
MARINE ECOLOGY PROGRESS SERIES
Mar Ecol Prog Ser

Vol. 636: 221–234, 2020
https://doi.org/10.3354/meps13222

Published February 20

1.  INTRODUCTION

Somatic growth models play an essential role in
species management. Among aquatic taxa, growth
models are critical for determining vital rates such as
natural mortality and age-at-sexual maturity (Char -

nov 1993, Jensen 1997, Prince et al. 2015, Then et al.
2015, Thorson et al. 2017), and mapping length-
frequency data to age or staged structured popula-
tion models (Fournier & Archibald 1982, Caswell
1989, Fournier et al. 1998). In spite of their impor-
tance, estimating the parameters in growth models

Inter-Research 2020 · www.int-res.com*Corresponding author: brandon.chasco@noaa.gov

Integrated mixed-effect growth models for species
with incomplete ageing histories: a case study for

the loggerhead sea turtle Caretta caretta

Brandon E. Chasco1,2,*, James T. Thorson2,3, Selina S. Heppell2, Larisa Avens4, 
Joanne Braun McNeill4, Alan B. Bolten5, Karen A. Bjorndal5, Eric J. Ward6

1Fish Ecology Division, National Marine Fisheries Service, NOAA, Newport, OR 97365, USA
2Department of Fisheries and Wildlife, Oregon State University, Corvallis, OR 97331, USA

3Habitat and Ecological Processes Research Program, Alaska Fisheries Science Center, NMFS, NOAA, Seattle, WA 98115, USA
4Protected Resources Branch, Southeast Fisheries Science Center, National Marine Fisheries Service, NOAA, Beaufort,

NC 28516, USA
5Archie Carr Center for Sea Turtle Research and Department of Biology, University of Florida, Gainesville, FL 32611, USA

6Conservation Biology Division, Northwest Fisheries Science Center, NOAA, Seattle, WA 98115, USA

ABSTRACT: For stochastic growth processes, integrated mixed-effects (IME) models of capture−
recapture data and size-at-age data from calcified structures such as otoliths can reduce bias in
model parameters. Researchers have not fully explored the performance of IME models for simul-
taneously estimating the unknown ages, growth model parameters, and derived variables. We
simulated capture−recapture observations for tagging experiments and skeletochronology (i.e.
humerus growth) observations for stranded loggerhead sea turtles Caretta caretta based on pre-
viously published parameter estimates for 3 growth processes (logistic, Gompertz, and von Berta-
lanffy). We then fit IME models to the integrated and non-integrated data. For the integrated data
(both tagging and skeletochronology), we found decreased bias and uncertainty in estimated
growth parameters and ages, and decreased misspecification of the growth process based on AIC.
Applying the IME model to Western Atlantic loggerheads, the von Bertalanffy growth process
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14.6 yr, respectively. Assuming the size-at-sexual maturity (SSM) is 95% of the asymptotic size,
the mean and 95% predictive interval for the age-at-sexual maturity (ASM) was 38 (29, 49) yr. Our
results demonstrate that IME models provide reduced bias of the growth parameters, unknown
ages, and derived variables such as ASM.
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can be exceedingly difficult (Schnute 1981). The
para meters in popular growth models (e.g. logistic,
von Bertalanffy, and Gompertz) are highly corre-
lated, and the temporal and spatial heterogeneity in
aquatic habitats and resources can mask the differ-
ences between the measurement error in the data
and the variability in the growth process (Aires-da-
Silva et al. 2015, D’Arcy & Thorson 2015).

To reduce the bias for parameters that are difficult
to estimate, and to appropriately account for the dif-
ferent sources of uncertainty (i.e. observation error
versus process error) for highly stochastic processes,
researchers have focused on a class of models
referred to as integrated mixed-effects (IME) models
(Royle & Dorazio 2008, Kéry & Schaub 2012). The
‘mixed-effect’ part of an IME model uses random
effects to describe sources of process uncertainty
such as within-individual variability over time (i.e.
transient variability) and or between-individual vari-
ation within a population (e.g. persistent variability)
(de Valpine 2002, Thorson & Minto 2015). The ‘inte-
grated’ part of an IME forces the parameters of the
model to reconcile all of the available data simultane-
ously (Maunder & Punt 2013). IME models have been
used across a range of taxa and ecological questions,
such as stock assessment of marine fishes (Methot &
Wetzel 2013), mark−recapture survival and move-
ment analysis (Letcher et al. 2015), density depend-
ence (Foss-Grant et al. 2016), and species distribution
models (Thorson et al. 2017, Green et al. 2018). Simi-
larly, the use of IME models for describing somatic
growth has increased in recent years (Cope & Punt
2007, Dortel et al. 2013, Aires-da-Silva et al. 2015,
D’Arcy & Thorson 2015, Maunder et al. 2016, Cadi-
gan & Campana 2017).

