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1.  Introduction

Little has appeared on general  for either the collection or analysis of bird ringingstrategies
data.  Strategy is important as a biologist contemplates a comprehensive analysis of data, either
exploratory or somewhat more confirmatory.  Such considerations are particularly important in large-
scale studies involving perhaps several study areas, objectives, and several investigators.  Our general
objective is to provide biologists and analysts with practical advice (i.e., a consistent strategy) for
issues surrounding the collection and analysis of ringing data.  The emphasis here is on bird ringing
data where (1) encounters relate to dead birds (Brownie et al. 1985) and the main parameters of
interest are conditional survival ( ) and reporting ( ) probabilities and (2) capture-recapture (C-R)S r4 4

studies of the Cormack-Jolly-Seber type (Lebreton et al. 1992) where the parameters of interest are
the conditional apparent survival ( ) and recapture ( ) probabilities.94 4p

2.  Planning Prior to Data Collection

We first assume that an exciting biological question has been carefully posed.  Secondly, we
must assume the investigator(s) knows the biology of the species to be studied.  If the study involves
a formal experiment, then Burnham et al. (1987), Pollock et al. (1990), and Skalski and Robson
(1992) provide theory, practical advice, and examples to guide nearly all design aspects to be
considered.  Program RELEASE (Burnham et al. 1987) is useful in various stages of planning such
experiments.

It is more difficult to offer such detailed prescriptions if an observational study is called for
(but see papers in Lebreton and North 1993 and volume 22, nos. 5 & 6 of the Journal of Applied
Statistics and references therein).  Adequate sample size of released cohorts is an important
consideration and programs ESTIMATE (Brownie et al. 1985:153-154 and 183-193), RELEASE,
and BAND2 (Wilson et al. 1989) provide options that will aid in determining approximate sample
size required to attain a given level of precision.  Statistical design formally considers trade-offs such
as optimal allocation of ringing vs. recapture effort.  While equal allocation of ringing effort across
years is not terribly non-optimal, it is better to have increased effort in the early years of the study.
This is often the opposite of what is typically done.  Similar allocation issues arise in estimating age-
specific survival probabilities in that more of the younger age classes should be ringed as they
typically have lower survival than older birds.  High probability of reporting ( ) is important and it isr4

often possible to model these parameters during the analysis, particularly if the species is hunted and
hunting pressure varies across the years of the study.
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In capture-recapture studies it is important to measure several covariates related to the
ringing effort (e.g., number of person days, seasonal weather, number of trapping days).  In both
capture-recapture and recovery studies potential covariates related to survival (e.g., environmental
conditions or habitat fragmentation) should be recorded each year, in addition to the more obvious
variables such as age, sex and membership in other categories (e.g., breeding vs. nonbreeding).
Measures of ringing effort can be incorporated directly into C-R models of the recapture
probabilities, thus reducing the number of estimated parameters.  Depending on the study objectives,
covariates (either group covariates for a time or space variable or individual based) thought to affect
survival should also be measured (e.g., winter severity or habitat change, or fragmentation).  This
might include the mass of individual birds, body condition or the parasite load of each bird as these
can be used as an individual covariates, thus allowing the estimation of survival distributions (see
Skalski et al. 1993, Smith et al. 1994 for further examples). Individual covariates that change over
time (e.g., parasite load) are problematic because this variable is not observed in years when a
particular bird is not encountered or when the bird was never encountered, following release.

Precision of estimated parameters increases as the number of released birds increase and as
encounter probabilities (i.e., capture or recovery probabilities) increase.  Thus,  rings mightREWARD

be considered to increase ring recovery probabilities (Nichols et al. 1995).  In general there is more
information in increasing the encounter rate relative to increasing the numbers ringed (see Burnham et
al. 1987: 315).  Ringing studies are best when one achieves high encounter rates of each bird every
year it is alive.  These issues can be considered fairly easily with available software.  Analysis
methods assume that rings do not fall off or corrode such that the number becomes illegible.

