
Concerns about Finding Effects That Are Actually Spurious
Author(s): David R. Anderson, Kenneth P. Burnham, William R. Gould, Steve Cherry
Source: Wildlife Society Bulletin, Vol. 29, No. 1 (Spring, 2001), pp. 311-316
Published by: Allen Press
Stable URL: http://www.jstor.org/stable/3784014 .
Accessed: 04/03/2011 06:31

Your use of the JSTOR archive indicates your acceptance of JSTOR's Terms and Conditions of Use, available at .
http://www.jstor.org/page/info/about/policies/terms.jsp. JSTOR's Terms and Conditions of Use provides, in part, that unless
you have obtained prior permission, you may not download an entire issue of a journal or multiple copies of articles, and you
may use content in the JSTOR archive only for your personal, non-commercial use.

Please contact the publisher regarding any further use of this work. Publisher contact information may be obtained at .
http://www.jstor.org/action/showPublisher?publisherCode=acg. .

Each copy of any part of a JSTOR transmission must contain the same copyright notice that appears on the screen or printed
page of such transmission.

JSTOR is a not-for-profit service that helps scholars, researchers, and students discover, use, and build upon a wide range of
content in a trusted digital archive. We use information technology and tools to increase productivity and facilitate new forms
of scholarship. For more information about JSTOR, please contact support@jstor.org.

Allen Press is collaborating with JSTOR to digitize, preserve and extend access to Wildlife Society Bulletin.

http://www.jstor.org

http://www.jstor.org/action/showPublisher?publisherCode=acg
http://www.jstor.org/stable/3784014?origin=JSTOR-pdf
http://www.jstor.org/page/info/about/policies/terms.jsp
http://www.jstor.org/action/showPublisher?publisherCode=acg


SPURIOUS EFFECTS 3 1 1 

Our objective is to briefly review the issue of spu- 
rious effects and to offer some partial solutions to 
authors, referees, and editors to reduce the publica- 
tion of spurious effects. We conclude with a call for 
increased attempts to develop and use more bio- 
logical theory to underlie empirical studies and aid 
in a more general understanding of biological sys- 
tems and processes. 

How do spurious effects arise in data 
analysis? 

Tests of null hypotheses, with associated oc-levels 
and P-values, are the traditional methodology used 
to identify statistically''significant'' results, either 
valid or spurious (however, see recent critiques by 
Chatfield 1995a, Cherry 1998, Johnson 1999, and 
Anderson et al. 2000). Null hypotheses are tested, 
based on empirical data, and effects associated 
with a small P-value (e.g., P<a) are usually taken 
as significant. For example, Eleld or laboratory 

When analyzing a set of data, we must be con- 
cerned about failure to detect real effects related tQ 

the biological process being studied that are indeed 
contained in the data (e.g.? failure to detect the 
importance of a particular variable or the inability to 
detect an important interaction term). This paper 
calls for increased understanding of and concern 
over the opposite problem: finding effects during 
data analysis that are in fact spurious-that is, the 
effect is merely an artifact in the particular data set 
and not a characteristic of the underlying process of 
interest. Science and management are both stymied 
by fmding effects that are spurious. Of course, ana- 
lysts hope for the situation in which all of the real, 
substantial effects are found and no spurious effects 
are included; this is the goal of model selection (Lm- 
hart and Zucchini 1986, Burnham and Anderson 
1998, McQuarrie andTsai 1998). We believe current 
editorial policies have the effect of encouraging 
individuals to detect and report significant effects 
regardless of the risk that they may be spuriousv 
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Abstract During the course of data analysis one must be concerned about 1) failing to detect real 
effects that are present in the data and 2) finding effects that seem supported by the data but 
are actually spurious. Our paper deals with the latter issue and outlines 5 scenarios in 
which the probability of finding spurious effects is high. We provide some guidelines to 
avoid finding and reporting effects that are spurious. It is unfortunate that there seem to be 
rewards but no penalties for finding and reporting on results that have a high probability of 
being spurious. We conclude that there is a need for more theory to guide empirical stud- 
ies and warn against analysis strategies that are especially prone to elicit spurious results. 
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measurements are taken on a variable X4 and this 
appears in a model with an associated parameter 4. 
The statistical significance of variable X4 as a pre- 
dictor (or causative factor) on a response variable Y 
is assessed by testing the null hypotheses 4=0, ver- 
sus the alternative 4W0. If the P-value is <ot, then 
one concludes (although somewhat arbitrarily) that 
variable X4 is significant statistically. The resulting 
conclusion is that the data support a biologically sig- 
nificant effect pertaining to the process being stud- 
ied, an inference. The issue of statistical versus bio- 
logical significance has been dealt with by Yoccoz 
(1991) andJohnson (1999). In the long run, science 
is safeguarded by repeated studies to ascertain what 
is real and what is merely a spurious result from a 
single study. Unfortunately, sound repetition of field 
studies is relatively rare because monetary funds are 
usually available only for new or current topics of 
interest. When such repetition is done, appropriate 
meta-analysis is done rarely. Another issue is that 
studies may be patterned after prior ones in which 
the same flawed methodologies may be used and 
thus have the potential to identify the same spuri- 
ous effect. We outline 5 scenarios in which risk of 
spurious results is often great. 