For many populations, such as sea turtles (Super-
family Chelonioidea) and cartilaginous fishes (class
Chondrichthyes), the resorption of the oldest interior-
most growth rings on the calcified structures makes it
very difficult to determine the total age (Zug et al.
1986, Taylor et al. 2005). Thus, the relationship be -
tween length and age for anything but the youngest
individuals is unknown. For many of these popula-
tions, data from tagging studies provide additional
growth rate information, but not size-at-age informa-
tion. While some researchers have estimated un -
known ages and growth parameters simultaneously
with mixed-effects models (Olsen 2002, Taylor et al.
2005, Eaton & Link 2011), determining how an IME
model may improve estimates of both the unknown
ages and the parameters of the growth models by in-
tegrating multiple data sets (e.g. capture− recapture,
tagging, biogeochemical) has not been ex plored.

Loggerhead sea turtles Caretta caretta are a pro-
tected species (Federal Register 1978, Casale &
Tucker 2017) with a complex life history that includes
both pelagic and neritic habitats (Mansfield et al.
2009). A goal of sea turtle demographers has been to
estimate age-specific responses to specific environ-
mental or anthropogenic perturbations (e.g. age at
sexual maturity, age at stranding on beaches, and
age at recruitment to fisheries by-catch; NRC 2010,
Gallaway et al. 2016). However, the lack of known
ages and highly variable growth rates has con-
founded the ability of researchers to estimate somatic
growth. Furthermore, the lack of size-at-age models
has limited the ability to link size-specific observa-
tions with age in integrated demographic models
(Zug et al. 1986, Snover et al. 2007, Braun-McNeill et
al. 2008, Avens et al. 2017, Ramirez et al. 2017).

Researchers have made considerable progress with
sea turtle growth models, with models that compare
growth rate data from tagged turtles and calcified
bones from stranded turtles (Goshe et al. 2016), ac -
count for within- and between-individual stochastic
growth rates (Bjorndal et al. 2013, Avens et al. 2017),
and include exogenous estimates of missing growth
rings (Zug et al. 1986, Snover et al. 2007, Petitet et al.
2012, Avens et al. 2015). However, to our knowledge,
no attempts have been made to combine each of
these steps in a single statistical framework and eval-
uate whether growth parameters and un known ages
are unbiased when estimated simultaneously. The
objective of this research was to build an IME model
for loggerhead sea turtle growth and compare it with
previously published age− length relationships.
Specifically, our IME model examines: (1) the effects
of persistent (between individuals) and transient
(within an individual) variability in the growth pro-
cess, (2) the ability to estimate unknown ages for
tagged and stranded individuals, (3) the integration
of humerus growth rates of stranded turtles with
carapace growth rates of recaptured tagged turtles,
and (4) the bias and uncertainty for derived vari-
ables, such as age-at-sexual maturity (ASM).

2.  MATERIALS AND METHODS

2.1.  Data for the case study involving Western
Atlantic loggerheads

Data for our IME model included previously col-
lected humeri diameter measurements from stranded
loggerhead turtles (Avens et al. 2015) and carapace
growth from capture−recapture tagging studies
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(Braun-McNeill et al. 2008). Between 1995 and 2011,
humerus bones were collected from 389 loggerhead
turtles along beaches of the Western Atlantic and 9
from the Azores in the central Atlantic (see Fig. 1 in
Avens et al. 2015 and Table S1 in Avens et al. 2013).
From each turtle, researchers collected the diameter
of each line of arrested growth (LAG), the maximum
humerus diameter, straight carapace length (SCL),
and the date and location of recovery. Individual
humeri were cross-sectioned and prepared following
the methods of Avens et al. (2013), with LAG diameters
being recorded in millimeters to the nearest 13th deci-
mal place. The period between successive LAG meas-
urements is equal to 1 yr; however, in 43 out of 3867 di-
ameter measurements, the LAG markings along the
measured axis were too diffuse or damaged to read ac-
curately. Because these LAG markings were missing,
the time to the next measurable LAG dia meter (δi,j,j−1)
was inferred from the number of observable LAGs
along a separate axis of the humerus. Individual turtles
possessed between 2 and 33 LAGs, and the SCLs of the
stranded turtles ranged from 17.6 to 108.2 cm.

Within Core and Pamlico Sounds, North Carolina,
USA, between 1992 and 2012 (Braun-McNeill et al.
2008), 480 loggerhead sea turtles were captured and
recaptured. Loggerheads were tagged with Inconel
tags at the trailing edge of each rear flipper and in -
jected with a subcutaneous passive integrated
transponder (PIT) tag. Standard (notch-to-tip) SCL
measurements were collected to the nearest millime-
ter. SCL at tagging ranged from 25 to 106 cm and the
number of recaptures ranged between 1 and 12, with
an average of 1.7. The average time-at-liberty
ranged from 1 d to 15.5 yr, with an average of 381 d.
Short recapture intervals are essential, as they likely
reflect measurement error, not variability in the
growth process. Most (95%) of the turtle recaptures
occurred between May and November, with Novem-
ber being the peak month for both tagging and
recapture (31% of total captures).

