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ABSTRACT: Estimating population abundance is key for species of conservation concern. This is
particularly challenging for marine animals, like sea turtles, with ocean-scale distribution and
migratory nature. However, sea turtles lay clutches on land where they can be easily counted;
thus, clutch number has always been the most common index of population abundance. A female
typically lays >1 clutch per year and does not reproduce every year. Therefore, 2 conversion factors are needed to convert the number of egg clutches to the number of adult females: the number
of clutches laid by a female in a nesting season and the fraction of adult females reproducing in a
season, which is linked to the breeding periodicity. The effects of breeding periodicity, probability
of detection and annual survival probability on the derived adult female abundance were investigated by simulating a virtual population of adult females over a 15 yr beach monitoring period.
The results indicate that current methods may greatly overestimate the abundance of sea turtle
populations, especially in situations with a low detection probability, including temporary emigration. The factors involved and ways to minimize biases and errors are discussed, including a
method which is easy to implement using existing datasets. A careful reassessment of current estimates of sea turtle abundance derived from nest counts and capture-mark-recapture data would
be appropriate, and the potential error associated with such estimates should be considered when
they are used in conservation status assessments.
KEY WORDS: Sea turtle · Remigration interval · Abundance · Breeding proportion · Mortality ·
Detection · Simulation

1. INTRODUCTION
Abundance is one of the most fundamental attributes that describe an animal population. It characterizes the ecological role of the population and possible
metapopulation dynamics and helps contextualize
other features, such as behavioral traits. Moreover,
abundance is particularly crucial to define for species
of conservation concern because a low abundance
represents an inherent vulnerability to anthropogenic threats and because trends of abundance may
*Corresponding author: paolo.casale1@gmail.com

highlight conservation problems or conservation successes. For instance, the IUCN Red List categorizes
species and populations according to a risk of extinction assessed through several criteria, most of which
are based on population abundance (IUCN 2017).
Sea turtles represent one of the taxa subjected
to high attention by conservationists because their
abundance has been diminished by anthropogenic
activities to levels at which they may no longer fulfill
their past ecological role (Jackson et al. 2001, Bjorndal & Jackson 2003). Although direct exploitation for
© The authors 2020. Open Access under Creative Commons by
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turtle meat and eggs has been greatly reduced, several other anthropogenic threats are cause for increasing concern, such as incidental capture in fisheries (e.g. Wallace et al. 2013a), habitat destruction
(e.g. Brock et al. 2009, Mazaris et al. 2009, Fuentes et
al. 2016), pollution (e.g. D’Ilio et al. 2011, Casale et al.
2016, Lauritsen et al. 2017, Wallace et al. 2017) and
climate change (e.g. Fuentes et al. 2011).
Estimating population abundance for marine animals is in general challenging, especially for migratory species, like sea turtles, with dispersed oceanscale distribution. Individuals belonging to the
same population may frequent very distant foraging
areas (e.g. Luschi et al. 2003, Benson et al. 2007,
Ceriani et al. 2017), and a complete knowledge of
the range of a population is difficult per se, making
it difficult to estimate the abundance of a specific
population at sea. However, sea turtles lay egg
clutches on land and tend to return to the same
breeding area over their lifetime. Therefore, breeding areas of a specific population are much easier
to identify. On land, annual clutch counts represent
the most common index of sea turtle population
trends (e.g. National Marine Fisheries Service &
U.S. Fish Wildlife Service 2008, Witherington et al.
2009, Wallace et al. 2013b, Casale & Tucker 2015,
Mazaris et al. 2017). However, clutches are only indirectly linked to population abundance because
the iteroparous females lay >1 clutch per breeding
year, they do not reproduce every year (Miller
1997), adult females represent only a part of the
adults, and adults are only a small part of the population. Therefore, conversion factors are needed to
convert number of egg clutches to number of turtles. Although 3 conversion factors (clutch frequency, breeding proportion and sex ratio) are
needed to estimate the number of adults, this is
rarely attempted, for instance for specific criteria of
the IUCN Red List Assessments (Wallace et al.
2013b, Casale & Tucker 2015). It is more common
to use 1 or 2 conversion factors to estimate the
number of adult females nesting annually and the
total number of adult females, respectively.
The first conversion factor to estimate the number
of females reproducing in 1 season (annual nesting
females [ANF]) is the number of clutches laid by a
female in a nesting season (also known as clutch frequency). Although apparently easy to obtain, the
partial fidelity of females to a nesting site and technical limitations of capture-mark-recapture (CMR)
through flipper tagging often underestimated this
factor, until satellite tracking (Tucker 2010, Weber et
al. 2013, Esteban et al. 2017) and more recently gene-

