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36 1. Introduction

commonly 0.05 or 0.01; however, Rawlings (1988) recommends 0.15 in the
context of stepwise regression. The multiple testing problem is serious if many
tests are to be made (see Westfall and Young 1993), and the tests are not
independent. Tests between models that are not nested are problematic. A
model is nested if it is a special case of another model; for example, a third-
degree polynomial is nested within a fourth-degree polynomial. Generally,
hypothesis testing is a very poor basis for model selection (Akaike 1974 and
Sclove 1994b). McQuarrie and Tsai (1998) do not even treat this subject except
for a short appendix on stepwise regression—the final three pages in their book.

Cross-validation has been suggested and well studied as a basis for model
selection (Mosteller and Tukey 1968, Stone 1974, 1977; Geisser 1975). Here,
the data are divided into two partitions. The first partition is used for model
fitting; and the second is used for model validation (sometimes the second
partition has only one observation). Then a new partition is selected, and this
whole process is repeated hundreds or thousands of times. Some criterion is
then chosen, such as minimum squared prediction error, as a basis for model
selection. There are several variations on this theme, and it is a useful method
ology (Craven and Wahba 1979, Burman 1989, Shao 1993, Zhang 1993a, and
Hjorth 1994). These methods are quite computer intensive and tend to be im
practical if more than about 15—20 models must be evaluated or if sample
size is large. Still, cross-validation offers an interesting alternative for model
selection.

Some analysts favor using a very general model in all cases (e.g., an over-
fitted model). We believe that this is generally poor practice (Figure 1 .3B).
Others have a “favorite” model that they believe is good, and they use it in
nearly all situations. For example, some researchers always use the hazard rate
model (Buckland et al. 1993) with 2 parameters (K = 2) as an approximating
model to the detection function in line transect sampling. This might be some
what reasonable for situations where a simple model suffices (e.g., K 2
to 3), but will be poor practice in more challenging modeling contexts where
10 < K ~ 30 or more is required. These ad hoc rules ignore the principle of
parsimony and data-based model selection, in which the data help select the
model to be used for inference.

If goodness-of-fit tests can be computed for all alternative models even if
some are not nested within others, then one could use the model with the fewest
parameters that “fits” (i.e., P > 0.05 or 0.10). However, increasingly better
fits can often be achieved by using models with more and more parameters
(e.g., the elephant-fitting problem), and this can make the arbitrary choice of
a very critical. A large a-level leads to overfitted models and their resulting
problems. In addition, other problems may be encountered such as over- or
underdispersion and low power if one must pool small expectations to ensure
that the test statistic is chi-square distributed. Perhaps, most importantly, there
is no theory to suggest that this approach will lead to selected models with
good inferential properties (i.e., an adequate bias vs. variance tradeoff or good
achieved confidence interval coverage and width).
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The adjusted coefficient of multiple determination has been used in model
selection in an LS setting (the adjusted coefficient = 1 — (1 — R2)(~—~),

where R2 is the usual coefficient of multiple determination; Draper and Smith
1981:91—92). Under this method, one selects the model in which this adjusted
statistic is largest. McQuarrie and Tsai (1998) found this approach to be very
poor (also see Rencher and Pun (1980). While adjusted R2 is useful as a de
scriptive statistic, it is not useful in model selection. Mallows’s Ci,, statistic
(Mallows 1973, 1995) is also used in LS regression with normal residuals and
a constant variance and in this special case provides a ranking of the candi
date models that is the same as the rankings under AIC (the numerical values,
C~, vs. AIC, will differ, see Atilgan 1996). The selection of models using the
adjusted R2 statistic and Mallows’s Ci,, are related for simple LS problems
(see Seber 1977:362—369). Hurvich and Tsai (1989) and McQuarrie and Tsai
(1998) provide some comparisons of AIC~ vs. several competitors for linear
regression problems.