Observational studies are most informative if conducted over long time frames (say, 20 or 30
years).  The value of the data increases with the length of the study.  Relatively little can be learned
from only 3-4 years of ringing, except perhaps in an experiment involving an acute treatment effect.
Large-scale studies require careful coordination, probably best done through a written protocol
(Forsman et al. 1996).  Of course, cause and effect can only safely be established from experimental
studies; only correlational results can be inferred from observational studies.  Often, little can be
salvaged if data collection has been seriously flawed or if the question was poorly posed (Hand
1994).  Field assistants that lack proper training and motivation risk ruining the study and should be
avoided.  We realize, of course, that these issues are never as ideal as one would like, however,
proper attention must be placed on the collection of data (Chatfield 1991, 1995a).

An important issue it the degree to which the ringed birds represent the birds in the
population of interest.  Can inferences be made from the ringed birds to the species in a larger
geographic area (i.e., to birds that were not ringed) or only to the ringed birds?  This relates to the
trapping methods used (e.g., baited traps), timing and site of ringing.  Ringing at several sites might
often be preferable to ringing at a single site in the hope that the population will be better represented
by the ringed birds.  Mallard ducks in eastern Colorado were banded during the winters of 1963-86
in 7 large geographic areas.  This allowed some spatial “replication" as well as the ability to assess
differences in the spatial areas (Wotawa 1993).  While ringing sites are usually not selected at
random, one must guard against ringing at sites having some unusual property that might make birds
at the site nonrepresentative.  It is not desirable to miss ringing in a year once the study has begun.
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3.  Analysis Philosophy

Our intention is to present an analysis strategy that treats model formulation, model selection,
estimation of model parameters and their associated uncertainty in a unified manner, under a common
framework (information and likelihood theory).  The ideas here stem partially from Akaike's papers
and our experience, but also consider the critique by Chatfield (1995b) and other similar literature.
We stress inferences concerning understanding the structure and function of the ringed population,
estimators of relevant parameters, and valid measures of precision.  We assume the reader has a
general familiarity with literature on methods and software for the analysis of ringing data.

The philosophy and theory presented here must rest on well designed studies and careful
planning and execution of ringing protocol.  Many good books exist giving information on these
important issues (Burnham et al. 1987, Cook and Campbell 1979, Mead 1988, Hairston 1989,
Desu and Roghavarao 1991, Eberhardt and Thomas 1991, Manly 1992, Skalski and Robson 1992,
and Scheiner and Gurevitch 1993).  In the following material we will assume that the data are “sound"
and that inference to a larger population is justified by the manner in which the data were collected.

A philosophy of thoughtful, science-based,  modeling is advocated when possible.a priori
Science and biology play a lead role in this  model building and careful consideration of thea priori
problem.  The modeling and careful thinking about the problem are critical elements that have often
received relatively little attention in ornithology.  Instead, there has often been a rush to “get to the
data analysis" and begin to rummage through the ringing data and compute various quantities of
interest.  We advocate a deliberate, focused effort on  model building, as this tends to avoida priori
“data dredging" which leads to over-fitted models (Freedman 1983) and finding spurious effects.  We
realize other, more liberal, philosophies may have their place, especially in more exploratory phases
of investigation.

The size or dimension ( =number of parameters) of some ringing models can be quite highK
and this has increased substantially over the past two decades.  Open capture-recapture and ring
recovery models commonly have 30 – 60 estimable parameters for a single data set and might have
well over 200 parameters for the joint analysis of several data sets (see Burnham et al. 1996).  These
are applications where objective modeling and model selection is essential to answer the question
“ ?"what inferences do the data support

Careful,  consideration of alternative models will often require a change in emphasisa priori
among many biologists.  This  strategy is in contrast to strategies advocated by others wherea priori
they view modeling and data analysis as a highly iterative and interactive exercise.   Such a strategy,
to us, represents deliberate data dredging and should be reserved for early exploratory phases of an
initial investigation.

4.  Models and Data

Of necessity data analysis will need to be based on a model to represent the information in
the data; these models involve parameters (e.g., ).  Omnibus methods have beenS, , p, f, r, N, B9
developed to achieve valid inference from models that are good approximations to ringing data (e.g.,
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various extensions of the Cormack-Jolly-Seber model – note Jolly (1965) anticipated many of these
extensions some 33 years ago).  A broad definition of ringing data is employed here; the data might
be a single, simple data set as the subject of analysis.  Increasingly, ringing data collected from several
field sites might be the subject of a more comprehensive analysis (e.g., Burnham et al. 1996).  These
large-scale studies might commonly be extensive and partitioned by age, sex, species, treatment
group, within several habitat types or geographic areas.  There are often factors (variables) with large
effects in these rich data sets as well as a myriad of smaller effects, both fixed and random.
Parameters in the model represent these factors or effects.