2.2.  IME model of carapace growth

Our IME modeling framework combined data from
skeletochronology and tagging data for Western
Atlantic loggerhead sea turtles. We created a GitHub
repository (https://github.com/ bchasco/IME_ growth
_ model), which contains all of the R scripts to compile
the Temple Model Builder (TMB) code (see Section
2.6), run simulation models, and reproduce the plots
and figures in the results. Table 1 provides a list
of parameters, variables, and data used in the

model. A de scription of the data files (see Text S1 in
the Supple ment at www. int-res. com/ articles/ suppl/
m636 p221_ supp. pdf), R scripts, and TMB code used
to estimate and plot the results of the observed and
simulated data are provided in Tables S1 & S2.

2.3.  Body proportional relationship between
humerus diameter and carapace size

The ratio (β) between maximum humerus diameter
(max_humerusi, mm) and the SCLi (cm) for the i th

individual stranded turtle was based on the body
proportional hypothesis (BPH; Francis 1990):

(1)

We assumed that the observation error (εi
BPH) was

normally distributed with a standard deviation of
σBPH mm.

2.4.  Growth observation models

We modeled the predicted initial carapace size
(x̂ d

i,j=1) for both stranded and tagged turtles as:

(2)

where f is a generic function (e.g. von Bertalanffy,
Gompertz, or logistic; Table S3), d refers to the data
stream (i.e. ‘hum’ for humerus from stranded turtles,
or ‘cr’ for capture−recapture from tagged turtles), Ld

∞,i

is the asymptotic SCL (cm) for individual i of data
stream d, L0 is the initial carapace size (cm) at age 0
and was assumed to be equal for all individuals, kd

i,j is
the growth rate parameter with the units yr−1 for the
first observation ( j = 1) of the i th individual for data
stream d, and ad

i is the estimated age in years of the
first observation of the i th individual for data stream
d. The carapace size for each successive growth in -
crement (Eq. 3) was modeled as a function of the
growth parameters Ld

∞,i and kd
i,j, the size of the

humerus or carapace in the previous time-step xd
i,j–1,

and the time-at-liberty δd
i,j between observations j

and j − 1. The parameters Ld
∞,i and ad

i were assumed to
have persistent variation among individuals (and
hence have subscript i), while growth rate kd

i,j was as -
sumed to vary among individuals and observations
(and therefore have subscripts i and j) to include both
persistent and transient variation in growth:

(3)

The observation, or measurement, error was mod-
eled as the difference between the model prediction
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and the observed LAG diameters (mm) of each
humerus from the stranded turtles (Oi,j

d=hum), or SCLs
(cm) for captured and recaptured turtles (Oi,j

d=cr). The
measurement process was different be tween the 2
data streams: measurements of tagged turtles were
made to the nearest millimeter using calipers on wild
and unsedated animals, while precision of humeri
measurements were made to the nearest 1× 10−13 mm
on a computer screen with a digital image magnified
at 50×. We assumed a log-normal distribution with
different variances ((σd)2) to describe the observation
errors for the SCL measurements from capture−
recaptured turtles (Eq. 4) and the LAG diameter
measurements from stranded turtles (Eq. 5):

(4)

(5)

2.5.  Random effect for the growth process

We treated the persistent and transient variability
of the growth process as random effects in the model.
To distinguish between the variances for the obser-
vation and process errors, we chose σ2 to denote the
variances of the observation errors, and φ2 to denote
the variances of the random effects. The estimated
true age of the first LAG of a humerus or first capture
of a tagged turtle (ad

i ) was log-normally distributed
with a mean of μd

a and a variance of (φd
a)2:

(6)

The correction factor for the normally distributed
deviates, –0.5(φd

a)2, ensured that the deviates were
centered at the mean and not the median.

For humeri that did possess an annulus, the LAG
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age ad
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                                                Symbol              Description

Sub- and superscripts                   i                    Individual

                                                      j                    Observation

                                                     d                   Data stream: tagging (d = cr) or skeleto chrono logy (d = hum)

Data                                            Od
i,j                 Growth observations (humerus dia meter in mm, carapace length in cm) for the

j th observation of individual i

                                                  SCLi                Straight carapace length (cm) for individual i

                                          max_humerusi        Maximum humerus diameter (cm) for  individual i

                                                    δd
i,j                  Time-at-liberty between j and j −1 for  individual i

Growth process                            f                    Length at age model

                                                     f‘                   Change in length after time-at-liberty

Fixed effects                                μk                  Average growth coefficient (yr−1) of turtle

                                                     μ∞                  Average max straight carapace length (cm)

                                                     x0                  Carapace length at hatching (cm)

                                                     μd
a                  Average age of the initial observation

                                                     β                   Ratio between carapace length and humerus diameter

Random effects                           εd
ki

                  Persistent effects in k for data d and individual i

                                                    εd
ki,j

                 Transient effect in k for data d, observation j of the i th individual

                                                    εd
∞i

                 Deviations in asymptotic length for data d and the i th individual

                                                     εd
a                   Deviations in age at first growth measurement for data d and i th individual

