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Population estimation with sparse data: the role
of estimators versus indices revisited

Kevin S. McKelvey and Dean E. Pearson

Abstract: The use of indices to evaluate small-mammal populations has been heavily criticized, yet a review of small-
mammal studies published from 1996 through 2000 indicated that indices are still the primary methods employed for
measuring populations. The literature review also found that 98% of the samples collected in these studies were too
small for reliable selection among population-estimation models. Researchers therefore generally have a choice between
using a default estimator or an index, a choice for which the consequences have not been critically evaluated. We
examined the use of a closed-population enumeration index, the number of unique individuals caytujecrid

3 population estimators for estimating simulated small populatibhs 60) under variable effects of time, trap-induced
behavior, individual heterogeneity in trapping probabilities, and detection probabilities. Simulation results indicated that
the estimators produced population estimates with low bias and high precision when the estimator reflected the under
lying sources of variation in capture probability. However, when the underlying sources of variation deviated from
model assumptions, bias was often high and results were inconsistent. In our simulsktigngenerally exhibited

lower variance and less sensitivity to the sources of variation in capture probabilities than the estimators.

Résumé: Lutilisation d’'indices pour évaluer les populations de petits mammiféres est treés critiquée et pourtant les
études publiées entre 1996 et 2000 sur les petits mammiferes démontrent que l'utilisation d’indices est toujours la mé
thode la plus courante d’évaluation des populations. Dans la littérature, 98 % des échantillons recueillis pour les études
étaient trop petits pour permettre le choix judicieux d’'un modeéle d’estimation de population. Les chercheurs se retrou-
vent donc devant un choix a faire entre une méthode par défaut ou un indice, choix dont les conséquences n’ont pas
été évaluées de facon formelle. Nous avons examiné les résultats de l'utilisation d'un indice de dénombrement d'une
population fermée, du nombre d’individus particuliers captuMs,j, et de 3 estimateurs de population pour estimer

de petites populations simuléeN € 50) soumises a des effets divers du temps, du comportement relié au piégeage, de
I'hétérogénéité dans la probabilité de capture des individus et des probabilités de détection. Les résultats de cette simu-
lation ont démontré que les estimateurs donnent des évaluations qui comportent peu d’erreur et qui sont d’'une grande
précision lorsque I'estimateur utilisé reflete les sources de variation sous-jacentes des probabilités de capture. Cepen-
dant, lorsque les sources de variation sous-jacentes s’éloignent des présuppositions du modéle, les chances d’erreur son
souvent élevées et les résultats sont changeants. Dans nos simulsltigres,généralement une faible variance et mani

feste moins de sensibilité aux sources de variation des probabilités de capture que les autres estimateurs.

[Traduit par la Rédaction]

Introduction butted all of them on the basis of simulations and statistical
. - . theory. Despite these admonitions, researchers continue to
Since the early days of wildlife research, workers studying,se jndices as a common tool for estimating population size
population biology have debated the use of indices VersU\iontgomery 1987; Slade and Blair 2000).
statistical models for evaluating population size. This debate \;ost published comparisons of estimators and indices
appears to be particularly rooted in the small-mammaliter j,,ve focused on largeN(= 100) well-sampled populations,
ature, owing to the ubiquity of capture-recapture studiegng have generally concluded that estimators are preferable

within this field (Hilborn et al. 1976; Otis et al. 1978; Jolly {, indices because thev result in less bias (Otis et al. 1978
and Dickson 1983; Nichols and Pollock 1983; Nichols 1986;y/hite et al. 1982 Jo|)|/y and Dickson 198(3' Nichols. and '

Efford 1992; Rosenberg et al. 1995; Slade and Blair 2000p)10ck 1983; Pollock et al. 1990; Efford 1992). Such eom
Tuyttens 2000). For instance, Nichols and Pollock (1983),5i50ns, however, are largely academic to the extent that
identified numerous arguments made by mammalogists fofiyey ignore small samples and small populations, which con
using indices rather than capture-recapture models and rgjtte a large proportion of the samples obtained in small-
mammal studies (Slade and Blair 2000). Additionally, for
relative comparisons, accuracy is less important than preci
sion, and many ecological questions are relative in nature.

Received February 12, 2001. Accepted August 15, 2001.
Published on the NRC Research Press Web site at