Fisher's  method has been the primary, omnibus approach toMaximum Likelihood
parameter estimation in ringing studies (relatively few alternatives have been proposed), but it
assumes the model structure is known and that only the parameters in that structural model are to
be estimated.  That is, if one assumes or somehow chooses a particular model structure, methods
exist that are objective and asymptotically optimal for estimating model parameters and the model-
based sampling covariance structure if the model is “correct."  Given an appropriate model and if the
sample size is “large" then maximum likelihood provides estimators of parameters (MLEs) that are
consistent (i.e., asymptotically unbiased, variance tending to zero), fully efficient (i.e., minimum
variance among consistent estimators), and normally distributed.  In addition, profile likelihood
intervals or log-based intervals can be used to achieve asymmetric confidence intervals with good
coverage properties.  In general, ML provides an objective, omnibus theory for estimation of model
parameters and the sampling covariance matrix, given an appropriate model.

5.  The Critical Issue:  “What Model To Use?"

While hundreds of books and countless journal papers deal with estimation of model
parameters and their associated precision, relatively little has appeared concerning model
specification (what set of candidate models to consider) and model selection (what model(s) to use
for inference) (see Peirce 1955).  In fact, R. A. Fisher believed at one time that model specification
was outside the field of mathematical statistics and this attitude prevailed within the statistical
community for several decades until, at least, the early 1970s.  “ is  criticalWhat model to use?" the
question in making valid inference from data in the biological sciences.

If a poor or inappropriate model is used, then inference based on the data and this model will
often be poor.  Thus, it is clearly important to select an appropriate model for the analysis of a
specific data set; however, this is not the same as trying to find truth (i.e., the “true model" – there is
no  model).  Model selection methods with a deep level of theoretical support are required and,true
particularly, methods that are easy to use and widely applicable in practice.

6.  Science Inputs – Formulation of Set of Candidate Models

Model formulation is the point where the scientific and biological information formally enter
the investigation.  The published literature, field experience, and the biological question posed must be
used to formulate a set of  candidate models.  Good approximating models in conjunctiona priori
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with a good set of relevant data can provide insight into the underlying population process of interest.
Starting with a good global model will help protect the analyst from selecting a bad fitting model.

Interesting biological questions come from the scientific literature, prior results of manipulative
experiments, personal experience while taking the field data, or contemporary debate within the
scientific community.  More practical questions stem from management controversies, biomonitoring
programs, quasi-experiments, and even judicial hearings.  Such questions are represented as models,
or differences between models.

Development of the  list of candidate models should include a global model; a modela priori
that has many parameters, includes all relevant effects and reflects causal mechanisms thought likely,
based on the science of the situation.  Specification of the global model should not be based on a
probing examination of the data to be analyzed.  Models with fewer parameters can then be derived
as special cases of the global model.  This set of reduced models represent plausible hypotheses
based on what is known or hypothesized about the process under study.  Generally, alternative
models will involve differing numbers of parameters; often the number of parameters can differ by at
least an order of magnitude across the candidate models.  Chatfield (1995b) writes concerning the
importance of subject-matter considerations such as accepted theory, expert background
knowledge, and prior information in addition to known constraints on both the model parameters and
the variables in the models.  All these factors should be brought to bear on the makeup of the set of
candidate models, prior to actual data analysis.

The more parameters used, the better the fit that can be achieved to the particular data at
hand.  Large and extensive data sets are likely to support more complexity (larger ) and this shouldK
be considered in the development of the list of candidate models.  If a particular model structure or
parameterization does not make biological sense, it should  be included in the list of candidatenot
models.  In developing the list of candidate models, one must recognize a certain balance between
keeping the list small and focused on plausible hypotheses, while making it big enough to guard
against omitting a very good,  model.  While this balance should be considered, we advise thea priori
inclusion of all models that seem to have a reasonable justification, prior to data analysis.  While one
must worry about errors due to both under-fitting and over-fitting, it seems clear that over-fitting is
less damaging than under-fitting (Shibata 1989).  Here we judge under- and over-fitting relative to a
best approximating model – an optimal trade-off between bias and variance.  Then under-fitting is
failing to recover information that is supported (as an inference to the population) by the data, while
over-fitting is making an inference to the population about a feature of the sample that is quite unique
to that sample.  Under-fitting leads to a model with too few parameters and an overestimation of
precision, while confidence interval coverage is likely to be well below the nominal level.  Over-fitting
leads to finding spurious effects and an unnecessary loss of precision.