First, the risk of finding effects that are actually 
spurious may be greatest when studies are not objec- 
tive-based and objective-driven, when the analysis is 
largely exploratory. Exploratory is taken to mean the 
seeking of patterns or interesting features in the data 
without substantial theory or other a priori consid- 
erations. Some studies are merely "fishing trips" in 
the hope that something "significant" will be 
revealed. Lacking biological theory, measurements 
are often taken largely on those variables that are 
easy to measure. We agree with Krebs (1989) that 
not everything that is measurable should be meas- 
ured. Exploratory studies may be useful for generat- 
ing hypotheses and thus are often valuable. Howev- 
er, far too often, statistical tests are performed to 
search for statistical significance and the results are 
presented as confirmatory. If research objectives are 
defined clearly, then only the variables hypothesized 
to be relevant should be the focus of data collection 
efforts. This is not to say that a researcher, while col- 
lecting data, should ignore all other variables that 
may serve as valuable covariates. Rather, it is meant 
to deter haphazard measurement of variables that 
may have no biological relevance but are measured 
because they are easy to measure. 

Exploratory data analysis also has a high risk of 
producing spurious results because of the tenden- 

cy for researchers to conduct many null hypothesis 
tests. The probability of finding"statistically signifi- 
cant" results, even when none exist, is then greater 
than ot. This problem is well known in the statisti- 
cal literature. While many biologists are familiar 
with procedures to control for greater Type I error 
rates for a family of comparisons within one com- 
ponent of a study (e.g., the Bonferroni method and 
Tukey's Honestly Significant Difference), there 
seems to be little consideration of the larger study 
as the conceptual unit of interest. Kuchl (1994) 
encourages researchers to use an experiment-wise 
Type I error rate when the conceptual unit of inter- 
est is a family of comparisons to reduce the chance 
of spurious effects from a study. However, such 
procedures sacrifice statistical power; thus other 
analysis strategies are required. We have seen tables 
with literally dozens of P-values in the published lit- 
erature. For example, in the November 1999 issue 
of the Journal of Range Management, there is an 
average of 68 P-values per contributed article (text 
and tables, excluding viewpoints, technical notes, 
and articles where such determinations were 
unclear). In the October 1999 issue of The Auk, a 
paper appears presenting the results of 55 statisti- 
cal tests that true correlations were zero (i.e., p=0). 
The November 1999 issue of the Journal of Ani- 
mal Ecology reported 81 P-values in a single paper. 
Anderson et al. (2000) found 2 papers in Ecology 
with 208 P-values and a paper in theJournal of Wild- 
life Management with 486 P-values. Berry (1988) 
and Kuchl (1994) discuss the inferential problems 
associated with multiple hypothesis testing. 

Ambiguity of objectives also can lead to serious 
problems at the data analysis stage. Exploratory 
data analysis may tend to be based on only the num- 
bers themselves, rather than on subject matter the- 
ory and the associated empirical data. Exploratory 
data analysis methods (see Cox and Snell 1981) 
include regression or discriminate function analy- 
ses where stepwise, step-forward, step-backward, or 
all possible models (e.g., all subset regression) are 
used (of course, some of these same methods can 
be appropriate for more confirmatory studies). In 
many exploratory studies, the hope is that the com- 
puter will sort out what is "significant" for the inves- 
tigator. Such practice enhances the finding of 
effects or patterns that are inferred from a single 
data set but do not occur in the process that gen- 
erated the sample data (i.e., spurious). 

