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Abstract
1. The development of methods for individual identification in wild species and the refinement ofCapture-Mark-Recapture (CMR) models over the past few decades have greatly improved the assess-ment of population demographic rates to address ecological and conservation questions. In particular,multi-state models, which offer flexibility in analysing complex study systems, have gained popularitywithin the ecological community. In this study, we focus on the issue of mark loss and the associatedrecycling of remarked individuals, which requires further exploration given the increasing use of thesemodels. 2. To fill this knowledge gap, we employed a wide range of simulation scenarios that reflectcommonly encountered real case studies, drawing inspiration from the survival rates of 700 vertebratespecies. Using a multi-state, Arnason-Schwartz (AS) modelling framework, we estimated the effects ofmark loss and recycled individuals on parameter estimates. We assessed parameter bias by simulatinga metapopulation system with varying capture and survival rates. Additionally, we demonstrated howmark loss can be easily estimated and accounted for using a 10-year empirical CMR dataset of bats.The bats were individually identified using Passive Integrated Transponder (PIT) tag technology as po-tentially lost marks and multi-locus genotypes as ’permanent marks’. 3. Our simulation results revealedthat the occurrence of bias and the affected parameters were highly dependent on the study system,making it difficult to establish general rules to predict bias a priori. The model structure and the inter-dependency among parameters pose challenges in predicting the impact of bias on estimates. 4. Ourfindings underscore the importance of assessing the effect of mark loss when using AS models. Ignor-ing such violations of model assumptions can have significant implications for ecological inferencesand conservation policies. In general, the use of permanent marks, such as genotypes, should alwaysbe preferred when modelling population dynamics. If that is not feasible, an alternative is to combinetwo independent types of temporary marks, such as PIT tags and bands. 5. Analysis of our empiricaldataset onMyotis myotis bats revealed that tag loss is higher in juveniles than in adults during the firstyear after tagging. The use of surgical glue to close the injection hole reduces tag loss rate from 28%to 19% in juveniles, while it has no effect on the tag loss rate in adults (~10%). The main bias observedin our metapopulation system appears in the survival rate, with up to a 20% underestimation if tag lossis not accounted for.
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1. Introduction
Capture-mark-recapture (CMR) methods have become a standard approach for estimatingdemographic rates of wild species (Johnson et al., 1986; Williams et al., 2002). Accurately quan-tifying population dynamic parameters is crucial for assessing population status, understandingdynamics, and making effective management and conservation decisions. However, CMR mod-els rely on certain assumptions of homogeneity (Johnson et al., 1986; Williams et al., 2002)which, if not respected, can lead to estimation bias. One common violation of CMR assump-tions, first identified four decades ago (Nelson et al., 1980), is the loss of marks (see SupportingInformation 1, Table S2). Mark loss has two implications: (1) when marks are shed, it leads tonon-identifiability of individuals (detection heterogeneity), causing them to be considered deador out of the study area, even when they are alive and present; (2) if these individuals are re-captured, they will go unrecognized and be counted as newly recruited individuals, known as"recycled" individuals (Malcolm-White et al., 2020). In open population models, estimates ofabundance in the Jolly-Seber (JS) model (Jolly, 1965; Seber, 1965) or survival in the Cormac-Jolly-Seber (CJS) model (Cormack, 1964; Jolly, 1965; Seber, 1965) can be affected by mark loss(Arnason and Mills, 1981). Several statistical techniques have been developed to mitigate theconfounding effect of mark loss in these models (Arnason and Mills, 1981; Cowen and Schwarz,2006; Robson and Regier, 1966; Seber and Felton, 1981). However, the impact of mark loss onstate transition in multi-state models, which have undergone significant development (Lebretonet al., 2009), has not been extensively studied. In multi-state models, if survival is state depen-dent, it is the product of true survival and mark retention rate for individuals in a specific state(Lebreton et al., 1992; Lebreton et al., 2009). If the retention rate drops below one without be-ing considered in the model, the estimation of survival in a particular state is underestimatedand becomes confounded with the probability of presence of the mark. This is especially true iftrue survival is high, but it is unclear how state transitions are affected. Let’s consider an exam-ple encounter history: "1011", where "1" indicates the individual was captured and "0" indicatesotherwise. If we denote ϕt as the survival rate between occasions t and t +1, and pt as the cap-ture probability at occasion t (with qt = 1 − pt ), this encounter history occurs with probability

ϕ1q2ϕ2p3ϕ3p4. We can break down this probability product as follows: the individual survivesbetween occasion t1 and t2 (ϕ1), was not captured on t2 (q2), survives between t2 and t3 (ϕ2),was captured on t3 (p3), and finally survives between t3 and t4 (ϕ3) and was captured on t4 (p4).
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Now, let’s consider that the individual can transition between two states, and its history be-comes "1022", with the individual in state "1" at t1 and in state "2" at t3 and t4. At t2, when theindividual was not detected, two possibilities arise: either it stayed in state 1 or made a transi-tion to state 2. To account for these two possible histories, we introduce ψi ,j as the transitionprobability from state i to state j (where i and j ∈ {1, 2}), conditional on survival. The new en-counter history is now the sum of two components to take account of the two possible histories“1122” or “1222”: ϕ11ψ1,1q12ϕ
1
2ψ

