Mammalian Biology (2022) 102:567-580
https://doi.org/10.1007/542991-021-00210-6

ANALYTICAL INNOVATIONS q

Check for
updates

Preserving identity in capture—mark-recapture studies: increasing
the accuracy of minimum number alive (MNA) estimates
by incorporating inter-census trapping efficiency variation

Julius G. Bright Ross' @ - Chris Newman'2® . Christina D. Buesching'*® . David W. Macdonald'

Received: 12 February 2021 / Accepted: 6 December 2021 / Published online: 22 February 2022
© The Author(s) 2022, corrected publication 2022

Abstract

Quantifying abundance is often key to understanding ecological and evolutionary processes in wild populations. Despite
shortcomings in producing accurate abundance estimates, minimum number alive (MNA) remains a widely used tool, due
to its intuitive computation, reliable performance as an abundance indicator, and linkage to individual life-histories. Here,
we propose a novel “efficiency-modified” MNA (eMNA) metric, which aims to preserve MNA’s favourable aspects while
remedying its flaws, by incorporating (a) growth correlates to back-age individuals first captured as adults, and (b) esti-
mates of undetected persistence beyond last capture based on time-varying capture efficiency. We evaluate eMNA through
samplings of a simulated baseline population parameterised using data from a long-term demographic study of European
badgers (Meles meles), under three different levels of capture efficiency (low; intermediate/“real” based on badger field data;
high). We differentiate between eMNA’s performance as an abundance estimator—how well it approximates true abundance
(accuracy)—and as an abundance indicator—how tightly it correlates with population abundance and changes thereof (pre-
cision). eMNA abundance estimates were negatively biased at all capture efficiencies. However, this bias was negligible at
intermediate-to-high capture efficiency, particularly once low-information terminal sampling years (the first year and final
three years of simulated studies) were removed. Excluding these years, eMNA under-estimated abundance by only 3.5 badg-
ers (1.5% of population) at intermediate (real) capture efficiencies, and performed as a precise abundance indicator, with
half the standard deviation of Cormack—Jolly—Seber probabilistic estimates and proving robust to inter-sampling variation
in capture efficiency. Using undetected persistence probabilities to parameterise survival regression, we recreated baseline
age-based survival relationships, albeit with some negative bias for under-represented ages. We offer considerations on the
continued limitations of using eMNA for abundance estimates, minimum study duration for reliability, the metric’s benefits
when individual identity is required, and potential for further improvement.

Keywords Badgers - Calendar of catches - Capture-mark—recapture - Enumeration - Minimum number alive - Trappability

Introduction

Long-term individual-based demographic studies are funda-
mental to ecology (Clutton-Brock and Sheldon 2010). The
This article is a contribution to the special issue on “Individual life-history and population contexts of an individual’s birth,
Identification and Photographic Techniques in Mammalian reproduction, and death shape the relationships between
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Engen 2015; Wright et al. 2019; Bright Ross et al. 2021), and
thus ultimately whether an individual passes on its genes.
The contextual information provided by linking individual
life-history schedules with population dynamics underlies
our understanding of much of ecology and evolution, from
life-history theory (Stearns 1992) to density dependence
(Coulson et al. 2001) and the existence of diverse fitness
strategies within populations (Réale et al. 2010; Wright et al.
2019).

Minimum number alive (MNA), occasionally also
termed minimum number known alive, calendar of catches,
or simply enumeration, has been used as an individual-
linked abundance indicator for decades (Krebs 1966;
Macdonald and Newman 2002; Smith and Nichols 2003;
Johnson et al. 2016, inter alia). MNA, like many other cap-
ture—mark—recapture (CMR) metrics, does not require actual
marking, so long as individuals are consistently distinguish-
able (Ellison and Swanson 2016). This enables MNA, as an
intuitively constructed metric, to easily incorporate various
stacked forms of identification (Palomares et al. 2005), rang-
ing from DNA fingerprinting (Meijer et al. 2008) and cam-
era trapping (Lazenby et al. 2014) to opportunistic tourism
photography (Marnewick et al. 2014). We note, however,
that although “minimum number alive” has been used to
describe a measure of abundance based on a single coales-
cence of data (representing one sampling occasion, even if
over several months, Morley and van Aarde 2007; van den
Hoven and Reilly 2012), here we define MNA strictly as
the use of data from multiple sampling occasions to inform
the presence of individuals not captured during intervening
occasions.