When research objectives are defined clearly, effec- 
tive sampling programs or efficient experimental 
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designs can be developed. However, nonrandom 
sampling of biological populations occurs fre- 
quently in ecological studies and leads to the sec- 
ond scenario in which risk of spurious results is 
great. For example, in resource selection studies it 
is common for the locations of individual animals 
to be assumed as representative of how a larger 
population of animals uses their habitat. In most 
cases, nonrandom selection of locations has been 
made on a nonrandom sample of animals. Smith et 
al. (1996) purport to show relationships between 
range condition and wildlife based on nonrandom- 
ly selected plots which were sampled with nonran- 
domly placed transects. The statistical properties of 
estimators under such circumstances are unknown, 
thereby eliminating the basis for formal statistical 
inference. Light et al. (1990:v) note,"You can't fix 
by analysis what you bungled by design." Publica- 
tion of estimates from nonrandom sampling {i.e., 
not probability-based) generally represents poor 
scientific practice. One might ask why the results 
of so many exploratory studies are published. 

A third risk of finding effects that are actually 
spurious occurs frequently when sample size (n) is 
small relative to the number of parameters being 
estimated (K, see Freedman 1983, Stauffer et al. 
1985, Flack and Chang 1987). This issue is related 
closely to the case where many (e.g., 100 or even 
1,000) models are considered for the analysis of a 
data set. Here, most traditional analysis algorithms 
tend to identify a model that fits the data very well, 
when the emphasis should be on modeling the 
information in the data parsimoniously. Finch 
(1977) states that the potential for spurious effects 
increases when sophisticated methods are used 
instead of simple analytical approaches when the 
data are not sufficient to support the premise of the 
more sophisticated approach (i.e., a lack of parsi- 
mony). 

Fourth, the risk of finding spurious effects can 
often be great with high-dimensional data and little 
biological theory to guide the analysis. Multivariate 
methods are problematic in this respect (e.g., Rexs- 
tad et al. 1988, 1990) because such data are often 
high-dimensional and have an inherently complex 
structure. Several commonly used multivariate 
methods (e.g., principal components analysis and 
canonical correlation) model this complexity in 
terms of simple linear combinations of variables. 
We do not want to suggest that the theory underly- 
ing these methods is in any way incorrect; rather, 
multivariate methods often allow only a reasonable 

description of the data and may often be of limited 
inferential value aames and McCulloch 1990). 
Such approaches are almost guaranteed to provide 
some results that are significant statistically even 
with data that are just random numbers (e.g., see 
Freedman 1983, Stauffer et al. 1985, Flack and 
Chang 1987). 

Finally, the risk of finding spurious results is often 
greatly increased when data dredging has taken 
place. The "all possible models" strategy of analysis 
is one type of data dredging, and it enhances find- 
ing effects that are inferred from the single data set 
but do not occur in the process that generated the 
data (i.e., spurious). The other type of data dredg- 
ing is more risky. Here, an analysis is done and the 
results are studied by the investigator. Patterns 
noticed in these analysis results are used to build 
more models for further analysis (e.g., a nonsignifi- 
cant variable is dropped; a plot reveals an unex- 
pected, often nonlinear pattern between the 
response variable and a predictor variable; transfor- 
mations are applied on either the response or pre- 
dictor variable to increase the statistical signifi- 
cance of a variable; a nearly significant interaction 
term is sometimes retained). This cycle is repeated 
until all the significant variables are retained where- 
as others are removed. Inference is then based on 
this final model (Chatfield 1995b). 

An experienced researcher may conduct an 
appropriate, objective analysis using a variety of sta- 
tistical methods and subject matter knowledge of 
the system under study. However, the same analysis 
methods can be used to chase small P-values (i.e., 
"significance") under the guise of exploratory data 
analysis. A hypothetical example is the use of a par- 
ticular randomization test where P=0.18. A para- 
metric test was then applied, yielding P=0.09. The 
deletion of 3 outliers brought the P-value down to 
0.06. Then several transformations of the response 
variable were done in an attempt to reduce the 
observed significance level. Finally, statistical sig- 
nificance was achieved at P=0.04 and this was the 
result published. Far too often the process used to 
arrive at the result is not stated, only the end result 
is published as "significant." Here, it is not that any 
one test was inappropriate but that the investigator 
chased a low P-value using various analytical 
approaches until statistical significance was finally 
achieved. We doubt that statisticians would carry 
out such a sequence of analyses because they 
would fear that spurious effects would arise; people 
with less formal education in the quantitative 
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ling et al. 1995 for a careful review). Editors and ref- 
erees sometimes tend to ignore problems associat- 
ed with: 1) the degree to which the study is 
exploratory and without theory to guide the 
process, 2) nonrandom sampling? 3) the dimension- 
ality of the data in relation to the sample size, 4) 
multivariate methods with high-dimensional data 
and small sample size, and 5) the degree of postioc 