Here, we advocate the deliberate exercise of carefully developing a set of, say, 4-20
alternative models as potential approximations to the data available and the scientific questions being
addressed.  Some practical ringing studies might have as many as 70-100 or more models that one
might want to consider, but we hope these are exceptions rather than the rule.  This set of models,
developed without first deeply examining the data constitute the set of “candidate models."
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Chatfield (1995b) suggests there is a need for more  (than is usually evident)careful thinking
and a  between the problem (biological question), analysis theory, and data.  Toobetter balance
often, the emphasis is focused on the analysis theory and data available, with too little thought about
the reason for the study in the first place (see Hayne 1978 for convincing examples).  The set of
models should be understandable in terms of study objectives and design and any model structure
and its parameters should be interpretable.

7.  Model Selection

After several years of investigating methods for use in selecting a good approximating model
for capture-recapture and ring recovery data, we have concluded that only the information theoretic
methods have a deep theoretical foundation and philosophical basis, while being generally applicable
and easy to use in the analysis of ringing data.  In particular, Akaike's Information Criterion (AIC)
(Akaike 1973, 1974, 1977, 1978, 1981a and b, 1983, 1985, 1992, 1994, Bozdogan 1987, and
deLeeuw 1992) is recommended here:

 AIC = –2log( ( ) ) 2^
_ ) ± �x K ,

where log( ( ) ) is the value of the maximized log-likelihood function and  is the number of^
_ ) ± x K

estimable parameters in the model.  AIC can only select the best model from the  set; if gooda priori
models are not in this set, they will remain out of consideration.

If  is large with respect to the sample size ( ), then a second order version (Sugiura 1978,K n
Hurvich and Tsai 1989, 1991 1994, 1995) is useful (when, say  < 40),n/K

 AIC  = 2log( ( )) + 2   ,^
- � �_ ) K 2 ( 1)

1
K K

n K
�

� �

alternatively,

              AIC  = 2log( ( )) + 2  .^
- � _ ) KŠ n

n K–� 1‹
At some point, one should investigate the fit of the global model to the data (e.g., formal ;#

goodness-of-fit tests).  If the fit is adequate (say a nonsignificant  at  = 0.15) is seems safe to; !#

proceed.  If the fit is poor, then a variance inflation factor  can be computed from the global modelĉ
as /df (Wedderburn 1974).  If  is less than, say, 3-4 one might conclude there is some effect of^;#

190
c

heterogeneity, a slight violation of independence, or some small failure of the structural component of
the model and proceed to use QAIC or QAIC  (below) for model selection.  If  > 4 or 5 one might^- c
want to reconsider the global model and what was thought to be understood about the problem at
hand.  Possibly the data are in error or the structure of the model has not been interpreted correctly
by the computer software being used.  At this point the analysis may take a more exploratory nature.
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Many sets of ringing data exhibit overdispersion (Eberhardt 1978, Burnham et al. 1987) or
some structural failure that cannot be easily modeled and in these cases, model selection should be
based on criteria that account for this, 

 QAIC = 2 log( ( )) 2  ^� Î’ “_ ) c K^  + 

or

 QAIC  =   2 log( ( )) 2   ,^
- � Î �’ “_ ) c K^  + 

2 ( 1)
1

K K
n K

�
� �

where  is an estimated variance inflation factor.  When no overdispersion exists,  = 1, then theĉ c
formulae for QAIC and QAIC  reduce to AIC and AIC , respectively (see Anderson et al. 1994).- -

AIC, AIC  and QAIC  are estimates of the Kullback-Leibler (K-L) distance or- -

discrepancy, a fundamental quantity in information theory (Kullback and Leibler 1951, Kullback
1959).  In the case of iid observations, AIC is equivalent to the computationally intensive cross
validation method (see Stone 1977).  There are other estimators of the Kullback-Leibler distance,
but these are more complicated (see Takeuchi 1976 and reviews by Shibata 199_).  We warn
against the use of the so-called dimension-consistent methods (see Anderson and Burnham 1999).
In general, we are not denying the value of advanced Bayesian methods, only to note their
computational complexity and the fact that these methods remain relatively unknown to biologists.

