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Abstract. Selection of a proper model as a basis for statistical inference from capture—
recapture data is critical. This is especially so when using open models in the analysis of
multiple, interrelated data sets (e.g., males and females, with 2-3 age classes, over 3-5
areas and 10-15 yr). The most general model considered for such data sets might contain
1000 survival and recapture parameters. This paper presents numerical results on three
information-theoretic methods for model selection when the data are overdispersed (i.e.,
a lack of independence so that extra-binomial variation occurs). Akaike’s information
criterion (AIC), a second-order adjustment to AIC for bias (AIC,), and a dimension-
consistent criterion (CAIC) were modified using an empirical estimate of the average
overdispersion, based on quasi-likelihood theory. Quality of model selection was evaluated
based on the Euclidian distance between standardized § and  (parameter 8 is vector valued);
this quantity (a type of residual sum of squares, hence denoted as RSS) is a combination
of squared bias and variance. Five results seem to be of general interest for these product-
multinomial models. First, when there was overdispersion the most direct estimator of the
variance inflation factor was positively biased and the relative bias increased with the
amount of overdispersion. Second, AIC and AIC,, unadjusted for overdispersion using
quasi-likelihood theory, performed poorly in selecting a model with a small RSS value
when the data were overdispersed (i.e., overfitted models were selected when compared to
the model with the minimum RRS value). Third, the information-theoretic criteria, ad-
justed for overdispersion, performed well, selected parismonious models, and had a good
balance between under- and overfitting the data. Fourth, generally, the dimension-consis-
tent criterion selected models with fewer parameters than the other criteria, had smaller
RSS values, but clearly was in error by underfitting when compared with the model with
the minimum RSS value. Fifth, even if the true model structure (but not the actual pa-
rameter values in the model) is known, that true model, when fitted to the data (by parameter
estimation) is a relatively poor basis for statistical inference when that true model includes
several, let alone many, estimated parameters that are not significantly different from 0.
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INTRODUCTION

Open models based on the
Cormack-Jolly—Seber model

Pollock et al. (1990) summarize the state of the sci-
ence for the general Jolly-Seber model, which includes
time-specific parameters for population size (V,), prob-
ability of capture (p;), and number of new recruits (B,_,)
attimeifori=1,. .., kand the probability of survival
(¢,), during the interval i to i + 1. Anderson et al.
(1993) suggest some general trends in capture-recap-
ture modeling in open populations. In particular, in
recent years, interest has increasingly focused on the
Cormack-Jolly-Seber (CJS) model in recognition of
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Cormack’s (1964) paper as well as the papers by Jolly
(1965) and Seber (1965). The CJS model is a product-
multinomial model incorporating only time-specific
survival (¢,) and recapture (p;) probabilities and since
the late 1980s it has seen several major extensions.
Burnham et al. (1987) generalize the CJS model to
allow analysis of multiple data sets, in particular the
cases where there are treatment vs. control group con-
trasts. Lebreton et al. (1992) extend the modeling of the
survival and recapture probabilities in the framework
of a general “analysis of variance” philosophy with an
emphasis on the analysis of multiple data sets and logit-
linear modeling of external variables. Burnham (1991,
1993) provides a major synthesis and unification and
gives the general theory for the joint analysis of cap-
ture-recapture and band recovery data (also see Seber
1982).

Closed-form parameter estimators exist for only a
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few capture-recapture models and those that do exist
are computationally intensive. Computation of test
statistics also involves a substantial amount of calcu-
lation that is quite error-prone if done by hand. Thus
computer software is essential in data analysis, es-
pecially in the case of multiple data sets. Sophisticated
software now exists but is not always easy to use. Pro-
grams RELEASE, SURGE, and SURVIV (see sum-
mary of these programs and others in Lebreton et al.
1992:86) are most relevant here.