data dredging that may have taken place in the 
analysis of data. Editors unintentionally tend to 
reward authors by accepting manuscripts for publi- 
cation while the risk of spurious effects is largely 
ignored. There is poor recognition of the problem 
of spurious results, and therefore there is little 
penalty associated with studies that have a high risk 
of providing spurious effects. Publication of spuri- 
ous results creates problems for other forms of 
research, such as meta-analysis (Hedges and Olkin 
1985! Givens et al. 1997, Osenberg et al. 1999). 

s ,. . . . . . 

IVIInlm171ng spurlous results 

Clearly, there is no way to eliminate the possibili- 
ty that a particular effect in a given study is spuri- 
ous. However, there are several steps that can be 
taken that tend to minimize spurious effects. First, 
we should focus on studies that are on the confir- 
matory, rather than exploratory, end of the spec- 
trum. In particular, strict experiments that are well 
designed and replicated over sufficient temporal 
and spatial scales will continue to be the ideal. 
Observational studies are often relied upon when a 
little more planning might haxre resulted in a more 
controlled experiment. 

More emphasis should be placed on a priori 

thinking and modeling without intensive data 
dredging and so much post hoc inference. A new 
research effort that follows the scientific method 
should be designed and conducted specifically to 
test newly formed hypotheses resulting from 
exploratory analyses. We believe that far too often, 
these newly formed hypotheses are never exam- 
ined in subsequent studies. Thus, exploratory 
results are taken as confirmatory or a greater depth 
of knowledge remains undiscovered. Ideally, more 
investigations would be carried out to answer some 
important questions well (i.e., good design, proba- 
bilistic sampling, adequate sample size, good spatial 
and temporal replication) rather than so many 
small, poorly designed and conducted studies. The 
risk of getting spurious results is much greater if 
such a priori thinking is not used and if one uses 

sciences are likely to be less aware of these issues. 
Such sequential post hoc strategies are without 

theoretical justification and often lead to many 
results being, in fact, spurious (Freedman 1983). At 
the very least? estimates of precision under this 
approach are invalid. In this context, the use of 
adjusted R2 is very poor as a criterion for model 
building (e.g., Rencher and Pun 1980) and esti- 
mates of the residual variance (62) are biased nega- 
tively (see Flack and Chang 1987, McQuarrie and 
Tsai 1998). 

The 5 types of risk noted above can act together 
to have further deleterious effects. For example, an 
exploratory study with ill-defined objectives, a large 
number of measured variables, and a small sample 
size invites finding spurious effects. Add to this 
extensive data dredging and using multivariate 
analyses and stepwise modelingt and one will have 
a recipe that will almost certainly provide statisti- 
cally significant but spurious effects (e.g., see Seber 
1984). 

Data mining, the search for associations in very 
large databases, is an emerging field. Hand et al. 
(1998) provides an introduction to data mining 
issues and specifilcally notes the problems of spuri- 
ous effects in such automated data analyses (also 
see Chatfield 1995b). In many respects, it is much 
easier to find effects that are actually spurious than 
to find effects from the analysis of empirical data 
that are indeed real. Additional research and syn- 
thesis are needed to be able to provide reasonable 
guidelines useful to both research workers and edi- 
tors. 

