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ABSTRACT: Statistical inference based on stepwise model selection
is applied regularly in ecological, evolutionary, and behavioral re-
search. In addition to fundamental shortcomings with regard to find-
ing the “best” model, stepwise procedures are known to suffer from
a multiple-testing problem, yet the method is still widely used. As
an illustration of this problem, we present results of a simulation
study of artificial data sets of uncorrelated variables, with two to 10
predictor variables and one dependent variable. We then compared
results from stepwise regression with a regression model in which
all predictor variables were entered simultaneously. These analyses
clearly demonstrate that significance tests based on stepwise proce-
dures lead to greatly inflated Type I error rates (i.e., the probability
of erroneously rejecting a true null hypothesis). By using a simple
simulation design, our study amplifies previous warnings about using
stepwise procedures, and we follow others in recommending that
biologists refrain from applying these methods.

Keywords: stepwise modeling, statistical inference, multiple testing,
error rate, multiple regression, GLM.

Introduction

Ecological, evolutionary, and behavioral research com-
monly involve multivariate tests in which the investigator
examines which of several predictor variables influence a
single response variable. Most commonly, such analyses
are conducted using a generalized linear model (GLM).
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GLMs can be used for the analysis of data sets encom-
passing any combination of continuous and categorical
predictor variables and for continuous and discrete re-
sponse variables, provided that the distribution of the re-
siduals fulfills certain assumptions. Well-known examples
of GLMs are multiple (linear, logistic, or Poisson) regres-
sions, multiway ANOVA, and ANCOVA (see, e.g., Dobson
2002). A frequently applied extension of the GLM is the
generalized linear mixed model (GLMM), which allows
users to control for random effects factors, such as indi-
vidual subjects (Faraway 2006).

Recently, the question of how to draw statistical infer-
ence from such models has caused considerable debate.
Information-criterion-based multimodel inference (Burn-
ham and Anderson 2002) has been advocated strongly in
ecological and evolutionary research (e.g., Johnson and
Omland 2004; Lukacs et al. 2007; Stephens et al. 2007).
On the other hand, the classical statistical approach of null
hypothesis statistical testing (NHST) is still commonly
used in many research fields (including ecology and evo-
lution) and presumably will remain so for a considerable
time in the future (e.g., Stephens et al. 2005; Steidl 2006;
Sleep et al. 2007). Our goal here is to point to a special
problem that arises when stepwise procedures are applied
in combination with NHST.

When using GLMs, two fundamentally different ap-
proaches are available to investigate the effect of predictor
variables on the response variable: variables can be entered
simultaneously into the model, or they can be entered
sequentially. When predictor variables are entered simul-
taneously (also referred to as the “forced entry” or “all-
variables-together” method), all predictor variables are en-
tered at the same time into the (full) model. Their joint
contribution in explaining the response variable is sub-
sequently determined and summarized in a single global
significance test of the full model. When predictor vari-
ables are investigated sequentially (also referred to as “step-
wise”), variables are sequentially entered into and/or re-
moved from the model. When variables are sequentially
entered into the model (“forward selection”), the initial
model comprises only a constant, and at each subsequent
step the variable that leads to the greatest (and significant)
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improvement in fit is added to the statistical model. In
“backward deletion,” the initial model is the full model
including all variables, and at each step a variable is ex-
cluded when its exclusion leads to the smallest (nonsig-
nificant) decrease in model fit. A “combination” approach
is also possible, which begins with forward selection, but
after the inclusion of the second variable it tests at each
step whether a variable already included can be dropped
from the model without a significant decrease in model
fit. The final model of each of these stepwise procedures
is supposed to comprise that (sub-)set of the predictor
variables that have an effect on the response variable and
that best explain the response (Sokal and Rohlf 1995; Zar
1999; Tabachnick and Fidell 2001; Quinn and Keough
2002; Field 2005; note that different terms have been used
to denote the stepwise procedures by different authors,
and selection criteria other than P <.05 have been
suggested).