Although clearly negatively biased (it is, after all, a “min-
imum”), MNA often correlates strongly with true abundance
(Slade and Blair 2000; Pryde et al. 2005; Graipel et al. 2014;
Johnson et al. 2016), particularly at higher degrees of popu-
lation closure, survey frequency, and capture efficiency (the
proportion of extant individuals captured or recaptured in
a given capture session, Ruscoe et al. 2001; Pacheco et al.
2013). Therefore, while probabilistic approaches (ranging
from simple Lincoln—Petersen estimators to multi-state
CMR models, Pollock 2000; Lindberg 2012; Laake et al.
2013) may provide more accurate abundance estimators
(accurate prediction of abundance), MNA can out-perform
certain probabilistic metrics as an abundance indicator
(precise correlation to changes in abundance, Davis et al.
2003), particularly when these approaches are hindered by
obstructing terrain (as in transect distance sampling or dou-
ble-observer abundance estimators) and/or cryptic animal
behaviour (Corlatti et al. 2015, 2017), or under conditions
that violate the assumption of equal catchability (Tuyttens
2000). Such an indicator can provide crucial information for
ecological inquiry, such as abundance trends in different suc-
cessional stages (Howe and Davlantes 2017) or in threatened
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populations (Pryde et al. 2005), comparative measures of
abundance within a population over time (Bright Ross et al.
2020), or inter-specific (Fritts et al. 2017) and inter-popula-
tion (Smith and Nichols 2003; Holloway et al. 2012) com-
parisons of abundance drivers. In the case of MNA, the indi-
cator is also directly linked to individual life-history records,
making it easy to test associations between population- and
individual-scale processes (Bright Ross et al. 2020, 2021).

Nevertheless, MNA’s utility as an abundance indicator
belies significant shortcomings when it is used strictly to
estimate abundance. As already mentioned, MNA is a nega-
tively biased estimator (Bryja et al. 2001; Ramey et al. 2008;
Mullican, 2014); this bias is exacerbated under low capture
efficiency (Hilborn et al. 1976; Tuyttens 2000). Downstream
metrics suffer as a result: MNA yields positively biased trap-
pability (Byrne and Do Linh San 2016), and survival esti-
mates based on MNA alone (implying immediate death after
last capture, which is almost universally a poor assumption
in an uncontrolled population) can lead to improper selection
of covariates (Viallefont et al. 1999). When governments
use MNA-based metrics for species management interven-
tions that require accurate estimates and not simply indica-
tors, such as planning and evaluating pest control (Ramey
et al. 2008; Lazenby et al. 2014; Johnson et al. 2016) or
informing species conservation plans (Biggins et al. 2006),
these shortcomings become dangerous. Improvement to the
MNA method’s estimation ability would, therefore, improve
the robustness of its use for such purposes while preserving
the metric’s intuitive computation and links to individual
animals.

In this study, we make use of demographic data from a
long-term demographic study on European badgers (Meles
meles). Badgers are fossorial, nocturnal animals, presenting
ecologists with considerable challenges when attempting to
enumerate them for study (Noonan et al. 2015a). Their trap-
pability varies substantially between sites, seasons, and years
(Byrne et al. 2012; Noonan et al. 2015b), but accurately
estimating their abundance is often crucial, as they act as
a reservoir of bovine tuberculosis (Mycobacterium bovis)
in Britain and Ireland (Vicente et al. 2007). Governmental
interventions—whether by culling (Donnelly et al. 2006;
Byrne et al. 2014), vaccination campaigns (Carter et al.
2012), or a combination of the two (Abdou et al. 2016)—all
require reliable appraisals of capture efficiency and abun-
dance. Beyond these epidemiological applications, badgers
have been used to study the effects of population density on
individual condition (Macdonald et al. 2002; Bright Ross
et al. 2021), development (Sugianto et al. 2019; van Lieshout
et al. 2021), life-history strategies (Bright Ross et al. 2020),
mating physiology (Sugianto et al. 2021), energetics (Bar-
bour et al. 2019), parasitology (Albery et al. 2020), and
social organisation (Johnson et al. 2001), among other top-
ics, and in turn to study the effects of climate (Macdonald
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and Newman 2002; Macdonald et al. 2010) and habitat
change (da Silva et al. 1993; Delahay et al. 2006) on abun-
dance. These diverse ecological applications illustrate the
importance of choosing an abundance metric that appropri-
ately characterises the population being studied, holding as
it does ramifications for all downstream findings.