1,2p23ϕ
2
3ψ

2,2p24 + ϕ11ψ
1,2q22ϕ

2
2ψ

2,2p23ϕ
2
3ψ

2,2p24 , with the superscriptdenoting state-specific parameters. However, if this individual loses itsmark after its first capturebut recaptured at t3 and not recognized, its encounter history becomes two different historiesfrom two different individuals: one becomes "1000", and the second becomes "0022". In thiscase, survival and mark loss patterns differ. Not only is survival underestimated (at least for the"first" history), but the transition probabilities are also underestimated, since there is no longera change of state (the second history starts directly at state 2). Most studies using CMR tech-niques are affected by mark loss, which can vary based on several factors such as species (seeSupporting Information 1, Table S2), mark type (Smout et al., 2011), sex (Conn et al., 2004), mass(Schwarz et al., 2012), size (Acolas et al., 2007), mark location (Kaemingk et al., 2011), or physi-ological stage (Besnard et al., 2007-02). This mark loss has been previously shown to introducenegative bias in survival estimates and detection (Nichols et al., 1992; Nichols and Hines, 1993).To address situations where an individual’s "state" (e.g., location, behaviour, physiology, repro-ductive or social status) may affect its survival or detection probability, and where the individualcan change "state" during its lifespan, multi-state models have been developed (reviewed in Le-breton et al. 2009). These models have gained popularity due to their flexibility in studying awide range of ecological systems and biological questions. Biologists can easily use user-friendlysoftware like Mark (White and Burnham, 1999), WinBUGS (Lunn et al., 2000), JAGS (Plummer,2003), E-SURGE (Choquet et al., 2009b), MultiBUGS (Goudie et al., 2020), NIMBLE (de Valpineet al., 2017), and STAN (STAN Development Team, 2022) to implement these models. They areused to examine ecological and evolutionary hypotheses related to variations in life history traits(state transitions) over an individual’s lifespan (Nichols and Kendall 1995; see also Cam, 2009,for a detailed discussion), density dependence effects (Schofield and Barker, 2008), co-evolution(Benkman et al., 2005), dispersal probability among subpopulations or habitats (Hestbeck et al.,1991; Spendelow et al., 1995), and disease prevalence in wild populations (Jennelle et al., 2007).However, there is limited literature on the impact of mark loss on the behaviour of multi-statemodels, and further exploration is needed in this area (Seber and Schofield, 2019). To bridge thisgap, we used simulation-based Arnason-Schwartz (AS) model approaches (Arnason, 1972, 1973;Schwarz et al., 1993) to investigate the impact of mark loss on estimates of model parameterswithin a Bayesian framework. With the increasing utilization of multi-state models, our aim isto evaluate the potential bias in the marginal posterior distributions of demographic parameterestimates using a metapopulation context, based on biologically realistic scenarios, and providecomprehensive guidelines for both fieldwork and data analyses. The AS model shares assump-tions with the CJS model, specifically regarding mark loss, but additionally assumes that statesare recorded without error. Similarly to the CJS model, we anticipated that the AS model mightunderestimate survival and transition probabilities in the event of tag loss and recycling (Nicholsand Hines, 1993). Since transition probabilities are conditional on survival and detection of statein our AS model, we expected estimation errors to have varying effects on model parametersdepending on the state transition rate. To illustrate our approach with an empirical example, weused our decade-longmark recapture dataset of PIT-tagged and genotyped greatermouse-earedbat (Myotis myotis), a taxonomic group particularly vulnerable to PIT-tag loss (Freeland and Fry,1995). We employed genotypes as individual permanent marks to estimate the bias betweenmodels that account for mark loss and recycling versus those that do not, and finally, we suggestrecommendations for future studies.
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2. Material and method
To quantify the potential bias induced by mark loss on parameter estimates in the AS frame-work, we defined various scenarios based on representative situations derived from a compi-lation data obtained from the Demographic Species Knowledge Index (Conde et al., 2019) andliterature sources for fish and bat species (Fig. 1, Supporting Information 1, Table S1). These datawere limited to published CMR studies or data from controlled conditions, specifically markedindividuals with known outcomes, such as those observed in zoos. Among the six vertebrateclasses (Actinopterygii, Chondrichthyes, Amphibia, Aves, Reptilia, and Mammalia) encompassing700 species, the survival rates exhibit a wide range of values (Fig. 1). The relationship betweenadult and juvenile survival, available for 143 species (Supporting Information 1, Fig. S1), revealsthat low adult survival is associated with low juvenile survival, while high adult survival can beaccompanied by a diverse range of juvenile survival rates. To limit the number of scenarios toexplore, we selected values towards the extremes. Consequently, we considered two hypothet-ical populations: one consisting of long-lived species with high survival rates in both age classes(e.g., large mammals), and the other consisting of short-lived species with low survival rates inboth age classes (e.g., amphibians). For each population, we explored cases with high and low de-tection probabilities, and for each case, we tested three different mark loss rates, obtained fromrelevant literature sources (Supporting Information 1, Table S2). Initially, we present the proce-dure for generating our simulated scenarios, followed by the description of the two differentmodels used to analyse these data: one model that does not account for mark loss, and anothermodel that incorporates mark loss through the use of a second permanent mark, allowing forcomparison of estimations. Lastly, we outline the metrics used to evaluate the potential bias inparameter estimates when mark loss is not accounted for in the AS framework.

Figure 1 – Density of probability of survival across age class and taxa for 700 species.Sample size are indicated by labels, with colour corresponding to the state of individualsampled.
2.1. Data generation

For each scenario, we conducted a simulation using data from a ten-year study period withmultiple capture occasions. During these capture occasions, individuals could be in one of five
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possible states: “A”, “B”, “C”, “D”, or death itself. State “D” was considered an absorbing state,meaning that once an individual reached this state, it could not change to any other state. Thiscan be used tomodel permanent emigration, for example. In the initial occasion, the individuals instates “A”, “B”, and “C” consisted of 40 juveniles (with a 1:1 sex ratio) and 60 adults (80% females,20%males). No individuals were initially in state “D”. In each subsequent occasion, wemarked 40juveniles and 5 adults in each state (“A”, “B”, “C”), except for state “D”, where recapture was notpossible and only observation was feasible. This conceptual system can be seen as having threebreeding sites (“A”, “B”, “C”) where capture and resighting occurred annually, and a surroundingarea (“D”) where only resighting was possible. For males only, we allowed a permanent transitionto the “D” state. It is worth noting that sexual asymmetry in state change is common in varioustaxa, where one sex is more likely to disperse through permanent emigration (absorbing state).For each simulated scenario, all juveniles captured at a specific occasion were considered adultsin the following occasion. All scenarios followed the same steps for data generation, as shownin Figure 2.