http://cjz.nrc.ca on September 21, 2001. ) ) o )
Relationship between indices and estimators
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into measures of desired, but unmeasured, parameters througiereN is the size of the sampled populatidv,,, is nega
the use of models. When model forms are uncertain, antively biased. To convemt,,, into N, various functions based
model parameters are imprecise estimates, there are alwaga recapture data can be used. This approach has a number
costs associated with these conversions, and the issue of potential problems. In capture—recapture analysis, the func
whether or not a particular conversion is desirable is seldontional relationship betweeNl,,; and N can be neither mea
straightforward. sured nor verified in any absolute sense, and hence cannot
Indices are obtained whenever the desirB) &énd mea  be directly estimated. Instead the collected data are analyzed
sured () metrics differ but are presumed to be functionally in order to understand the underlying sources of variation in
related. For our purposes, an index is an indirect measure farapture probabilities, and this understanding is subsequently
which the relationship betweebB and | is not quantified. used to both define and control the conversion. For closed
When an attempt is made to convert an index into an estimatgropulations, these methods were codified in the computer
by quantifying this functional relationship, there are severalprogram CAPTURE in the late 1970s (Otis et al. 1978;
sources of error: sampling error associated with measuringvhite et al. 1982). With relatively large sample sizes and
the index and related function parameters, the degree to whidhigh capture probabilities, CAPTURE employs discriminant
the functional form is correct, and the extent to whizland  function analysis to effectively select from 8 potential mod
| are actually related. In general we measuteecauseD is  els addressing the important sources of variability in capture
difficult to measure, and for this reason the functional formprobabilities and produces population estimates with low bias
and parameterization of the conversion will generally be esand high precision (Otis et al. 1978; White et al. 1982).
timated from smaller datasets with relatively high variance However, when samples are small and capture probabilities
Thus, unless the parameterization data were collected-repr®w, model selection is poor and population estimates are
sentatively, they may not reflect the population to whichunreliable (Otis et al. 1978; Menkins and Anderson 1988;
they are applied. Introduced sampling error associated withlallett et al. 1991).
using poorly measured correction parameters can occlude Because it is seldom feasible to test capture—recapture
the correlation betweed andl, and using an incorrect func models directly, much of what we know concerning their be
tional form and (or) non-representative parameter estimatdsavior is based on simulation. Simulation studies have gen-
will introduce unknown levels of bias. Hence, when we chooseerally focused on comparisons of indices and estimators for
to convert an index, we do so on the assumption that inlarge populationsN = 100: e.g., Otis et al. 1978; Jolly and
creased variability and the introduction of unknown levels ofDickson 1983; Nichols and Pollock 1983; Pollock et al.
bias are more than offset by the benefits associated with990; Efford 1992; Tuyttens 2000). The use of closed-
obtaining estimates db. population models for small samples has been poorly stud-
As an example, down wood is considered to be an imporied (Menkins and Anderson 1988), especially with regard to
tant biological parameter (Bull et al. 1997; Pearson 1999)comparisons with indices. One exception is Rosenberg et al.
but is difficult to directly measure in terms of volume or (1995), who specifically looked at jackknife (Burnham and
mass. Hence, it is common to measure it indirectly usingOverton 1978) and Chao (1988) estimators for small popula-
line-intercept methods. Having made the decision to inditions and low capture probabilities. However, Rosenberg et
rectly measure wood, one has several choices: to convert thad. (1995) only examined the case where the heterogeneity
intercept data into volume or mass using either locally ormodels they tested were consistent with the simulated sources
literature-derived functions (e.g., Brown and See 1981), opof variability in capture probabilities. They did not examine
simply to use the intercept data directly. Clearly, the least erthe behavior of these models when other factors such as time
ror will be associated with using the data directly, thereforeand trap-induced behavior influence the sampling. A closer
the decision as to whether to convert the data is based on tlexamination of the potential efficacy of indices and estima
reliability of the equations and the importance of the convertors for population estimation when data are sparse is there
sion. If one is studying small mammals, then down woodfore warranted.
mass or volume is simply an index of some unknown attrib We address 3 primary objectives with this research: (1) to
utes of down wood that the organisms are using (Pearsottetermine the distribution of sample sizes reported in small-
1999). Arguably, the conversion does not improve undermammal population studies and relate this distribution to the
standing and adds unknown error and bias. However, if onéeasibility of applying model-selection procedures, (2) to
is estimating fire behavior, then conversion to mass may bassess the efficacy of using the jackknife, null (Otis et al.
critical. Converting an index into an estimate leads te im 1978; White et al. 1982), and sample-coverage (Chao et al.
proved understanding if enough information is available forl992; Lee and Chao 1994) models avid, as default popu
both choosing a proper conversion function and reliably estilation estimators when small sample sizes preclude effective
mating its value. Additionally, the converted value must bemodel selection, and (3) assess the performance of these es
in some way more biologically meaningful than the uncon timators andM,,, for making relative comparisons between
verted data. study populations, given sample sizes comparable to those
observed in the small-mammal literature.

Index conversion in small-mammal capture—recapture

studies Methods
In trapping studies of closed populations, we can seldom
reliably capture all of the animals in an area. We thereforq jterature review
collect data for an index: the number of unique individuals we examined all articles published over the last 4 years (the first
capturedM,,, (see Otis et al. 1978). Because<M,,; <N,  issues of 1996 through the most recent issues from 2000) from 4
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Table 1. Parameters associated with each of the 8 population  population attribute. Reported coefficients of variation (CVs) are

