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Real and quasi-experiments in capture-
recapture studies: suggestions for advancing
the state of the art

MICHAEL J. CONROY, USGS, Georgia Cooperative Fish and Wildlife Research

Unit, University of Georgia, USA

Carl Schwarz has done a commendable job of reviewing the analysis of capture-

recapture (CR) data in an experimental context. I would like to add a few

observations of my own on this subject, and then suggest some areas in which I

think that Carl’ s paper points the way for future research on ways for advancing

the state of the art of CR analysis to deal adequately with experimentation.

Future directions in capture-recapture modelling of experiments

Capture- recapture (CR) will continue to be an important tool in conservation

and management, which must increasingly move into an experimental or semi-

experimental mode. Carl has suggested several areas in which current CR method-

ology deals inadequately with data collected under experimental designs. Below I

amplify a few of these points, and make some suggestions for advancing CR in an

experimental and quasi-experimental context.

Representativeness

Carl has forcefully made the point that we have been all too casual about the

degree to which CR samples are representative of a target population of interest.

Reliance on Cormack- Jolly- Seber (CJS) rather than Jolly- Seber ( JS) assumptions

has allowed us to be a bit lazy in this regard, in that under the former we can make

a case that the analyses are conditional on the ® rst releases, and therefore not

`biased’ by the fact that these releases may be from a very non-representative
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sample of a biological population of interest. Under JS, of course, we cannot make

this claim, and necessarily must make explicit assumptions about the process under

which the ® rst captures themselves occur, in order to estimate abundance and

recruitment validly, in addition to survival rates. However, even though CJS models

clearly `work’ in the absence of such assumptions, we should realize that the

resulting estimates might be far from satisfactory, with respect to inferences about

a biological population. Because under experimental designs we are (or should be)

always concerned about population-level inferences, we cannot (if we ever could)

be cavalier about the issue of representativeness, even if CJS models are used for

estimation. Clearly, experimenters must ensure that CR samples actually represent

the experimental populations being manipulated. In cases where individual move-

ment, capture heterogeneity, or other factors result in violation of this assumption,

these eþ ects must somehow be estimated and included in the estimation of

treatment e þ ect.

Estimation and prediction of eþ ects and quasi-experiments

Increasingly, ecologists are recognizing the limitations of classical null hypothesis

testing, even when applied to designed experiments ( Johnson, 1999; Anderson

et al., 2000). I think this trend will continue, and that model building, the

estimation of experimental eþ ects, and response-surface analysis will gradually

replace statistical hypothesis testing, even for designed experiments.

Regardless of the statistical approach, inferences about causation will be strongest

when the data come from carefully designed studies that include experimental

controls, randomization, and replication. However, the ability to perform experi-

ments under a such a `classical’ experimental design (CED) is very much dependent

on the nature of the system being examined, and the de® nition of what constitutes

a `factor’ or an `experimental unit. I think that `quasi-experimental designs’ (QED)

will increasingly be recognized as legitimate tools for the estimation and prediction

of e þ ects, especially in conservation and management. Whereas QEDs, by de® ni-

tion, sacri® ce some of the assumptions of classical design, they still involve inference

about a target population; thus, these designs, including those involving CR, must

also be concerned with the same issues of variance control and estimation as

CEDs. However, by relaxing some of the requirements of CED, QEDs will often

enable inferences at scales of spatial or temporal resolution that are otherwise

impossible. I would argue that even where CED is possible, a QED that sacri® ces

some classical assumptions but can be conducted at a scale that is more ecologically

realistic (and useful to management), may be preferable to a CED conducted at

an inappropriate spatial or temporal scale.

Multiple alternative hypotheses, decision theory, and adaptive management

The model-building paradigm mentioned earlier is closely related to other themes

in quantitative resource management, and indeed science in general. One of these

is the idea, going back to Chamberlin (1897), of `multiple working hypotheses’ .

Under this approach, science does not advance by the examination of null hypo-

theses, one at a time, but rather by the simultaneous comparison of several plausible

alternative hypotheses. This approach avoids the pitfalls of testing null hypotheses

that are patently false (e.g. absolutely no diþ erence among experimental popula-

tions), in that each alternative is speci® ed by a plausible biological model (e.g. a
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linear response, two diþ erent threshold responses). It also ® ts nicely into an

information theoretic framework (Burnham & Anderson, 1998), in which each

model (and associated parameter estimates) receive an `information weight,’ which

roughly may be viewed as the current weight of evidence in favour of the model.

Also unlike hypothesis testing, such an approach lends itself naturally to the

interests of management, which generally involves making predictions and taking

management actions based on the best current understanding of a system’s likely

response to the management intervention. In most cases there will be more than

one plausible response of a system to a particular management action. Information

theoretical methods such as AIC (Burnham & Anderson, 1998) allow data-based

estimation of the plausibility of alternative models. In turn, decision theory (Berger,

1985) allows explicit consideration of uncertainty in decision making; process or

structural uncertainty can be captured by means of alternative process models,

with information theory providing the data-based weights. The results of experi-

ments, quasi-experiments, or sample surveys are thereby placed in an optimization

framework more conducive to resource management, and removed from a hypo-

thesis testing framework, wherein a `decision’ to accept or reject a hypothesis still

leaves the manager with the question of what action to take. Finally, adaptive

management (Walters, 1986; Johnson et al., 1993) provides a means of `feeding

back’ information gained as a result of management actions, in which CR and

other data are used to update model weights via Bayes’ Theorem.

Summary

Carl’ s paper should help to remind us that CR analytical methods cannot be

divorced from the principles of sampling and experimental design. Issues of the

de® nition of experimental units and factors, and the appropriate estimation of

variance components, are crucial aspects of CR design and analysis, and are yet to

be completely resolved. `New’ analytical approaches such as Bayesian methods

may help to overcome some technical diý culties in this area. A paradigm shift is

occurring, in which emphasis is shifting away from hypothesis testing, and toward

model building based on information theory. Simultaneously, model uncertainty is

increasingly recognized as relevant to model building, prediction, and management,

as formalized under decision theory and adaptive management. Carefully designed

and properly analysed CR experiments and quasi-experiments, conducted at

appropriate spatial and temporal scales, can be key components of this process.
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