Little or no penalty for finding 
spurious effect 

In an important sense, investigators are rewarded 
for finding effects that are in fact spurious. The 
acceptance of manuscripts submitted for publica- 
tion seems to be enhanced by having many small P- 
values representing so-called statistically signiElcant 
results. I)ecisions regarding tenure and promotion 
are often based partially on the number of peer- 
reviewed publications (quantity, not quality in 
many cases). This situation increases pressure to 
publishX with little penalty for the likelihood of spu- 
rious effects. Publication is sometimes easiest 
when many significant P-values suggest important 
resultsn whereas manuscripts in which little or 
nothing was found to be significant have much less 
chance of being accepted for publication (see Ster- 
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some types of exploratory data analyses. There will 
be many cases in which results are not misleading 
(i.e., not spurious) and data exploration is useful to 
do. But more caution is needed in accepting 
exploratory results, as the name suggests. Many 
investigators seem to concur that exploratory stud- 
ies often suggest new hypotheses; however, few 
may realize that such hypotheses themselves are 
likely to be spurious. Certainly such hypotheses 
should not be tested using the same data that were 
used to generate the hypothesis. The greater prob- 
lem is that many people take such exploratory 
results as confirmatory results. Spurious results are 
virtually certain with small n, a large number of 
explanatory variables, and an intense search for sta- 
tistical significance. If some data dredging has been 
done following an a priori analysis, then we urge 
authors to clearly separate the inferences under the 
two approaches. 

More theory needed 
Examining a sample of papers from many of the 

biological journals will reveal that a large propor- 
tion of the papers are exploratory, based on rela- 
tively little theory to guide understanding, and with 
relatively little replication. With the results of so 
many exploratory studies, it may be time to invest 
in more synthesis work (e.g., meta-analysis) and the- 
ory development. Freedman et al. (1988:14-15) 
note, 

"A major part of the problem in applications 
is the curse of dimensionality: there is a lot of 
room in high-dimensional space. This is why 
investigators need model specifications tightly 
derived from good theory. We cannot expect 
statistical modeling to perform at all well in an 
environment consisting of large, complicated 
data sets and weak theory. Unfortunately, at 
present that describes many applications." 

Problems with spurious effects may diminish as 
more a priori science is brought to bear on the 
questions to be addressed, study design, sampling 
regimes, and analysis methodology. The statistical 
null hypothesis testing paradigm has become so 
catholic and ritualized as to seemingly impede clear 
thinking and alternative analysis approaches. Fre- 
quentist statistical thinking will continue to be the 
primary basis for formal inference in the ecological 
sciences, but perhaps with far less emphasis on null 

hypothesis testing and the associated P-values. We 
believe information-theoretic methods (Burnham 
and Anderson 1998) and Bayesian approaches {Gel- 
man et al. 1995) offer improved inferential para- 
digms over the traditional null hypothesis testing 
framework. However, these emerging paradigms 
must be implemented fully or similar problems of 
spurious effects will likely appear. For example, 
care must be given to a priori scientific thinking, 
model building to reflect an array of hypotheses rel- 
evant to the study objectives, designing good sam- 
pling programs and experiments, and separating a 
priori results from a posteriori results. Finally, for 
science (i.e., for conclusions, rather then decisions) 
a strength-of-evidence approach is likely to be supe- 
rior to one that establishes arbitrary dichotomies 
(e.g., reject or not reject a statistical null hypothe- 
sis). Rather than testing a sterile null hypothesis, it 
seems better to examine the relative statistical evi- 
dence for several alternative hypotheses that are 
viable. 

Data analysis is more than ritual, canned pre- 
scriptions and cookbooks, although this might 
describe a lot of current technology and research; 
science is more than this. Formal education, sound 
experience, and professional judgment are impor- 
tant in advancing our understanding of biological 
systems. Given the importance of statistical analy- 
sis in ecological studies, formal education should 
include more training in the philosophy of and 
approaches to data analysis and particularly in the 
art and science of modeling (see Cox 1995). We 
urge biologists to have some formal exposure to 
sampling and experimental design in their course- 
work. It seems that the"lesson" students in ecolo- 
gy are learning is that data analysis is primarily a 
search for"statistical significance." 

There is a useful analogy here with the activities 
of a general practitioner (MD) in medicine; suc- 
cessful treatment often depends on the doctor7s 
education, sound experience, and reasoned judg- 
ment. Such doctors also receive training on when 
to call for help from a specialist, as well as training 
to allow them to converse intelligently with those 
specialists. But whereas medical doctors frequent- 
ly ask for help from specialists (e.g., a cardiologist), 
wildlife biologists infrequently ask for help from 
statistical specialists, particularly at the stage where 
sampling protocols and experimental designs are 
being formulated. This early stage is most often 
neglected, thus compromising the later stages 
where data analysis is conducted and inferences are 
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made. We recommend increased consultation and 
cooperation with specialists in the quantitative sci- 
ences as a way to improve our science and man- 
agement and minimize the finding of effects that 
are only spurious. Editors and referees should pay 
closer attention to the risk of spurious effects, par- 
ticularly with manuscripts based on small sample 
sizes, high-dimensional data, and dozens of P-values 
presented. 

