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Abstract: 24 

In recent years much progress has been made in non-invasive genetic methods for various 25 

purposes including population estimation. Previous research focused on optimizing laboratory 26 



protocols and assessing genotyping errors. However, an important source of bias in 27 

population estimates still remains in the field sampling methods. The probability of animals 28 

being sampled can vary due to sex, age, social status or home range location. In this paper, 29 

relevant literature is reviewed to provide an overview of the occurrence of individual 30 

heterogeneity (IH) in the field and how it can be minimised, e.g. by adaptation of sampling 31 

design. Thirty-eight articles describing non-invasive population estimation for 12 mammal 32 

and two bird species were surveyed. The majority of studies discussed IH as a potential 33 

problem. The detectability of IH via goodness-of-fit testing depended on the average capture 34 

probability reported in the studies. Field tests for assessing variation in sampling probabilities 35 

or validating estimations were carried out in only 11 out of the 38 studies. Results of these 36 

tests point out that IH is a widespread problem in non-invasive population estimation which 37 

deserves closer attention not only in the development of laboratory protocols, but also 38 

concerning the sampled species’ characteristics and the field methods. IH can be reduced in 39 

the field by carefully adapting the sampling design to the characteristics of the studied 40 

population. If this is not reasonable, it may be better to switch to a different sampling strategy.  41 

 42 

Introduction: 43 

Reliable estimation of population size remains a major challenge in wildlife research and 44 

management. In recent years non-invasive DNA-based population estimation methods have 45 

been widely applied in a variety of species. Several standard approaches have been modified 46 

to fit genetical implementation, among these are rarefaction (e.g. Frantz et al. 2004) and 47 

capture-recapture (e.g. Boulanger & McLellan 2001). In their conventional form, both 48 

methods presuppose capture or killing of animals or rely on direct sightings, and are 49 

challenged by the possibility of heterogeneous detection probabilities amongst the studied 50 

population (Borchers et al. 2002, Petit & Valière 2006). Being most frequently used, capture-51 

recapture (CR) methods are especially vulnerable with respect to individual heterogeneity 52 



(Pledger & Efford 1998, Link 2004, Lukacs & Burnham 2005), i.e. differences between 53 

individuals of a population in the probability of being captured (Borchers et al. 2002). 54 

Capture- and recapture probabilities may be influenced by age, sex, social status, and 55 

individual experience (Baber & Coblentz 1986, Piggott & Taylor 2003). This can generate 56 

severe bias in population estimates (White et al. 1982, Minta & Mangel 1989, Sweitzer et al. 57 

2000). Individual heterogeneity (IH) can be accounted for with different modelling 58 

approaches (see e.g. Otis et al. 1978, Chao 1987, Chao & Jeng 1992, Pledger & Efford 1998). 59 

But the power of goodness-of-fit (GOF) tests and model selection procedures to detect IH in a 60 

given data set often is low (Menkens & Anderson 1988, McKelvey & Pearson 2001). 61 

Furthermore, as Link (2003 and 2004) has stated recently, IH is far more difficult to model 62 

than has previously been recognized, modelling being especially problematic if the causes and 63 

extent of IH are unknown. Thus, in order to allow accurate population estimates, IH should 64 

either be minimised or quantified as far as possible (Petit & Valière 2006).  65 

Methods based on non-invasive genetic sampling offer solutions for estimation of population 66 

size without capturing or killing animals, making them advantageous for rare or endangered 67 

species (Kohn et al. 1999, Taberlet et al. 1999, Mills et al. 2000, Piggott & Taylor 2003). It 68 

was suggested that the absence of handling can overcome the effects of previous capture 69 

history on subsequent catchability, thus certain sources of IH could be reduced (McKelvey & 70 

Schwartz 2004, Petit & Valière 2006). The most commonly used non-invasive DNA sources 71 

are hairs and faeces for mammals, as well as feathers and faeces for birds (Lukacs & Burnham 72 

2005). Non-invasive methods have made CR approaches – which in their conventional form 73 

are more suitable for small and abundant mammals – applicable for large, elusive and/ or 74 

endangered mammal and bird species (Obbard et al. 2010).  75 

However, despite their advantages, non-invasive genetic methods are also prone to 76 

heterogeneity related to biological variability among individuals (Kohn et al. 1999, Wilson et 77 

al. 2003, Boulanger et al. 2004b). Moreover, in non-invasive methods IH can interact with 78 



bias caused by genotyping errors. Allelic dropout and false alleles can create ‘new’ false 79 

individuals, leading to overestimation in population estimates because recaptures may be 80 

concealed, resulting in a decreased recapture rate (Creel et al. 2003, McKelvey & Schwartz 81 

2004). Furthermore, there are some issues in non-invasive genetic CR which are not 82 

problematic in conventional CR. In genetic CR the total number of marks in the population is 83 

not known and marks may not be unique, because only a subset of each animal’s genome is 84 

used for identification (Lukacs and Burnham 2005). Therefore, the danger of 85 

misidentification is increased compared to conventional CR. Also, a ‘sampling occasion’ can 86 

be more difficult to define compared to a ‘capture occasion’, because the moment of the 87 

deposition of a sample – e.g. hair or faeces – can not be assessed precisely. This can 88 

compromise the concept of population closure (Lukacs & Burnham 2005). Thus, despite the 89 

high potential of non-invasive genetic techniques, there are several issues which can 90 

complicate the application of a CR framework for population estimation - in addition to the 91 

difficulties already present in the conventional approach.  92 

Until now, great progress has been made in genetic techniques. In particular, much effort has 93 

been devoted to quantifying and reducing genotyping errors (Taberlet et al. 1999, Paetkau 94 

2003, Broquet & and Petit 2004, Roon et al. 2005, Miquel 2006). In contrast, fewer attempts 95 

have been made for assessing the extent and causes of IH in the field – i.e. due to biological 96 

characteristics of the sampled species, to individual attributes or due to sampling procedures 97 

(Boulanger et al. 2006). However, information about the causes and the extent of IH is 98 

essential to improve sampling designs (Boulanger et al. 2004a). Furthermore, IH in 99 

combination with uncertainties caused by genotyping errors can cause multiplicative effects 100 

and thus lead to an increase in overall bias. Therefore, it is crucial to address both – IH and 101 

genotyping problems – very carefully in order to minimise bias in population estimates. 102 