Observation variance               (σd
a)2                Variance between the observed data d and variance model predictions

                                                   σ2
BPH                Variance between paired body proportional observations

Random effects variance            φ2
∞                  Persistent variability in asymptotic carapace length

                                                    φ2
ki

                 Persistent variability in growth coefficient

                                                   φ2
ki,j

                Transient variability in growth coefficient

                                                   (φd
a)2                 Variability of the age of the first observation for data type d

Table 1. List of subscripts, superscripts, data, and parameters of the integrated mixed-effect model for sea turtle growth
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the first LAG formation was less than 1 yr (Snover et
al. 2007). The asymptotic SCL (Ld

∞,i) for the i th individ-
ual was normally distributed with a population mean
of μ∞ and a variance of φd

∞:

(7)

The growth coefficient for the first observation was
a function of only the persistent variability between
individuals (εd

ki
):

(8)
while subsequent growth coefficients included the

persistent, between-individual effect (εd
ki

) and tran-
sient, within individual (εd

ki,j
) effects:

(9)

The persistent and transient effects for the individ-
uals were log-normally distributed with variances of
ε0

ki
and ε0

ki,j
, respectively:

(10)

(11)

2.6.  Model fitting

The marginal likelihood of the vector of fixed
effects (θ) and the variance parameters (τ) for the ran-
dom effects (ε) given the data (L[Data |θ,τ]) was max-
imized by integrating across the product of the condi-
tional probability of the data given the fixed and
random effects (Pr(θ,τ |ε)), and the probability of the
random effects and the estimated variances (Pr(ε |τ);
Thorson & Minto 2015):

(12)

where Table 1 lists the set of fixed (μk, μ∞, L0, μa
d, β, σd,

σBPH, φμ∞, φki
,φki,j

, φd
a) and random effects (εd

ki
, εd

ki,j
, εd

∞i
,

εd
a). We used the non-linear optimization package

TMB (Kristensen et al. 2015) built for R (R Core
Development Team 2015, version 3.6.0) to estimate
the fixed and random effects of the model. TMB iter-
atively minimizes the joint negative log-likelihood
for the fixed effects and variances of the random
effects using auto-differentiation, while integrating
over the likelihood of the estimates for the random
effects using the Laplace approximation. To estimate
the standard errors for the fixed effects, we used the
inverse of the Hessian − a matrix of partial second
derivatives of the likelihood with respect to each
fixed effect. Random effects were predicted when
setting the fixed effects at their maximum likelihood

estimates, while their standard errors were estimated
using the delta method while incorporating the vari-
ance of fixed effects (Kass & Steffey 1989).

Not all model combinations could be estimated due
to the confounding between model parameters; in
some instances, a model parameterization may con-
tain a singularity where 2 different parameter esti-
mates produced identical fits to the data. In these
cases, the Hessian was non-positive definite, and the
solution was not unique and cannot be estimated. We
defined a converged model as one with a positive
definite Hessian and a maximum gradient of 0.0001
for the fixed effects. To achieve the gradient thresh-
old, we set the number of extra Newton steps taken
after the outer optimization equal to 6 using the
‘TMBhelper::Optimize’ function in the TMBhelper
package. We used the marginal Akaike’s information
criterion (AIC) for the fixed effects (Akaike 1974)
from the ‘TMBhelper package’ to compare models
and select the most parsimonious fit to the data.

3.  RESULTS

We fit growth models to 3867 humerus diameter
measurements from 398 stranded, and 1284 carapace
measurements from 480 loggerhead sea turtles
tagged and recaptured in the Western Atlantic be -
tween 1992 and 2012. We examined the model fits to
4 potential forms of persistent variation (both the
growth coefficient and asymptotic size; the growth
co efficient or the asymptotic size; and neither), 3 lev-
els of data (integrated skeletochronology and tag-
ging data, and individual skeletochronology or
 tagging data), and 3 functions approximating the
growth processes (von Bertalanffy, Gompertz, and
logistic). Using AIC, the von Bertalanffy growth pro-
cess with persistent variability for the asymptotic size
(ε∞,i) and transient variability for the growth coeffi-
cient (εd

ki,j
) was the best fit to the integrated data

(Table 2; AIC equal to −21 054). Although not di rectly
comparable to the integrated data using AIC, the
Gompertz growth process provided the best fit for
the non-integrated skeletochronology and tagging
data (AIC equal to −16 243 and −5100, respectively),
and was the second best fit model for the integrated
data. The model with the best fit to the non-inte-
grated skeletochronology data included persistent
variance for the asymptotic size (ε∞,i) and growth
coefficient (εd

ki
), and transient variability for the

growth coefficient (εd
ki,j

), while the best-fit model for
the non-integrated tagging data included persistent
variance for only asymptotic size (ε∞,i). The logistic

ki j
d

k k
d

k
d

i i j( )= μ ε + εexp, ,

( )ε − × φ φ~ 0.5 ,2 2Nk
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model provided a poorer fit, with ΔAICs >1000 for
both the non-integrated and integrated data.