Acknowledgments. We would like to acknowl- 
edge R. Boik, Montana State University for com- 
ments on an early draft of this paper. 

Literature cited 
ANDERSON, D. R., K. P. BURNHAM, AND W. L. THOMPSON. 2000. NU11 

hypothesis testing: problems, prevalence, and an alternative. 

Journal of Wildlife Management 64:912-923. 

BERRY, D.A. 1988. Multiple comparisons, multiple tests and data 

dredging: a Bayesian perspective. Bayesian Statistics 3. 

Clarendon, Oxford, United Kingdom. 

BURNHAM K. P., AND D. R. ANDERSON. 1998. Model selection and 

inference: a practical information-theoretic approach. 

Springer-Verlag, New York, New York, USA. 

CHATFIELD, C. 1995a. Problem solving: a statistician's guide. 

Chapman and Hall, London, United Kingdom. 

CHATFIELD, C. 1995b. Model uncertainty, data mining and statis- 

tical inference. Journal of the Royal Statistical Society, Series 

A 158:419-466. 
CHERRY, S. 1998. Statistical tests in publications of The Wildlife 

Society. Wildlife Society Bulletin 26: 947-953. 

Cox, R. R. 1995. The relation between theory and application in 

statistics. Test 4: 207-261. 

COX, D. R.7AND E.J. SNELL. 1981. Applied statistics: principles and 

examples. Chapman and Hall, London, United Kingdom. 

FINCH, P. D. 1977. Rough analysis and spurious accuracy. Aus- 

tralian Journal of Statistics 19: 1-21. 

FLACK, F., AND P. C. CHANG. 1987. Frequency of selecting noise 

variable in subset regression analysis: a simulation study. The 

American Statistician 41:84-86. 

FREEDMAN, I).A. 1983. A note on screening regression equations. 

TheAmerican Statistician 37:152-155. 

FREEDMAN, D. 1999. From association to causation: some remarks 

on the history of statistics. Statistical Science 14: 243-258. 

FREEDMAN, D.A.,W NAVIDI,AND PETERS, S. C. 1988. On the impact 

of variable selection in fitting regression equations. Pages 

1-16 in T. K. Dijkstra, editor. On model uncertainty and its sta- 

tistical implications. Lecture notes in economics and mathe- 

matical systems. Springer-Verlag, NewYork, NewYork, IJSA. 

GELMAN, A., J. B. CARLIN., H. S. STERN.? AND D. B. RUBIN. 1995. 

Bayesian data analysis. Chapman and Hall, London, United 

Kingdom. 

GIVENS, G. H., D. I). SMITH,AND R. L.TWEEDIE. 1997. Publication bias 

in meta-analysis: a Bayesian data-augmentation approach to 

account for issues exemplified in the passive smoking 

debate. Statistical Science 12: 221-240. 

HAND, D.J., G. BLUNT, M. G. KELLY,AND M. N.ADAMs. 1998. Data min- 

ing for fun and profit. Statistical Science 15: 111-131. 

HEDGES, L. , AND I. OLKIN. 1985. Statistical methods for meta- 

analysis. Academic, Orlando, Florida, USA. 

JAMES, E. C., AND C. E. MCCULLOCH. 1990. Multivariate analysis in 

ecology and systematics: panacea or Pandora's box? Annual 

Reviews of Ecology and Systematics 21:1 29- 166. 

JOHNSON, D. H. 1999. The insignificance of statistical signifi- 

cance. Journal of Wildlife Management 63:763-772. 

KREBS, C. J. 1989. Ecological methodology. Harper and Row, 

New York, New York, USA. 

KUEHL, R. O. 1994. Statistical principles of research design and 

analysis. Duxbury, Belmont, California, USA. 

LIGHT, R.J.,J. D. SINGER,AND J. B.WILLETT. 1990. By design: planning 

research in higher education. Harvard University, Boston, 

Massachusetts, USA. 

LINESART, H., AND W. ZUCCHINI. 1986. Model selection. JohnWiley 

and Sons, NewYork, NewYork, USA. 

McQuARmE, A. D. R., AND C-L. TSAI. 1998. Regression and time 

series model selection. World Scientific, River Edge, New Jer- 

sey, USA. 

OSENBERG, C. W, O. SARNELLE, S. D. COOPER, AND R. D. HOLT. 1999. 