Based on the recent peer-reviewed literature, this paper aims at  103 



1) providing a survey of the occurrence and treatment of IH in non-invasive population 104 

estimation studies, especially with respect to different sampling strategies  105 

2) assessing the impact of sample size and capture probability (p) on the detectability of 106 

IH via GOF tests or model selection procedures in CR studies   107 

3) comparing different methods which seem suitable to assess IH in the field – also with 108 

respect to the study species and its characteristics 109 

 110 

Material and Methods: 111 

This review is based on population genetic studies that involve non-invasive sampling for the 112 

purpose of population estimation in mammals and birds. We performed a search in Swiss 113 

Wildlife Information Service (SWISS) database for peer-reviewed publications using the 114 

following search terms: hair trap, non-invasive sampling, genotyping, population estimates, 115 

faeces sampling, hair sampling, genetic monitoring. The search yielded 104 titles and was 116 

supplemented with published lists of references. In total, we detected 142 articles of which we 117 

focused on 38 studies (complete list of references available on request from the corresponding 118 

author). We only included papers in which the non-invasive sampling was de facto conducted 119 

in the field and applied for population estimation; literature reviews and articles dealing with 120 

single aspects in the development of sampling methods were excluded. We focused on studies 121 

using hair, faeces and feathers as those are the main sources of non-invasive tissue samples. 122 

Other sources (e.g. urine, shed skin or buccal swabs) have been much less employed for 123 

population estimation until now (Broquet et al. 2007). We also included cases in which a 124 

combination of different sampling strategies was applied. We restricted our review to studies 125 

using CR or rarefaction (also termed ‘accumulation curve’ methods; see e.g. Kohn et al. 1999, 126 

Eggert et al. 2003) approaches for population estimation, as those are the most commonly 127 

used and more prone to be biased by IH compared to e.g. estimation of minimum densities or 128 

minimum number alive.  129 



For each study we assessed if IH had been mentioned, i.e. considered as a factor potentially 130 

influencing the population estimate. Additionally, we recorded if IH was detected – e.g. via 131 

likelihood ratio tests (program CAPWIRE, Miller et al. 2005), Chi²- tests (program 132 

CAPTURE, Otis et al. 1978), via Akaike’s Information Criterion (AIC, e.g. in program 133 

MARK, White et al. 1999) or GOF testing in program U-CARE (Choquet et al. 2005). 134 

Furthermore, IH can be discerned in uneven ‘capture frequencies’ of sampled individuals 135 

(Kohn 1999, Scheppers et al. 2007).  The power of tests to detect IH can depend on capture 136 

probability (p) (Pollock et al. 1990, Boulanger et al. 2002). Additionally, we suspected the 137 

number of sampling occasions and coverage, i.e. proportion of the population sampled, to 138 

have an effect on IH detectability. The estimated coverage is significantly correlated with p 139 

and was included because not all reviewed studies provided estimates of p. We used logistic 140 

regression to evaluate the impact of p, coverage, and sampling occasions on the probability of 141 

IH being detected. In this context, we evaluated studies in which IH was detected in the 142 

capture frequency or via field test, but not in the GOF or model selection tests as ‘not 143 

detected’. We included also squared terms of p and coverage since data suggested an 144 

optimum somewhere in between of the extreme values. Models were selected based on AIC. 145 

For the logistic regression, we used every single population estimate reported in the 38 146 

reviewed articles, since results of several study years or different study areas were often 147 

included in one article, resulting in different p and population estimates. Since p and coverage 148 

of different analyses reported within the same study could be correlated, we included the 149 

studies as random factor. This worked well with coverage but not with p, because for p 150 

sample size was low (only 39 of 76 analyses included estimates of p average) and the number 151 

of studies reporting only one analysis was high. Therefore, in the case of p we averaged the 152 

values for each study and conducted both, a weighted and an unweighted logistic regression 153 

without random effects. All analyses were performed using program R (Ihaka and Gentleman 154 



1996). For the mixed effect logistic regression model we used the function lmer of the 155 

package lme4 (Bates and Maechler 2010). 156 

For studies using CR methodology, we additionally recorded if IH was included in the 157 

estimation model (which is not possible for rarefaction methods). We also searched for 158 

studies in which field tests had been carried out parallel to the non-invasive sampling for 159 

validation purposes. We put our special attention to methods and results of these studies and 160 

aimed to assess if the applied field tests hold the potential to reveal IH.  161 

 162 

Results: 163 

The papers we reviewed dealt with 14 different study species, 12 mammals and 2 birds. In 30 164 

of the 38 studies we included in our review, CR was the sole method applied to estimate 165 

population size. Four studies used rarefaction analysis only and four used both methods 166 

(Table 1). Hair was the DNA source in 22 of 38 studies altogether. In one of these cases, the 167 

hair sampling was combined with harvest data and in another, faecal sampling was carried out 168 

simultaneously. The remaining 16 studies relied on faeces as DNA source, one of them in 169 

combination with feathers. IH bias was mentioned as a potential problem in 34 (89 %) of all 170 

contributions, whereas it was modelled in 26 of the 34 capture-recapture studies (i.e. 76 %). 171 

In 18 of the 34 capture-recapture articles, IH was detected via Chi²- tests, likelihood ratio tests 172 

or with the help of AIC. A further 5 studies performed GOF tests but did not detect IH in their 173 

data sets. In 6 of all 38 studies, tests either failed to detect IH or were not performed, but it 174 

was nevertheless visible in the ‘capture frequencies’ (Table 1). Altogether, in 24 of the 38 175 

studies (63 %) the data revealed the occurrence of IH amongst the studied population 176 

independent of further field tests.  177 

 178 

Assessment of IH via GOF tests and model selection procedures 179 



In this section we are taking into account every single population estimate (N = 76) reported 180 

in the 38 reviewed articles. More than half (53.8 %) of the 39 reported estimates of p average 181 

lie below 0.2 (Fig. 1) and thus around or below the minimum recommended by Otis et al. 182 