attributes simulated. based on the simulation results rather than the CVs generated by
CAPTURE or otherwise statistically derived.
Simulated ~ Average per- The primary purpose of the simulations was to examine the rela
population session detection tive efficacy of various estimation methods when confronted with
attribute* probability N t b h an unknown set of population attributes. We therefore made the ef
M, 0.3-06 50 0.00 0.00 0.00 fects of heterogeneity, time, e_md behavior_large. Additionally, we
M 0.3-06 50 +0.35 0.00 0.00 wanted at least one of_ the s_lmulated attributes to be correct for
t each estimator; these simulations serve as tests of the maximum ef
My 0.3-0.6 50 0.00 -0.70 0.00 ficacy of each estimator, given the small samples and relatively low
Mp, 0.3-0.6 50  0.00  0.00 £0.30 number of trapping periods. There are many ways to simulate the
Mpn 0.3-0.6 50 0.00 -0.70  £0.30 sources of variation associated with time, heterogeneity, and spe
Mipn 0.3-0.6 50 +0.35 0.00 +0.30 cific behavioral responses to trapping. Because estimation models
My, 0.3-0.6 50 +0.25 -0.50 0.00 change their behavior with changesNindetection probability, and
My 0.3-0.6 50 +025 -050 +0730 detailsof the underlying populatlon attributes (see Boulanggr and
Krebs 1996), we do not claim that our results are exhaustive. In
Note: Behavior and time effects were reduced when they were setting parameters for the simulations, we attempted to emulate
gg?ﬂ?;g?s'“ the same model to allow reliable computation of the real conditions based on the small-mammal literature and our trapping

*The subscriptg, b, andh refer to sources of variation in capture e_xperience. However,_ the. relationships of these_ simulated popula
probability associated with time, trap-induced behavior, and individual tions _to the actual situations encountered during small-mammal
capture heterogeneity, respectively; lacks these sources of variation. trapping are unknown. ) . . .

The primary concern associated with using an index such as
M. is that probabilities of detection vary across space and time,

journals that commonly publish small-mammal studies from NorthPotentially confounding the results. To simulate this, we allowed
America, South America, and Europécta Theriologica, Cana  the average per-session trapping probabilities to vary randomly be
dian Journal of Zoology, Journal of MammalagndThe Journal ~ tween 0.3 and 0.6 for each simulation. Adding other factors such
of Wildlife ManagementWe extracted population estimates or sam- &S time and heterogeneity did not change average probabilities of
ple sizes from small-mammal papers that attempted to derive abusletection (or the probability of first detection in processes that
dance or density. When data were presented for multiple specied)cluded trap-conditioned behavior).
multiple sampling locations, or multiple years, we treated each as a Heterogeneity was modeled as being intrinsic to each organism
separate sample. Where multiple estimates were made for a speci@gd constant over time. We wanted heterogeneity to be as large as
within a single year at the same location, we used the peak populd0ssible while keeping the distribution constant and changing aver-
tion sample period only. When averages were presented, valugge probabilities of detection. We therefore assigned to each organ-
were rounded to the nearest whole number. Zeros were used whésim at the beginning of each simulation a specific probability of
authors presented zeros as estimates or when animals were not @gtection drawn from a uniform random deviate + 0.30 and centered
tected in one sampling unit or period but were known to be presen®n the average capture probability; if the probability of detection
in others. In some cases estimates reflected species complexa@s 0.31, then individual probabilities of detection varied ran-
rather than single species (e.llicrotus spp. orSorexspp.), resuft ~ domly between 0.01 and 0.61. Time was modeled as a random
ing in a positive bias in the estimated individual species sample. multiplicative effect, constant across the population but varying
For each paper we also grouped the estimation methods into th&ith trap-night. We modeled trap-shy behavior as a multiplicative
following categories: the basic enumeration indices, described agffect applied after first capture: it was fixed for all organisms that
the number of unique individuals captured,(;, for closed popu  had been trapped at least once (Table 1). We did not model trap-
lations) or the minimum number known alive index (MNKA, for happy behavior.
open populations; Krebs 1966); relative-abundance indices such as We explored the behavior of 3 estimation models: the null model,
the number of captures or unique individuals captured per 100 owhich assumes constant capture probability (Otis et al. 1978; White
1000 trap-nights; CAPTURE, or a specific estimation approach if itet al. 1982); the jackknife model (Burnham and Overton 1978,
was used as a default rather than derived from CAPTURE or othet979), which assumes only heterogeneity; and a more recent model
model-selection procedures. If multiple approaches were used tbased on sample coverage (Chao et al. 1992; Lee and Chao 1994),
estimate abundance (e.g., CAPTURE for some species and-an iwhich can correct for heterogeneity and time. We refer to this
dex for others), each method was included separately in the resultsnodel asC,,. We use the estimator labeled, in Chao et al.
(1992), which includes second-order bhias adjustment and generally

Simulations gives population estimates slightly lower than does the estimator
lacking bias adjustment (Chao et al. 1992; Lee and Chao 1994). In
Population estimation all cases we used the same algorithms to produce the sample file,