Resolving ecological questions through meta-analysis: goals, 

metrics, and models. Ecology 80: 1 105-1 1 17. 

RENcHER,A. C.,AND F. C. PUN. 1980. Inflation Of 22 in best subset 

regression. Technometrics 22:49-53. 

RESTAD, E.A., D. D. MILLER, C. H. FLATHER, E. M.ANDERsoN,J.W HUPP, 

AND D. R.ANDERSON. 1988. Questionable multivariate statisti- 

cal inference in wildlife habitat and community studies. Jour- 

nal of Wildlife Management 52:794-798. 

REXSTAD, E.A., D. D. MILLER, C. H. FLATHER, E. M.ANDERsoN,J.W HUPP, 

ANreD.R.ANDERsoN. 1990. Questiorlablemultivariatestatisti- 

cal inference in wildlife habitat and community studies: a 

reply. Journal of Wildlife Management 54: 189-193. 

ROYALL, R 1997. Statistical evidence: a likelihood paradigm. 

Chapman and Hall, New York, New York, IJSA. 

SEsER,G.A.F. 1984. Multivariateobservations. JohnWileyand 

Sons New York, New York, USA. 

SMITH, G.,J. L. HOL1RCHEK,AND M. CARDENAS. 1996. Wildlife numbers 

on excellent and good condition Chihuahuan Desert range- 

lands: an observation. Journal of Range Management 49: 

489-493. 

STAUFFER, D. F., E. O. GARTON,AND R. K. STEINHORST. 1985. A com- 

parison of principal components from real and random data. 

Ecology 66: 1693-1698. 

STERLING, T. D., W L. ROSENBAUM, AND J. J. WEINKAM. 1995. Publica- 

tion decisions revisited: the effect of the outcome of statisti- 

cal tests on the decision to publish and vice versa. American 

Statistician 49: 108-112. 

Yoccoz, N. G. 1991. Use, overuse, and misuse of significance 

tests in evolutionary biology and ecology. Bulletin of the 

Ecological Society of America 72:1 06- 1 1 1. 


	Article Contents
	p. 311
	p. 312
	p. 313
	p. 314
	p. 315
	p. 316

	Issue Table of Contents
	Wildlife Society Bulletin, Vol. 29, No. 1 (Spring, 2001), pp. 1-401
	Front Matter
	Editor's Page: Let Them Eat Meat! [p. 1]
	Special Coverage: Impact of Predation on Avian Recruitment
	Impact of Predation on Avian Recruitment: An Introduction [pp. 2-5]
	Predation on Waterfowl in Arctic Tundra and Prairie Breeding Areas: A Review [pp. 6-15]
	Predation Effects on Forest Grouse Recruitment [pp. 16-23]
	Predation and the Management of Prairie Grouse [pp. 24-32]
	Predation and Ring-Necked Pheasant Population Dynamics [pp. 33-38]
	Impacts of Predation on Northern Bobwhite and Scaled Quail [pp. 39-51]
	Nest Predation and Neotropical Migrant Songbirds: Piecing Together the Fragments [pp. 52-61]
	Ecological Approaches to Reduce Predation on Ground-Nesting Gamebirds and Their Nests [pp. 62-69]

	Carnivore Ecology and Management
	Managing Minnesota's Recovered Wolves [pp. 70-77]
	Identification of Rocky Mountain Gray Wolves [pp. 78-85]
	Possible Effects of the Capture Event on Subsequent Space Use of Eurasian Lynx [pp. 86-90]
	Effectiveness of Fladry on Wolves in Captivity [pp. 91-98]

	Predation
	Deer-Predator Relationships: A Review of Recent North American Studies with Emphasis on Mule and Black-Tailed Deer [pp. 99-115]

	Human-Wildlife Interface
	Attitudes of Central Missouri Residents toward Local Giant Canada Geese and Management Alternatives [pp. 116-123]
	Wildlife Responses to Pedestrians and Dogs [pp. 124-132]

	Wildlife Inventory
	Comparative Evaluation of Thermal Infrared Imaging and Spotlighting to Survey Wildlife [pp. 133-139]
	Efficiency of Aerial Surveys of Mountain Goats [pp. 140-144]
	Calling Behavior of Bobwhite Males and the Call-Count Index [pp. 145-152]
	Comparison of 2 Methods to Sample Snake Communities in Early Successional Habitats [pp. 153-157]