Using simulations parameterised with 32 years of badger
demographic data, we propose and evaluate the indication
and estimation performance of a novel efficiency-modified
minimum number alive (eMNA) metric, which improves on
standard MNA by (a) back-aging individuals first captured
as adults, based on growth correlates, and (b) incorporating
estimates of undetected survival beyond last capture, based
on time-varying capture efficiency. We mimic a range of
demographic trapping studies by sampling the same base-
line simulated population at three capture efficiencies: (1)
the relatively high capture efficiency of the badger study
underlying the simulations (average 73.8% annually, termed
“intermediate” and “real” in this manuscript, Bright Ross
et al. 2020); (2) the lower capture efficiencies better repre-
sentative of many studies of small mammals (taken from
Parmenter et al. 2003); and (3) particularly high capture effi-
ciencies, to evaluate whether eMINA might overestimate true
abundance in near-optimal trapping regimes. We then test
whether the method’s preserved individual linkages permit
analysis of mortality predictors from estimated persistence
probabilities. Finally, we use further simulations to identify
how study length might affect eMNA'’s reliability. This paper
aims not to characterise every possible population to which
this method could be applied, but rather to characterise a
range of conditions suitable enough for the interested prac-
titioner to judge its applicability to their own circumstances.

Methods

To streamline further use of the method, we conducted all
simulations, calculations, and analyses in R statistical soft-
ware (R Core Team, 2019); where relevant, we have indi-
cated specific packages below. All code and data are avail-
able at https://doi.org/10.7910/DVN/4D4XPT, annotated to
facilitate adaptation, and we encourage alternative param-
eterisation of simulations as a precursor to using the method
in a different study system.

Demographic data collection

We collected data for parameterising simulations from a
badger population in Wytham Woods, a 4.24 km? mixed
woodland in southern England (51° 46" N, 1° 20" W; for
more information, see Savill 2011). The population is situ-
ated on a hill surrounded by the River Thames on three sides
and the A34 motorway on the fourth, making the population

more or less closed to migration (immigration/emigration
rate =3%: Macdonald and Newman 2002). From 1987 to
2019, we trapped every active communal burrow system—
termed a “sett” (consisting of 1-10 holes, with 5.5 individu-
als cohabitating in the average sett, though occupancy ranges
from 1 to 28)—in the study area using string-trigger traps for
two or (most commonly) three nights, three—four times per
year, at regular seasonal intervals (for breakdown of seasonal
dates, see Bright Ross et al. 2021). We transferred badgers
to holding cages between 7:00 and 9:00 a.m., transported
them to a central field station, and sedated them with 0.2 mL
ketamine hydrochloride/kg body weight by intramuscular
injection (Sun et al. 2015). On first capture (typically as a
cub or yearling), we gave each badger a unique numerical
inguinal tattoo. On each capture, we estimated degree of
molar tooth wear as a scaled value from 1 to 5, which has
been shown to be useful for estimating age retrospectively in
cases when individuals were first caught as adults (Hancox
1988; Bright Ross et al. 2020).

All badger captures were licensed under the Badger Act
(1992) (currently Natural England license 2019-2020-4417)
and all handling procedures carried out under Animals
(Scientific Procedures) Act (1986) license (currently PPL
30/3379).

Generating baseline population

We used real badger data (henceforth, “real” data, subscript
r) to generate a 30-year baseline time series of individual
life-histories (henceforth, “baseline” data, subscript b) that
could be iteratively sampled to simulate a range of capture
efficiency scenarios. Hereafter, scalars will be indicated with
unbolded italics (both uppercase and lowercase), vectors
will be indicated with bolded lowercase italics, and matri-
ces with bolded uppercase italics. Subscripts will indicate
first to which dataset a given value refers (real, baseline,
or “captured” in simulations, subscript ¢), and second to
the corresponding numerical time-step (if relevant)—where
subscript ¢ refers to a generic time-step.

We generated a baseline population of individuals in the
first time-step (V,,;), for which an age-distribution vector n;,;
was initiated with the average number of badgers of each age
in the 32 years of real data (Eq. 1).

ny, = mean(n,,n, ...n,,). 1)