(1978) for reliable model selection and population estimates (Otis et al. recommend  p ≥ 0.2 183 

for a population of 200 animals and state that p should never lie below 0.1. Recommended 184 

minimum number of capture occasions is 5, better 7 to 10). Furthermore, IH was only 185 

detected for p between 0.16 and 0.4. The proportion of population estimates in which IH was 186 

detected increased with increasing p until p = 0.4 (Fig. 1). In none of 3 studies with p ≥ 0.4 IH 187 

was detected. However, in one of those studies sample size was too small to carry out tests in 188 

program CAPTURE (see table 1, Belant et al. 2005, sampling Sand Island). The logistic 189 

regression showed no impact of coverage on the detectability of IH (Table 2). In the case of p 190 

and p², the results suggest that there is an effect on the detectability of IH (Table 3 and 4). IH 191 

detectability is highest at p values around 0.3 (Fig 2). The most supported model does not 192 

include the number of sampling occasions, but a model including sampling occasions is 193 

ranked marginally below (ΔAIC < 2), indicating a potential influence (Burnham and 194 

Anderson 1998). It seems possible that with increasing number of sampling occasions, the 195 

detectability of IH increases. Models including an interaction between p and the number of 196 

sampling occasions were not supported (table 3). 197 

  198 

Assessment of IH via field tests 199 

Field tests suitable for assessing the occurrence of IH bias were performed in 11 of the 38 200 

studies. In 7 of these 11 cases, IH was actually detected (Table 1). In one of the 4 other cases, 201 

IH was found to be present in the hair sampling part of the study, but was strongly reduced by 202 

sampling harvested animals as an additional strategy (Dreher et al. 2007). Furthermore, in 8 203 

of the 11 studies, IH was detected via GOF testing or in the ‘capture frequencies’. Thus, in 204 

two cases where the field tests did not reveal IH, it seemed nevertheless to be present and 205 



detectable in the data set. Furthermore, in two cases IH was detected through the field test but 206 

not in the data. 207 

 208 

Field tests in detail 209 

Using radiotelemetry Kohn et al. (1999) found IH to be present in their population under 210 

study: 12 radio-collared coyotes (Canis latrans) made use of the area to different degrees, and 211 

the number of faeces deposited correlated with their relative use of the study area. This IH 212 

was also reflected in the ‘capture frequencies’ of the sampled individuals. Faeces sampling of 213 

a coyote population in Central Alaska exhibited IH with respect to age and home range as 214 

well as resident status. This was revealed through radiotelemetry of 15 collared adult resident 215 

individuals which showed higher survival and recapture rates compared to juveniles and 216 

transient or edge individuals (Prugh et al. 2005). Furthermore, the model selection process in 217 

program MARK detected IH in the data. This was also the case in a hair sampling study on 218 

grizzly bears (Ursus arctos): Boulanger et al. (2004a) used location data of 12 GPS-collared 219 

bears to evaluate potential bias. They found p to be greater for males than for females and also 220 

to be influenced by capture history (i.e. differences between collared and non-collared 221 

individuals). The latter was also detected in another study (Boulanger et al. 2004b), in which 222 

radiotelemetry was conducted over three years on a total of 35 bears and compared to hair 223 

sampling data collected in the same area. Additionally the p of females with cubs differed 224 

from those of the rest of the population. In a study carried out by Wasser et al. (2004), grizzly 225 

bear faeces sampling data was compared to hair sampling and radiotelemetry data collected 226 

simultaneously in the same area. Faeces collection was conducted with the help of trained 227 

dogs. This seemed to be an effective and relatively less biased method compared to hair 228 

sampling at baited stations. In the latter, close kin (i.e. females with their offspring) were 229 

considerably less represented. However, the sample size of matched faeces and telemetry data 230 

was too small to allow more fine-grained comparisons, and IH was neither detected in the 231 



field test nor in the data set (Wasser et al. 2004). In a black bear (Ursus americanus) hair 232 

sampling study accompanied by radiotelemetry, Dreher et al. (2007) used harvested bears as 233 

an additional sample. Due to this combination, the IH, which would have been present if hair 234 

sampling or harvest data were used alone, was strongly reduced (B. Dreher, pers. comm.) and 235 

thus not detected in the field test and in the data set.  236 

Wilson et al. (2003) carried out a faeces sampling study on badgers (Meles meles) in which 237 

they used video control of a largely marked population to validate their rarefaction estimate. 238 

They succeeded in sampling almost the entire population by collecting faeces at latrines near 239 

badger setts and did not detect sex- or age class-bias. However, considerable variation existed 240 

in the numbers of samples obtained from the different individuals. Moreover some known 241 

individuals never used the sampled latrines and thus were not identified via faeces sampling. 242 

These results suggest the incidence of IH - e.g. due to variation in individual behaviour - 243 

which in that case might not have compromised the estimation, because such a high 244 

proportion of the population was actually sampled. A hair sampling study conducted by 245 

Scheppers et al. (2007) at badger setts - simultaneously surveyed via direct observations - 246 

yielded similar results. The ease with which badgers were sampled varied considerably 247 

between setts; hair traps were not visited equally often by all members of the groups. Using 248 

baited hair traps and applying direct observation as a validation method, the results of Frantz 249 

et al. (2004) show a comparable pattern. Even though obvious variation in the individual 250 

sampling frequency existed, almost all badgers present in the area were sampled. Thus, the 251 

rarefaction analysis yielded quite reliable results. However, the IH observed in the three 252 

badger studies might have been crucial in other populations or situations, e.g. when a lower 253 

proportion of the population is represented in the samples, especially when CR methods are 254 

applied (Pollock 1982). Furthermore, video control as well as direct observation in all three 255 

studies focused on obtaining an independent census of the sampled badger groups, not on 256 

observing the sampling behaviour itself. As a consequence potential sources of IH like e.g. 257 



dependence of latrine use or access to bait on social status may remain undetected. The same 258 

seems to hold true for a study on the lesser horseshoe bat (Rhinolophus hipposideros): the 259 

non-invasive population estimate was validated via direct counts of bats in their day roosts 260 