Statet

Dead

Alive

Dead

Statet+1

Dead

Detection (at t + 1)
Event

Recaptured
Resighted
Resighted &Recaptured
Not detected
Recaptured

Not recaptured
Not detected

ProbabilityMark stateat t + 1

Retention

Mark retained

Mark lost

Stateat t + 1

State transition
transitionSurvivalStateat t

ϕ

1 − ϕ

1

ψ

1

pr

1 − pr

1

pc
p.r

p.r × pc

1 − pd

pc

1 − pc

Figure 2 – The possible fates of an individual between occasion t and t + 1. We firstconsider the state transition process: if the individual dies between occasions, it can onlyremain dead and can no longer be detected, both with probability 1 (absorbing state).The individual can, however, survive between occasions with probability ϕ (dependingon time and state at t) and can then change state with probability ψ (see Eq. 2 and Fig. 3).Second, the mark retention process: if it survives between occasions, then the individualcan retain its mark with probability pr (depending on age and time since marking) or loseits mark with probability pl = 1 − pr . Thirdly, the detection process: if this individualhas lost his mark between occasions, he may possibly be recaptured with a probabilitypc (depending on time and state at t + 1) and if this happens, he is marked again beforebeing released. However, if the mark is retained, other events may occur: the individualmay also be captured with probability pc , but it may also be resighted with probability
p.r (depending on the state at t + 1), or both with probability pc × p.r , or finally not bedetected at all with probability 1 − pd = (1 − pc) × (1 − p.r).

We initiated the simulation by generating the survival of individual i at occasion t using aBernoulli distribution:
(1) ai ,t+1 ∼

{
Bernoulli(ai ,tϕi ,t), if ai ,t = 1,
0, if ai ,t = 0

where ai ,t = 1 if individual i is alive at time t , and 0 if not. ϕi ,t represents the specific survivalprobability for each individual at a given state, time, and age.
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To introduce stochastic variations in annual survival for the two age classes, we drew sur-vival probabilities from a logistic distribution. If an individual survived, we simulated the statetransition using a Categorical distribution:

(2) si ,t ∼ Categorical(ψi ,t), if ai ,t = 1,

where ψi ,t represents a state-, sex-, and age-specific transition probability. In the model, fe-males’ transitions between states ’A’, ’B’ and ’C’ occur at a constant rate over time, regardless oftheir age. However, females were not allowed to transition to state “D”. Juvenile males, on theother hand, could only stay in their state or transition to state “D”, with a proportion dependingon their initial state. Adult males, however, did not change their state throughout the study. Themark loss/retention process was simulated using a Bernoulli distribution:

(3) mi ,t ∼





Bernoulli(pri ,t), if mi ,t−1 = 1 and not captured at t,
1, if captured at t (newly marked or recycled),
0, if mi ,t−1 = 0 and not captured at t

withmi ,t indicating the presence of a mark on individual i at occasion t and pri ,t representingthe probability of retention (see Supporting Information 2, Fig. S2), which is the complementof the mark loss probability pl (pli ,t = 1 − pri ,t ). The detection process was simulated using aCategorical distribution:

(4) zi ,t ∼
{
Categorical(pdi ,t), if ai ,t = 1,

not detected, if ai ,t = 0

with pdi ,t representing the state-specific detection probability (Supporting Information 2, sec-tion 1.2). We examined two common methods for tracking individuals in our study: physical cap-ture and resighting. Physical capture involves either recycling the individuals by re-marking themor checking their existing marks. Resighting, on the other hand, is a passive detection methodthat only includes individuals who have retained their marks. This approach is based on the ob-servation that, in many studies, the probability of resighting is usually higher than the probabilityof recapture, making them susceptible to different estimation biases. We categorized the proba-bility of detection into seven categories, with each category conditioned on the retention of themark.
(5)

pdi ,t =





pci ,t(1 − mi ,tp.ri ,t), if mark retained and caught in state "A", "B" or "C",
(1 − pci ,t)mi ,tp.ri ,t , if mark retained and resighted in state "A", "B" or "C",
pci ,tmi ,tp.ri ,t , if mark retained and both caught and resighted in state "A", "B" or "C",
pb, if mark retained and resighted in state "D",
1 − pb, if mark retained and not resighted in state "D",
(1 − pci ,t)(1 − mi ,tp.ri ,t), if undetected in state "A", "B" or "C",
0, if mark lost

where pci ,t was a state specific capture probability, p.ri ,t a state specific resighting probabilityand pb the detection probability in state “D”. Since we can expect higher rates of recycling whenrecapture rates are high, and little recycling otherwise, we considered four scenarios (Table 1):(1) long-lived species with a high detection rate; (2) long-lived species with a low detection rate;(3) short-lived species with a low detection rate; (4) short-lived species with a high detectionrate.
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Scenario Survival DetectionScenario 1 Long-lived (high survival) High detection rate (capture & resighting)Scenario 2 Long-lived (high survival) Low detection rate (capture & resighting)Scenario 3 Short-lived (low survival) Low detection rate (capture & resighting)Scenario 4 Short-lived (low survival) High detection rate (capture & resighting)
Table 1 – Summary of the characteristics of each simulated scenario.