tic fingerprinting (Shamblin et al. 2017) studies were
introduced.
The second conversion factor, required to convert
ANF to total females (TF), is the breeding proportion
(BP), i.e. the fraction ANF/TF of adult females that
reproduce in a season. This parameter is much more
problematic to estimate because TF is both what
would be needed to calculate BP and the unknown
target parameter. The BP is the consequence of
iteroparous turtles that do not breed annually, with a
longer average remigration interval (RI, the number
of years between consecutive breeding seasons)
causing a lower BP. Many studies have used observed RI as the reciprocal of BP to estimate adult
female abundance (e.g. Spotila et al. 1996, Richardson et al. 1999, Beggs et al. 2007, Richards et al. 2011,
Marco et al. 2012, Bellini et al. 2013, Casale & Heppell 2016, Gallaway et al. 2016, Warden et al. 2017)
or to model population dynamics (e.g. Chaloupka
2002, 2003, Heppell et al. 2005, Troëng & Chaloupka
2007, Piacenza et al. 2016, 2017). Other studies
derived RI and/or BP from transition probabilities
between breeding and non-breeding states estimated, among other parameters, through CMR models (e.g. Phillips et al. 2014, García-Cruz et al. 2015,
Piacenza et al. 2016), although the conversion equations were not consistent among these studies. Both
the direct (observed RI) and modeling approaches
need the same CMR data.
Obtaining adequate CMR data is challenging because it requires identifying individual females
across nesting seasons, which is commonly attained
by flipper tagging (e.g. Broderick et al. 2003, Ehrhart
et al. 2014, Hamilton et al. 2015, Garner et al. 2017)
with great limitations. For instance, low detection capacity by the monitoring teams can produce longer
observed remigration intervals caused by missing encounters. Tracking individual females for several
years (e.g. through satellite telemetry) is still technically unfeasible, and the rare positive cases (e.g.
Zbinden et al. 2008, Marcovaldi et al. 2010, Hawkes
et al. 2011, Ceriani et al. 2012, Mingozzi et al. 2016)
are too few to be helpful. CMR based on genetic fingerprinting (Shamblin et al. 2017) could theoretically
provide data on RI, but such an approach is feasible
only for small populations or at small geographic
scales. Mortality is another parameter that can affect
the observed RI, and ways to correct such biases have
seldom been attempted (e.g. Richards et al. 2011).
This study aims to assess how the different parameters involved can affect the estimation of adult female
abundance from remigration intervals and to provide
indications of how to minimize potential errors.
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2. MATERIALS AND METHODS
2.1. Proportion of annual breeding females
Adult female turtles do not breed every year. The
relationship between the total number of adult females in a population (TF) and the number of females
nesting in a given year (annual nesting females
[ANF]) is given by their ratio, or breeding proportion
(BP):
BP =

ANF
TF

(1)

Therefore, if BP is known, it can be used to convert
ANF (observed) to TF (unknown), assuming a stable
population:
TF =

ANF
BP

(2)

BP can be estimated from capture-mark-recapture
histories of females nesting in different years, with
the interval between 2 consecutive nesting seasons
called the remigration interval (RI). All the following
simulations and analyses were performed in R v.3.5.1
(R Development Core Team 2018).