Although a small minority (4.5%) of individuals in the
studied population survive beyond age 10 (with the oldest
known-age individual reaching age 14, Macdonald et al.
2015), we capped our baseline population at age 10. This
was done for two reasons: first, to minimise the number of
estimated parameters in Cormack—Jolly—Seber (CJS) mod-
els—by far the most computationally intensive step of our
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analysis; second, to simplify the iterative population sam-
pling procedure, where excluding those 4.5% of old badgers
will not make the baseline population substantially different
from the real badger population from which it is simulated.
We adopt a post-reproductive census approach, because
badgers are synchronous annual breeders that give birth to
cubs in February (Woodroffe and Macdonald 1995) and a
majority of badger mortality occurs during the winter (Mac-
donald et al. 2010; Bright Ross et al. 2021), while the major-
ity of our CMR capture regime occurs during spring—autumn
(Bright Ross et al. 2021). Therefore, we simulated 29 sub-
sequent ny, vectors in a two-step process, for a total of 30
“years” of baseline data (different study lengths tested in
“Assessing robustness to study length variation” below).
First, we calculated survival to time ¢ by vector-multiplying
the previous age distribution by age- and sex-specific sur-
vival probabilities (s,, see Eq. 2). We then summed together
the number of surviving females in all age classes and mul-
tiplied the total by the mean maternity rate m,=mean(m,,...
m,3,) (Eq. 3) to produce the number of cubs in time ¢. The
cubs produced took the first index of the new n,, vector,
while the surviving badgers of other age classes moved
down a position in the vector (gained a year of age); the sum
of this vector constituted the size of the baseline population
at time ¢ (N,,, Eq. 4). Although badgers display strong age
dependence of maternity (and paternity) rates (Bright Ross
et al. 2020; Sugianto et al. 2020), for simplicity’s sake here
we assume homogeneous maternity rates at all ages. So, for
time ¢ in 2-30:

Years 1 2 3 4 30
o 1 1 1 0 -1
0 0 1 1 0 - -
01 0 0 0 -1
LH, = 1110 0 T,= 1 2
17 1 1 1 0 1 2
0 0 0 O 1 .-
1000 iterations
0O 1 0 1 0 -1
0 0 1 1 0 - -
01 0 0 0 -1
LH, = 01 10 0 T .= <2
10 0 O 0 1 -
0 0 0 O 1 - -

Fig.1 Life-history and context matrices. Top row shows baseline
matrices (those data to be sampled); bottom row shows the outcomes
of one sampling iteration, with boxed numbers indicating sampled
badgers in a given year. Red boxes in A, illustrate an individual first
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10
Survived,,_;, = Z (p_1) * 5,), (@)

a=1

Cubs produced,, = females survived,,_;, * m,, (3)

N, = Survived,_;, + Cubs produced,,. 4)

We estimated the constituent values of s, using gener-
alised additive models (mgcv package, Wood 2011) to fit
sex-specific age splines to individual survival (binomial,
1 =survived to time 7+ /; 0 =never detected past time ¢).
Although this method is imperfect in deducing true survival
relationships, as it assumes death for individuals that were
not detected (where these may persist, undetected, as we
permit when estimating survival relationships later in our
workflow), this is not problematic in this step of the analysis,
as it simply provides a baseline relationship to generate the
population.

Given this series of n,, vectors, we created a matrix of
life-histories (LH,), with a row for each individual that had
ever been alive in the population, transacted by 30 columns,
one for each year of the baseline time series (Fig. 1). In LH,,
1s represent years in which a badger was alive and Os, years
in which it was not (whether for having died or not yet being
born); thus, each row’s sum equals the total number of years
that individual was alive (in the simulated study) and each
column’s sum equals that year’s N,, value. We matched these
individual life-histories with context matrices (time-varying)

1 2 - -1 3 -
1 2 - - - 1 2 -
- - - - B - - -
2 - .- Ay = 12 B - -
2 3 - 1 2 3 4 -
- - 5 - - - 8
12 - -1 2 3 -
1 2 - - - 102 -
2 - - A= 2 3 4 - -
- - 1 - - - -
- - 5 - - - 8

caught at age 2; that individual’s tooth wear at first capture (index
{4,2} in T,) can then be used to deduce its age at the time and back-
age the individual’s life-history (red arrow) for use in subsequent
steps of the enumeration process
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and vectors (constant individual characteristics) representing
individual information such as age (4,, known from n,,),
sex, and tooth wear (T}). These matrices and vectors (a)
enable easy iterative sampling of the population and (b) help
pre-format the data for interfacing with MARK (White and
Burnham 1999) or other related demographic analysis soft-
ware such as the marked package (Laake et al. 2013, used for
this manuscript’s CJS estimates), which uses MARK syntax
to compute models in R. T}, values for any position /i,j} were
assigned by sampling the real tooth wear data for all badgers
of an equal age to A ;).