The values of the simulated parameters can be found in Table 2 and Figure 3. Mark loss oftendepends on the time since marking, and in many species, it occurs soon after marking (Fabrizioet al., 1999; Fokidis et al., 2006; Kremers, 1988; Nichols and Hines, 1993). In our scenarios,we included this process and determined a range of mark loss rates from the literature (seeSupporting Information 1, Table S2). We simulated three mark loss probabilities: low (pl = 0.05),medium (pl = 0.25), and high (pl = 0.4) during the first year after marking, and a constant rateof 0.05 thereafter. This generated a variety of cases of mark loss and recycled individuals (seeSupporting Information 2, Fig. S2-3).
Parameter Definition ValueLong-lived species Short-lived species
ϕad . Adult survival in state "A", "B", "C" logit(N(2.5,0.3)) [0.92] logit(N(2.5,0.3)-0.3)) [0.62]
ϕad . Adult survival in state "D" logit(N(1.5,0.3)) [0.81] logit(N(1.5,0.3)-0.3)) [0.51]
ϕjuv . Juvenile survival in state "A", "B", "C" logit(N(0.2,0.3)) [0.55] logit(N(0.2,0.3)-0.2)) [0.35]
ϕjuv . Juvenile survival in state "D" NA NAHigh Low
pcA Capture probability in state "A" U(0.6,0.7) [0.65] U(0.6,0.7)-0.5 [0.15]
pcB Capture probability in state "B" U(0.7,0.8) [0.75] U(0.7,0.8)-0.5 [0.25]
pcC Capture probability in state "C" U(0.65,0.75) [0.7] U(0.65,0.75)-0.5 [0.2]
pcD Capture probability in state "D" 0 0
p.rA Re sighting probability in state "A" 0.85 0.35
p.rB Re sighting probability in state "B" 0.95 0.45
p.rC Re sighting probability in state "C" 0.9 0.4
p.rD Re sighting probability in state "D" 0.7 0.2

Table 2 – Parameter values used to simulate the 4 scenarios. For random values gener-ated, the corresponding distribution is indicated with N (a, b) the normal distribution withmean a and variance b, and U(a,b) the uniform distribution with lower bound a and upperbound b. The square brackets show mean values on the probability scale. To simulatesurvival for short-lived species, we used the same distribution on as long-lived speciesbut subtract generated values by 0.3 for adults and 0.2 for juveniles. In the same way,we obtained the low values of probability of capture and re-sighting by subtracting 0.5from the high values. The probability of capture in state “D” is set to 0, as no capture ispossible when individuals are in this state. For the transition values between states seeFigure 3.

In order to generate datasets where mark loss was not considered (no second permanentmark), we created recycled individuals with life histories corresponding to the portion of theirlives after mark loss, and replaced the original life history frommark loss with zeros. For example,a life history “1111” of an individual that lost its mark between occasions 2 and 3, and wasre-marked at occasion 3, would become two new histories: (1) “1100”, representing the firstpart of the life before mark loss, and (2) “0011”, representing a second individual that was notrecognized in the absence of a permanent mark, but considered newly recruited. Using this datageneration process, we simulated 2 x 50 datasets for each of the 12 combinations of parameters(50with and 50without recycling), resulting in a total of 1200 simulated datasets (see SupportingInformation 2, Fig. S1). The computational code for a fully reproducible example can be foundin Supporting Information 2, section 1.6.
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Figure 3 – Schematic description of parameter values used to simulate data under sce-nario 2 (long-lived species with low detection). Central graph: solid arrows correspondto possible transitions of females and dashed arrows to those of males. The size of thearrows is proportional to the probability of transition indicated next to them, all werekept constant over time. Peripheral graph: simulated survival (Surv.) and detection (Det.)probabilities were displayed for states “A”, “B” and “C”. The light blue lines correspondto adult survival, the orange lines to juvenile survival and the green lines to the proba-bility of capture, which are derived from Normal and Uniform distribution and thereforefluctuate over the years (see Table 1). The Grey lines correspond to the probability ofresighting, they differed between state but were set constant in time.
2.2. Statistical models

As described, we simulated two different datasets for each combination, inwhich the assump-tion of permanent marking is violated. In the first datasets, individuals can still be identified evenafter the loss of their mark, thanks to a second permanentmark. In the second datasets, recyclingoccurred because there was no second permanent mark present (Supporting Information 2, Fig.S3). We developed two AS models to analyses these data. Model A, used for the first datasets,included the estimation of mark loss. Model W, used for the second datasets, ignored mark loss(Supporting Information 2, sections 1.7 and 2.2). To estimate the state, time, and age-dependentsurvival ϕ for both models, we used a Bernoulli distribution (see Eq. 1 above).
(6) p(ai ,t+1|ai ,t) ∼ Bernoulli(ai ,tϕi ,t),

logit(ϕi ,t) = αstatei ,t+1 + βt+1 + δagei ,t+1 + γstatei ,t+1,t+1,agei ,t+1

where ai ,t is the life status of individual i at time t and coefficient α is a state effect, β a timeeffect, δ an age effect and γ a simultaneous effect of state, age and time. The transition anddetection processes were estimated using the same distributions as described for data gener-ation (see Eq. 2, 4, 5 above). Only in Model A, the fate of marks (whether they were retainedor lost) for each individual was tracked. Various combinations of single, double, and permanentmarks have been used to estimate mark loss (Laake et al., 2014). In Model A, we used a sin-gle mark loss approach, with the second mark being permanent. This allowed us to determinewhether the non-permanent mark was lost or retained at each capture occasion, and resight-ing was conditional on mark retention (see Eq. 5 ). The mark retention process was directlyincorporated into the model using a state space approach. While it is possible to model thepresence-absence of marks as states with a transition matrix (McMahon and White, 2009), oras a hiddenMarkov process for unobserved individuals where mark retention status is unknown(Laake et al., 2014), we chose to model the mark retention process using a Bernoulli distribution
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with p(mi ,t |mi ,t−1) ∼ Bernoulli(pri ,t), if the individual was marked or retained its mark at t − 1,
(mi ,t−1 = 1). We estimated three retention probabilities (pr ) as a function of age and time sincemarking:
(7)
pr =





prjuv ., if marked when juvenile,
pradlt.,1, at the first occasion after marking, if marked as an adult,
pradlt.,2, for subsequent occasions (retained at least 2 occasions), if marked as an adult.