We simulated closed populations having 8 underlying populabut in the case of the null and jackknife estimators, we used the
tion attributes as defined by Otis et al. (1978). These attributes inmost recent version of CAPTURE (Rexstad and Burnham 1991)
clude as independent sources of variation, probability of detectioito estimate the results, whereas g model was coded by the
differing across timetj or across individualsh), and capture prob  authors.
ability conditioned on previous capture, or behavioral respobke ( We chose to test the jackknife model, as it has been shown to be
Following Otis et al. (1978), simulated population attributes (seerobust to violations in underlying assumptions (Otis et al. 1978;
models in Otis et al. 1978) were characterized by their sources dBurnham and Overton 1979; Boulanger and Krebs 1994, 1996),
variation: M, has capture probabilities that vary across tirvky, and therefore has the potential to serve as a default model (a model
has capture probabilities that vary across time, individuals, and¢hosen by the researcher rather than through a statistically valid
capture historyM, refers to a “null model” in which capture preb  model-selection process) when samples are too small for effective
ability is held constant. All simulations were based on a populationrmodel selection (Rosenberg et al. 1995). Menkins and Anderson
(N) of 50 individuals and four trapping periods. Results were based1988) suggest using the Lincoln—Petersen estimator (Seber 1982)
on 2000 simulations of each combination of estimation model andvhen data are sparse. However, we chose to test the null instead of
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the Lincoln—Petersen model because the null model functions asiafluenced by the underlying population attributes (Table 2).
default model in CAPTURE (the program tends to choose the nulla|| 3 estimation models produced highly biased estimates
model when data are sparse (White et al. 1982)). Additionally, weyhen applied to simulated populations that exhibited behav

testedfthe”sarr_lple_-cove_ragtla estim;thr])(t;]ecaqse it ha;]s the Prop ioral responses to trappindvlg, My, My, Myr). Trap-shy
erty Ol collapsing into simpler models when time or eterogenelty : :
factors are absent. For instandg,, collapses approximately into behavior produces relatively few recaptures, and the models

the null model when probabilities of capture are held constanfnterpre?ed th's as an |nd|cat_|on of large populatlons. The .
(M,), whereas the jackknife model shows more variable bias undef10del, in situations where it was appropriate, was censis

the same conditions (Fig. 1). tently biase_d Iow. The uncprrected version (Lee a_nd Chao
1994) of this estimator, while not presented here, is biased
Ordinal ranking slightly high under the same circumstances. In our simula

We performed a second test to compare the ability of the estimations the jackknife estimator was generally biased high, be
tors to determine the ordinal ranking of 2 populations. For this teshavior that has been noted before (Boulanger and Krebs
we used the same models, probabilities of detection, and four trap1 994, 1996; see also Table 3.14 in White et al. 1982). h ad

ping pe“}fl’ds that "Ve“; used to tfs? the accuracy of goﬁ“'atli)c_’lﬂ esfjjition to bias, all of the population estimates were, at least in
mation. However, In these simulations we examined the a ||ty (0] H H M’lm H
the models to detect a 25% population decline, from 50 to 37 individ certain circumstances, correlated 1 (Fig. 4). The CV

uals. Welooked at two scenarios. In the first scenario, populationfo.r M., was lower in most cases than the CVs aSSOCIa.t(.Bd
attributes and probabilities of detection were allowed to changé"”th the papture—recapture models, even though probability
randomly between the two sampling periods. In the second, wé&f detection was allowed to vary randomly between 0.30 and
kept the population attributes fixed and restricted them to those apd-60 for each simulation.

propriate for the tested estimators: tests betwdgn and the jack

knife and Cy;, models used théVl,, population attribute for both Ordinal ranking

sampling periods, and comparisons betwbkn and the null model When the population attributes varieid,,, outperformed
used M,. Probability of detection was allowed to vary between the null, jackknife, andC,, estimators by 16.8, 12.8, and
sampling periods for all simulations. The estimator was deemed g 994, respectively (Table 3). When the population attrib
correct if the population estimate for the second sampling perioqjteS were invariant and were appropriate for the estimator
was less than the estimate for the first sample, and incorrect Othe[)'erformance was approximately equal, with the jackknife,
wise. and null models slightly outperforminigl,,;.

Results . .
Discussion

Literature review - . . .

Most researchers reporting results of small-mammal stud- 1he role of indices versus estimators in studies of small-
ies between 1996 and 2000 used indices (66.7%) instead §iammal populations remains unresolved. Despite arguments
estimators (33.3%; Fig. 2). The most commonly used inde@9@inst the use of indices (e.g., Jolly and Dickson 1983;
was MNKA (35.3%), followed byM.., (23.5%) and relative- Nichols and Pollock 1983; Nichols 1986), they continue to
abundance indices (7.8%). CAPTURE was the only modelP€ used twice as often_ as stat_istical model_s fo_r evaluating
selection program used. Program MARK (White and BurnharsMall-mammal populations (Fig. 2). Examination of the
1999) was used once for estimating survival but never fodistribution of samples collected.m small—mfammal studies
selecting a statistical model or estimating population sizeStrongly suggests that sample-size constraints are the real
Sample sizes were generally well below those required foﬁnd unav0|_dable reason for.the use of |r_1d|ces rather'tha.n es
effective model selection using CAPTURE (Otis et al. 197g:timators (Fig. 3). Although literature reviews are subjective,
Menkins and Anderson 1988: Fig. 3). Ninety-four percent ofour results are consistent with those of others who reviewed

the samples werg50 and 98% were100. Only the extreme estimation methods from earlier time periods (Montgomery
tail of the distribution lay within the range of sample sizes1987; Slade and Blair 2000), and the conclusion that sample

necessary for effective model selection. This portion of the3iZ€ IS the primary obstacle to using estimators is echoed by
distribution contained only a few of the more common-spe NUMerous authors of the papers we surveyed (e.g., Tattersall