2.2. Simulated breeding female assemblage
To test different ways of estimating BP, we created
a virtual assemblage of TF individuals (total adult females) with a given mean remigration interval (M ),
through the following procedure. We assumed a Poisson distribution of RIs with mean M and calculated
the number of cases with RI values ranging from 1 to
10 yr out of a total of 1000 cases. From this sample of
1000 values, a maximum of 25 random values of RI
were extracted and used to create the reproductive
history of an individual adult female along 25 yr, i.e.
in which year she nested. This process was repeated
for each of the TF individual turtles of the virtual assemblage. Then the first 10 yr were discarded to remove possible effects of the starting year, and the remaining 15 yr represented the observation window of
a virtual capture-mark-recapture program. From this
simulation, the ‘true’ ANF was calculated as the average number of turtles breeding per year. Then, the
effects of probability of detection and of annual survival probability on the ‘observed’ results of a virtual
CMR program were simulated as follows.
A probability of detection p was applied to all the
breeding events, and each breeding turtle was
assigned to an observed/not observed status through
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a random binomial function. From these simulated
breeding observations, the average number of nesting females observed per year (ANFobs) was calculated. Assuming a stable population, the observed
probability of detection was calculated as:
pobs =

ANFobs
ANF

(3)

A survival probability S t was calculated for each
time a turtle was re-encountered after being observed (and tagged) the first time (where S is the
annual survival probability and t is the interval since
the first tagging) and converted into a dead/alive status through a random binomial function. If a turtle
was marked as dead in 1 yr, it remained in that status
for the rest of the years. In other words, although all
turtles are subjected to mortality, in a stable population dead turtles are replaced while tagged turtles
are not (they are specific individuals that are monitored along the years). For this reason, S is applied
only to tagged animals.
In this way, for each turtle, we obtained a simulated
CMR history resulting from a combination of M, p
and S. In such a formulation, S can be considered to
include also tag loss, and p can include temporary
emigration (temporary unavailability). Simulations
were run with a range of values of M (13 values ranging from 1.6 to 4 yr with interval 0.2), S (7 values
ranging from 0.70 to 1.00 with interval 0.05), p (10
values ranging from 0.1 to 1.0 with interval 0.1) and
TF (7 values: 25, 50, 100, 150, 200, 250, 1000 turtles).

2.3. BP estimation
BP was estimated through 4 different methods.
The first method (‘REM’, based on the mean remigration interval) is the most common one and estimates BP as the reciprocal of the average RI:
BP =

1
RI

(4)

Remigration intervals were obtained from the individual CMR histories, potentially including multiple
remigration intervals for each turtle. The average RI
was calculated from all RIs (including multiple RIs
from the same individual turtle).
The second method (‘MSLR’) was based on a
MultiState Live Recapture model, implemented by
the Rmark package for R (R Development Core Team
2018). The model included 2 possible states for any
given year: an observable state (breeding) and an
unobservable state (not breeding). The model esti-
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mates 4 direct parameters: adult female survival rate
(S), probability of detection ( p), probability of moving
from breeding to non-breeding state (ψB→NB) and
probability of moving from non-breeding to breeding
state (ψNB→B). All parameters were set as constant
across years. Since in a stable population:
ANF = ANF × (1 – ψB→NB) + NBF × ψNB→B

(5)

TF = ANF + NBF

(6)

pose the following method. The first (lowest) mode of
the frequency distribution of RIs is identified and the
number of values of 2 parts of the dataset is calculated: (A) the number of RIs ≤ mode+ 2 and (B) the
number of RIs > mode+ 2 (B). If B/A ≥ 0.1 (denoting a
right-skewed distribution), then the mean RI is calculated only on the A values; otherwise, the mean RI is
calculated on the entire dataset.

and
where NBF is the number of non-breeding females
per year, then:
ANF
BP =
TF
ANF (1 − ψ B→NB ) + ( TF − ANF ) ψ NB→B
=
(7)
TF
NB→B
ψ
= B→NB
ψ
+ ψ NB→B
The third method (‘MSLR p-corr’) was a variant of
MSLR in which p was fixed to a value equal to pobs.
This represents the case when the probability of
detection can be estimated from additional data. For
instance, an approximate estimation of p ( pest) can be
obtained as:
pest = 1 – (1 – e)C