Computing abundance estimates with variable
trapping efficiency

We sampled the baseline population 1000 times under three
different time-varying capture efficiency (ce,,) regimes:
“low” efficiency (each ce,, sampled from a uniform distribu-
tion from 45 to 55%, characteristic of many small mammal
trapping regimes, Parmenter et al. 2003); an intermediate
“real” efficiency (each ce;,, sampled from a multi-modal
distribution built to resemble that of real badger trapping
efficiencies ce,,, which averaged 74%); and “high” efficiency
(cep,, sampled from a uniform distribution from 85 to 95%).
For each ce,, value, we “captured” that percentage of the
“1” values in the corresponding year column of LH, (and
its context matrices), simulating the process of imperfect
detection in a “captured” life-history matrix, LH, (Fig. 1).
We computed four different estimates of popula-
tion abundance: three variants of minimum number alive
(together, “enumeration” estimators) and one using a Cor-
mack—Jolly—Seber (CJS) estimate of detection probability.
MNA , represents simply adding “captured” (C,,) individuals
and those known from previous and subsequent captures to
be alive but uncaptured in time ¢ (“alive, uncaptured”, AU,,):

MNA,=C,+AU,. 5)

This number can be improved using context matrices to
estimate ages at first capture for those individuals first caught
as adults. In our case, we regressed real tooth wear against
real age (using non-linear least squares in the stats package,
see Bright Ross et al. 2020) to produce a relationship from
which we could predict the age of unknown-age individu-
als based on their first sampled tooth wear (see Fig. 1 for
example). For these individuals, life-history records could
be back-projected to relevant years (BP,,) to produce age-
modified MNA (aMNA,)):

aMNA, = MNA,, + BP,,. (6)

Estimated time-varying capture efficiency itself (ce,,, esti-
mated as the proportion of known-alive individuals captured
in time 7) can also be used to estimate the probability that

an individual i last captured at time j-x remained undetected
but alive in the population at time j; this probability is the
product of the probability of non-detection (1 —ce_,) in each
intervening year (we artificially lowered this probability to
0 past age 10, for reasons discussed above):

CCI
“a = AU, +C, @
J
P(aliveiJ) = H (1 —ce,). 8)

=(j—x)+1

By summing these persistence probabilities for unde-
tected-but-alive individuals in a given year, we calculated
efficiency-modified MNA values (eMNA_,):

eMNA,, = aMNA,, + Y P(alive; ). 9)

i=1

Finally, we also estimated abundance by implementing
CJS models with the marked package (Laake et al. 2013) to
provide a benchmark for the three stepwise varieties of MNA
estimates. CJS models estimate two determinant parameters
of detection: ¢, the apparent survival (death and emigra-
tion) from time #—1 to 7 (in these simulations, apparent sur-
vival =survival as no emigration was modelled) and p, the
probability of detection at time ¢ given survival from #—1;
both ¢ and p can be estimated as a function of time-varying
and/or constant covariates. In each iterated sampling, we
estimated p separately for each year (p,,, an alternative esti-
mate of ce_,), and ¢ as a function of age, sex, and their inter-
action. Therefore, population abundance estimates (CJS,,)
using this method could be derived by dividing the captured
individuals in time ¢ by the detection probability:

CCl
CISe = —. (10)
Pt

We could not compute this value for the first year of each
iteration, as CJS models require a time #-/ for parameter
estimation.

Assessing robustness to study length variation

We investigated how more or fewer data affected eMNA’s
precision and accuracy. To do so, we re-sampled LH;, 100
times for each study length between 1 and 30 timesteps
(“years”) and at each of the three levels of capture efficiency.
These 9000 “studies” of varying lengths and capture effi-
ciencies permitted the deduction of (a) how many years of
data would be sufficient to reach peak abundance estima-
tion performance and (b) whether the method suffers from
information bias—i.e. if the greater information closer to the
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temporal centre of the study results in statistically weaker
estimates at the study’s beginning and end.

Estimating survival relationships using
efficiency-modified persistence probabilities

Given a series of known life-histories, individual survival
probability can be expressed as a binomial linear regres-
sion, where case 1 represents known survival and case 0
represents known death. Imperfect capture efficiency (time-
varying or otherwise), however, violates the assumption that
an undetected individual at time ¢ has died; therefore, the
probability of undetected persistence must be considered.
One possible solution to this issue is to use the probability
an individual truly died after its final capture at time # (prob-
ability of “dead, uncaptured”, DU ,) to weight observations
from different individuals in the survival regression:

Weight, = DU _, =1 - AU,,. (11)

We used these individual weightings to regress individual
survival as a function of an individual’s sex, age, and their
interaction, producing a within-iteration estimate of these
survival relationships (s,) to compare with the mortality
schedules used to generate the population.