For the simulated data, visual inspection of the pre-
dicted size-at-age for the different growth processes
(Gompertz, von Bertalanffy, and logistic) showed
similarities for both the non-integrated and inte-
grated skeletochronology data (Fig. 1). However, the
non-integrated tagging data suggested faster growth
and smaller asymptotic sizes for a given level of per-
sistent and transient variability (Fig. 1, third column)
relative to the integrated data.

A similar pattern occurred for the observed data.
We found that the IME with integrated data was more
similar to non-integrated skeletochronology data and
less similar to non-integrated tagging data. When we
compared the parameter estimates of the von Berta-
lanffy growth process, we found the estimated growth
coefficients for the non-integrated tagging data and
skeletochronology data (0.168 and 0.078 yr−1, re -
spectively) were higher than the integrated data
(0.077 yr−1). However, the estimated asymptotic size
for the integrated data (92 cm) was be tween the esti-
mates non-integrated tagging data (76 cm) and skele-
tochronology data (98 cm) (Table 1). For the inte-

grated data, our estimates for the average maximum
carapace growth rate were equal to 3.6 cm yr−1 for
stranded turtles between 50 and 60 SCL (Fig. 2A), and
2.3 cm yr−1 for tagged turtles be tween 40 and 50 SCL
(Fig. 2B). Both estimates are similar to other recent
empirical studies (Braun-McNeill et al. 2008, Avens et
al. 2013, 2015, Bjorndal et al. 2013), and show similar
patterns of decreasing growth rates with increasing
carapace size.

Loggerhead females reach maturity and they lay
their eggs in sandy beaches: L0 represents the theo-
retical size when the turtles hatch. The estimated size
at age 0 (L0) was approximately 12 cm for both inte-
grated data and non-integrated skeletochronology
data, and 41 cm for the non-integrated tagging data.
Our estimate of L0 exceeds the observed size at
hatching (4.5 cm), which occurs about 2 mo after egg
deposition (Miller et al. 2003).

We conducted several simulation experiments to
determine how the growth processes (Gompertz, von
Bertalanffy, or logistic), persistent variation (φd

ki
equal

to 0.1, 0.4, 0.7), and transient variation (φd
ki,j

equal to
0.1, 0.4, and 0.7) affected the model selection and
parameter bias. Using AIC, the simulation tests sug-
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                       Symbol   Integrated        Skeletochronology     Tagging
                                           von Bertalanffy    Gompertz           Gompertz    von Bertalanffy           Gompertz     von Bertalanffy

Parameters    μ∞                           92.1                  86.9                      96                     98                           75.5                   76.4

                      μk                          0.077                0.128                   0.117                0.078                       0.203                 0.168

                      L0                           11.9                  11.7                     11.7                  11.7                          40.5                   41.2

                      μa
d=hum                     8.6                    9.9                      10.8                   8.5                           NE                     NE

                      μa
d=cr                       13.9                  15.8                     NE                    NE                           6.9                     6.6

                      β                           0.390                0.390                    NE                    NE                           NE                     NE

                      σx                         0.0017               0.001                   0.001                0.001                         NE                     NE

                      σL                         0.0125               0.012                    NE                    NE                          0.01                   0.01

                      σBPH                     1.6498              1.6533                   NE                    NE                           NE                     NE

                      φa
d=hum                     0.9                    0.7                       0.7                    0.9                           NE                     NE

                      φa
d=cr                       0.27                   0.2                      NE                    NE                           0.5                     0.5

                      φki
                          NA                   0.23                      0.3                    0.4                           NA                     0.2

                      φki,j
                        0.73                  0.72                      0.7                    0.7                            0.6                     0.6

                      φ∞                            12                   11.83                    12.3                  10.7                           8.8                     8.6

Diagnostics   AIC                     −21054             −20307               −16244             −16190                     −5100                −5098

                      PD Hessian         TRUE               TRUE                 TRUE               TRUE                      TRUE                TRUE

                      Gradient          3.6 × 10−08        3.4 × 10−07          2.8 × 10−04        2.1 × 10−05               3.7 × 10−04          4.4× 10−04

Table 2. Parameter estimates and model diagnostics for the top 2 models (AIC: Akaike’s information criterion) fit to the inte-
grated data, the non-integrated skeletochronology, and the non-integrated tagging data. BPH: body proportional hypothe-
sis; LAG: line of arrested growth on the humerus; PD Hessian: refers to the whether or not the model produced a positive
definite Hessian; NE: parameters that were not estimated because the data to inform the parameters were not included in
the model; NA: parameters that were not estimated as part of the model based on model selection (i.e. AIC) criteria. See 