Bayesian researchers have taken somewhat different approaches and as
sumptions, and have proposed several alternative methods for model selection.
Methods such as CAIC, BIC (SIC), WIC, and HQ are mentioned in Section 2.8,
as well as full Bayesian model selection (see especially Hoeting et al. 1999).
These other Bayesian approaches to model selection and inference are at the
current state of the art in statistics but may seem very difficult to understand
and implement and are very computer intensive (e.g., Laud and Ibrahim 1995
and Carlin and Chib 1995). Draper (1995) provides a recent review of these
advanced methods (also see Potscher 1991). Spiegelhalter et al. (2002) have
developed a deviance information criterion (DIC) from a Bayesian perspective
that is analogous to AIC. This seems to represent a blending of frequentist and
Bayesian thinking, resulting in an AIC-like criterion.

The general approach that we advocate here is cne derived by Akaike (1973,
1974, 1977, 1978a and b, and 1981a and b), based on information theory, and
it is discussed at length in this book. Akaike’s information-theoretic approach
has led to a number of alternative methods having desirable properties for the
selection of best approximating models in practice (e.g., AIC, AICC, QAICC,
and TIC—Chapters 2 and 7). Our general advocacy concerning AIC and the
associated criteria is somewhat stronger than that of Linhart and Zucchini
(1986) but similar in that they also recommend objective procedures based on
some well-defined criterion with a strong, fundamental basis.

1.5 Data Dredging, Overanalysis of Data,
and Spurious Effects

The process of analyzing data with few or no a priori questions, by subjec
tively and iteratively searching the data for patterns and “significance,” is often
called by the derogatory term “data dredging.” Other terms include “post hoc
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data analysis” or “data snooping,” or “data mining,” but see Hand (1998) and
Hand et al. (2000) for a different meaning of data mining with respect to very
large data sets. Often the problem arises when data on many variables have
been taken with little or no a priori motive or without benefit of supporting
science. No specific objectives or alternatives were in place prior to the analy
sis; thus the data are submitted for analysis in the hope that the computer and
a plethora of null hypothesis test results will provide information on “what
is significant.” A model is fit, and variables not in that model are added to
create a new model, letting the data and intermediate results suggest still fur
ther models and variables to be investigated. Patterns seen in the early part
of the analysis are “chased” as new variables, cross products, or powers of
variables are added to the model and alternative transformations tried. These
new models are clearly based on the intermediate results from earlier waves of
analyses. The final model is the result of effective dredging, and often nearly
everything remaining is “significant.” Under this view, Hosmer and Lemeshow
(1989:169) comment that “Model fitting is an iterative procedure. We rarely
obtain the final model on the first pass through the data:’ However, we believe
that such a final model is probably overfitted and unstable (i.e., likely to vary
considerably if other sample data were available on the same process) with
actual predictive performance (i.e., on new data) often well below what might
be expected from the statistics provided by the terminal analysis (e.g., Chat-
field 1996, Wang 1993). The inferential properties of a priori versus post hoc
data analysis are very different. For example, (traditionally) no valid estimates
of precision can be made from the model following data dredging (but see Ye
1998).

1.5.1 Overanalysis ofData

If data dredging is done, the resulting model is very much tailored (i.e., over-
fitted) to the data in a post hoc fashion, and the estimates of precision are likely
to be overestimated. Such tailoring overdescribes the data and diminishes the
validity of inferences made about the information in the data to the popula
tion of interest. Many naive applications of classical multivariate analyses are
merely “fishing trips” hoping to find “significant” linear relationships among
the many variables subjected to analysis (Rexstad et al. 1988, 1990, Cox and
Reid 2000).

Computer routines (e.g., SAS INSIGHT) and associated manuals make data
dredging both easy and “effective:’ Some statistical literature deals with the
so-called iterative process of model building (e.g., Henderson and Velleman
1981). One looks for patterns in the residuals, employs various tests for select
ing variables in their decreasing order of “importance,” and tries all possible
models. Stepwise regression and discriminant functions, for example, are used
to search for “significant” variables; such methods are especially problematic
if many variables (Freedman’s paradox) are available for analysis (sometimes
data are available on over 100 variables, and the sample size may often be less
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than the number of variables). These problems of overfitting can escalate when
flexible generalized linear or generalized additive models are employed.