(Puechmaille & Petit 2007). The direct counts did not reveal any IH in the faeces sampling. 261 

However, IH was detected in the sampling data of several of the sampled bat colonies via 262 

likelihood ratio- or simulation tests.  263 

In a faeces sampling study on wolves (Canis lupus) in the Italian Alps, Marucco et al. (2009) 264 

used an evaluation system for age-dependent marking behaviour related to defecation. Due to 265 

the fact that part of the population was radiocollared or otherwise known, it was possible to 266 

discriminate between faeces deposited by adult wolves for marking purposes and ‘non-267 

marking’ faeces. The authors detected age- and status- dependent IH in defecation behaviour 268 

and concluded that they would have missed a considerable part of the juvenile population if 269 

they had not adapted their search pattern. However, by means of the field tests, Marucco et al. 270 

(2009) were able to apply and confirm a representative faeces sampling strategy.   271 

 272 

Discussion: 273 

Most researchers seem to be aware of IH being a major problem present in population 274 

estimation based on non-invasive genetic methods. The vast majority of articles dealing with 275 

non-invasive methods applied for such purpose mention or discuss this problem. In most 276 

studies based on CR approaches, the authors attempted to account for potential bias by 277 

employing models which incorporate IH (Chao 1987). However, as long as the different 278 

sources and the extent of IH are unknown, the results of population estimations are strongly 279 

model dependent and might not reflect reality (Link 2003, 2004). Furthermore, the different 280 

methods to test for IH in the data set may have limited power and thus often fail to detect IH 281 

(Boulanger & McLellan 2001, Miller et al. 2005). In the literature, it has been mentioned that 282 

the power of such test procedures is especially low for low p (Menkens & Anderson 1988, 283 



Boulanger & McLellan 2001). The results of our analysis support this finding: they indicate 284 

an impact of p on the detectability of IH via GOF tests and model selection procedures. This 285 

effect does not seem to depend on the type of test and the software used (logistic regression 286 

with test type as additional covariate showed no significant effect; results not shown). In our 287 

analysis, we used a very conservative approach by averaging over the studies and using both, 288 

weighted and unweighted values. Both approaches show very similar results, indicating the 289 

results being robust to details in the analysis. In studies with low p, IH was detected 290 

considerably less often compared to studies with higher p. The highest proportion of detected 291 

IH was attributed to studies with p between 0.2 and below 0.4. Interestingly, in none of the 292 

three studies reporting p higher than 0.4, tests suggested the incidence of IH. This might be 293 

due to the fact that IH bias becomes much less problematic – perhaps even negligible – when 294 

p is high, which has been shown in simulation studies (J. Boulanger, pers. comm.). When 295 

most animals in a population are actually captured or sampled, the differences in p between 296 

individuals have much less impact on the population estimate (Pollock 1990, Lukacs & 297 

Burnham 2005). Thus, IH might not be reflected in GOF testing or model selection when p is 298 

high. Even though the number of sampling occasions for each study was not included in the 299 

most supported model, there seems to be an indication for a certain influence on the 300 

detectability of IH, because the model including sampling occasions was ranked only 301 

marginally inferior to the best model. The more sampling occasions are carried out, the better 302 

might be the ability to detect IH via GOF testing. However, this point needs further 303 

investigation before a clear conclusion on sampling occasions can be drawn In contrast to p, 304 

an impact of coverage on the detectability of IH was not supported in our analysis, despite the 305 

correlation of coverage and p.  306 

It should be mentioned that with our analysis we are not able to distinguish if a negative result 307 

of testing for IH is due to lack of power and test failure or because there simply is no IH 308 

present in a given data set. However, regarding the existing literature including simulation 309 



studies and studies on populations of known size, IH seems to be almost ubiquitous in non-310 

invasive sampling data sets like in conventional CR (Pollock 1990, Borchers et al. 2002, 311 

Knapp et al. 2007, Lukacs & Burnham 2005). Therefore, it seems much more likely that a 312 

negative test result is caused by low test power than that a data set is really homogeneous, 313 

particularly when p is low. In recent years, new modelling approaches, e.g. multistate and 314 

multievent models (Pradel 2005), have been developed which might allow a more flexible 315 

handling of CR data in presence of IH (Crespin et al. 2008). In this context GOF testing using 316 

nonparametric methods, like in program U-CARE, seems to be quite promising compared to 317 

conventional methods (Choquet et al. 2009, Cubaynes et al. 2010).  318 

In 5 of the articles reviewed here, IH was not detected by the data tests which were 319 

performed. However, in 2 of the 5 cases, additional field tests were carried out, and both of 320 

them revealed IH. In general, data tests and/or pronounced differences in the ‘capture 321 

frequencies’ indicate presence of IH bias without carrying out extra field tests, but often 322 

further investigations would be required to uncover the causes of IH. Since many different IH 323 

sources exist, they can influence estimations in different ways and this effect may also depend 324 

on the sampling design (Crespin et al. 2008). Models that are relatively robust to IH generally 325 

show reduced precision of estimate (Boulanger 2004b). This may not be tolerable in cases 326 

where an accurate estimate is particularly important, e.g. when the spread of diseases is 327 

concerned (Artois et al. 2002) or when management plans for rare or endangered species are 328 

considered (Guschanski et al. 2009). However, for endangered species, overestimating a 329 

population is much more critical than underestimating it (Meijer et al. 2008), so some 330 

underestimation bias may be tolerable in certain cases.   331 

 332 

Assessment of IH via field tests 333 

The choice of methods to test for IH in the field strongly depends on the observed species and 334 

its behavioural patterns as well as its space and habitat use. Thus, e.g. for badgers, which live 335 



in social groups, share setts and make rather small-scale movements, video control or direct 336 

observations at setts seem to be an adequate method to validate non-invasively obtained 337 

estimates (see e.g. Frantz et al. 2004; Scheppers et al. 2007). Contrastingly, for highly mobile 338 

species like bears and also coyotes, radiotelemetry may be more promising. The suitability of 339 

a field method to test for IH furthermore depends on the applied sampling strategy. For 340 

example, video control or direct observations can be appropriate for surveillance of discrete 341 

sampling stations like hair traps or badger setts, but will not be suitable for large-scale 342 