The application of stepwise procedures has been criti-
cized on multiple grounds (for a review, see Whittingham
et al. 2006). In fact, stepwise methods frequently fail to
include all variables that have an actual influence on the
dependent variable, while frequently also including other
variables that do not influence the dependent variable
(Derksen and Keselman 1992). Consequently, the final
model is not generally the best model (Miller 1984). In
addition, stepwise procedures tend to be unstable, mean-
ing that only slight changes in the data can lead to different
results as to which variables are included in the final model
and the sequence in which they are entered (James and
McCulloch 1990). As a consequence, stepwise methods
also fail to provide a valid means for ranking the relative
importance of the predictor variables.

Here we focus on an additional serious drawback of
stepwise methods that occurs when they are used in con-
junction with significance testing. Specifically, stepwise
procedures can produce vastly elevated Type I error rates,
that is, the inference of a significant result when in fact
none exists (false positives). Indeed, a considerable num-
ber of articles and statistical textbooks clearly state that
stepwise procedures represent a case of multiple testing
without error-level adjustment, thus making the approach
invalid (i.e., too liberal) in the context of statistical null
hypothesis testing (e.g., Pope and Webster 1972; Wilkinson
1979; Cohen and Cohen 1983; Lovell 1983; Tabachnick
and Fidell 2001; Quinn and Keough 2002; Whittingham
et al. 2006). For instance, a stepwise forward selection
conducted on a data set with 10 predictor variables con-
ducts 10 significance tests in the first step, nine significance
tests in the second step, and so on, and each time includes
a variable in the model when it reaches a specified criterion
(conventionally, the significance level, which is set at 5%,
but see below). Conducting a number of significance tests

without an error-level adjustment, however, considerably
increases the probability of rejecting at least one of them
by chance, that is, even in the complete absence of any
influence of the predictor variables on the response (a Type
I error). Hence, statistical inference in the classical sense—
in which the user attempts to reject the null hypothesis
about a set of predictor variables at a prespecified error
level—is not possible when using stepwise procedures.
Several methods have been proposed to overcome this
issue (e.g., Pope and Webster 1972; Wilkinson 1979). How-
ever, none of these has been applied regularly in ecological
or evolutionary research.

Despite the warnings about stepwise procedures, statis-
tical inference based on them is commonly used, obviously
because many authors are not aware of the serious draw-
backs of doing so. A recent study of three top behavioral
and ecological journals published since 2004, for example,
found that 57% of the publications in which a multiple
regression was feasible used some form of stepwise re-
gression (Whittingham et al. 2006). And, in quick a survey
of the issues of the American Naturalist from 2007 (vols.
169 and 170), we identified 10-12 articles in which at least
one significance test was based on a stepwise procedure.

To bring more attention to this overlooked but serious
issue, we systematically investigated the Type I error rates
resulting from different stepwise methods, using multiple
linear regression as an example. We did this by applying
a simulation approach and comparing results from step-
wise regression with a regression model in which all pre-
dictor variables were entered simultaneously. We system-
atically varied the number of predictor variables from two
to 10, but our simulation did not include any effects of
predictors on the response variable (for details of the sim-
ulation, see appendix). Thus, we tested data sets for which
the null hypothesis is, by definition, true.

Results

When applying stepwise multiple regression, the propor-
tion of erroneously significant results was above chance
expectation for all stepwise procedures and for each num-
ber of predictor variables (fig. 1). This contrasts markedly
with the forced entry multiple regression, in which the
number of significant models never exceeded chance level
(fig. 1). The probability of getting a significant result when
using a stepwise procedure clearly increased with the num-
ber of predictor variables included. Remarkably, the error
rate reached almost 40% when the data comprised 10 pre-
dictor variables. Thus, in case of the null hypothesis being
true, an investigator would have an approximately 40%
chance of incorrectly identifying the set of predictor var-
iables as having a statistically significant effect when using
10 predictor variables. Even with just two predictors, the
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Figure 1: Numbers of significant multiple regressions (out of 1,000) based on random data for which the null hypothesis is, by definition, true.
The plot shows results for two different methods of stepwise regression (backward deletion and forward selection, respectively) and for simultaneous
entry of different numbers of predictor variables (simultaneous). Results for the combination approach matched those for forward selection. Symbols
above the dashed horizontal line represent proportions significantly in excess of chance expectation (50, solid line; binomial test). Note that for both
stepwise procedures, the probability of getting a significant result was above the desired 5% for all numbers of predictor variables.

probability of incorrectly rejecting the null hypothesis was
significantly above chance level. Differences between for-
ward selection and backward deletion were small; when
using backward deletion, however, the probability of get-
ting an erroneously significant finding was slightly higher
(fig. 1; Wilcoxon test: T* = 43.5, N =9, P = .012).