Table 1 for definitions of the parameters
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gested very little misclassification of the growth pro-
cess for sample sizes greater than 50 individuals
(Fig. S1). Similarly, if the growth process and the
level of persistent and transient variability for the
model were chosen correctly, the sample size analy-
sis indicates that the fixed effects of the model were
unbiased, and the simulation error decreases with
increasing sample size (Figs. S2 & S3). However,
when we simulated a single growth process (e.g. von
Bertalanffy) under incorrectly specified levels of per-
sistent and transient variation for the growth coeffi-
cient, we found that AIC often misclassified the best-

fit model. If the standard deviation of the
persistent variation (between individu-
als) for the growth coefficient is <0.4
(equal to a CV of 0.42, ), and the
standard deviation for the transient vari-
ation (within individuals) is >0.4, the
model with only transient variation was
often chosen based on AIC — a model
misclassification that does not include
the between-individual persistent varia-
tion (Fig. S4). Despite the misclassifica-
tion of the persistent variance for the
simulated data, we found little bias in
the growth process parameters (Fig. S4,
columns 1 and 2) except for the variation
of the asymptotic size and the size at
age 0 (Fig. S5R,V, respectively).

For the integrated loggerhead data
from the Western Atlantic, the estimated
standard deviation of the transient vari-
ability for the growth coefficient was 0.7
(CV = 0.8). Because model misclassifica-
tion for the simulated data occurred for
similarly high levels of transient vari-
ability, it is reasonable to assume that
AIC may not have detected persistent
variation in the growth coefficient that
may exist. The model with the second-
best fit to the integrated data includes
both persistent and transient variation
for the growth coefficient: this model
may be a better representation of the
actual growth process, despite a ΔAIC
value that indicates it is not a plausible
candidate model (Table 2; Burnham &
Anderson 2002).

We considered the ages of the individ-
ual turtles and ASM to be essential man-
agement outcomes of the model. Based
on the integrated data, the estimated
mean age of the first LAG for the

stranded turtles (μa
d=hum) and mean age at marking for

tagged turtles (μa
d=cr) were 4.3 and 13.5 yr, respec-

tively. Accounting for the total number of ob served
and reabsorbed LAGs, the mean age and size at
stranding were 13.5 yr (ai

d=hum + ∑jLAGi,j) and 60.2 cm
SCL, respectively, and the mean age and size at last
recovery for the tagged turtles were 14.8 yr (ai

d=cr +
∑jδi,j)and 65.6 cm SCL (Fig. 3A,C). For the non-inte-
grated data, the mean age at stranding increased to
16.0 yr, and the mean age at last recovery for the
tagged turtles decreased to 7.5 yr (Fig. 3A,C). From
our simulation experiments, we found no bias in the
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initial age for either the integrated or skeletochronol-
ogy data, and only a slight negative bias for the tag-
ging data relative to the integrated data (Fig. S6). For
the observed loggerhead data, the uncertainty (i.e.
the standard deviation of the log-normally distributed
deviates) was 0.4 for the age of the stranded turtles for
both the non-integrated and integrated data, while
the ageing uncertainty increased from 0.6 for the inte-
grated data to 4.2 for non-integrated tagging data.

To quantify the uncertainty in the ASM, we simu-
lated 100 triplets of the growth parameters (e.g. L∞,i,
k, and L0) for each stranded individual based on their
estimated mean and covariance matrix. We found the
uncertainty in the estimated ages increased with size
(Fig. 4): the mean and 95% credible interval for a 40
cm SCL individual was 5 (4, 9) yr and 21 (14, 52) yr for
an 80 cm SCL (Fig. 4). The estimate of ASM0.95 was
based on a random vector of growth parameters and
a random draw of size at sexual maturity (SSM0.95;
refer to Text S3 in the Supplement). For the inte-
grated data, the median and 95% probability interval
for the ASM0.95 was 38 (29, 49) yr and the SSM0.95 was
92 (78, 106) cm (Figs. 3B,D & 4). The median and
95% probability intervals for ASM0.95 and SSM0.95

estimates based on the non-integrated skeleto -
chrono logy data and tagging data were 31 (21, 54)
and 13 (8, 20) yr, respectively, with corresponding
SSM0.95 of 99 (77, 113) and 75 (65, 89) cm.
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4.  DISCUSSION

Our analysis provides evidence that integrating
multiple complementary data streams to address crit-
ical knowledge gaps can improve fitted models. This
study demonstrates that both the skeletochronology
and capture−recapture data are integral to under-
standing growth rates in sea turtles. Previous sea tur-
tle research has focused on using exogenous models
to estimate age rather than deriving it directly from
growth increment data used to determine the param-
eters of the growth process (Parham & Zug 1997,
Petitet et al. 2012, Avens et al. 2013). Our model
treats the age of the first mark (i.e. the interior-most
LAG of the stranded turtles, or the initial marking of
the tagged turtles) as a parameter of the model
informed directly by the growth increment data.
While our simulation experiment demonstrated that
the growth parameters and ageing estimates for the
simulated skeletochronology and tagging data were
consistent and unbiased, the parameters and ageing
estimates for the observed tagging data were differ-
ent for the integrated and non-integrated models
(Fig. 3).