sampling designs like e.g. line transects. Radiotelemetry may be more effective to observe 343 

movements and transect- or trap-encounter rates of animals on a large scale. Furthermore, 344 

radiotelemetry is useful for obtaining information on spatial distribution and home range sizes 345 

of animals in order to fit sampling designs and to account for closure violations and edge 346 

effects (Boulanger et al. 2004b, Dreher et al. 2007). The feasibility of a sampling method for a 347 

given species or population can depend on spatial characteristics like home range sizes and 348 

distribution of animals in the sampled area. Settlage et al. (2008) found hair sampling of black 349 

bears via baited sampling stations impractical for the Southern Appalachian region: due to 350 

small home range sizes of the resident bears, sampling probabilities were low and biased. In 351 

order to yield a reliable estimate, a much higher sampling intensity would have been 352 

necessary (Settlage et al. 2008). Grizzly bears showed considerably higher p with comparable 353 

sampling intensities because of their larger average home ranges (Boulanger et al. 2004b, 354 

McLoughlin et al. 2003).  355 

 356 

Interactions between sampling strategies and study species’ characteristics 357 

The occurrence and/ or extent of IH may differ dependent on the applied sampling method. 358 

‘Active’ sampling methods, like hair sampling via baited hair traps, presuppose that animals 359 

actively approach the sampling station. In many species, it has been shown that individuals 360 

show consistent or context-specific personality traits, e.g. they differ in their exploration 361 



behaviour and their reactions towards newly introduced factors, which may affect their 362 

sampling probability (Coleman and Wilson 1996, Ruis et al. 2000, Dingemanse et al. 2003, 363 

Mettke-Hofmann et al. 2005). Furthermore individual experience and life history may 364 

influence behaviour with respect to sampling stations. This could cause IH which is not 365 

necessarily related to sex, age or social status, and which might be hard to quantify and very 366 

difficult to account for in a model. Thus, in some cases, it may be reasonable to apply a 367 

different sampling method. In this context, ‘passive’ sampling strategies like e.g. faeces 368 

sampling along transects represent an alternative which may be less affected by individual 369 

behaviour or status differences. This may hold true particularly for group living species: 370 

interactions between animals can increase IH, especially when sampling concentrates on 371 

defined stations like e.g. hair traps which require active approach. As an example, we 372 

conducted a hair sampling pilot study on wild boar (Sus scrofa). Video observation at baited 373 

hair traps revealed significant behavioural differences depending on age of the animals and on 374 

their group status (Ebert et al. 2009). However, also for bears which can be considered as 375 

living mainly solitary, it has been shown that via faeces sampling – a ‘passive’ sampling 376 

strategy – a larger part of a population can be observed compared to hair sampling as an 377 

‘active’ approach (Wasser et al. 2004). Wasser et al. applied both methods in the same study 378 

area and time period, and via hair sampling, only 46% of the individuals that were identified 379 

via faeces sampling were detected. ‘Passive’ sampling methods in most cases will not yield 380 

completely unbiased results (in fact, most of the faeces sampling studies reviewed here 381 

reported IH in their data sets). Nevertheless, ‘passive’ sampling might rule out certain sources 382 

of IH which are not avoidable in ‘active’ approaches and thus holds the potential to yield 383 

results with smaller overall bias. However, in some (especially social and/ or territorial) 384 

species, status or age differences between individuals may cause differences in faeces 385 

deposition patterns, leading to IH in detection probabilities. This has been shown e.g. for 386 

wolves (Marucco et al. 2009, Cubaynes et al. 2010). Thus, ‘passive’ sampling will not be 387 



suitable in all cases, and at any rate the appropriate sampling strategy and design have to be 388 

carefully tested for each particular species and population. Furthermore, the DNA quality of 389 

faeces in some cases has been shown to be inferior to that of hair, thus population estimates 390 

derived from faeces sampling data may be more in danger of bias due to genotyping errors 391 

(Piggott and Taylor 2003).  392 

 393 

Recommendations:  394 

Perform a pilot study - not only in the lab, but also in the field: In any case, it is most 395 

advisable that researchers who plan to establish population estimation based on non-invasive 396 

genetic sampling perform pilot studies not only to assess genotyping error rates, but also to 397 

detect sources of IH bias in the field. The fact that the majority of reviewed studies in which 398 

such field tests were performed actually detected IH highly supports this recommendation. 399 

The appropriate methods to assess IH in the field depend on the species or population under 400 

study as well as on the applied sampling method.  401 

Do not rely solely on GOF testing and model selection procedures: This holds especially true 402 

when p and coverage are low! It can be reasonable to incorporate heterogeneity in an 403 

estimation model even if tests suggest that there is no IH present in a data set, because their 404 

power is often low. It is always recommended to include biological knowledge and 405 

information about study species, habitat etc. to validate model choice.  406 

Try to reduce IH by adapting sampling design: Knowledge about the sources and extent of IH 407 

can enable researchers to adapt the sampling design to account for the bias. Among the 408 

methods to reduce IH bias in the field, the application of two or more different sampling 409 

strategies in combination seems especially promising (Dreher et al. 2007, Boulanger et al. 410 

2008, Settlage et al. 2008). If multiple methods are used simultaneously to sample a 411 

population, the impact of IH caused by any single method can be minimised (Pollock 1982, 412 

Williams et al. 2002). The improvement of estimations based on multiple approaches 413 



increases with decreasing correlation between the applied sampling methods (Boulanger et al. 414 

2008). In the case of hair sampling, the use of unbaited sampling stations (e.g. installed at 415 

trails or rubbing trees) and changing of sampling locations between sessions may be applied 416 

to reduce IH due to competition between individuals for resources and due to “trap happy” 417 

individuals (Scheppers et al. 2007, Boulanger et al. 2008). Collection of faeces samples with 418 

the help of trained dogs seemed to increase detection rate and efficiency of the method 419 

considerably, allowing a relatively representative and unbiased population survey compared 420 

e.g. to hair sampling (Wasser et al. 2004, Long et al. 2007). Furthermore, it is advisable to 421 

perform a sufficiently high number of sampling occasions in order to increase the overall 422 

sampling probability and thus to facilitate accurate estimates.   423 

Try to sample a large part of the population: As shown e.g. in the three badger studies 424 

reviewed here, one effective way to reduce bias caused by IH is to sample a large proportion 425 

of the population (Lukacs & Burnham 2005). This is generally desirable and has been 426 

recommended in relevant literature many times before (see e.g. Otis et al. 1978, Pollock et al. 427 