Results

Performance of different approaches as abundance
estimators and indicators

At all time-steps along the 30-year simulation, enumeration
estimators were negatively biased with regard to the base-
line simulated abundance (Figs. 2a—c, 3); CJS probabilistic
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Fig.2 Yearly simulation results. For plots a—f, each line represents a
single iteration (n=1000) of 30 years of sampling at low (45-55%),
real (intermediate, based on badger rates), and high (85-95%) capture
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quantile, as percentage of the baseline simulation’s abundance (V,)
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estimation was not (Fig. 2d—f). Underestimation of baseline
abundance by MNA, aMNA, and eMNA was strongest at
lower average capture efficiencies, and negative bias was rela-
tively low for eMNA at intermediate and high capture efficien-
cies (Figs. 2a—c, 3). Moreover, this negative bias was relatively
consistent, with the exception of the first sampling occasion
(in this case, year) and the final two (high capture efficiency)
or three (low or real capture efficiency) occasions (Figs. 2g—i,
4). After excluding these low-reliability years, eMNA pro-
vided a particularly informative abundance indicator, prov-
ing more robust to inter-annual fluctuations in time-varying
capture efficiency than CJS estimates, with lower spread of
abundance estimates over the 1000 sampling iterations—par-
ticularly at low capture efficiencies and those modelled after

real badger data (Fig. 2d, e). Following particularly rapid
population dynamics shifts (see year 13 in Fig. 2 and repeated
patterns in Fig. 4), enumeration approaches exhibited an addi-
tional minor lagged negative bias.

Each stepwise improvement to MNA reduced the nega-
tive bias of abundance estimates, with MNA, aMNA and
eMNA estimates deviating from the baseline abundance
by —13.20% (SD=5.11%), —5.60% (SD=5.30%), and
—2.50% (SD =4.63%), respectively, under intermediate
capture efficiencies modelled after real badger data (Fig. 3;
numbers calculated without first year to enable like-for-
like comparison with CJS, which was accurate on average
to within 1% under all capture efficiencies). In the case of
eMNA, this translates to an underestimation of 6.1 badgers

100+

(o]
o
1

Average percentage
of true abundance
[o0)
o

601
Study length
I 30
501
0 10 20 30 0 10 20 30 0 10 20 30

Years from end of study

Fig.4 Average annual eMNA abundance estimation, indexed by year
from end of study. Each line displays the average annual abundance
estimation for 100 iterations of a given study length, ranging from 1

to 30 years long. Lines are arranged so that the last year of a study is
on the left, to illustrate the similar underestimation rates in these ter-
minal years, irrespective of study length
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in an average year at intermediate capture efficiencies—
compared with an overestimate of 0.4 badgers by CJS. This
underestimation was not evenly distributed across the years
of simulated studies. While the first year of a simulated
study (the right terminal point of lines in Fig. 4) some-
what underperformed the middle years of the study, the
majority of underestimation occurred in the last 2—4 years
(depending on capture efficiency but irrespective of over-
all study length, see Fig. 4), as these were the only years
where back-aging could not retroactively improve under-
samplings. Beyond these years, eMNA gained substantial
reliability as both an estimator and indicator: for instance,
underestimation improved to — 1.48% (SD =2.25%) under
intermediate capture efficiencies, equivalent to 3.5 badgers,
after excluding the last three and first year of a given simu-
lation. Moreover, after excluding these terminal sampling
years, while eMNA was substantially more biased at low
average capture efficiencies than CJS (—8.58% vs.+0.15%,
respectively), eMNA was far less susceptible to fluctuations
from inter-annual capture efficiency variation than CJS
was, with the standard deviation of eMNA estimates being
equivalent to only 3.07%, half of CJS’ standard deviation
of 6.18% under the same conditions (see the inter-annual
“sawing” tendencies of CJS estimates in Fig. 2d).

The reliability of eMNA abundance estimates at all cap-
ture efficiencies depended on the duration of a study (Fig. 5).
At high capture efficiencies, eMNA only had an annual aver-
age bias of —3.70% even for a 4-year study; while at inter-
mediate capture efficiencies, at least 5 years of data were
required for average annual bias to improve over — 10%; at
low capture efficiencies, eMNA never reached 90% of N, on
average, but surpassed 80% (a —20% average annual bias)
after 7 years of data sampling. Figure 5 includes all years
of a simulated study in the average and standard deviation,
giving the impression of steadily improving estimation and
indication as study length increases; in fact, eMNA perfor-
mance stabilises substantially in the middle years of a study,
as seen in Fig. 4 (see Fig. A1l for a version of Fig. 5 exclud-
ing the first year and last 3 years).