The use of AIC has had many practical and theoretical advantages and we have continued to
explore this general issue in the context of ring recovery and capture-recapture data (Burnham and
Anderson 1992, Anderson et al. 1994, Burnham et al. 1994, 1995a and b, Anderson et al. in press).
However, Akaike's paradigm goes beyond merely the computation and interpretation of AIC to
select a parsimonious model for inference from empirical data.  Akaike suggested increased attention
on a variety of considerations and modeling  to the actual analysis of data.  These considerationsprior
have refocused on the need for careful planning prior to data collection and the reasons for the study
in the first place.

A best approximating model is achieved by properly balancing the errors of under-fitting and
over-fitting (see Linhart and Zucchini 1986).  Stone and Brooks (1990) comment on “... straddling
pitfalls of underfitting and overfitting" – the Principle of Parsimony.  The proper balance is the trade-
off such that bias and variance are controlled to achieve confidence interval coverage at
approximately the nominal level.  Proper model selection rejects a model that is far from reality and
attempts to identify a model in which the error of approximation and the error due to random
fluctuations are well balanced (Shibata 1983, 1989).

After a carefully defined set of candidate models has been developed, one is left with the
evidence in the data; the task of the analyst is to interpret this evidence from analyzing the data.
Questions such as “what effects are supported by the data?" can be answered objectively.  This
modeling approach allows a clear place for experience (i.e., prior knowledge and beliefs), the results
of past studies, the biological literature and current hypotheses to formally enter the modeling
process.
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8. Model Selection Uncertainty

Only in recent years has it been widely realized that the estimated standard errors from the
selected model are frequently too small (i.e., the precision has been overestimated).  This is because
the uncertainty due to model selection has not been incorporated as a variance component in
measuring precision.  Often, there is substantial uncertainty in the best approximating model to select
for inference.  Practical methods for dealing with model selection uncertainty are at the state of the
science and a full review of this subject here would take us too far astray.  Instead, we mention two
approaches that provide insight into the amount of uncertainty in model selection.  In the first
approach, differences in AIC are computed as  = AIC() – AIC(min), over all candidate models.?3 i
This simple rescaling allows one to rank the candidate models.  In fact, the -AIC values provide a?
ratio scale, a true zero relative to the best model in the set.  These values are estimates of the K-L
distance between the best model and other models in the set and allow a quantitative measure of
model plausibility.  Preliminary research suggests that for models having  < about 2-3, these?3

models are nearly tied and inference should be based on that subset of models. Models with ?3

values > about 7-10 are relatively poor and should not receive any substantial consideration.  Models
with  values in the range of about 3-7 have some support.?3

The second approach goes further in that models can be calibrated to provide the relative
plausibility via normalized AIC weights computed as

  =  {exp(- /2)}/ {exp(- /2)}.                 w3 3 3? ?!
Because –AIC/2 is an approximately (the approximation gets better if there are some good models in
the set) asymptotically unbiased estimate of the expected log-likelihood of the model, then
exponentiating – /2 is an estimate of the relative, expected likelihood of each model.  This?
calibration goes beyond just ranking the models according to their K-L distances from the best
model.

In some cases, a particular parameter occurs in all models; this is often the case when
prediction is of interest.  Here, an analytic expression (Buckland et al. 1997) allows unconditional
estimates of sampling variance of that parameter, using,

                 var( ) = var( ) + (  – )  , ̂ ^ ^ ^^ -̂
) ) ) ) )� �!w   3

É
3 3

#±

#

where the first term under the radical is the MLE of the sampling variance, conditional on the model,

the second term represents the variance in the parameter of interest, across the models, and  =
-̂
)!w3 3) )^ ^.  This unconditional variance can be used in setting confidence limits on either  or the

model-averaged .  This method also has applicability in cases where a specific parameter (i.e., ,
-̂
) S%
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the conditional survival in year 4) may not appear explicitly in each model in the set of candidates,

however,  can be gotten from a model that assumes conditional survival is constant across years.Ŝ%

The third approach is to drawn a large number (at least 1,000) bootstrap samples from the
ringing data, analyze each of these samples using the full list of candidate models, use AIC to select
the best model for each bootstrap sample, and store the MLEs for the parameters.  Averaging the
estimates from each bootstrap sample provides the bootstrap estimate and confidence intervals can
be set by using the lower and upper percentiles of the ordered, individual bootstrap estimates for
each parameter.  This approach, while computer intensive, allows model selection uncertainty to be
directly incorporated into the inference.  Shibata (199_) provides extended bootstrap methods in
model selection.