Discussion

Our results clearly demonstrate that using stepwise pro-
cedures rather than simultaneous entry of predictor var-
iables greatly inflates the probability of incorrectly rejecting
the null hypothesis of no effect (i.e., Type I error rate).
Specifically, the probability of making a Type I error was
almost doubled when using two predictor variables rather
than one and dramatically increased with increases in the
number of predictor variables. This was the case for both
forward selection and backward deletion, although in the
latter procedure the effect was slightly more pronounced.
As a result, significance tests based on stepwise procedures
are invalid statistically, and the degree of their invalidity
increases with increasing number of predictor variables.
Nevertheless, statistical tests based on stepwise regression
are commonly seen in the ecological, behavioral, and evo-
lutionary literature (see “Introduction” and Whittingham
et al. 2006). On the basis of our findings, it seems likely
that some of the published findings based on stepwise
methods represent Type I errors.

Why do stepwise procedures produce elevated Type I
error rates, while forced entry regression methods produce
expected error rates? From our findings, it seems that the

inflated Type I error rate is largely due to multiple testing.
In fact, the Type I error rates we found very closely fol-
lowed what is theoretically expected based on multiple
testing, where the probability of at least one Type I error
in a number of tests of true null hypotheses equals
1 — (1 — )" (with « being the error probability, i.e., 0.05,
and 7 being the number of tests). This finding also clearly
implies that what we found is not specific to multiple
regression. Instead, we are convinced that it applies to
stepwise methods in general, used in conjunction with any
GLM, GLMM, or discriminant function analysis.

Based on our findings, we recommend that stepwise
procedures should not be used in the context of testing
null hypotheses about a set of predictor variables. In fact,
the only valid options for combining stepwise procedures
with statistical inference based on significance testing
would be to adjust error levels for the number of variables
considered at each step or to use adjusted sampling dis-
tributions of test statistics (e.g., Pope and Webster 1972;
Wilkinson 1979). However, using error-level adjustment
would come with its well-known cost, which is greatly
reduced power, that is, the probability of correctly rejecting
a false null hypothesis (e.g., Moran 2003; Nakagawa 2004),
and neither of the two options is implemented in statistical
standard software. Hence, in the context of NHST, one
should use an overall and simultaneous test of the statis-
tical significance of all the predictor variables together (the
full model). Selecting a subset of predictor variables ex-
plaining the response variable most parsimoniously could
and should be done only after the initial full model re-
vealed significance. It has been frequently pointed out,
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however, that stepwise procedures also have serious draw-
backs in this context. For instance, they do not necessarily
find the best model, they may be unstable in the sense
that only slight changes in the data lead to great changes
in the variables included in the final model, and they do
not necessarily allow for a valid ranking of variables by
their importance (see “Introduction”). Hence, we rec-
ommend the use of information-theory-based model se-
lection procedures for this purpose (e.g., Burnham and
Anderson 2002; Whittingham et al. 2006).

It is worth noting that we do not present anything new
here but just confirm what has already been stated in
statistical articles and texts for more than two decades (e.g.,
Wilkinson 1979; Cohen and Cohen 1983; Lovell 1983;
Derksen and Keselman 1992; Tabachnick and Fidell 2001;
Quinn and Keough 2002; Whittingham et al. 2006). In
fact, even in the 1970s, Pope and Webster (1972, p. 328)
complained about “the widespread use of stepwise pro-
cedures and the lack of understanding (by nonstatisticians)
of their weaknesses.” Despite these many warnings, step-
wise procedures remain in widespread use, perhaps be-
cause suitable examples have not been provided to con-
vince ecologists and evolutionary biologists of the dangers
of using stepwise methods. Our simulations of variables
under a null hypothesis provide solid evidence for the
highly elevated Type I errors associated with stepwise
methods, and hopefully will convince others that these
statistical procedures are statistically flawed for null hy-
pothesis testing purposes.
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APPENDIX