Estimates of age-survival relationships
from persistence probabilities

In nearly all sampling iterations under capture efficiencies
modelled after real badger data, regressions weighted by
probability of persistence beyond last detection recreated
the baseline relationship between age and sex-specific sur-
vival (Fig. 6b, e). The validity of this regression method,
however, was dependent on capture efficiency. First, a nega-
tive survival probability bias was evident at younger ages,
particularly at low capture efficiency—for instance, survival
rates of age 0 badgers (cubs) were under-estimated by 11.9%
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Fig.5 Effect of study length on MNA and eMNA performance. Lines
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eMNA estimates across 100 simulations at different study lengths;
error bars indicate the 95% quantiles

(SD=2.3%) in males and 9.6% (SD=2.1%) in females
(Fig. 6a, d), though this decreased to just 3.8% (SD=1.1%)
and 2.6% (SD=1.1%), respectively, at capture efficiencies
modelled after real data (Fig. 6b, e). Second, survival prob-
ability at older ages was slightly overestimated for high
capture efficiencies—for instance, survival rates of age 9
badgers were overestimated by 4.4% (SD=3.1%) in males
and 2.4% (SD=2.4%) in females (Fig. 6¢, f).

Discussion

All forms of enumeration exhibited negative bias as abun-
dance estimators (that is, in their ability to reproduce the
underlying baseline population size), particularly at low
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capture efficiencies. However, under intermediate (based
on real badger data) or high capture efficiencies, this nega-
tive bias was minimal in eMNA estimates, particularly after
removal of terminal low-information years (the first year
and last 3 years of a given study). Moreover, after these
terminal years were removed, enumeration methods (and
particularly eMNA) represented abundance indices (that is,
metrics correlated with the underlying baseline population)
that were more robust to inter-annual variation in capture
efficiency than probabilistic CJS outputs, even under low
capture efficiency. The only instances in which trimmed
eMNA underperformed CJS outputs as an abundance indi-
cator were directly after abrupt changes in abundance. Due
to the low accuracy of eMNA estimates in the first year and
last 2-3 years of a study, eMNA required at least 5 years of
data at intermediate capture efficiencies to provide a reli-
able abundance estimator or indicator. Finally, although

estimating age—survival relationships through regression
weighted with capture efficiency-modified persistence prob-
abilities was hindered by the effects of imperfect capture
efficiency on age representation in these data, most sampling
iterations successfully approximated the baseline survival
relationships, especially at intermediate capture efficiencies.

It has long been established that MNA’s performance
as an abundance estimator is sensitive to trapping effi-
ciency (Hilborn et al. 1976). Nevertheless, its intuitive
computation and usefulness as an abundance indicator
have ensured its continued use for ecological studies
(Smith and Nichols 2003; Holloway et al. 2012; Fritts
et al. 2017; Howe and Davlantes 2017), conservation
assessments (Sei and Porter 2003; Meijer et al. 2008), and
governmental species management interventions (Ramey
et al. 2008; Lazenby et al. 2014; Johnson et al. 2016). It
is particularly useful for small or endangered populations
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(Sei and Porter 2003; Palomares et al. 2005; Meijer et al.
2008), as it provides a hard “floor” instead of the often
wide ranges associated with probabilistic estimates at
low abundance (Meijer et al. 2008), and because its direct
links to individual life-histories facilitates the computa-
tion of life tables and associated population parameters
(Krebs 1985). The improvements we make here on MNA
preserve this individual focus: rather than projecting a
number of individuals with unknown features, it enables
quantification of persistence probabilities for individuals
with known features, benefitting from the careful design
of most long-term demographic studies and the implicit
additional information compiled in the resulting datasets.
Using age-varying covariates to improve age estimation of
individuals at first capture (Bird et al. 2019) and account-
ing for variable detection probabilities (White 2005) have
both improved population parameter estimation in other
methods. Here, by incorporating both factors in our eMNA
formulation, we developed MNA’s capacity to act not only
as a valid density indicator, but also as a suitable density
estimator under intermediate-to-high capture efficiencies,
while preserving the features that distinguish enumeration
from probabilistic approaches (although eMNA is, strictly,
a partially probabilistic approach itself).