cies of small mammals (e.gMicrotus pennsylvanicuand €t al- 1997; Ellison and van Riper 1998; Nupp and Swihart
Peromyscus maniculatysand even these relatively abundant 1998; Fernandez et al. 1999; Lewellen and Vessey 1999).
species only attained the requisite sample sizes when theyVe therefore examined the role of indices versus estimators
populations were particularly large. Some studies thereford! the context of the sample sizes available for studies of

achieved samples large enough for the use of population e§Mmall-mammal populations. _ o
timators for one or two sampling periods for one or more The answer to the question of whether index conversion is
plots, but most samples were too small for effective modePTUdent lies in the quahty. of the corrector, knowledge of the
selection, particularly in multiyear studies. In some casedias, and the uses to which the data are to be put. If an un
researchers used estimators for some of the data white erRiased estimate of the true parameter can be obtained, the case
ploying indices for other species or times (e.g., Sullivan effor correction is improved. Statistical models produce popu

al. 1998: Von Trebra et al. 1998; Hanley and Barnard 1999)_Iation estimates with low b_ias and high preci_sion When_ the
models reflect the underlying population attributes (Otis et

al. 1978; Jolly and Dickson 1983; Nichols and Pollock 1983;

Efford 1992). Our results indicate that this is true even when

Population estimation sample sizes are small (see also Rosenberg et al. 1995). In
The behavior of the 3 population estimators was stronglycontrast,enumeration indices such &4,,, and MNKA are

Simulations
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Fig. 1. Population estimates for the 3 models tested when population attributes conform to the null Mgdst€ Table 1).&) Null model. @) Cy model. €) Jackknife
model. Probabilities of detection varied from 0.05 to 0.95, four trapping periods were simulatel, ai® for all simulations.
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Fig. 2. Methods used to assess small-mammal abundance, based on research publisttadTimeriologica, Canadian Journal of

Zoology, Journal of Mammalogwand The Journal of Wildlife Managemeiftom 1996 through current issues in 2000. The population
estimators are Jolly—Seber (Seber 1982), Lincoln—Petersen (Seber 1982), Manly—Parr (cited in Fernandez et al. 1999), and Schumacher—
Eschmeyer (cited in Lofgren et al. 1996). Relindex refers to relative abundance indices such as individuals trapped per 100 trap-nights.

18-

MNKA My q Relindex CAPTURE Jolly— Lincoln- Manly— Shumacher—
Seber Peterson Parr Eschmeyer

Index or estimator

Fig. 3. Numbers of organisms sampled in small-mammal studies publishédta Theriologica, Canadian Journal of Zoology, Journal
of Mammalogyand The Journal of Wildlife Managemeifitom 1996 through current issues in 2000. Data are limited to studies in
which population size was critical to the analyses (time trend or comparative data).
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negatively biased and can be misleading if capture probabilil983; Nichols and Pollock 1983; Nichols 1986; Efford 1992;
ties vary greatly over space or time (Nichols and PollockSlade and Blair 2000; Tuyttens 2000).

1983; Nichols 1986). Moreover, uncorrected indices provide We emphatically agree that statistical models rather than
no measure of confidence as to their relationships to pepuleenumeration indices should be used whenever the underlying
tion size. As a result, many authors have argued strongly fopopulation attributes can be inferred or sample sizes are
the use of estimators rather than indices for estimating smalkufficient for effective model selection. However, in capture—
mammal populations (Otis et al. 1978; Jolly and Dicksonrecapture studies the sources of variation are rarely known
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Fig. 4. Correlation between the tested capture—recapture estimatorslanda) Null model. ) C;, model. €) Jackknife model. Thévl,, population attribute (Table 1) was
simulated. Probabilities of detection varied from 0.3 to 0.6, four trapping periods were simulated,=a®@ for all simulations.
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Table 2. Average population estimatebdl & 50) made using the 3 tested models g,

on the 8 population attributes.

Capture-recapture estimate

Population

attribute Null Jackknife Cin Mg

Mo 49.64 (6.77) 55.21 (9.31) 47.95 (10.63) 44.86 (8.14)
M, 50.29 (7.50) 55.63 (10.20) 48.36 (12.04) 43.72 (10.08)
My, 91.78 (37.89) 86.13 (9.24) 94.39 (43.53) 44.78 (8.24)
M, 44.64 (9.01) 50.94 (11.17) 45.15 (11.75) 41.81 (11.34)
My, 76.45 (21.95) 78.16 (11.67) 80.67 (34.39) 41.91 (10.99)
Min 48.15 (7.79) 54.00 (10.65) 47.29 (12.63) 43.42 (11.34)
My, 66.18 (18.10) 72.58 (12.04) 65.32 (24.51) 44.69 (8.88)
My 60.89 (19.88) 68.53 (12.69) 60.88 (21.98) 43.32 (10.34)

1761

Note: Numbers in parentheses are percent CV, derived from the simulation results.