Methods

In all simulated data sets, the predictor variables and the
response variable comprised pseudorandom numbers that
were drawn from a uniform distribution with the range
0 < x < 10. The number of predictor variables ranged from
2 to 10 (increment 1). For each number of predictor var-
iables we generated one set of predictor variables and 1,000
response variables. Multiple regression requires a large
number of cases compared to the number of predictor
variables (Tabachnick and Fidell 2001; Quinn and Keough
2002; Field 2005). In addition, the validity and stability of
the result of a multiple regression depends on the relation
between the number of predictor variables (k) and the
number of cases (i.e., data points, N). Hence, Field (2005)

recommends that when the significance of the overall
model should be tested, the minimum sample size should
be N = (50 + 8 x k). Accordingly, to achieve comparable
power in analyses of data sets with different numbers of
predictor variables, we set the number of data points to
be a function of the number of predictor variables, with
N =3 x (50 +8 x k). Pseudorandom numbers were
generated using the function “rnd()” implemented in Vi-
sual Basic for Applications (Excel, ver. 2002, SP3).

Each of the simulated data sets was analyzed using the
four different multiple regression methods described
above: the simultaneous approach using forced entry and
three stepwise approaches involving forward selection,
backward deletion, and the combination approach. How-
ever, because forward selection and the combination ap-
proach always produced identical results with regard to
significance of the final model and the number of predictor
variables included, we present results only for the forward
selection and backward deletion procedures. All statistics
were calculated using SPSS 13.0.1 for Windows. In stepwise
regression analyses, we used the default criteria for enter-
ing and removing variables (i.e., the P value associated
with an F-test, with P, = .05 and B,,,,,. = .1). For each
number of predictor variables, we determined the number
of data sets for which the final model was significant
(P £.05). Given that, for all generated data sets, the null
hypothesis was, by definition, true, we expected the pro-
portion of significant findings to approximately equal 5%.
We tested whether the number of significant results cor-
responded to chance expectation using a one-tailed bi-
nomial test. We used exact nonparametric tests when small
samples required their use (Mundry and Fischer 1998).

Literature Cited

Burnham, K. P, and D. R. Anderson. 2002. Model selection and
multimodel inference. 2nd ed. Springer, Berlin.

Cohen, J., and P. Cohen. 1983. Applied multiple regression/corre-
lation analysis for the behavioral sciences. 2nd ed. Erlbaum, Hills-
dale, NJ.

Derksen, S., and H. J. Keselman. 1992. Backward, forward and step-

wise automated subset selection algorithms: frequency of obtainin,
authentic and noise variables. H
I 45265262

Dobson, A. J. 2002. An introduction to generalized linear models.
Chapman & Hall/CRC, Boca Raton, FL.

Faraway, J. J. 2006. Extending linear models with R. Chapman &
Hall/CRC, Boca Raton, FL.

Field, A. 2005. Discovering statistics using SPSS. Sage, London.

James, E. C., and C. E. McCulloch. 1990. Multivariate analysis in

ecology and systematics: panacea or Pandora’s box? jimsisasses
I - <

Johnson, J. B., and K. S. Omland. 2004. Model selection in ecology
and evolution. 19:101-108.
Lovell, M. C. 1983. Data mining.
65:1-12.

This content downloaded from 128.189.216.121 on October 17, 2017 12:17:01 PM
All use subject to University of Chicago Press Terms and Conditions (http://www.journal s.uchicago.edu/t-and-c).


http://www.journals.uchicago.edu/action/showLinks?crossref=10.1146%2Fannurev.es.21.110190.001021
http://www.journals.uchicago.edu/action/showLinks?crossref=10.1146%2Fannurev.es.21.110190.001021
http://www.journals.uchicago.edu/action/showLinks?crossref=10.2307%2F1924403
http://www.journals.uchicago.edu/action/showLinks?pmid=16701236&crossref=10.1016%2Fj.tree.2003.10.013
http://www.journals.uchicago.edu/action/showLinks?crossref=10.1111%2Fj.2044-8317.1992.tb00992.x
http://www.journals.uchicago.edu/action/showLinks?crossref=10.1111%2Fj.2044-8317.1992.tb00992.x

Lukacs, P. M., W. L. Thompson, W. L. Kendall, W. R. Gould, P. E
Doherty Jr., K. P. Burnham, and D. R. Anderson. 2007. Concerns
regarding a call for pluralism of information theory and hypothesis
testing. | | -::456—460.