9.  Models vs. Full Reality

We believe that “truth" in the biological sciences has essentially infinite dimension and that full
reality cannot be revealed with only finite samples of data and a “model" of those data.  Bird
populations are complex with many small effects (e.g., individual heterogeneity) and interactions; we
can only hope to identify a model that provides a good  to the data availableapproximation
(Anderson and Burnham 199_).  Full truth (reality) is elusive!  Proper modeling tells what the data
support, not what full reality might be (White et al. 1982:14-15).  Increased sample size (information)
allows us to chase full reality, but never quite catch it.

10.  Analysis

Many ringing studies will address models including age ( ), sex ( ), location/site (), years ( ),a s l t
or treatment/control group ( ) and this might lead to consideration of models with some interactionsv
( ) or linear submodels without interactions ( + ) (see Lebreton et al. 1992 for other examples).t*a t a
Software such as MARK (White and Burnham 199_), POPAN5 (Arnason and Schwarz 199_),
SURGE (Pradel and Lebreton 1991), and SURPH (Smith et al. 1994) allow such models to be fit
easily.  Models with age-specific parameters are relatively difficult, especially if there are more than 2
age classes.  The analysis of ringed birds where individual covariates have been taken is a relatively
new an exciting methodology and should be given careful attention when initiating a ringing study.

In Lebreton et al. (1992) we suggested first modeling and testing to arrive at a parsimonious
structure for the sampling probabilities and secondly, using an appropriate submodel for these, turning
to address a parsimonious structure for the survival probabilities.  We (DRA and KPB) no longer
recommend this two stage approach nor the use of formal hypothesis tests to arrive at a parsimonious
model for inference.

The study of conditional survival and sampling probabilities as functions of covariates is
increasingly important.  Here, it is tempting to obtain MLEs of annual survival probabilities and then
regress these estimates against, say, an annual measure of winter severity as a separate analysis.  This
is poor procedure because the estimates often have substantial sampling correlations and unequal
sampling variances, making the separate ordinary least squares approach invalid.  If covariates are
available, they should be incorporated into the log-likelihood as a submodel or, perhaps, treated in a
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random effects context (Burnham 199_).  Computer software allows these models to be easily built
and analyzed (e.g., MARK, SURPH and SURGE).

Some overdispersion may be common in ringing data, caused by ringing brood mates, pairs
at the nest, or members of social groups.  This lack of independence causes the estimated sampling
variances and covariances to be underestimated (i.e., the actual variability is larger than that
estimated).  The simple variance inflation approach mentioned in section 7 (see Burnham et al.
1987:243-246) is useful.  The sampling variances and covariances of the parameter estimates from
the selected model are inflated by .  Generally, 1 3 for many sets of ringing data that we have^ ^c cŸ Ÿ

seen (see Anderson et al. 1994).  A  > 1 should be supported by some biological reason forĉ
overdispersion (e.g., banding of brood mates); otherwise the value may reflect some structural
inadequacy in the global model.  Even when structural inadequacy is present, it may be appropriate to
use a variance inflation factor to reflect the added uncertainty when it is not possible to model this
residual structure.

Sometimes there exists special interest or controversy over a particular effect or factor.  For
example, this might be an effect on survival caused by the attachment of a radio transmitter.  Thus, in
the simplest case, birds in a control group are ringed and released simultaneously with the ringed
treatment group, each with a radio transmitter attached.  We denote this special effect as .<
Traditionally one might try to “test" for the “significance" of such a survival effect, .  We<
recommend, instead, including models with and without this effect in the set of candidate models.  If
the (best) selected model does not include , then some inference about  can be gotten from the< <
model that includes this effect, , by examining itsbut is otherwise the same as the selected model

estimate ( ) and its estimated standard error.  Here, it is likely that the effect size will be relatively<̂
small and its estimated standard error will be relatively large, although perhaps the result will not be

so clear.  If the selected model includes , then  and the unconditional se( ) can be examined and^ ^^< < <
inferences made concerning the effect or factor of interest.