White (2000:1097) notes, “It is widely acknowledged by empirical re
searchers that data snooping [dredgingi is a dangerous practice to be avoided,
but in fact it is endemic:’ Examples of data dredging include the examina
tion of crossplots or a correlation matrix of the explanatory variables versus
the response variable. These data-dependent activities can suggest apparent
linear or nonlinear relationships and interactions in the sample and therefore
lead the investigator to consider additional models. These activities should be
avoided, because they probably lead to overfitted models with spurious param
eter estimates and inclusion of unimportant variables as regards the population
(Anderson et al. 2001b). The sample may be well fit, but the goal is to make a
valid inference from the sample to the population. This type of data-dependent,
exploratory data analysis has a place in the earliest stages of investigating a bi
ological relationship but should probably remain unpublished. However, such
cases are not the subject of this book, and we can only recommend that the
results of such procedures be treated as possible hypotheses (Lindsey 1999c,
Longford and Nelder 1999). New data should be collected to address these
hypotheses effectively and then submitted for a comprehensive and largely a
priori strategy of analysis such as we advocate here.

Two types of data dredging might be distinguished. The first is that described
above; a highly interactive, data dependent, iterative post hoc approach. The
second is also common and also leads to likely overfitting and the finding of
effects that are actually spurious. In this type, the investigator also has little
a priori information; thus “all possible models” are considered as candidates
(e.g., SAS PROC REG allows this as an option). Note that the “all possible
models” approach usually does not include interaction terms (e.g., x2 * x5) or
various transformations such as (xi)2 or 1 /x3 or log(x2). In even moderate-sized
problems, the number of candidate models in this approach can be very large
(e.g., 20 variables > a million models, 30 variables > a billion models). At
least this second type is not explicitly data dependent, but it is implicitly data
dependent and leads to the same “sins:’ Also, it is usually a one-pass strategy,
rather than taking the results of one set of analyses and inputting some of these
into the consideration of new models. Still, 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 num
ber of models) continues, unfortunately, to be popular. We believe that many
situations could be substantially improved if the researcher tried harder to fo
cus on the science of the situation before proceeding with such an unthoughtful
approach.

Standard inferential tests and estimates of precision (e.g., ML or LS estima
tors of the sampling covariance matrix, given a model) are invalid when a final
model results from the first type of data dredging. Resulting “P-values” are
misleading, and there is no valid basis to claim “significanc&’ Even conceptu
ally there is no way to estimate precision because of the subjectivity involved
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in iterative data dredging and the high probability of overfitting. In the sec
ond type of data dredging one might consider Bonferroni adjustments of the
a-levels or P-values. However, if there were 1,000 models, then the a-level
would be 0.00005, instead of the usual 0.05! Problems with data dredging
are often linked with the problems with hypothesis testing (Johnson 1999,
Anderson et al. 2000). This approach is hardly satisfactory; thus analysts have
ignored the issue and merely pretended that data dredging is without peril and
that the usual inferential methods somehow still apply. Journal editors and
referees rarely seem to show concern for the validity of results and con
clusions where substantial data dredging has occurred. Thus, the entire
methodology based on data dredging has been allowed to be perpetuated
in an unthinking manner.

We certainly encourage people to understand their data and attempt to answer
the scientific questions of interest. We advocate some examination of the data
prior to the formal analysis to detect obvious outliers and outright errors (e.g.,
determine a preliminary truncation point or the need for grouping in the analysis
of distance sampling data). One might examine the residuals from a carefully
chosen global model to determine likely error distributions in the candidate
models (e.g., normal, lognormal, Poisson). However, if a particular pattern
is noticed while examining the residuals and this leads to including another
variable, then we might suggest caution concerning data dredging. Often, there
can be a fine line between a largely a priori approach and some degree of data
dredging.