1982), but is certainly not always feasible. Furthermore, an increase in sample size can have 428 

an unfavourable impact on non-invasive genetic population estimates: the more samples are 429 

analysed, the higher the misidentification rate due to genotyping errors (McKelvey & 430 

Schwartz). Thus, careful error-checking protocols for genotyping are crucial and genotyping 431 

error rates should be determined in order to avoid an increase in bias through 432 

misidentification (Maudet et al. 2004, Roon et al. 2005).  433 

Consider switching to other sampling strategies: Adapting the sampling design may not 434 

always be possible or may yield no success. Furthermore, an unsolved problem still remains: 435 

even though detection of IH and its sources may be possible with methods like e.g. 436 

radiotelemetry or video observation, the exact quantification of such variation and thus its 437 

incorporation in estimation models still seems to be very difficult. Consequently, when 438 

reduction and/ or modelling of IH is not possible, it can be recommendable to apply a 439 



different sampling method in some cases. The suitability of a method can depend e.g. on 440 

characteristics of the studied species, population, or study area. In some cases, ‘passive’ 441 

sampling approaches may yield more representative results compared to ‘active’ methods. In 442 

case IH can not be reduced or avoided, a study should be designed in a way that it results in 443 

capture probabilities between 0.2 and 0.4 to have an ample chance to detect existing IH. 444 

 445 

In conjunction with problems caused by genotyping errors, IH is a highly challenging issue in 446 

non-invasive population estimation. It is a well-known and explicitly discussed problem at 447 

least with regard to its theoretical and model-based aspects. IH can be identified and strongly 448 

reduced, when field sampling design and analytical approach are carefully prepared. 449 

However, more attention should be given to the evaluation of field methods to bring forward 450 

more effective and sustainable population estimates, which is especially important for 451 

conservation of endangered species and even more in fragmented habitats.   452 
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Table 1: Overview over all reviewed articles. For each article, every single population estimate is registered separately (e.g. in studies which were carried out over several years 723 

or in different study areas). P average is the average per session capture probability reported in the studies (n.r. = not reported). For each study, it is noted if individual 724 

heterogeneity (IH) was detected via goodness-of-fit (GOF) testing or model selection procedure.  725 
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 727 

Reference (study) Species Sampling 
No. 

individu
als 

sampled 

p 
avera

ge 
Estimated N 

No.  
sampling 
occasions 

Software 
used 

IH detected in the 
field? 

(test method) 

 
IH detected via GOF 

(test) 

Banks et al. 2003  Lasiorhinus kreftii hair 81 n.r. 113 7 CAPTURE 
- 
 

            yes, CF  
(none) 

Mowat & Paetkau 2002 Martes americana hair 88 0.15 213 4 CAPTURE 
- 
 

yes 
(Chi²) 

Scheppers et al. 2007 Meles meles hair 55 n.r. 61 1 CAPWIRE 
yes 

(direct sightings) 
yes 
(LR) 

Triant et al. 2004  
(coast sampling)  Ursus americanus 

hair 57 n.r. 77 2 n.r. - 
no 
(-) 

Triant et al. 2004  
(inland sampling) 

hair 32 n.r. 41 2 n.r. - 
no 
(-) 

Boersen et al. 2003 Ursus americanus hair 58 n.r. 119 14 CAPTURE - 
yes 

(Chi²) 
Immell & Anthony 2007 
(Steamboat 2003) 

 
Ursus americanus 

 
 

hair 32 0,4 46 3 CAPTURE - 
yes 

(Chi²) 
Immell & Anthony 2007 
(Steamboat 2004) 

hair 30 0,2 57 3 CAPTURE - 
no 

(Chi²) 
Immell & Anthony 2007  
(Toketee 2003) 

hair 47 0,3 67 3 CAPTURE - 
yes 

(Chi²) 
Immell & Anthony 2007 
(Toketee 2004) 

hair 46 0,31 65 3 CAPTURE - 
yes 

(Chi²) 
Belant et al. 2005 (Stockton 
Island) Ursus americanus 

hair 26 0,68 26 4 CAPTURE - 
no 

(Chi²) 

Belant et al. 2005 (Sand Island) hair 6 0,54 6 4 CAPTURE - 
sample size too small 

for test 
Settlage et al. 2008 
(National Park) Ursus americanus 

faeces 129 
0,06 to 

0,18 
97 to 114 10 CAPTURE - 

yes 
(Chi²) 

Settlage et al. 2008  
(National Forest) 

faeces 60 
0,09 to 

0,32 
197 to 330 10 CAPTURE - 

yes 
(Chi²) 

Poole et al. 2001 
(1)

 Ursus arctos hair 98 0,19 148 5 CAPTURE - 
no 

(Chi²) 

Boulanger & McLellan 2001 
(1)

 

(CAPTURE)                           
(2)

 
Ursus arctos hair 98 n.r. 155 5 CAPTURE - 

no 
(Chi²) 



Boulanger & McLellan 2001 
(MARK)                                 

(1)
 

hair 98 
0,05 to 

0,4 
191 5 MARK - yes (AIC) 

Boulanger et al. 2002 (Jumbo 
project) 

Ursus arctos 

hair 33 0,26 45 4 CAPTURE - 
yes 

(Chi²) 
Boulanger et al. 2002  
(U. Columbia 97) 

hair 40 0,2 55 5 CAPTURE - 
yes 

(Chi²) 
Boulanger et al. 2002  
(U. Columbia 98) 

hair 40 0,12 92 5 CAPTURE - 
yes 

(Chi²) 
Boulanger et al. 2002 
(Kingcome) 

hair 58 0,2 102 5 CAPTURE - 
yes 

(Chi²) 
Boulanger et al. 2002  
(U. Columbia 96) 

hair 55 0,16 108 4 CAPTURE - 
yes 

(Chi²) 
Boulanger et al. 2002  
(Granby Kettle) 

hair 22 0,13 46 5 CAPTURE - 
no 

(Chi²) 
Boulanger et al. 2002  
(Prophet) 

hair 98 0,17 166 5 CAPTURE - 
yes 

(Chi²) 