In the case of model A, when an individual lost his mark and was recaptured, a new markwas applied without altering his identity, as if a second permanent mark were used. In the Wmodel, on the other hand, no permanent mark was taken into account, so that if an individuallost his mark and is recaptured, he is considered as newly recruited. The priors utilized for eachparameter can be found in Supporting Information 2, section 1.6.
2.3. Application on a bats datasets

The simulations we conducted served two purposes: first, to test general hypotheses regard-ing the impact of mark loss on parameter estimates inmulti-statemodels, and second, to validatea parametrization approach that can accurately estimate these parameters without bias. Basedon this, we are able to accurately estimate the probability of mark loss in our own datasets anddetermine the importance of using a permanent mark in the long term (Juillet et al., 2011). Ourempirical datasets consists of a 10-year study on the greater-mouse eared bat (Myotis myotis) inBrittany, France (2010-2019). We marked a total of 2,561 individuals in 5 maternity roosts: LaRoche Bernard (47◦31’N, 2◦18’W), Férel (47◦28’N, 2◦20’W), Noyal-Mozillac (47◦35’N, 2◦27’W),Béganne (47◦35’N, 2◦14’W), and Limerzel (47◦38’N, 2◦21’W). The bats were individually taggedusing Passive Integrated Transponders (PIT) tags, specifically the ID-100C (Troven®), which hada unique 10-digit code. These small tags (2.12x11mm, 0.1gr) allowed for identification usingpassive readers. All individuals captured in roosts without PIT-tags were consistently tagged, in-cluding both those who lost their tags and those who were never tagged before. Additionally, asecond permanent marking method involved genotyping all newly tagged individuals. The geno-types were determined from DNA extracted from wing biopsies of all tagged individuals and alltagged males captured during swarming surveys (n=4,258 samples; see Supporting Information3, Fig. S1). A total of 16micro satellitemarkers optimized forMyotismyotiswere used to establishindividual genotype (Foley et al., 2020). To minimize genotyping errors, we analyses two differ-ent samples per individual, whenever available. All samples were genotyped and scored twiceby two different people (Frantz et al., 2003; Puechmaille and Petit, 2007). We also conductedgenetic profile comparisons to identify errors. The error rate of genotype was hypothesized tobe sufficiently low to be negligible, and this source of uncertainty was not included in the mod-els (but see Winiarski and McGarigal, 2016). In addition, we checked for lost tags on the floorof the maternity roosts during each winter. This allowed us to partially identify individuals thatlost their tags (61.5% compared to genotype), with the remaining losses occurring outside of theroosts. Most tag losses occurred during the first year, as supported by the absence of recordsfrom passive reading detectors (Supporting Information 3, Fig. S2). Out of a total of 2,561 indi-viduals, 252 (∼ 10%) were identified as having lost their tag at least once. Of these individuals,94 were recaptured and retagged once, while three were re tagged twice. For 13 individuals,retagging occurred during the last capture occasion, resulting in the recycling of 81 individualsout of the 94. To analyses these data, we employed a multisite model that accounted for move-ment between maternity roosts as transitions (similar to the AS model used for simulated data,Supporting Information 3). We divided the population into two age classes for survival analy-sis: juveniles (in their first year of life) and adults (one year and older). To examine departuresfrom the AS model assumptions, we conducted goodness-of-fit tests using R2care (Gimenez etal., 2018b), an R package based on U-CARE (Choquet et al., 2009a). Minor over dispersion wasobserved in tests for transience (ĉ3G .SR = 1.82) and memory (ĉWBWA = 1.96). Insufficient datain the individual contingency tables prevented the performance of other goodness-of-fit tests.
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Hence, we retained our two-age class structure for survival modeling. To account for unmea-sured individual survival heterogeneity, we included a normally distributed random effect in theestimation of survival probability. This was necessary as other covariates were unable to capturethe relevant variation. Individual heterogeneity plays a crucial role in population dynamics andevolution and is prevalent in wild populations (Gimenez et al., 2018a). Emigration from the fivesub populations under study was assessed using capture and resighting data collected at swarm-ing and wintering sites between capture occasions. We defined eight different detection states,which enabled us to separately estimate capture and resighting probabilities (see Supporting In-formation 3, Table S1). Based on empirical data suggesting potential movement of individualsbetween all sub populations and outside areas, we did not restrict transitions between sub pop-ulations, except for the movement of juveniles from outside the maternity roosts, which was notpossible due to the absence of tagging outside the five roosts. Therefore, the probability for thistype of movement was set to 0 (see Supporting Information 3, Fig. S3). This study also examinedthe impact of using surgical adhesive (3M™ Vetbond™, Tissue Adhesive 1469) after PIT-tag in-jection to reduce tag loss compared to self-healing techniques (Lebl and Ruf, 2010; van Hartenet al., 2020). In this model, tag retention probabilities were modeled similar to Eq. 7, taking intoaccount time since marking (categorized as first year or subsequent years), individual age class(juvenile or adult), and the use of surgical adhesive (yes or no). Similar to the simulated datasets,two models were run on two datasets: one for estimating tag loss using genotying (as a secondpermanent mark), and another model that ignored this information on a transformed datasetsthat included recycled individuals (following the same process as the simulated data).
2.4. Estimation procedures and assessments