C obs
C tot

We simulated the case when an estimated S is available and correction for mortality can be implemented.
Two scenarios where simulated, with a correct and
with a wrong estimation of S. For the methods MSLR
and MSLR p-corr, S was given as a fixed parameter in
the model. For the methods REM and REM-t, the observed frequency distribution of remigration intervals
(RIobs) was converted into an S-corrected frequency distribution by reconstructing the number of RIs
(RIcorr) that would have been observed if the turtle
had not died, for each remigration interval i:
RIcorri =

RIobsi
Si

(10)

(8)

where C is the number of clutches a female lays in a
nesting season (also known as clutch frequency), and
e is the probability of observing a nesting event. In
other words, the probability of encountering an individual turtle at least 1 time during a nesting season
increases with the number of times the turtle comes
ashore to lay eggs. In turn, e can be estimated from
the total number of clutches laid in a nesting season
(C tot) and the number of clutches where the turtle was
encountered (C obs):
e=

2.4. Correction for mortality

(9)

The fourth method (‘REM-t’, based on the mean
remigration interval calculated from a conditionally
truncated distribution) assumes that long remigration
intervals are an artifact caused by low detection
probability and implements the simple approach of
removing the presumed artifacts from the dataset.
This method is a variant of REM, where a correction
was applied in case of a highly right-skewed distribution, which can be an indication of overestimated
(artifact) RI values. What to consider a highly rightskewed distribution and where to truncate the distribution are 2 key parameters that were empirically
investigated through a series of trials, and we pro-

3. RESULTS
A total of 910 simulations of a virtual assemblage of
1000 adult females were performed, with M ranging
from 1.6 to 4.0 (n = 13 values), S ranging from 0.70 to
1.00 (n = 7 values) and p ranging from 0.1 to 1.0 (n =
10 values) (see Table S1 in the Supplement at www.
int-res.com/articles/suppl/n041p141_supp.pdf). The
effects of S and p on the observed remigration intervals (RI) are shown in Fig. 1 with the example of M =
2.6. Low S values reduced the number of long RIs,
with the result of underestimating the observed
mean RI. On the contrary, low p values increased the
number of long RIs, with the result of overestimating
the observed mean RI.
When the 4 combinations of realistic low and high
values of S (0.70 and 0.95; see a review by Casale et
al. 2015) and p (0.1 and 1) are used in simulations
with the 13 different values of M considered, the results indicate a stronger effect of p than S on the estimation of the adult female assemblage size by the 2
methods currently used (the reciprocal of RI and
CMR models, here represented by REM and MSLR,
respectively) and that a low S can only partially compensate for a low p (Fig. 2). In the range of M considered, with S = 0.95 and p = 0.1 the error ranged from
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Fig. 1. Frequency distribution of turtle female remigration intervals (RI) observed from different simulations of a virtual turtle
assemblage of 1000 adult females and mean RI = 2.6 yr as an example. Different scenarios are shown with (left panels) fixed
detection probability (p) = 1 and annual survival probability (S) ranging from 0.70 to 1 and (right panels) fixed survival (S = 1)
with p ranging from 0.1 to 1. Resulting mean RI and number of observed RIs (N) are shown

28 to 188% (median = 71%; IQ range: 47−120) for
method REM and from −27 to 1133% (median =
812%; IQ range: 13−858%) for method MSLR. The 2
methods with corrections (respectively REM-t and
MSLR p-corr) greatly reduced the error (Fig. 2). Over
a range of S and p values, the overall effect was an
overestimation of adult female assemblage size, with
increasing errors at lower and higher mean RI for the
REM and MSLR methods, respectively (Fig. 3). Also