Boulanger et al. 2004a Ursus arctos hair 41 0,35 104 3 MARK 
yes 

(radiotelemetry) 
yes 

(AIC) 
Boulanger et al. 2004b 
(sampling 1996) 

Ursus arctos 

hair 54 0,16 108 4 CAPTURE 
yes 

(radiotelemetry) 
 
 

no 
(AIC) 

Boulanger et al. 2004b 
(sampling 1997) 

hair 41 0,2 55 5 CAPTURE 
no 

(AIC) 
Boulanger et al. 2004b 
(sampling 1998) 

hair 39 0,12 92 5 CAPTURE 
no 

(AIC) 

Bolanger et al. 2006 Ursus arctos hair 41 0,32 43 4 MARK - 
yes 

(AIC) 

Boulanger et al. 2004 Ursus arctos hair total: 123 n.a. 
per year, 
mean 49 

5 MARK - no (-) 

Mowat & Strobeck 2000  
(British Columbia) Ursus arctos 

hair 109 0,1 257 5 CAPTURE - 
no 

(Chi²) 
Mowat & Strobeck 2000 
(Alberta) 

hair 37 0,16 74 4 CAPTURE - 
yes 

(Chi²) 
Mowat et al. 2005  
(sampling SC Selkirks) 

Ursus arctos 

hair 38 0,09 97 5 CAPTURE - ? 

Mowat et al. 2005  
(sampling NC Selkirks) 

hair 74 0,08 223 5 CAPTURE - ? 

Mowat et al. 2005  
(sampling Prophet plateau) 

hair 32 0,13 63 5 CAPTURE - 
no 

(Chi²) 
Mowat et al. 2005  
(sampling Prophet Mtns) 

hair 67 0,21 96 5 CAPTURE - 
no 

(Chi²) 
Mowat et al. 2005  
(sampling Yellowhead) 

hair 48 0,16 107 4 CAPTURE - ? 

Mowat et al. 2005  
(sampling Parsnip Plateau) 

hair 21 0,12 50 4 CAPTURE - 
no 

(Chi²) 
Mowat et al. 2005  
(sampling Parsnip Mtns) 

hair 216 0,22 341 4 CAPTURE - 
no 

(Chi²) 



Mowat et al. 2005  
(sampling Parsnip Plateau) Ursus americanus 

hair 194 0,06 892 4 CAPTURE - ? 

Mowat et al. 2005  
(sampling Parsnip Mtns) 

hair 85 0,08 363 4 CAPTURE - ? 

Mowat et al. 2005  
(sampling Bowron river) 

Ursus arctos hair 53 0,32 76 3 CAPTURE - ? 

Woods et al. 1999 
Ursus arctos, U. 

americanus hair 54 0.05 104 4 CAPTURE - 
no
(-)

 

Gervasi et al. 2008
 (3)  

 
Ursus arctos 
marsicanus hair 30 0,03 44 12 MARK - 

no 
(-) 

Frantz et al. 2004 Meles meles hair 14 n.r. 12 to 19 n.r. 
GIMLET/ R 
(rarefaction) 

no 
(direct counts) 

no 
(-) 

Dreher et al. 2007 Ursus americanus 
hair + 

harvested 
bears 

544 

0,02 
(hair), 
0,21 

(hunt) 

1882 5 MARK 
radiotelemetry, 

harvested bears 
(hair: yes) 

no 
(-) 

Wasser et al. 2004 
Ursus arctos, U. 

americanus hair, faeces 24 n.r. 28 5 MARK 

radiotelemetry, 
comparison 

between sampling 
methods (no) 

no 
(-) 

Cubaynes et al. 2010 Canis lupus  faeces 160 
0.01 to 

0.86 
3 to 126 n.r. 

E-SURGE, 
U-CARE 

- 
yes  

(AIC) 

Prugh et al. 2005 Canis latrans faeces total: 56 
0,6 
and 
0,75 

per year, 
mean 26 

9 MARK 
radiotelemetry 

(yes) 
yes 

(AIC, CF) 

Prigioni et al. 2006 Lutra lutra faeces 23 n.r. 36 n.r. 
SPSS 

(rarefaction) 
- 

yes, CF 
(none) 

Puechmaille & Petit 2007 
(sampling Epiniac 2003) 

Rhinolophus 
hipposideros 

faeces 54 n.r. approx. 65 1 R 

direct counts (no) 

no 
(LR, S) 

Puechmaille & Petit 2007 
(sampling Pluherlin 2003) 

faeces 35 n.r. approx. 42 1 R 
no 

(LR, S) 
Puechmaille & Petit 2007 
(sampling Saint-Thurial 2003) 

faeces 16 n.r. approx. 28 1 R 
yes 

(LR, S) 
Puechmaille & Petit 2007 
(sampling Epiniac 2004) 

faeces 58 n.r. approx. 85 1 R 
yes 

(LR, S) 
Puechmaille & Petit 2007 
(sampling Pluherlin 2004) 

faeces 35 n.r. approx. 48 1 R 
yes 

(LR, S) 
Puechmaille & Petit 2007 
(sampling Saint-Thurial 2004) 

faeces 14 n.r. approx. 18 1 R 
no 

(LR, S) 

Frantz et al. 2003
(4)  

 Meles meles faeces 20 0,15 26 10 CAPTURE - n.r. 

