.
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Kemp’s ridley, the most endangered sea turtle species in the
world. This research serves as an example of how remote sensing
data can be used to model wildlife habitat over an expansive
study area and obtain detailed information about an endangered
species that is difficult to study.
The application of high-resolution lidar data resulted in
new information regarding the terrestrial habitat variability and
nesting preferences of the Kemp’s ridley sea turtle, which can
be used to benefit the conservation and management of the
species. Although other factors may influence beach selection by
the Kemp’s, beach geomorphology characteristics were able to be
used to predict nest presence. This is suggestive of a degree of
importance of geomorphology characteristics in Kemp’s nest site
selection, which coincides with similar studies regarding other
species. Nevertheless, future work should focus on generating
a more robust model that incorporates other potential factors,
such as the presence of vegetation, human activity, or sand
characteristics, in hopes of explaining more of the variability of
Kemp’s ridley nest presence.

modeling efforts should attempt to strengthen the predictions
for Kemp’s ridley nest site selection by incorporating these
environmental drivers.

Kemp’s Ridley Conservation and
Management
There are a variety of species management and conservation
applications for the results of this study that would help protect
the Kemp’s ridley sea turtle and its habitat. The methods
developed in this study can be used to monitor and protect
Kemp’s ridley habitat availability along the Texas coast as both
human (i.e., beach nourishment and beach maintenance) and
natural processes (i.e., sea-level rise and extreme storm events)
alter beach geomorphology characteristics.
Beach nourishment projects are often a necessary source
protection against shoreline erosion, but beach nourishment
and beach maintenance activities can result in changes to
beach characteristics that may be important for sea turtle
nesting, such as beach slope and width, sand compaction,
gaseous environment, hydric environment, containment levels,
nutrient availability, and thermal environment (Crain et al.,
1995; Gallaher, 2009). This could result in a decrease in sea
turtle nesting habitat suitability and may deter nesting. Resource
managers and city planners can use the results of this study
to limit degradation to Kemp’s ridley terrestrial habitat during
beach nourishment and maintenance projects by ensuring the
geomorphology characteristics of all managed beaches fall within
the habitat range of the species. Specifically, this data can be used
to help generate a habitat suitability index for the Kemp’s ridley
to be considered during the permitting process.
The results of this study can also be expanded upon to
calculate the extent of nesting habitat that may be at risk to sealevel rise and identify beaches where nesting may shift. Sea-level
rise has the potential to cause an increase in nest inundation
events and to change beach geomorphology characteristics key to
sea turtle nesting, such as beach slope and elevation (Pendleton
et al., 2004; Stutz and Pilkey, 2011; Williams, 2013; Santos
et al., 2015). Annual and seasonal measurements of beach
geomorphology characteristics could be used to calculate how
the morphology of nesting beaches is changing and to predict
the extent and location of optimal nesting habitat as the beaches
continue to shift (Katselidis et al., 2013).
The results of this study can also be applied to Kemp’s ridley
nest location efforts. Because Kemp’s ridleys are a relatively small
and light sea turtle species, they leave only a faint track in the
sand, rendering it especially difficult for nest chambers to be
located on windy days. During windy conditions, searches for
Kemp’s ridley nests should be focused on areas where Kemp’s
ridleys are most likely to nest, such as near the potential line of
vegetation and along the central section of North Padre Island,
Texas within the Padre Island National Seashore.
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