in this case, the 2 methods with corrections (respectively REM-t and MSLR p-corr) greatly reduced and
balanced the errors at different M values (Fig. 3).
Of the 4 methods to calculate BP to estimate the
adult female assemblage size, REM-t showed the best
performance over a variety of M, S, and p (median:
−10.8%; IQ range: −18.2–2.4%; range: −48.8−48.9%;
n = 768), followed by REM, MSLR p-corr and MSLR
(Fig. 4). Thanks to the inclusion of additional informa-
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Fig. 2. Errors (%) of sea turtle adult female assemblage size estimated ([estimated − real]/real) from a virtual assemblage of
1000 adult females with mean remigration interval ranging from 1.6 to 4 yr (interval 0.2; n = 13). Distributions of the resulting
13 error values are shown as a box-plot (median, quartiles 1 and 3, and min−max) for each of the 4 combinations of 2 values of
S and 2 values of p. Four methods to derive the breeding proportion are compared: mean remigration interval (REM), mean
remigration interval calculated from a conditionally truncated distribution (REM-t, see Section 2.3), multistate live recapture
model (MSLR), and MSLR corrected with fixed p estimated from simulation results (MSLR p-corr; see Section 2.3)

Fig. 3. Errors (%) of sea turtle adult female assemblage size estimated from a virtual assemblage of 1000 adult females with S
ranging from 0.7 to 0.95 (interval 0.5; n = 6) and p ranging from 0.1 to 1 (interval 0.1; n = 10). Distributions of the resulting 60 error values are shown as a box-plot for each of 13 values of given mean remigration interval. See Fig. 2 for details. Upper
whiskers of MSLR and one of MSLR p-corr are truncated for display purposes
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Fig. 4. Errors (%) of sea turtle adult female assemblage size
estimated from a virtual assemblage of 1000 adult females
with mean remigration interval ranging from 1.6 to 4 yr (interval 0.2; n = 13), S ranging from 0.7 to 0.95 (interval 0.5; n =
6) and p ranging from 0.1 to 1 (interval 0.1; n = 10). Of the resulting 780 error values, only those derived from a minimum
of 20 remigration intervals were considered (n = 768), and
their distribution is shown as a box-plot. See Fig. 2 for details. The latter 2 cases had a few very high values, and the
upper whiskers are truncated for display purposes
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tion ( p; virtually obtained from other sources, see
Section 2), MSLR p-corr greatly improved the performance of MSLR in terms of IQ range, but very
high values were still produced. The correction approach undertaken by REM-t removed the bias and
narrowed both IQ and total ranges of errors in comparison to REM.
Simulations with a range of virtual assemblage
sizes from 25 to 1000 adult females show that errors
increase at low assemblage sizes, with the possible
exception of MSLR (see Figs. S1 & S2). However, this
was because a low number of RIs are observed from
smaller assemblages. When this effect was removed
by calculating BP only from data sets with at least 20
RIs, the performance was similar at any assemblage
size (Fig. S3), indicating that assemblage size has no
effect per se and that a sample size of 20 RI is enough
to estimate BP, at least with the REM-t method.
Correction of low S with the real S value worsened
the performance of all methods except MSLR p-corr.
The latter had a good performance, similar to REM-t,
although moderately high-biased (Fig. 5). When S
was corrected with an erroneous lower S value, all

Fig. 5. Errors (%) of sea turtle adult female assemblage size estimated from a virtual assemblage of 1000 adult females with
mean remigration interval ranging from 1.6 to 4 yr (interval 0.2; n = 13), p ranging from 0.1 to 1 (interval 0.1; n = 10) and S ranging from 0.7 to 0.95 (interval 0.5; n = 6). Results for S of 0.70 and 0.95 (on the left) are compared with the same S values with a
correction for S = 0.70 (on the right), which represents a case of correction with a correct estimate of S in the top-right panel
and a case of correction with an erroneous estimate of S in the bottom-right panel. Of the resulting 130 error values, only those
derived from minimum 20 remigration intervals were considered. This condition was met in all 130 cases of the simulations
‘S = 0.95’ and ‘S = 0.95 corrected for S = 0.70’, while 124 and 129 values were considered for the simulations ‘S = 0.70’ and
‘S = 0.70 corrected’, respectively. See Fig. 2 for details
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methods (and especially REM) provided worse results (Fig. 5). It should be noted that the correction
approach for methods REM and REM-t (Eq. 10) successfully provided the true mean RI when p = 1 (simulations with S = 0.70 and M ranging from 1.6 to 4 yr;
mean error = 0.008; n = 13).