Table 3. Results of ordinal ranking simulations. Enumeration indices have been criticized as being poor
population metrics because they exhibit negative bias and

can be misleading when capture probabilities vary (Nichols

Estimator/index value

Population attribute Jackknife  Cy, Null Miiq and Pollock 1983; Nichols 1986). However, we found that
Variable attributes 0.835 0772 0788  0.963 M was considerably more robust than the population estima
My, 0.961 0952 na 0.953 tors we &amined for detecting changes in small populations
Mo na na 0.995 0987 When the underlying population attributes were unknown

Note: Values are the proportion of 2000 simulated sample-pairs in (Tzable 3). Slade and B-lal-r (2000) observed high C(-)rrelatlons
which the estimate for the second sample was lower than the estimate 1‘0|(r > 0.7) bet,Ween the indiced,,; and MNKA and estlmators.
the first sample. Per-session probability of detection was allowed to vary fOr five species of small mammals. They concluded that in-
randomly between 0.30 and 0.60 in all simulations; na, not applicable. ~ dices were proportional to estimates, i.e., bias was relatively

constant. Such high correlations between capture—recapture
indices and estimators have been reported for numerous spe-

and population estimators must be chosen by way of statistsies (Lefebvre et al. 1982; Hallett et al. 1991; Manning et al.
cal extrapolation from a subset of the data. This process int995; Morris 1996; Nupp and Swihart 1996; Waters and
herently has low power and small samples with low captureZabel 1998). Since bias itself is not problematic for relative
probabilities result in poor model selection and erratic modecomparisonsi,,; can be a valid metric for comparing popu-
behavior, including unknown bias and poor populationlations in cases where capture probabilities are relatively
estimates with high variability. In contrast, the indbk,;  constant.
appears quite robust to changes in the underlying sources of We conclude that the relative merits of estimation and
variation and exhibits a known negative bias. Of the metricenumeration for comparing small-mammal populations vary
we examined for small closed populationd,,; was the with data quality. We define four zones of data quality that
most robust to changes in the underlying population attribdetermine the potential value of data for population estima
utes. Even though we allowed capture probabilities to varytion (Fig. 5): an estimation zone of high data confidence
considerably (0.30-0.60), in most cases the CVs associateghere only population estimators should be employed, an
with My,, were the smallest (Table 2). index zone of decreased data confidence where appropriate

There are several reasons wily,;, while obviously biased population estimators cannot be reliably chosen, a presence/
low, showed the least sensitivity to changes in the underabsence zone where the numerical values of indices cannot
lying population attributes. One is that trap-induced behavbe validated but data can still yield reliable presence/absence
iors have no impact oM,,,; because they have little or no information, and an anecdotal zone where data are too weak
impact on first captures. Favl,,, there are essentially two for any numerical analysis. We focus on the index zone be
potential confounding factors: individual level heterogeneitycause population estimation with large samples has been
and time. Of these two factors, heterogeneity will alwaysthoroughly addressed elsewhere and because most small-
cause a decrease in the number of organisms caught.- Varimammal data appear to fall within the index zone, a fact that
tion in detection rates across time can affégt,, but the has largely been ignored.
random effects that we simulated appeared to have negligi The index zone is separated from the estimation zone by
ble impact. AveragéM,,,; was slightly lower when heteroge the reliability of the model-selection algorithms. The model-
neous capture probabilities were simulated (Table 2), but theelection procedures in CAPTURE are unreliable when
differences were quite modest compared with the model-toapplied to small samples (Otis et al. 1978; Menkins and
model variation observed when forcing the 3 estimators. Thé\nderson 1988; Pollock et al. 1990; Manning et al. 1995).
second reason whyv,,, is relatively stable is that it is Even for moderate samples, 50 N < 100, Menkins and
bounded: 0< M,;; < N. The population estimators, particu Anderson (1988) reported that selection of the appropriate
larly Cy, and the null estimator, are not bounded Wyand  model by CAPTURE was no better than random. When
can, because of sampling variance and (or) poor model choicepurces of variation associated with time, heterogeneity, and
produce extremely errant estimates (Table 2). behavior are large, as in our simulations, CAPTURE does
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Fig. 5. Heuristic representation of our opinion concerning the best methods for analyzing capture—recapture data, based on the quantity
and quality of available data.

Presence/absence Population estimators
Anecdotal data Count-based indices

Low High

Data quantity (N) and reliability (p[detection], no. of trapping sessions, density of traps, etc.)