Bellemain et al. 2005 (sampling 
2001) Ursus arctos 

faeces 311 n.r. approx. 480 11 MARK - 
yes 

(AIC) 
Bellemain et al. 2005 (sampling 
2002) 

faeces 239 n.r. approx. 350 13 MARK - 
yes 

(AIC) 

Bellemain et al. 2007 Ursus arctos faeces 28 n.r. 32 and 47 n.r. 
GIMLET/ R 
(rarefaction) 

- 
no 
(-) 



Solberg et al. 2006  
(sampling 2001) Ursus arctos 

faeces 146 n.r. 223 11 MARK - 
yes 

(AIC) 
Solberg et al. 2006  
(sampling 2002) 

faeces 81 n.r. 157 13 MARK - 
yes 

(AIC) 
Jacob et al. 2009  
(sampling Obwalden) 

Tetrao urogallus 

faeces 29 n.r. 78 1 CAPWIRE - 
yes 
(LR) 

Jacob et al. 2009  
(sampling Regelstein) 

faeces 9 n.r. 14 1 CAPWIRE - 
yes 
(LR) 

Jacob et al. 2009  
(sampling Höhi) 

faeces 16 n.r. 20 1 CAPWIRE - 
no 

(LR) 
Jacob et al. 2009  
(sampling Schwägalp) 

Tetrao urogallus 

faeces 7 n.r. 10 1 CAPWIRE - 
yes 
(LR) 

Jacob et al. 2009  
(sampling Rofla) 

faeces 7 n.r. 10 1 CAPWIRE - 
yes 
(LR) 

Jacob et al. 2009  
(sampling Salouf) 

faeces 5 n.r. 5 1 CAPWIRE - 
no 

(LR) 
Jacob et al. 2009  
(sampling Albula-north) 

faeces 23 n.r. 36 1 CAPWIRE - 
no 

(LR) 
Jacob et al. 2009 
(sampling Albula-south) 

faeces 8 n.r. 33 1 CAPWIRE - 
no 

(LR) 

Eggert et al. 2003 Loxodinta cyclotis faeces 86 
0,0 to 

0,2 
225 10 CAPTURE - 

yes 
(Chi²) 

Banks et al. 2002 Vombatus ursinus faeces 17 n.r. 19 5 CAPTURE - 
yes 

(Chi²) 

Rudnick et al. 2008 Aquila heliaca faeces, 
feathers 

278 > 0,44 308 4 MARK - 
yes, CF 
(none) 

Marucco et al. 2009 
(5)  

 Canis lupus faeces total: 87 
0,28 to 

0,77 
per year, 21 to 

47 
14 

MSURGE, 
UCARE 

yes 
(5)

(snow tracking, 
survey of marking 

behaviour) 

no 
(AIC) 

Meijer et al. 2008 Alopex lagopus faeces 30 n.r. 42 2 n.r. - 
no 
(-) 

Wilson et al. 2003
(4)  

 Meles meles faeces 20 n.r. 36 4 Proc NLIN 
video control, 

marked badgers 
(yes) 

yes, CF 
(none) 

Kohn et al. 1999 Canis latrans faeces 30 n.r. 41 n.r. JMP IN3 
radiotelemetry 

(yes) 
yes, CF 
(none) 

 728 
LR = Likelihood ratio test (see Miller et al. 2005) implemented in model selection procedure of program CAPWIRE 729 
S    = simulation test 730 
Chi² = Chi²- tests implemented in Program CAPTURE model selection routine (Otis et al. 1978) 731 
AIC = IH suggested by the model selection process (via Akaike’s Information Criterion) in program MARK (White & Burnham 1999) 732 
CF = Capture frequency, i.e. IH is visible in the number of times different individuals are sampled 733 



(1) Both articles deal with the same grizzly bear data set (Prophet River Project 1998). In both, Chi²- tests failed to detect IH. But Boulanger & McLellan (2001) detected IH as a function of distance 734 
from study area (via AIC) as well as assumed age-specific capture probabilities.  735 
(2)   For Boulanger & McLellan 2001, two different population estimation methods are reported for the same data set. Because of their differing   results, both are listed here separately 736 
 (3)  In this paper, heterogeneity was modelled for each of three different hair sampling approaches applied, but not IH as discussed in our review due to small sample size. Thus, IH was assumed by the 737 
authors to be present in the data set, but not detected via tests. 738 
(4)  Both articles deal with the same badger data set. In Frantz et al. 2003, results of program CAPTURE’s Chi²- tests are not reported, even though the authors note that they assume the heterogeneity 739 
models to be most appropriate. Wilson et al. reported the capture frequencies of individual badgers which revealed IH.  740 
(5)  IH was detected, but it did not impact the population estimate – for details see text 741 



Table 2: Support of logistic regression models testing the impact of coverage (i.e. the ratio on the detection of 

individual heterogeneity in the reviewed studies (‘cov’ = coverage, ‘cov2’ = squared coverage, ‘samp_occ’ = 

number of sampling occasions) 

Model AIC Δ AIC AIC Δ AIC 
  weighted       unweighted 

p, p2 27,49 0 14,30 0 
p, p2, samp_occ 29,40 1,90 16,12 1,82 
p, p2, samp_occ, p* samp_occ, p2* samp_occ 32,64 5,15 19,80 5,50 
Null 36,00 8,51 24,08 9,78 
samp_occ 37,45 9,95 25,81 11,51 
P 37,45 9,96 24,41 10,11 
 

 

Table 3: Support of logistic regression models testing the impact of capture probability on the detection of 

individual heterogeneity in the reviewed studies (‘p’ = capture probability, ‘p2’ = squared capture probability, 

‘samp_occ’ = number of sampling occasions). 

Model AIC Δ AIC 
p, p2 27,49 0 
p, p2, samp_occ 29,40 1,90 
p, p2, samp_occ, p*samp_occ, p2*samp_occ 32,64 5,15 
Null 36,00 8,51 
samp_occ 37,45 9,95 
P 37,45 9,96 

 

 

 

Table 4: Results of the regression model testing for the impact of capture probability on the detectability of 

individual heterogeneity with best fit according to AIC ranking (model ‘p, p2’). 

Parameter estimate SE p 
intercept -12.071 5.856 0.0393
p 96.611 49.707 0.0519
p2 -161.981 89.441 0.0701
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Fig. 1: Proportion of population estimates in which individual sampling heterogeneity was detected via 

goodness-of-fit test in relation to average capture probability (average p reported). Only those studies are 

included which report an estimate of the average capture probability p (39 of 75 studies, see table 1).  
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Fig 2: Observed (triangles) and predicted (line) values of IH detectability dependent on p and p2. 
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