Model selection

The primary issue in the analysis of capture-recap-
ture data is that of proper model selection (Burnham
and Anderson 1992). This is especially critical in the
analysis of multiple, interrelated data sets (e.g., males
and females each represented by 2-3 age classes). Such
a study over 10-20 yr (occasions) will also usually have
several “time effects.” As Jolly (1965) anticipated, some
of the survival (¢) or recapture (p) parameters might
also be common across age or sex classes or years, while
others must be sex- or age- or year-specific, or be a
function of external covariates. The statistical naive
approach to analysis of such data is to just fit the most
general model that includes all reasonable effects pos-
sible in the data; we define such a general model as the
‘““global model” (Burnham and Anderson 1992, Le-
breton et al. 1992).

The global model for such a single large, multifactor
data set might have on the order of 200 parameters
and the global model for such data sets over several
geographic areas might contain over 1000 parameters.
This is too many parameters to easily interpret and
usually most of the estimates of these parameters do
not represent (in analysis of variance parlance) statis-
tically significant effects in the data. For these and other
reasons, the selection of a parsimonious model is very
important in data analysis: a finite amount of data will
only “support™ a certain number of parameters and a
limited model structure. Moreover, it is difficult to
conceive ofa “true model” in capture-recapture; rather
as sample size increases, more structure (“effects) can
be identified. Shibata (1989) recommends rejection of
those models far from reality and the selection of a
model in which the error of approximation and the
error due to random fluctuations are well balanced.
Burnham and Anderson (1992) provide further dis-
cussion of these issues and a detailed capture-recapture
example in which the global model contained 46 pa-
rameters. It is worth noting here that these issues about
models, parsimony, model selection, and so forth are
common to much of empirical of experimental ecology
and data-based model selection methods discussed be-
low have far wider application than just capture-re-
capture.

Huggins (1991), Burnham and Anderson (1992), and
Lebreton et al. (1992) recommend the use of Akaike’s
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(1973, 1985) Information Criterion (AIC) as the basis
for model selection in the analysis of capture-recapture
data. Akaike reasoned that if one had an objective
discrepancy measure (similar to a metric) between any
approximating model and the true model, one should
select the approximating model for which this measure
was smallest. Moreover, there are compelling reasons
to use, as Akaike suggested, the Kullback-Leibler (K-
L) discrepancy between two distributions, as the basis
of such model selection. Denoting the true statistical
sampling distribution of the data by f(x) (“truth’’) and
the model by g(x| ) (with a known form but generally
unknown parameters, denoted by ), then the Kull-
back-Leibler discrepancy is

_ S(x)
I, & = f f(X)log[ 20 | 0)] dx.

The K-L discrepancy has its roots deep in information
theory (see, e.g., Kullback 1959) and is by no means
an arbitrary choice of metric here; essentially, I(f, g) is
a unique metric to use in the context of maximum
likelihood theory. Kapur and Kesavan (1992) provide
a current review of information-theoretic measures such
as I(f, g) (but without reference to the model selection
problem in statistical data analysis). Even if a true
(unknown) model exists, the K-L discrepancy is not
observable, nor can it be computed directly from the
sample data. Akaika found a relation between the K-
L discrepancy and an expected log-likelihood, and this
finding has allowed major practical and theoretical ad-
vances in model selection and the analysis of complex
data sets (Bozdogan 1987 provides a statistical review
of AIC).
Noting that I(f; £) can be written as

I(f g = f S)loglf(x)] dx

- ff ()log[g(x | 0)] dx,
leads to

I(f, g) = E,{log[f(x)]} — E,{log[g(x | 0)]}.

The first expectation depends only on the unknown
true distribution, f(x), and is not dependent on any
approximating model, g(x | 0), and its parameters (e.g.,
Sakamoto et al. 1986:45-48). This first expectation can
be considered as an unknown (and not estimable) con-
stant. Akaike (1973, 1985) showed that, apart from
this constant term, the K-L discrepancy is equal to an
expected log-likelihood. Thus to find the model that
maximizes I(f, g) one need only maximize
E.{log[g(x | 8)]}, which is directly related to the log-
likelihood of the model g(x | §) [the likelihood £(8 | data
X) is proportional to g(x | )]. Akaike derived a con-
sistent estimator of E,{log[L(d | data x)]} =
E,{log[g(x| 6]} + an unknown constant, when 8 is es-
timated by maximum likelihood estimation (MLE) (for