somewhat betterM, was chosen as the primary or alterna repeatedly proved to be true (for a review see Pearson
tive model 67% of the time when it was correct adg was  1999). Given the high level of correlation reported when
chosen 50% of the time), but is still unreliable. Given the in counts and estimators are compared (e.g., Nupp and Swihart
ability to choose the proper model, the researcher has threk996; Waters and Zabel 1998; Slade and Blair 2000), it is
choices: use a default estimator, use a relative index, aunlikely that many of the understandings derived from the
reject the data. current index-based mammal literature would change greatly
To argue in favor of using a default estimator one must argué estimators had been used.
either that the use of any estimator is generally better than In the index zone we considé,,; to be the default for
using direct enumeration, or that some estimators worlcomparing small-mammal populations under the assumption
better under most conditions of heterogeneity, behavior, andf closure. However, indices must be validated with regard
time expected for a specific dataset. In this paper we definéo the assumption of constant probability of detection before
better as less bias and a lower CV. Based on these metricthey can be used for population comparisons. If indices can
none of the estimators we tested were better tiagnwhen  not be validated, this is an indication that the quality of the
the underlying population attributes were unknown and thalata falls below the index zone and that the data should not
associated variation in capture probabilities far from null ex-be used to compare populations. Because the division be-
pectations. We therefore strongly caution against the use dfveen the estimation and index zones is data-specific and not
default models under circumstances comparable to those wiiscretely defined, the use of default estimators may some-
simulated. However, we do not know how well this under-times be justified. However, the decision to use a default
standing compares with the range of real-world small-estimator rathethanM,,,; should be based on quantifiable un-
mammal trapping situations. Manning et al. (1995) testedlerstanding whictsuggests that the chosen model is appro-
population estimators andl,,; on known vole populations. priate. Without this understanding, the use of an estimator
For N = 90 and four trapping sessions, all of the estimatorsand associated confidence intervals can give an impression
except Lincoln—Petersen produced lower bias and a lower resf accuracy and precision that is generally invalid in this
sidual sum of squares score (RSS) thénp, (Manning et al.  zone. We offer the following advice for validating indices or
1995; M,,, statistics are computed from Table 2), whereasdefault estimators in the index zone.
for N = 30, only 3/11 of the tested models provided lower (i) Replicate: enumeration indices should never be used
bias and only 1 had a lower RSS. Manning et al. (1995without replication. An index derived from a single trapping
chose the jackknife estimator as the best default model fosession contains no measure of precision, and even relative
their data. However, thd,, model performed more poorly comparisons between single-session indices are very question
thanM,,; whenN = 30, having high positive bias and a high able. Withrepetition, however, estimates of precision can be
RSS even though these populations exhibited high capturgenerated and relative comparisons evaluated.
probabilities (0.42—-0.73 per trapping session), high individ (ii) Screen for differential capture probabilities: even with
ual heterogeneity, and little evidence of strong time orrepetition, there is the possibility of systematic bias when
behavior patterns. using indices. For example, if capture probabilities were
Some researchers might argue that data within this zongeatment-dependent, the use of indices could lead to-spuri
should not be used for population studies. However, this reous conclusions. We believe, therefore, that it is prudent to
sponse is not very satisfying, given that the bulk of theexamine correlations betwedf,, and an estimator for indi
small-mammal data reside here (Fig. 3). This approach imcations of differential capture probabilities. High correla
plies that a coin toss provides as much or more informatioriions (>0.80) suggest that the index and the estimator are
for making management decisions than understanding baseguoportional (Slade and Blair 2000), but researchers should
on indices, and suggests that we have learned nothing-by ube aware thaiM,,; is generally correlated with estimators
ing abundance indices as surrogates for population estimateshen samples are small (Fig. 4). Low correlation between
We believe that index-based studies have provided a greain estimator andll,,, indicates that at least one of the two is
deal of reliable information concerning small-mammal khabi behaving poorly, and that caution should be used when-inter
tat use and responses to management. For instance, in tpeeting the data. Changes in the regression slope between
Rocky Mountain region of the United States, southern redM,,; and an estimator can also indicate changes in the under
backed volesClethrionomys gapperiprefer mature and late- lying sources of variation in capture probabilities (Slade and
seral forests to recent clearcuts and young forests (Ramire&lair 2000). Although extremely high correlations between
and Hornocker 1981; Halvorson 1982; Scrivner and SmithiM,,; and an estimator leave the researcher indifferent as to
1984; Medin 1986; Hayward and Hayward 1995). This re which metric is used for relative comparisons, a high corre
search has nainly proved to be repeatable, but the outcome lation does not indicate accuracy (Fig. 6). Therefore, if an
that clear-cutting reduces densities of red-backed voles, hastimator is used, confidence intervals should not be pre
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Fig. 6. Correlation betweeM,,, and the jackknife estimator, given tié, population attribute (Table 1), four trapping sessions,
20 <N < 220, and 500 simulations. Although correlation is very high between the estimator and therihde®.95), neither accurately
reflects the true population.
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sented, as they may be invalid. CAPTURE may also be usedbsence of such information, a researcher must bring other
to estimate capture probabilities among populations. Althougldata to bear to justify the use of a default estimator. CAP-
this approach is circular in that estimated capture probabiliTURE can offer evidence as to the underlying population
ties are model-dependent, differential capture probabilitiesttributes under certain circumstances. Because model
sufficient to invalidate understandings based Mp; will selection is based on evaluating trends in the recapture data,
likely be detected even with poor model selection. In apply-increasing the number of trapping sessions greatly improves
ing this approach, the model most consistently chosen withithe ability of CAPTURE to identify the underlying popula-
each treatment group should be used to estimate captutin attributes. In the case of ol simulation, increasing
probabilities within that group. the number of trap-nights from 4 to 8 improved model selec-