Miller, A. J. 1984. Selection of subsets of regression variables. [gurnal

147:389—-425.

Moran, M. D. 2003. Arguments for rejecting the sequential Bonfer-
roni in ecological studies. Qjkgg 100:403—405.

Mundry, R., and J. Fischer. 1998. Use of statistical programs for
nonparametric tests of small samples often leads to incorrect P-
values: examples from animal behaviour. SN 56:
256-259.

Nakagawa, S. 2004. A farewell to Bonferroni: the problems of low
statistical power and publication bias. | 15:1044—
1045.

Pope, P. T.,, and J. T. Webster. 1972. The use of an F-statistic in
stepwise regression procedures. Technometrics 14:327-340.

Quinn, G. P, and M. J. Keough. 2002. Experimental designs and
data analysis for biologists. Cambridge University Press,
Cambridge.

Sleep, D. J. H., M. C. Drever, and T. D. Nudds. 2007. Statistical versus
biological hypothesis testing: response to Steid. [ —— ———
hisnesenaen 71:2120-2121.

Stepwise Models and Significance Testing 123

Sokal, R. R., and E J. Rohlf. 1995. Biometry: the principles and
practice of statistics in biological research. 3rd ed. Freeman, New
York.

Steidl, R. J. 2006. Model selection, hypothesis testing, and risks of
condemning analytical tools. & 70:
1497-1498.

Stephens, P. A., S. W. Buskirk, G. D. Hayward, and C. M. del Rio.
2005. Information theory and hypothesis testing: a call for plu-
ralism. 42:4-12.

Stephens, P. A., S. W. Buskirk, and C. M. del Rio. 2007. Inference
in ecology and evolution. 22:192—
197.

Tabachnick, B. G., and L. S. Fidell. 2001. Using multivariate statistics.
4th ed. Allyn & Bacon, Boston.

Whittingham, M. J., P. A. Stephens, R. B. Bradbury, and R. P. Freck-
leton. 2006. Why do we still use stepwise modelling in ecology

and behaviour? || NG 75:1152-1159.

Wilkinson, L. 1979. Tests of significance in stepwise regression. Psy-
I 56:165-174.

Zar, J. H. 1999. Biostatistical analysis. 4th ed. Prentice Hall, Upper
Saddle River, NJ.

Associate Editor: Emilia P. Martins
Editor: Michael C. Whitlock

This content downloaded from 128.189.216.121 on October 17, 2017 12:17:01 PM
All use subject to University of Chicago Press Terms and Conditions (http://www.journal s.uchicago.edu/t-and-c).


http://www.journals.uchicago.edu/action/showLinks?crossref=10.1111%2Fj.1365-2664.2005.01002.x
http://www.journals.uchicago.edu/action/showLinks?crossref=10.2307%2F2981576
http://www.journals.uchicago.edu/action/showLinks?crossref=10.2307%2F2981576
http://www.journals.uchicago.edu/action/showLinks?pmid=9710485&crossref=10.1006%2Fanbe.1998.0756
http://www.journals.uchicago.edu/action/showLinks?crossref=10.1037%2F0033-2909.86.1.168
http://www.journals.uchicago.edu/action/showLinks?crossref=10.1037%2F0033-2909.86.1.168
http://www.journals.uchicago.edu/action/showLinks?crossref=10.1111%2Fj.1365-2664.2006.01267.x
http://www.journals.uchicago.edu/action/showLinks?crossref=10.2193%2F2007-140
http://www.journals.uchicago.edu/action/showLinks?crossref=10.2193%2F2007-140
http://www.journals.uchicago.edu/action/showLinks?pmid=17174005&crossref=10.1016%2Fj.tree.2006.12.003
http://www.journals.uchicago.edu/action/showLinks?crossref=10.1034%2Fj.1600-0706.2003.12010.x
http://www.journals.uchicago.edu/action/showLinks?crossref=10.2193%2F0022-541X%282006%2970%5B1497%3AMSHTAR%5D2.0.CO%3B2
http://www.journals.uchicago.edu/action/showLinks?pmid=16922854&crossref=10.1111%2Fj.1365-2656.2006.01141.x
http://www.journals.uchicago.edu/action/showLinks?crossref=10.1093%2Fbeheco%2Farh107