Thus, this book will address primarily cases where there is substantial a
priori knowledge concerning the issue at hand and where a relatively small set
of good candidate models can be specified in advance of actual data analysis.
Of course, there is some latitude where some (few) additional models might be
investigated as the analysis proceeds; however, results from these explorations
should be kept clearly separate from the purely a priori science. We believe
that objective science is best served using a priori considerations with very
limited peeking at plots of the data, parameter estimates from particular mod
els, correlation matrices, or test statistics as the analysis proceeds. We do not
condone data dredging in confirmatory analyses, but allow substantial latitude
in more preliminary explorations. If some limited data dredging is done after a
careful analysis based on prior considerations, then we believe that these two
types of results should be carefully explained in resulting publications (Tukey
1980). For this philosophy to succeed, there should be more careful a priori
consideration of alternative candidate models than has been the case in the
past.

1.5.2 Some Trends

At the present time, nearly every analysis is done using a computer; thus
biologists and researchers in other disciplines are increasingly using likelihood
methods for more generalized analyses. Standard computer software packages
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Data Dredging
Data dredging (also called data snooping, data mining, post hoc data analysis)
should generally be avoided, except in (I) the early stages of exploratory work
or (2) after a more confirmatory analysis has been done. In this latter case,
the investigator should fully admit to the process that led to the post hoc
results and should treat them much more cautiously than those found under
the initial, a priori, approach. When done carefully, we encourage people to
explore their data beyond the important a priori phase.
We recommend a substantial, deliberate effort to get the a priori thinking and
models in place and try to obtain more confirmatory results; then explore
the post hoc issues that often arise after one has seen the more confirmatory
results.
Data dredging activities form a continuum, ranging from fairly trivial (venial)
to the grievous (mortal). There is often a fine line b&ween dredging and not;
our advice is to stay well toward the a priori end of the continuum and thus
achieve a more confirmatory result.
One can always do post hoc analyses after the a priori analysis; but one can
never go from post hoc to a priori. Why not keep one’s options open in this
regard?
Grievous data dredging is endemic in the applied literature and still frequently
taught or implied in statistics courses without the needed caveats concerning
the attendant inferential problems.
Running all possible models is a thoughtless approach and runs the high risk
of finding effects that are, in fact, spurious if only a single model is chosen
for inference. If prediction is the objective, model averaging is uscful, and
estimates of precision should include model selection uncertainty. Even in
this case, surely one can often rule out many models on a priori grounds.

allow likelihood methods to be used where LS methods have been used in
the past. LS methods will see decreasing use, and likelihood methods will
see increasing use as we proceed into the twenty-first century. Likelihood
methods allow a much more general framework for addressing statistical issues
(e.g., a choice of link functions and error distributions as in log linear and
logistic regression models). Another advantage in a likelihood approach is that
confidence intervals with good properties can be set using profile likelihood
intervals. Edwards (1976), Berger and Wolpert (1984), Azzalini (1996), Royall
(1997), and Morgan (2000) provide additional insights into likelihood methods,
while Box (1978) provides the historical setting relating to Fisher’s general
methods.

During the past twenty years, modem statistical science has been moving
away from traditional formal methodologies based on statistical hypothe
sis testing (Clayton et al. 1986, Jones and Matloff 1986, Yoccoz 1991,
Bozdogan 1994, Johnson 1995, Stewart-Oaten 1995, Nester 1996, Johnson
1999, Anderson et al. 2000). The historic emphasis on hypothesis testing will
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continue to diminish in the years ahead (e.g., see Quinn and Dunham 1983,
Bozdogan 1994), with increasing emphasis on estimation of effects or effect
sizes and associated confidence intervals (Graybill and Iyer 1994:35, Cox and
Reid 2000).

Most researchers recognize that we do not conduct experiments merely to
reject null hypotheses or claim statistical significance; we want deeper insights
than this. We typically want to compare meaningful (i.e., plausible) alterna
tives, or seek information about effects and their size and precision, or are
interested in causation. There has been too much formalism, tradition, and
confusion that leads people to think that statistics and statistical science
is mostly about testing uninteresting or trivial null hypotheses, whereas
science is much more than this. We must move beyond the traditional
testing-based thinking because it is so uninformative.