It is important to perform comprehensive analyses when ringing data reflect multiple factors
such as sites, gender, age, or breeding status.  Such data sets should not be addressed piecemeal, but
rather as a single, coherent analysis.  Here an overall parsimonious model using link functions to allow
parallelism in sex effects over years will often provide deep insights into the process of interest
(Catchpole et al. 1995, Brownie et al. 1993, Nichols et al. 1993).  Software such as MARK,
SURPH and SURGE allow easy model building and model selection.

11.  Data Dredging

The process of analyzing data with few or no  questions, by subjectively anda priori
iteratively searching the data for patterns and “significance," is often called by the derogatory term of
“data dredging."  Here the data are “submitted for analysis" in the hope that the computer and several
hypothesis test results will provide information on “what is significant?".  We believe that such a
dredged model is probably over-fitted and unstable (highly variable results obtained over different
replicate samples) (Freedman 1983).
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Examples of data dredging include the examination of annual estimates of conditional survival
probabilities and noting that two are quite less than the others.  Then one begins to search (fish) for
possible explanations and incorporate these into new models, after having noticed the pattern in the
estimates.  Similar data-dependent  considerations can often suggest linear or nonlinearpost hoc
relationships and interactions and, therefore, lead the investigator to consider additional models.
These activities should be avoided, at least until after the  considerations have been put ina priori
place, as they probably lead to over-fitted models with spurious effects and variables.  This type of
data-dependent, exploratory data analysis might have a place in the earliest stages of understanding a
scientific issue and should probably remain unpublished.  We can only recommend that the results of
such approaches be treated as possible hypotheses, new data collected to address these effectively,
and then submitted for a comprehensive and largely  strategy of analysis such as we advocatea priori
here.  To a large degree, data dredging represents poor science.

Two types of data dredging might be distinguished.  The first is that described above; a highly
interactive, data dependent, iterative  approach where the analyst makes subjective choicespost hoc
at each iteration or branching point in the process.  Here, there seems little hope to be able to
quantify the precision of the estimates or objectively judge model structure.  The second is also
common and also leads to likely over-fitting.  In this second type, the investigator also has little (or
does not chose to pursue)  information, thus “all possible models" are considered asa priori
candidates.  For many ringing studies, the number of candidate models in this approach can be large.
At least this second type is not explicitly investigator-dependent, whereby the investigator is making
subjective decisions based on prior analysis results.  Also, it is usually a one pass strategy; rather than
taking the results of one set of analyses and inputting some of these results into the consideration of
new models.  In some applications, computer software often can systematically search all such
models nearly automatically and, thus, the strategy of trying all possible models (or, at least, a very
large number of models) continues to be popular.  At least, if this approach is combined with
estimates of unconditional sampling variances, and perhaps model averaging, one might expect to
obtain valid estimates of precision.  Still, we wonder if many inferential situations might be
substantially improved if the researcher tried harder to focus on the science of the situation before
proceeding with such a blind approach.

We certainly encourage people to understand their data and the science question of interest.
We advocate some examination of the data prior to the formal analysis to detect obvious outliers and
outright errors.  One might examine the goodness of fit tests from a carefully-chosen global model to
look for overdispersion (Lebreton et al. 1992, Anderson et al. 1994).   However, if a particular
pattern is noticed while examining the residuals and this leads to including another variable, then we
would suggest caution concerning data dredging and its likely outcome.  Often, there can be a fine
line between a largely  approach and some degree of data dredging.a priori

12.  Hypothesis Tests

Over the past 20 years, modern statistical practice has been moving away from traditional
methodologies based on formal statistical hypothesis testing (Yoccoz 1991, Bozdogan 1994,
Johnson 1995, Stewart-Oaten 1995, Nester 1996).  The historic emphasis on statistical hypothesis
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testing will continue to diminish in the years ahead (e.g., see Bozdogan 1994), with increasing
emphasis on estimation of effect sizes and associated confidence intervals (Graybill and Iyer
1994:35).  Thorny theoretical issues arise when testing hypotheses in the presence of nuisance
parameters; and this is of particular concern in ringing studies where the sampling probabilities (the
p , f r4 4 4 or ) are an integral component of the models.  In particular, hypothesis testing for model
selection is often poor (Akaike 1981b) and will surely diminish in the years ahead.