Nevertheless, our results illustrate several of eMNA's per-
sisting shortcomings under certain study conditions. First,
as documented elsewhere for MNA (Pocock et al. 2004),
eMNA’s negative bias on our badger dataset was exacerbated
during the first sampling and last two to three samplings of
the population, making it of limited use as either an estima-
tor or indicator unless in the context of long-term datasets
(Clutton-Brock and Sheldon 2010). Based on the results of
our analysis, we do not recommend using estimates from
these terminal samplings. Therefore, while Fig. Al illus-
trates that, after excluding these years, eMNA is a robust
indicator at any capture efficiency and a relatively reliable
estimator at intermediate-to-high capture efficiencies, the
sample size of estimates valid for analysis is n — 4, where n
is the number of years in the study.

Second, although eMNA handles inter-annual capture
efficiency variation relatively well with animals such as
badgers with lives that (on average) span multiple sam-
pling recapture iterations (Fig. 2), consistently lower cap-
ture efficiency does introduce substantially higher negative
bias (Fig. 2a). This risks low comparability if either inter-
population habitat differences (Smith and Nichols 2003)
or habitat changes (Howe and Davlantes 2017) result in
substantially different capture efficiencies. Similarly, if
detectability and/or baseline prevalence is particularly low,
as occurs for example in cetacean and other marine animal
surveys (Poncelet et al. 2010; Rinaldi et al. 2021), eMNA’s
negative bias is likely to be even greater. In these cases,
methods such as CJS and closed-subpopulation models,
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the latter of which was developed using badger data (Tuyt-
tens 2000), provide much more accurate abundance esti-
mates (Byrne et al. 2012). Alternative approaches also
exist that can explicitly estimate migration in open popu-
lations (see Link and Barker 2010); if migration is more
substantial—and time-varying—than in the population
studied here, enumeration methods should be tested under
those specific conditions before use. Similarly, if the study
species in question has a substantially shorter maximum
age than badgers, the reduced frequency of back-aging
may diminish enumeration’s utility; in this eventuality, we
recommend re-parameterising simulations.

Finally, estimation of survival rates and determinants
thereof is risky when using approaches, such as MNA,
that assume perfect detection of death (Viallefont et al.
1999). In addition to under-estimating survival rates, enu-
meration approaches ignore unmarked individuals (Graipel
et al. 2014), which can lead to issues such as those seen
in our estimates, which consistently under-estimated juve-
nile survival (Fig. 6). MNA methods have notwithstand-
ing been used to calculate survival, particularly when
populations are small (e.g. Sei and Porter 2003; Palomares
et al. 2005). We caution that in such cases, researchers and
conservation practitioners should carefully consider how
certain sub-groups may be over- or under-represented in
their capture data. For instance, based on Fig. 6, survival
rates are likely to be increasingly overestimated at higher
capture efficiencies for older ages, such as ages 11-14 in
badgers (excluded from these simulations).

Despite its limitations, enumeration remains a pow-
erful tool for wildlife ecologists. While model selection
with probabilistic approaches can determine the drivers
of individual survival and detection (Laake et al. 2013),
eMNA directly connects individual persistence to popula-
tion trends (Bright Ross et al. 2020, 2021) and provides a
robust abundance indicator for long-term studies. If eMNA
is strengthened further by considering differential capture
efficiency (and probability of persistence) as a function of
prevailing conditions (Noonan et al. 2015b), individual
state markers (Noonan et al. 2014), and population sub-
groups (Bryja et al. 2001)—all of which can substantially
affect recapture probability—enumeration approaches can
continue to serve as a useful tool in wildlife studies, par-
ticularly integrated into ensemble approaches that make
use of additional data not considered in these simulations.
Individual heterogeneity in particular presents one of the
greatest challenges to studying wild populations (Davis
et al. 2003), with individuals becoming trap-happy or trap-
shy as a result of any number of determinants (Byrne et al.
2012). Incorporating the underlying variance in individual
trap responses should, therefore, be an explicit objective
of future developments in similar metrics, lest this noise
obscure ecological signals of import. Ultimately, however,
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it is this individual heterogeneity that forms the basis for
many ecological processes (Hamel et al. 2018). Therefore,
forming a detailed accounting of it as part of the process
of enumerating the population’s abundance is crucial to
developing our understanding of the “portfolio” of indi-
viduals that constitute a population’s first line of defence
against external stressors (Schindler et al. 2015; Beever
et al. 2017).

Appendix 1

See Fig. Al
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Fig. A1 Effect of study length on eMNA performance after trimming
terminal years. Lines show the average badgers sampled and average
annual MNA and eMNA estimates across 100 simulations at different
study lengths; error bars indicate the 95% quantiles. In all cases, the
first year and final three years of the study were excluded from the
sample (see Fig. 4 and analysis of abundance estimation suitability in
main text for reasoning)
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