Sources of bias in the observed tagging data may
include a lack of younger/smaller turtles in the sam-
ple, seasonal variability of growth (Zug et al. 1986,
Chaloupka 2002, Snover & Hohn 2004), and meas-
urement error (Braun-McNeill et al. 2008). Simi la ri -

ties between carapace sizes for the observed and sim-
ulated tagging data suggest that the length distribu-
tion is unlikely to bias the parameter and ageing esti-
mates. Furthermore, the bias based on growth
measurements of tagged turtles appears to be due to
the recapture duration and not the seasonality of the
growth. Regardless of the time of year when recap-
tured, individuals recaptured less than 6 mo after tag-
ging had growth rates that were, on average, ~75%
lower compared to recapture periods greater than
6 mo. Some of this bias may be due to the imprecision
of the calipers used to measure tagged turtles
(±0.1cm), as many of the tagged turtles with short re-
capture periods show zero or negative growth. Not
surprisingly, the observation error for the tagged tur-
tles is an order of magnitude higher than that of the
stranded turtles, 0.0125 versus 0.0017. While previous
research has excluded turtles with a time-at- liberty
less than 11 mo (Bjorndal et al. 2000, Casale et al.
2009), these turtles have valuable information about
the measurement error relative to the process error
once seasonal growth patterns are accounted for, and
they may also inform future multi-phase models ex-
ploring seasonal differences in growth. Furthermore,
Fig. 5 demonstrates that these capture−recapture
data are important to the integrated model because
they represent a gap in carapace lengths not typically
observed in skeletochronology data.

Unlike the tagged turtles, the time-at-liberty for
the stranded turtles, with few exceptions, is uni-
formly 1 yr, the precision for the 50× magnification of
humeri measurements is equal to 1 × 10−13 mm, and
the specimens are dead. Furthermore, the time series
of observations for stranded turtles are considerably
longer, which allows more data to inform individual
growth processes. In the absence of tagging data,
AIC selects for both persistent and transient variabil-
ity for the humerus growth processes (Table 2),
which has also been demonstrated in other recent
studies (Ramirez et al. 2015). However, problems
with the humerus preparation persist. Depending on
the orientation, cross-sections that are not perpendi-
cular to the long axis of the humerus, or inconsistent
cuts at the same point along the humerus, can result
in biased measurements, although there is a close
relationship between humerus diameter and SCL
error associated with cross-sectioning (Snover &
Hohn 2004, Snover et al. 2007).

ASM is an essential vital rate for the management
of sea turtles (NRC 2010). Due to the resorption of the
calcified structures, the age of the sexually mature
loggerheads is challenging to observe. Thus, esti-
mates of ASM are either derived from growth model

229

20 40 60 80 100

10

20

30

40

50

60

70

SCL (cm)

Ag
e 

(y
r)

Fig. 4. Estimated age (years) for a given straight carapace
length (SCL, cm) for loggerhead sea turtles in the Western
Atlantic, where the dashed line is the 95% predictive inter-
val and the solid line is the mean age (years) for an observed 

SCL (cm) for stranded or tagged individuals



Mar Ecol Prog Ser 636: 221–234, 2020

parameters or determined empirically from exhaus-
tive tagging and recapture of hatchling turtles
(Tucek et al. 2014). A recent review by Avens et al.
(2015) found that ASM estimates of Western Atlantic
loggerheads ranged between 24 and 42 yr for males
and females. However, the variability of ASM esti-
mates within the studies was only between 2 and 5 yr
because the models assume a single fixed SSM and
no individual variability in the growth process.

A more reasonable assumption is that
the SSM is highly variable (Avens et
al. 2015, Omeyer et al. 2017), or a ratio
of the asymptotic size as in our study.
Using a non-parametric model of
growth and SSM defined by the rap-
prochement, Avens et al. (2015) esti-
mated the ASM to be 23 and 51 yr,
while an analysis by Scott et al. (2012)
found that the ASM of loggerhead sea
turtles ranges between 38 and 52 yr
with a mean of 45 yr based on trans -
oceanic Atlantic turtles and size-at-
maturity from neophyte nesters. The
re sults from these 2 studies, which
account for the growth variation using
different methods, are similar to our
ASM estimates based on the non-
 integrated skeletochronology data (21
to 54 yr), or integrated stranding and
tagging data (29 and 49 yr).