	Endangered Species
	Mortality Patterns in a Subpopulation of Endangered Mountain Caribou [pp. 158-164]
	Initial and Long-Term Use of Inserts by Red-Cockaded Woodpeckers [pp. 165-170]

	Telemetry and Spatial Technology
	Influence of Satellite Geometry and Differential Correction on GPS Location Accuracy [pp. 171-179]
	Performance of 2 Models of Satellite Collars for Wolves [pp. 180-186]

	Human Dimensions
	The Relationship of Gender to Species Conservation Attitudes [pp. 187-194]
	Factors Affecting Landowner Participation in Ecosystem Management: A Case Study in South-Central Missouri [pp. 195-206]
	Structural Foundations, Triggering Events, and Ballot Initiatives: The Case of Proposition 5 [pp. 207-210]

	Waterfowl Ecology and Management
	Nest Success of Ducks on Rotational and Season-Long Grazing Systems in Saskatchewan [pp. 211-217]
	Effects of Structural Marsh Management and Winter Burning on Plant and Bird Communities during Summer in the Gulf Coast Chenier Plain [pp. 218-231]
	Influence of Perennial Upland Cover on Occupancy of Nesting Structures by Mallards in Northeastern North Dakota [pp. 232-238]

	Wildlife Techniques and Applications
	Pulp Cavity-Tooth Width Ratios from Known-Age and Wild-Caught Coyotes Determined by Radiography [pp. 239-244]
	Tooth Extractions from Live-Captured White-Tailed Deer [pp. 245-247]

	Animal Capture
	Effect of Stress Induced by Gathers and Removals on Reproductive Success of Feral Horses [pp. 248-254]
	Evaluating 4 Methods to Capture White-Tailed Deer [pp. 255-264]
	A Capture Technique for Wintering and Migrating Steppe Eagles in Southwestern Saudi Arabia [pp. 265-268]
	Methods of Aquatic and Terrestrial Netting to Capture Eurasian Beavers [pp. 269-274]

	Wildlife Mortality/Survival
	Wildlife Mortalities Associated with Artificial Water Sources [pp. 275-280]
	Spatial and Temporal Distributions of Moose-Vehicle Collisions in Newfoundland [pp. 281-291]
	Dogs Increase Recovery of Passerine Carcasses in Dense Vegetation [pp. 292-296]
	Weather, Disease, and Bighorn Lamb Survival during 23 Years in Canyonlands National Park [pp. 297-305]

	Harvest and Hunter Management
	Hunter Management Strategies Used by Montana Ranchers [pp. 306-310]

	Biometrics
	Concerns about Finding Effects That Are Actually Spurious [pp. 311-316]

	Ungulate Ecology and Management
	Relative Palatability of Green Manure Crops and Carrots to White-Tailed Deer [pp. 317-321]
	Comparison of Active Ingredients and Delivery Systems in Deer Repellents [pp. 322-330]
	Does Dispersal Help Regulate the Jackson Elk Herd? [pp. 331-341]

	Nesting Ecology
	Management Opportunities and Techniques for Roof- and Ground-Nesting Black Skimmers [pp. 342-348]
	A New Method for Wireless Video Monitoring of Bird Nests [pp. 349-353]

	Private Lands Management
	Survey of State Programs for Habitat, Hunting, and Nongame Management on Private Lands in the United States [pp. 354-358]
	Wildlife and Recreation Management on Private Lands in the United States [pp. 359-371]

	In My Opinion
	Reconsideration of Richardson et al.'s Red-Cockaded Woodpecker Nestling Removal Technique [pp. 372-374]

	Policy News [pp. 375-379]
	Perspectives
	Why Take Calculus? Rigor in Wildlife Management [pp. 380-386]

	From the Field
	Ixodid Ticks Recovered from Vegetation in North-Central Massachusetts [pp. 387-389]

	Our Respects
	Lloyd Wesley Swift, 1904-2001 [pp. 390-391]
	Forrest Almon Carpenter, 1914-2000 [p. 391]
	Robert L. Lochmiller, II, 1954-2000 [pp. 392-393]
	Michael W. Gratson, 1952-2000 [pp. 393-394]
	Don William Hayne, 1911-2000 [pp. 394-395]
	Joe Theron Stevens, 1920-2000 [pp. 395-396]

	Information Access: Books and Literature [pp. 397-400]
	The Lighter Side [p. 401]
	Back Matter