In particular, hypothesis testing for model selection is often poor (Akaike
1981a) and will surely diminish in the years ahead. There is no statistical
theory that supports the notion that hypothesis testing with a fixed a level is
a basis for model selection. There are not even general formal rules (or even
guidelines) that rigorously define how the various P-values might be used to
arrive at a final model. How does one interpret dozens of P-values, from tests
with differing power, to arrive at a good model? Only ad hoc rules exist in
this case and generally fail to result in a final parsimonious model with good
inferential properties. The multiple testing issue is problematic as is the fact
that likelihood ratio tests exist only for nested models. Tests of hypotheses
within a data set are not independent, making inferences difficult. The order
of testing is arbitrary, and differing test order will often lead to different final
models. Model selection is dependent on the arbitrary choice ofa, but a should
depend on both n and K to be useful in model selection; however, theory for
this is lacking. Testing theory is problematic when nuisance parameters occur
in the models being considered. Finally, there is the fact that the so-called
null is probably false on simple a priori grounds (e.g., H0: the treatment had
no effect, so the parameter 9 is constant across treatment groups or years,

= 92 = = Ok). Rejection of such null hypotheses does not mean that the
effect or parameter should be included in the approximating model! The entire
testing approach is both common and somewhat absurd. All of these problems
have been well known in the literature for many years; they have merely been
ignored in the practical analysis of empirical data. Nester (1996) provides an
interesting summary of quotations regarding hypothesis testing.

Unfortunately, it has become common to compute estimated test power after
a hypothesis test has been conducted and found to be nonsignificant. Such post
hoc power is not valid (Goodman and Berlin 1994, Gerard et al. 1998, Hoenig
and Heisey 2001). While a priori power and sample size considerations are
important in planning an experiment or observational study, estimates of post
hoc power are not valid and should not be reported (Anderson et al. 2001d).

Computational restrictions prevented biologists from evaluating alternative
models until the past two decades or so. Thus, people tended to use an available
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model, often without careful consideration of alternatives. Present computer
hardware and software make it possible to consider a number of alternative
models as an integral component of data analysis. Computing power has per
mitted more computer-intensive methods such as the various cross-validation
and bootstrapping approaches and other resampling schemes (Mooney and
Duval 1993, Efron and Tibshirani 1993), and such techniques will see ever
increasing use in the future.

The size or dimension (K) of some biological models can be quite high, and
this has tended to increase over the past two decades. Open capture—recapture
and band recovery models commonly have 20—40 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. 1987, Preface, for a strilcing example of
these trends). Analysis methods for structural equations commonly involve 10—
30 parameters (Bollen and Long 1993). These are applications where objective
model specification and selection is essential to answer the question, “What
inferences do the data support about the population?”

1.6 Model Selection Bias

The literature on model selection methods has increased substantially in the
past 15—25 years; much of this has been the result of Alcaike’s influential papers
in the mid-I 970s. However, relatively little appears in the literature concerning
the properties of the parameter estimators, given that a data-dependcnt model
selection procedure has been used (see Rencher and Pun 1980, Hurvich and
Tsai 1990, Miller 1990, Goutis and Casella 1995, Ye 1998). Here, data are
used to both select a parsimonious model and estimate the model parameters
and their precision (i.e., the conditional sampling covariance matrix, given the
selected model). These issues prompt a concern for both model selection bias
and model selection uncertainty (Section 1.7).

Bias in estimates of model parameters often arises when data-based selec
tion has been done. Miller (1990) provides a technical discussion of model
selection bias in the context of linear regression. He notes his experience in the
stepwise analysis of meteorological data with large sample sizes and 150 candi
date models. When selecting only about 5 variables from the 150 he observed,
he found t statistics as large as 6, suggesting that a particular variable was
very highly significant, and yet even the sign of the corresponding regression
coefficient could be incorrect. Miller warns that P-values from subset selec
tion software are totally without foundation, and large biases in regression
coefficients are often caused by data-based model selection.

Consider a linear model where there is a response variable (y) and 4 ex
planatory variables x~, where j I 4. Order is not important in this
example, so for convenience let x1 be, in fact, very important, x2 important, x3
somewhat important, while x4 is barely important. Given a decent sample size,
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