Our model consistently overesti-
mated the size at time zero (L0). Some
researchers have used non-parametric
generalized additive mixed models
(GAMMs) to account for the rapid
growth in the first year (Avens et al.
2017, Bjorndal et al. 2017); however,
GAMMs lack easily interpretable or
biologically meaningful parameters,
and deriving vital rates from these
models is more complicated than solv-
ing for the inverse of a standard
growth function (e.g. von Bertalanffy,
Gompertz, logistic). The apparent bias
in our initial size estimates for logger-
heads is similar to other findings using
multi-model frameworks to assess fish
growth, where researchers found the
differences in the size-at-age for a
range of models are largest for age
zero individuals and negligible for
older individuals (Katsanevakis 2006,
Smart et al. 2016). Given the impor-

tance of deriving vital rates from standard growth
processes, and the minimal impact of this parameter
on the estimated growth rates for older individuals,
we believe the L0 bias is acceptable.

We do not account for any size-selective bias in
the skeletochronology and tagging data. Research
has shown that there is size selectivity of logger-
head sea turtles by fishing gear type (Wallace et al.
2008), and that fishing mortality is partly responsi-
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ble for stranded sea turtles (Crowder et al. 1995,
Tomás et al. 2008, Casale et al. 2010). Research by
Thorson & Simpfen dorfer (2009) suggests that suffi-
cient sample sizes and uniform sampling across col-
lection methods are essential for estimating growth
parameters. Given the low recapture probabilities
of oceanic sea turtles, the logistics behind increas-
ing the sample sizes of tagged turtles in the marine
environment remains challenging. However, ex -
panding the scope of coastal tagging studies may
provide valuable insight into the latitudinal differ-
ences in loggerhead size.

In addition to the plasticity in growth associated
with sea turtle life history, temporal and spatial dif-
ferences in the environment may also mask the
underlying growth process. Research has shown
temporal and spatial growth variation at the individ-
ual (Weishampel et al. 2004, Snover et al. 2010,
Ramirez et al. 2017) and population level for sea tur-
tles (Bjorndal et al. 2013, 2017, Avens et al. 2017).
Additionally, the bioenergetic costs of reproduction
result in dramatic shifts in growth for both marine
fishes and sea turtles (Minte-Vera et al. 2016, Avens
et al. 2017). While our model does not account for any
temporal and spatial deviation in growth or sex-spe-
cific differences, the integrated nature of our model
provides a way of leveraging the spatial information
in the tagging data with the temporal information in
the skeletochronology data. We recommend that
future research should conduct simulation experi-
ments to determine whether spatial or temporal
forces are detectable, given the highly variable
growth processes of sea turtles.

Our current work complements the sea turtle
demo graphic models developed over the last 4 de -
cades (Crouse et al. 1987, Crowder et al. 1994, Hep-
pell et al. 2005, Mazaris et al. 2005). Gallaway et al.’s
(2016) recent age-structured model for Kemp’s ridley
sea turtles Lepidochelys kempii is the first at tempt
that we know of to fit a statistical cohort model to sea
turtles using length-frequency data and a size-at-age
relationship. Their estimates of the von Bertalanffy
growth process, which maps cohort abundance to
length-frequency data, relies entirely on  capture−
recapture data. While this may be appropriate for
Kemp’s ridley turtles, our analysis suggests that
using only  capture− recapture data from a single
study with limited size ranges (Braun-McNeill et al.
2008) may lead to biases in the loggerhead growth
process and ultimately the demographic estimates
for statistical cohort analysis. The opportunity to
build a statistical cohort model of Western logger-
head sea turtles exists, with over 40 yr of nester

abundance from index beaches along the Western
At lan tic, estimates of fishing mortality from
shrimpers pre- and post-implementation of turtle
 ex cluder devices, and length-frequency data from
 in-water surveys (e.g. fisheries catches,  capture−
recapture, coastal power plant entrainments). The
key to forecasting changes in cohort strength over
time, however, is to understand how quickly the tur-
tles are growing, and our model provides new insight
into the importance of considering both  capture−
recapture and skeleto chronology data when con-
structing that relationship.

5.  CONCLUSION

Our paper presents an integrated model of sea tur-
tle growth that estimates the ages of individuals and
accounts for different sources of uncertainty from
 capture− recapture and skeletochronology data.
Based on simulations, we have demonstrated that for
the mono-phasic growth processes presented in this
paper, the estimated ages and growth parameters are
consistent and unbiased. The fewer number of obser-
vations per individual for the tagged turtles (i.e. an
average of 1.7 recaptures per tagged individual ver-
sus to 10 LAG observations per humerus), and a nar-
row range of carapace lengths in our data led to
biased growth parameters and ageing estimates for
the non-integrated tagging data set. While our simu-
lation experiments suggested that AIC can lead to
model misclassification of the persistent variability in
the growth process, this misclassification is unlikely
to result in large biases of the growth parameters or
the ages of individual turtles. Moving forward, we
suggest that researchers consider in cluding both
skeletochronology and tagging data to estimate
growth and ageing information for sea turtles. Addi-
tionally, future growth models also may be improved
by considering multi-phasic models that integrate
additional data streams (e.g. biogeochemical;
Ramirez et al. 2015) to inform seasonal, annual, and
spatial differences within and among individuals.
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