(iii) Increase the number of trapping sessions: increasingon from 50 to 81% correct. While insufficient for reliably
the number of trapping sessions decreases the impact-of di¢hoosing an estimator for a single study, nonrandom model
ferential probabilities of detection. With a 20% per-sessionchoice in replicated studies can indicate the existence of a
probability of detection, null-model expectations at 4 and 10source of variability such as heterogeneity.
trapping sessions are that 59 and 89%, respectively, of the Clearly, if we could improve model selection, we could
population will be trapped. If the detection probability is shrink the index zone, and the above approaches would yield
60%, at 4 and 10 sessions 97 and 100% of the populatioaven greater benefits. MARK (Burnham and Anderson 1998)
will be trapped. WhemM,,, is used to compare these popula uses different approaches to model selection, and may improve
tions, bias is 38% at four trapping sessions but decreases selection at smaller sample sizes. None of the published pa
11% at 10. However, when increasing the number of trappingers we reviewed used MARK (White and Burnham 1999)
sessions, researchers should consider that repeated captut@sstimate population size and, to our knowledge, MARK
deleteriously impact small mammals (e.g., Slade 1991). has not been directly compared with CAPTURE to deter

(iv) Collect additional indices: multiple independent indi Mine whether this is the case. We suggest that additional
ces can be used to validate an index of abundance to providéork be conducted in the areas of model selection, teleme
further support for its use. In such cases, additional indice§’y, and perhaps study design to potentially expand the abil
should be independently gathered, and not reliant on bait, sy of researchers to validly use population estimators for the
as to provide independent evidence for or against the validitpmaller samples that are predominant in population studies.
of the primary count-based index. Fecal tracking boards Lastly, we believe that there are a number of common
(Emlen et al. 1957) or passive sampling of burrow entrancegpractices which are not valid uses of capture—recapture data
(Boonstra et al. 1992) are potential examples of methods ah the index zone:
obtaining such data for small-mammal studies. (i) Using total number of captures as an index: total Aum

(v) Validate the use of default estimators within the indexber of captures is sometimes used as an index, rather than
zone: a priori knowledge of a species from previous researcM,,,. Total captures is a very weak index that correlates
or external verification of the underlying population attributespoorly with population estimators (Slade and Blair 2000)
via telemetry could be used to justify the use of a default esand emphasizes behavioral differences among animals, es
timator (e.g., Hallett et al. 1991; Manning et al. 1995). In thepecially if the index is used to make comparisons among
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species. In general, indices should not be used to compaBurnham, K.P., and Overton, W.S. 1979. Robust estimation of
relative abundance among species. Strong evidence exists topopulation size when capture probabilities vary among animals.
indicate that capture probabilities vary sufficiently among Ecology, 60: 927-936.
species that indices are likely to fail in cross-species comChao, A. 1988. Estimating animal abundance with capture fre
parisons (Nichols 1986; Slade and Blair 2000). quency data. J. Wildl. Manag2 295-300. _
(i) Correcting enumeration indices according to effort: Chao, A., Lee, S.-M., and Jeng, S.-L. 1992. Estimating population
transforming raw capture—recapture indices into catch per size for captl.Jre.—r.ecaptur.e datq when capture probabilities vary
unit effort indices assumes a linear relationship between cap bY time and individual. Biometrics48: 201-216. o
ture and effort that is unsubstantiated. If trapping effort isEfford. M. 1992. Comment—Revised estimates of the bias in the
so skewed that effort transformations are deemed necessaéY_m'“'m“m number alive” estimator. Can. J. ZoglD: 628-631.
(Beauvais and Buskirk 1999), then data quality may be in Elison. L.E., and van Riper, C., lll. 1998. A comparison of small
sufficient for evaluating populations. mammgl communities in a desert riparian floodplain. J. Mam
(i) Mixing methods within a study: some researchers mnr:r:' 739'T97|ji;]9eS%|_ Fuller, W.A., and Alfonso, P. 1957. Drop
have _begun 'to mix estimators and indices W.'thm a study b ping’ boa’rds for’ poleIation étudieé of small ma{mmals. J. Wildl.
applying indices to smaller samples and estimators to larger Manag.21: 300-314
ones (Sullivan et al. 1998; Von Trebra et al. 1998; Hanley. o '

) . . rnandez, F.A.S., Dunstone, N., and Evans, P.R. 1999. Density-
ar_ld Barnard 1999’ Slade _alnd_BIalr 2000_)' Th'.s _approach dependence in habitat utilization by wood mice in a Sitka spruce
will almost certainly result in differential bias within time

. " . successional mosaic: the roles of immigration, emigration, and
trends or between treatments because the index, which is yyiation among local demographic parameters. Can. J. Zool.

negatively biased, is used for small samples and an estima 77 g97_405.

tor, which can be positively b'anEd.(Table 2); 1S used forHaIIett, J.G., O'Connell, M.A., Sanders, G.O., and Seidensticker,
larger samples. Whether the choice is to use indices or esti 3 1991. Comparison of population estimators for medium-sized
mators, the chosen method must be applied to all compared mammals. J. Wildl. Manags5: 81-93.

data, and the methods of analysis that are appropriate for thgalyorson, C.H. 1982. Rodent occurrence, habitat disturbance, and
weakest compared dataset will determine the methods of seed fall in a larchfir forest. Ecolog$3: 423-433.

analysis for all of the data. Hanley, T.A., and Barnard, J.C. 1999. Spatial variation in popula-
tion dynamics of Sitka mice in floodplain forests. J. Mammal.
80: 866—-879.
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