Despite the possibility of using a frequentist approach for analyzing simulated data (Lebre-ton et al., 2009), we opted for a Bayesian approach to ensure consistency with the analysis ofempirical data, where these methods offer greater flexibility in accounting for individual hetero-geneity in survival (Gimenez et al., 2018a). The simulated and empirical data were analyses usingJAGS (Kruschke, 2014; Plummer, 2003) through the jagsUI package (Kellner, 2016) in R 3.6.0 (RCore Team, 2019). The scripts for simulating the data are available online: https://doi.org/10.
5281/zenodo.10205065. We employed four Monte Carlo Markov chains (MCMC) with 150,000iterations each and discarded the initial 50,000 iterations (burn-in) when sampling from poste-rior distributions. We retained every twentieth iteration, resulting in 20,000 samples from theposterior distribution for each parameter. Chain convergence was assessed using the Gelman-Rubin statistic, denoted R-hat (Brooks and Gelman, 1998). Among the 1,200 simulations, someparameters exhibited R-hat values > 1.05, indicating convergence failure. Less than 0.4% of theestimated parameters for the model accounting for mark loss did not converge (Supporting In-formation 2, Table S1), particularly the coefficient γ (combined effect of state, time, and age onsurvival probability) and γ.c (combined effect of state and time on detection probability). Themean R-hat values for these parameters were less than 1.2 (Supporting Information 2, Fig. S4).For models that did not account for mark loss, 1.3% of the estimated parameters did not con-verge (Supporting Information 2, Table S2), especially in scenarios with low detection or bothlow detection and low survival rates (scenario 2 and 3, respectively), and mark loss probabilitiesset to 0.25 or 0.4. In most cases, the parameters that failed to converge exhibited a mean R-hatvalue less than 1.2, with only a few exceeding 1.5 (Supporting Information 2, Fig. S5). Conver-gence failures did not pertain to the probability of mark loss in any of the simulations. To avoidexcessively long computing times, we did not increase the number of iterations to achieve com-plete convergence of the MCMC chains for these parameters in the affected simulations. Ourresults are based on 50 simulated datasets per scenario, and we assume that the lack of con-vergence for these few parameters has no substantial influence on our results. To assess bias inparameter estimates when mark loss or recycling is not accounted for, we calculated the EarthMover Distance (EMD) using the EMD-L1 algorithm (Ling and Okada, 2007), which quantifiesthe difference between two distributions. This metric measures the minimum cost of transform-ing one distribution into another, point by point. For each scenario, we also estimated a RegionOf Practical Equivalence (ROPE, Kruschke, 2018) to assess the degree of difference between
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the distributions represented by the EMD metric. To define the ROPE for each scenario, werandomly constructed 1,000 pairs of models from the 50 simulations and calculated the associ-ated 1,000 EMDs from the posterior distributions of the estimated parameters (for more details,see Supporting Information 2, Fig. S76). The resulting distributions of EMDs represented theexpected variations in inferences obtained from simulations initiated with the same parametervalues. The ROPE was then defined as the range between 0 and the upper value of the 80%highest posterior density interval (hdi) from the distribution of these EMDs. Finally, the propor-tion of EMDs for each simulated case that fell outside the ROPE was computed, providing adirect indication of bias; the higher this proportion, the greater the bias. Comparisons of EMDsbetween the models that accounted for tag loss and recycling, and those that did not, in relationto their respective ROPEs, depict cases in which not accounting for tag loss leads to estimatesthat substantially differ from estimates obtained when considering tag loss. We also evaluatedparameter bias as the difference between the median of the posterior distribution and the sim-ulated true value (median – truth). In the analysis of empirical data, we used the median of theposterior distribution of parameters from themodel accounting for a secondary permanentmarkas the true value. Finally, we calculated the precision of the parameter estimates in the simulateddata using mean squared errors (MSE = bias2 + variance).
3. Results

3.1. Simulation results
The estimated numbers of lost marks and recycled individuals increased in scenarios withhigher survival, detection, and mark loss rates (Supporting Information 2, Fig. S3). As expected,when the recapture rate was high (i.e. in scenarios 1 and 4), the proportion of recycled individualsrelative to the number of lost marks was higher for an equivalent rate of mark loss. Regardless ofthe scenarios, there was no estimation bias on demographic parameters when the mark loss ratewas set to 0.05 (Supporting Information 2, Fig. S28-S31). However, the number of parameterswith biased estimates increased with the rate of mark loss, but the magnitude of bias variedacross the simulated scenarios. Specifically, in scenario 1 (Fig. 4 & 5), there were substantialunderestimations in some adult and juvenile survival rates.The probability of remaining in the same state was also underestimated among juveniles,leading to an overestimation of their probability of transitioning to another state (Fig. 4 & 6).The resighting probability was underestimated in all states except B (Fig. 4 & 6). The biasesin state transitions were particularly high for transitions to absorbing states, such as juvenilestransitioning to state “D” (Supporting Information 2, Fig. S57-S71).In simulations with the highest mark loss rate (0.4), scenarios 1 and 4 (which had high recap-ture probabilities) showed underestimates of adult survival only in the early years of the study(Supporting Information 2, Fig. S21-S22&S27). The bias in juvenile survival was less pronounced,althoughmoderate underestimations occurred for highmark loss rates, especially for state A andB in scenarios 1 and 4 (Supporting Information 2, Fig. S21-S22 & S27). Lack of precision in theestimate of juvenile survival was also observed when the model did not account for tag loss andthe mark loss rate was high. The resighting probability showed substantial bias, with underesti-mates mainly in states A and C (Fig. 4f & 6a), as well as a lack of precision for all scenarios andmark loss rates (Supporting Information 2, Fig. S28-S49).However, recapture, the second component of detection, showed little bias except when themark loss rate was high (0.4), in particular in scenario 2 and 3 for state "A" and "C" (SupportingInformation 2, Fig. S45-S48).When mark loss and recycling were ignored, a large percentage of the transition probabilityestimates were biased (Fig. 6b-e), with an overall underestimation of the probability to remainin the same state and, as a result, an overestimation of the probability of changing state. Thisdecrease in precision mainly occurred at high mark loss rates (Supporting Information 2, Fig.S50-S71). Overestimation of transition probabilities were observed in juvenile males, exceptfor transitions from state C to D, where the transition rate was set to 0.9. For females, whenmark loss was set at a high level, the same pattern was observed in states A and B, from which

Frédéric Touzalin et al. 11

Peer Community Journal, Vol. 3 (2023), article e122 https://doi.org/10.24072/pcjournal.348

https://doi.org/10.24072/pcjournal.348


Figure 4 – Comparison of bias for estimates of juvenile (a) and adult (c) survival, transition(b and d), capture (e) and resighting (f) probabilities between model accounting for markloss (AML) or not (WML). All violin plots show the distribution of bias over 50 simulationsfrom scenario 1 (long-lived species and high detection probabilities), with a simulatedprobability of mark loss of 0.4. The median of each simulated distribution is shown witha horizontal line. The numbers 1 to 9 are the recapture opportunities, the letters fromA to D represent the different states, AdtM represent the adult males, AdtF the adultfemales, JuvM the juvenile males and juvF the juvenile females.
state transitions were set at a low level. On the contrary, when the transition from state C to Bwas set at a high level (0.4), there was an underestimation of the transition probability and anoverestimation of the probability to remain in state C, particularly in scenarioswith low detectionrates (scenario 2 and 3, Supporting Information 2, Fig. S67-S70).
3.2. Bat meta population