The hypothesis testing approach has a variety of problems, many of which are well known,
but often ignored in the practical analysis of ringing data.  These include the arbitrary  levels (e.g.,!
0.05 level), multiple testing problems, various tests within a data set have differing power,
interpretation of the observed significance levels (there may be several dozen of these values), andP-
the fact that likelihood ratio tests between nonnested models do not exist.  Ideally, the -level should!
be a function of sample size, the covariance matrix, and the number of tests to be performed.  Tests
of various hypotheses within a single data set are not independent, making inference difficult.  The
order of testing is arbitrary and differing test order (e.g., stepup vs. stepdown) will often lead to
different final models.  Likelihood ratio tests often employ a model as the null hypothesis in one test
and the same model as the alternative hypothesis in another test; this raises the issue of the distribution
of the test statistic under the ever changing “null."  Finally, there seems to be no theory saying how the
results of such tests are to be used to build a parsimonious model with good inferential properties;
instead, there are only  rules with little or no theoretical basis.ad hoc

Often, effort is spent testing hypotheses that are  false (see Johnson 1995).  Forobviously
example, testing the hypothesis that conditional survival probabilities over 18 years are equal (i.e.,
S S S" # ")= = = ) seems pointless; the hypothesis is obviously false, so why test it?  Similarly,† † †
formal tests for differences in conditional survival or sampling probabilities by age or sex seem
misguided (e.g., surely survival differs between young and adult birds over a period of several
years!).  The central issues here are twofold: first, one must know if the differences are large enough
to justify inclusion in a model to be used for inference (this is a ) and,model selection problem
secondly, one wants to know the  of the difference (the “effect size" – e.g., trivial, small,magnitude
medium, large) and a valid measure of precision (this is an ).  These centralestimation problem
issues are not ones of hypothesis testing for many problems in ringing studies.  To our knowledge,
none of the testing-based selection methods allow a ranking of the candidate models nor a calibration
to selection uncertainty; these issues pose severe limitations to inference from ringing data.

13. Summary

We hope the material here does not appear to be too dogmatic or idealized.  We have tried
to synthesize concepts that we believe are important and incorporate these as recommendations or
general advice.  We realize there are other approaches; some people may still wish to test hypotheses
to build models of empirical data, and that others may have a more lenient feeling towards data
dredging than we advocate here.  However, we are compelled by careful planning of the ringing
study, the  approach of building candidate models, the use of information theoretic criteria fora priori
selecting a best approximating model, the use of likelihood theory for deriving parameter estimators,
and incorporating model selection uncertainty into the statistical inferences.
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Information theoretic methods that are estimates of Kullback-Leibler information (1) identify
an estimated best approximating model from the set of  models considered, (2) provide aa priori
ranking of the candidate models, (3) allow the means to quantify model selection uncertainty and (4)
allow estimates of unconditional precision.  Such information allows a relatively deep level of insight
and tends to avoid trying to pretend that issues are “black or white" when, in fact, they are more
complex that such a simple classification.

Computational restrictions prevented biologists from evaluating alternative models until the
past two decades or so.  Thus, people tended to use an available model, without careful
consideration of alternatives.  Present computer hardware (Pentium processors) and software
(MARK, POPAN5, RELEASE, SURPH and SURGE) make it possible to consider a number of
alternative models as an integral component of comprehensive data analysis.

Perhaps we cannot totally overcome problems in estimating precision, following a data-
dependent selection method such as AIC (e.g., see Dijkstra 1988).  This limitation certainly warrants
exploration as model selection uncertainty is a quite difficult area of inference.  However, we must
also consider the “cost" of  selecting a good parsimonious model for the analysis of a particularnot
data set.  That is, a model is just somehow “picked" independent of the data and used to
approximate the data as a basis for inference.  Then, one does not know (or care?) if it fits, over-fits,
under-fits, etc.  This naive strategy certainly will incur substantial costs.  Alternatively, one might be
tempted into an iterative, highly interactive strategy of data analysis (unadulterated data dredging) –
again there are substantial costs in this approach (e.g., subjectivity and lack of valid measures of
precision).  The cost of not selecting a reasonably parsimonious model for data analysis is rarely
considered.
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