4. DISCUSSION
This study provides information and methods that
can contribute to future assessments of abundance
and conservation status of sea turtle populations as
well as to the re-assessment of previous estimates.
Sea turtle population abundance (at least that of adult
females) is currently derived from nest counts, which
are converted into number of individuals through
capture-mark-recapture data (i.e. clutch frequency
and ‘remigration intervals’ or through more complex
modeling). The present study strongly indicates that
this conversion bears the risk of producing estimates
very different from the real abundance. Although this
risk may vary with the method, it cannot be totally
eliminated, and this should be carefully considered
when using population abundance estimations to derive the conservation status of populations.
The results show that mortality and detection probability may have important effects in estimating
abundance. A low apparent survival probability may
be caused both by a real low survivorship or by tag
loss (see Pfaller et al. 2019 for a review of tag loss
estimates wordwide). In both cases, the turtle cannot
be detected anymore. A method to reduce missed
identification due to tag loss is the subcutaneous
application of passive integrated transponders (PIT)
tags (Balazs 1999). However, PIT tags are expensive
(compared to regular external flipper tags) and
require the use of a PIT tag scanner, limiting their
systematic use in many locations worldwide.
Detection probability is a particularly problematic
parameter because it showed the greatest effect on
population abundance estimate. With lower detection, fewer nesting events are observed, leading to
incomplete individual nesting history and longer
observed remigration intervals. A low detection probability may be caused by 2 different factors. A limited spatial or temporal capacity of the monitoring
program would not detect all the turtles on the nesting beach (e.g. Pfaller et al. 2013). Another factor
might be a limited site fidelity of turtles to the monitored beach across years. Turtles may not be detected in their breeding year because they laid
clutches somewhere else; in another year, if they