Most of the estimated parameters, such as survival, capture, resighting, and state transitionprobabilities, exhibited both negative and positive biases without a clear pattern (Fig. 7, Support-ing Information 3, Fig. S4-S11). The largest biases were observed in survival estimates, with amedian underestimation of survival of over 0.26 in juveniles (Fig. 7a) and 0.21 in adults (Fig. 7b).Emigration, defined as movement outside the studied maternity sites (“Out”), was overestimatedby an average of 0.05 throughout the study (Fig. 7b). The probability of recapture varied fromoverestimation to underestimation by up to 0.1, depending on the occasion and roost (Fig. 7c).The estimated bias in the other parameters was minimal (Fig. 7d and 7e). Tag loss probability wassignificantly higher in juveniles, but the use of surgical glue substantially reduced this rate (Fig. 8).Specifically, the tag loss probability decreased by one third from 0.28 (90% hdi [0.23,0.33]) to0.19 (90% hdi [0.16,0.22]) with the use of surgical glue. In adults, the use of surgical glue didnot affect tag loss rate, with a 69% overlap in the probability distributions. The tag loss rate inadults was approximately 0.1, which is half the rate observed in juveniles when surgical glue wasused. When considering the period following one year post-tagging, the probability of tag losswas higher when surgical glue was used (median 0.03, 90% hdi [0.02, 0.04]) compared to whenit was not used (median 0.02, 90% hdi [0.01, 0.02]). However, this difference may be an artifact
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Figure 5 – Tile-plots of the proportion of the distribution of the Earth Mover Distance(across 50 simulated datasets) out of the Region of Practical Equivalence (ROPE), be-tween the model accounting for tag loss and recycling (Model A) and the model ignoringthem (Model W). The ROPE corresponds to the interval including 80% hdi of the pos-terior density distribution of the “true value“ of a parameter which was estimated withModel A. Each tile represents annual (right axis) juvenile survival (a), adult survival (b) andcapture probability (c) for each scenario (x axis) and tag loss probabilities (y axis). Thescenarios indicated at the bottom are: (1) long-lived species and high detection rate; (2)long-lived species and low detection rate; (3) short-lived species and low detection rate;(4) short-lived species and high detection rate. At the top of each panel, A, B, C and Dcorrespond to the states.
due to a lack of search for lost tags on the ground of the maternity roost in the first years of thestudy (Supplementary Information 3, part 3 and Fig. S12). Additional parameter estimates canbe found in Supporting Information 3, part 2.6.

4. Discussion
The consideration of mark loss as a violation of CMR model assumptions has been the topicof numerous studies and model developments. Most of the existing research has focused on es-timating survival, birth, or population size within the framework of Jolly-Seder models (Arnasonand Mills, 1981; Malcolm-White et al., 2020; Schwarz et al., 2012; Smout et al., 2011), recov-ery models (Kremers, 1988; Robson and Regier, 1966), CJS models (Laake et al., 2014; Nelsonet al., 1980), and integrated population models (Riecke et al., 2019). However, there have beenfew proposed developments to account for mark loss specifically in AS models, such as thosesuggested by Besnard et al. (2007-02), Conn et al. (2004), and Johnson et al. (2016). These ap-proaches have typically involved implicitly modeling mark status or using an adjustment factor,as seen in the work of Nishizawa et al. (2018). Additionally, we did not find any exploratorystudies that have examined the impact of mark loss on parameter estimates. Therefore, in thisstudy, we aim to fill this gap by exploring the effects of mark loss and recycled individuals on pa-rameter estimates through simulations. We also examine the state of the mark (retained or lost)
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Figure 6 – Tile-plots of the proportion of the distribution of the Earth Mover Distance(across 50 simulated datasets) out of the Region of Practical Equivalence (ROPE), be-tween model accounting for tag loss and recycling (Model A) and the model ignoringthem (Model W) for each simulated cases. The ROPE corresponds to the interval includ-ing 80% hdi of the posterior density distribution of the “true value“ of a parameter whichwas estimated with Model A. Each tile represents resighting probability (a) and transitionprobabilities between sub populations (direction, “from-to”, are indicated above each tile-plot, e.g. “A-B” correspond to state transition from A to B) of juvenile female (b), adultfemale (c), juvenile male (d) and adult male (e) for each scenario and tag loss probabilities.The scenario are indicated at the bottom: (1) long-lived species and high detection rate;(2) long-lived species and low detection rate; (3) short-lived species and low detectionrate; (4) short-lived species and high detection rate. At the top of each panel, A, B, C andD correspond to the states.

by modeling it as an independent Bernoulli process. By doing so, we can gain insights into howmark loss can affect the state transition of individuals when capture and survival probabilitiesvary over time, survival rates vary across age classes, and mark loss processes depend on thetime since marking. Our results demonstrate that the violation of CMR model assumptions dueto mark loss can significantly impact not only estimates of survival, but also capture, resighting,and state transition probabilities. Specifically, we found that survival is generally underestimatedin cases where capture and detection rates are high. This underestimation becomes even morepronounced when survival rates are also high, thus moderating previous studies that suggestedbiases mainly occurred in species with high survival rates, catchability, and mark loss (Diefen-bach and Alt, 1998). Our simulation results confirmed that the inaccuracy of model estimatesis positively associated with the rate of mark loss. However, this inaccuracy can still occur evenwhen the tag loss rate is low (e.g. 5%), and it can be independent of survival and capture rates.In datasets with a limited number of recycled individuals, which corresponds to low survival andcapture rates, transition and resighting probabilities can be severely biased if mark loss is high.This implies that caution should be exercised when interpreting results from studies with lowsurvival and capture rates if mark loss is suspected but not accounted for. Specifically, the prob-ability of individuals remaining in the same state is underestimated when the transition fromthis state is low, but overestimated when the transition probabilities are high. The severity ofthese biases can also vary over time, with biases in survival and recapture decreasing over timeas observed in our simulated datasets. This trend is partly influenced by the chosen mark losspattern, highlighting the fact that even in studies conducted over short periods, parameters canstill be substantially biased. It should be noted that if mark loss increases with time sincemarking(which was not investigated in this study), biases would be expected to increase accordingly.
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Figure 7 – Differences in the medians of the posterior distributions of juvenile (a) andadult (b) survival, capture (c) resighting (d) and transition (e) probabilities between themodel accounting for tag-loss and the model ignoring it, both estimated from the empir-ical data. Colonies are abbreviated: Beg = Béganne; Fer = Férel; LIM = Limerzel; LB = LaRoche Bernard; NM = Noyal-Muzillac. Movements between sites are indicated on x axiswith direction “from-to”. Movements (e) are specified by age (Adt = Adult, Juv = juvenile)and sex classes (M = male, F = Female), indicated on the right side of the plot (e).
The combination of simulation and empirical studies highlights how the complexity and in-terdependence of parameters can either exacerbate or mitigate estimation biases when markloss modeling is absent. While the simulations revealed some general trends in the biases’ di-rection, the real-world example demonstrated the unexpected nature of bias patterns. It should
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Figure 8 – Posterior distribution of the tag loss probabilities according to age classes andtime after marking in theMyotis myotis datasets. Left panel corresponds to tag sheddingrate during the year following the tag injection and the right panel for the following years(constant in time). In blue, distribution if surgical adhesive was used after tag injectionand in red, without surgical adhesive.

also be noted that our simulation did not encompass the full range of parameter combinationsthat can be encountered in nature, despite aiming to cover demographic variations typically ob-served in vertebrates. This suggests that most study systems andmonitoring methods have theirown unique characteristics, and it is misleading to predict biases without simulating them. Theuncertainty propagation in parameter estimates caused by mark loss remains challenging to pre-dict and grows with system complexity. Hence, prior to planning a CMR study, we advocate forresearchers andmanagers to conduct simulations to evaluate the conditions (i.e., parameter com-binations) under which their study would yield reliable estimates of the parameters of interest(e.g., demographic, state transition). Preliminary studies with multiple marks could also be con-sidered whenever possible (Smout et al., 2011). This approach would allow for the optimizationof CMR study design before its implementation, thereby minimizing biases from the outset.Previous studies have developed AS models to estimate movement between sites, recruit-ment, dispersal, and temporary or permanent emigration (Lebreton et al., 2003, 2009; Schaub etal., 2004). Our simulation results indicate that state transition probabilities are sensitive to markloss, even at low rates. For example, the probabilities of staying in the same state (philopatry,if transitions involve movement) or changing state (e.g., emigration) exhibited both underesti-mations and overestimation. These parameters are often essential in addressing ecological anddemographic questions and used for management and conservation purposes (Cam et al., 2004;Horton et al., 2011). Although mark loss is frequently reported for various tag types and taxa,it is only marginally considered in studies focusing on estimating population dynamics parame-ters (Nelson et al., 1980; Ostrand et al., 2012; Smout et al., 2011; Tavecchia et al., 2012). Mostmodel developments to account for mark loss have focused on the JS model for abundance esti-mation, as mark loss and recycling in this model can introduce significant biases (Malcolm-Whiteet al., 2020). Despite the growing use of AS models in ecology, demography, management, andconservation (Huntsman et al., 2020; Melnychuk et al., 2017), the issue of mark loss remainslargely overlooked. Based on our study, we recommend the use of permanent or double tempo-rary marks, ideally independent in terms of loss, or considering dependence in loss (Laake et al.,2014; McMahon and White, 2009; Schwarz et al., 2012). This is because any analysis of CMRdata is potentially affected by this violation of model assumptions (Riecke et al., 2019).
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Despite the fact that PIT tags are suitable for an increasing number of studies and allow datacollectionwithout physically re-capturing individuals, our case study emphasizes the importanceof a secondmarkingmethod to avoid potential bias in demographic rate estimations. Tag loss haslong been known to occur in small mammal species, especially those that fly or glide (Freelandand Fry, 1995). In our study, we have confirmed that the use of surgical adhesive can reduce PITtag shedding in the short term (Lebl and Ruf, 2010; van Harten et al., 2020).However, our findings show that surgical adhesive alone is not enough to eliminate PIT tagloss, and the use of additional data (e.g., evidence of tag loss) or a permanent mark (e.g., geno-type) is necessary for the entire or a part of the studied population (Laake et al., 2014). Similarsituations, where permanent marks should be considered, arise when marks deteriorate and be-come unreadable over time, such as with neck collars or ear tags (Conn et al., 2004; Diefenbachand Alt, 1998). In such cases, the accuracy of model parameter estimates is expected to decreasethroughout the study duration, further supporting the use of permanent marks in CMR studies.Mark loss is typically not taken into account from ecological and management perspectives,except when researchers aim to understand factors influencing mark failures or improve theirmarking methods. Our results emphasize the need to assess the impact of mark loss whenevermark failure is suspected to avoid drawing misleading conclusions about the dynamics of thestudied species. Based on our experience and the literature, PIT tags are prone to being shed re-gardless of the taxa being studied, often in the short term but sometimes even in the long term. Arecent study on Gould’s wattled bats (Chronological goldfield) over a relatively short period of 13-14months reported low tag shedding (2.7%) and generalized this finding to all insectivorous bats(van Harten et al., 2020). However, our study shows that this generalization is partly incorrectand suggests that it is challenging to generalize such conclusions, as the pattern of mark loss ishighly species-dependent, among other factors. Therefore, mark loss should be carefully consid-ered in all CMR analyses and potentially in other studies using similar datasets. Explicit modelingof mark loss should be implemented when necessary to achieve more accurate estimations ofpopulation dynamics.
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