return to the original nesting beach where they were
tagged and are encountered again, their remigration
interval would appear longer than the reality. Naturally, long remigration intervals can only be reported
by long-term monitoring projects. Therefore, although long-term projects are the most valuable ones
in many respects, they also bear the highest risk of
observing biased (long) remigration intervals (e.g.
Ehrhart et al. 2014) and of producing biased (high)
population abundance estimates. A good detection
probability can be achieved only with a complete and
regular monitoring of a nesting site with low–moderate nesting activity. For instance, we estimated
(Eq. 8) that a p close to 1 was achieved, at least in certain years, at sites with intensive monitoring effort
and just tens or a few hundreds of nesting events per
year (e.g. Broderick et al. 2002, Bellini et al. 2013). In
such cases, basically all turtles nesting in a certain
season were encountered at least 1 time. Where, on
the contrary, only partial monitoring is possible
and/or a high number of clutches is laid annually,
making it impossible to observe a good proportion of
nesting activity, the detection probability can be very
low. For instance, we estimated (Eq. 8) p = 0.06 at the
Archie Carr National Wildlife Refuge (central east
coast of Florida, USA) in the period 1982 to 2012,
where an average of 11556 clutches were laid annually (Ehrhart et al. 2014).
Given that complete monitoring is rare and population abundance at regional management unit
(Wallace et al. 2010) or species is driven by major
nesting sites with high numbers of clutches per year,
it is likely that population abundance assessments
are based on datasets affected by imperfect detection. Therefore, the present results suggest that current estimates of turtle populations, mostly derived
through method REM, may be overestimated, even
by a factor of 2. Moreover, studies that adjusted data
(remigration intervals) for mortality but not for detection (e.g. Richards et al. 2011) probably produced
even greater overestimations. Since estimating S is
difficult and estimates can be wrong, the small benefits of a good correction of S are not worth the great
errors caused by a wrong correction. It is worth noting that even greater errors may be produced by
more sophisticated CMR models (here represented
by the MSLR method), which need to estimate at
least 4 unknown parameters simultaneously. Results
show incorrect estimates of all 4 parameters by
MSLR in most simulations. As expected, fixing 1
parameter ( p) with values close to real ones greatly
improved the estimates of the other 3 parameters and
fixing a second parameter (S) produced a further im-
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provement, although slight. The decreased performance of CMR models in simulations with low detection probability was also reported by Troëng &
Chaloupka (2007). In principle, robust design models
using captures in secondary periods (i.e. within the
same nesting season) should better estimate detection probability. However, such analyses may not be
effective in some cases (e.g. Hamilton et al. 2015),
require substantial increases in the number of parameters of the model and, obviously, cannot be applied if data about intra-season re-encounters are not
available.
With the understanding that the population abundance of marine animals like sea turtles is inherently
elusive and that any method bears a risk of error, we
propose a method (method REM-t, mean remigration
interval calculated from a conditionally truncated
distribution; see Section 2) to correct the biases
potentially produced by the most common method
currently used (method REM). In the simulations,
REM-t performed better than the methods except in
some cases where the result was similar to that of the
CMR p-corr method. REM-t is a simple and practical
method, easy to implement in future studies as well
as on existing datasets that are available at least in
the form of frequency distribution of remigration
intervals. It basically consists of right-censoring the
dataset if there is evidence of a high right-skewness,
which suggests the presence of artifact values due to
a low detection probability. This method was robust
in a variety of simulations with wide ranges of values
of the main parameters involved, such as mean remigration interval (M ), detection probability ( p) and
annual survival probability (S). It performed well also
in case of correction for S and even minimized the
error due to correction with a wrong S value.
It is important to remember that converting annual
nesting females to total females by means of a conversion factor in the form of a breeding proportion
(independently of how breeding proportion is estimated) assumes that the population is stable. One
single breeding proportion value is estimated from
the entire CMR study period and is commonly
applied to an average number of annual nesting
females. The simulations presented here were based
on the same assumption. Naturally, even higher risks
of errors may occur when estimating the abundance
of a non-stable population, making corrections more
difficult.
There is growing evidence, from the present and
other studies (e.g. Tucker 2010, Pfaller et al. 2013, Weber et al. 2013, Esteban et al. 2017, Ceriani et al.
2019), of the risks associated with deriving sea turtle
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demographic parameters from nesting activity. Demographic parameters such as population abundance (at
least of adult females) and annual survival probability
are needed for proper management of sea turtles
and deserve a careful understanding and a proper
analysis of data. Obtaining suitable data is not a simple task. A complete seasonal and spatial coverage of
the nesting activity in a site can increase the detection
of clutches and of individual females. A high and constant effort across years can increase detection probability and minimize temporal biases. Researchers
should restrain from estimating demographic parameters if the quality of data is questionable.
In summary, we recommend: (1) using only datasets
with at least 20 remigration intervals (including multiple values from the same turtle), no matter the population size, (2) avoiding correction for S, (3) interpreting with caution the results of CMR models, since
very large errors are possible, and in these models (4)
fixing the detection probability parameter with values
obtained by other sources whenever possible, (5) applying the correction method described here (REM-t;
see Section 2) in place of the commonly used REM
and in addition to CMR models, enhancing the value
of nesting monitoring programs for abundance studies
by (6) estimating the detection probability (see Eq. 8)
and attempting to increase it if it is low, (7) always
double tagging (and possibly applying PIT tags) and
(8) having a consistent and complete spatio-temporal
coverage of the nesting activity in a nesting area.
A recent re-evaluation of clutch frequency estimates (the other conversion factor relating clutches
to females, see Section 1) found that the traditional
method based on CMR could overestimate turtle
abundance by a factor of 2 in cases of low detection
probability (Tucker 2010, Weber et al. 2013, Esteban
et al. 2017). Therefore, the combination of the 2 conversion factors (clutch frequency and remigration
interval) obtained by traditional methods could have
produced estimates of adult female abundance much
higher than the reality. Thus, a general reassessment
for populations should be deemed urgent to understand their real conservation status. The availability
of new or improved methods to estimate clutch frequency and breeding proportion should encourage
undertaking the ambitious task of estimating adult
female abundance of as many sea turtle populations
as possible. Reliable data on these 2 parameters,
which are important for several other aspects, are
still very limited, and their variation in time and
among different populations should be assessed to
improve our knowledge of the populations and to
quantify the associated uncertainty.
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