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In their ambitious Evolutionary Anthropology paper, Winterhalder and Smith1

review the history, theory, and methods of human behavioral ecology (HBE). In
establishing how HBE differs from traditional approaches within sociocultural an-
thropology, they and others laud its hypothetical-deductive research method.1–3

Our aim is to critically examine how human behavioral ecologists conduct their
research, specifically how they analyze and interpret data as evidence for scien-
tific hypotheses. Through computer simulations and a review of empirical studies
of human sex ratios, we consider some limitations of the status quo and present
alternatives that could strengthen the field. In particular, we suggest that
because human behavioral ecologists often consider multiple hypotheses, they
should use statistical approaches that can quantify the evidence in empirical
data for competing hypotheses. Although we focus on HBE, the principles of this
paper apply broadly within biological anthropology.

HBE encompasses studies on mat-
ing, parenting, and subsistence strat-
egies.1 Human behavioral ecologists

ask, for example, why hunters target
certain food sources more than
others, why people choose the mates
that they do, and why parents invest
more in boys in some circumstances
and girls in others. They ask these
questions in an attempt to under-
stand contemporary variation in
human behavior according to the
socioecological conditions faced by
different individuals.4 Some ques-
tions also bear on the likely social
systems of our hominid ancestors
and the selective pressures that led
to the evolution of distinctive human
traits such as a long postmenopausal
life span. Human behavioral ecolo-
gists seek the answers to such ques-
tions in evolutionary theory by as-
suming that natural selection has led
to physiological traits, decision-mak-
ing strategies, and consequent behav-
ior that, given current constraints,
optimizes an individual’s expected
inclusive fitness.

How precisely do human behav-
ioral ecologists frame their research
questions? Complete HBE explana-
tions specify both the costs and ben-

efits to individuals of alternative
behaviors (‘‘models of circumstance’’)
and how natural selection has
shaped the traits involved (‘‘models
of mechanism’’).1 Explicitly or im-
plicitly, such models include a goal,
currency, constraints, and decision
or alternative set.1 Because of inher-
ent difficulties in measuring and iso-
lating influences on inclusive fitness,
human behavioral ecologists usually
focus on a more immediate goal and
currency. An HBE parental invest-
ment study, for example, might
assume that the mother’s goal is to
maximize the number of her children
surviving to the age of 5 years, ana-
lyze early morbidity and mortality
rates as currencies, consider con-
straints like maternal age and
wealth, and look at the decisions
about whether and for how long to
breastfeed newborns of either sex.
Given formalized research ques-

tions and pertinent studies, human
behavioral ecologists must then ana-
lyze their data and interpret the
results as evidence for hypotheses.
For example, how might data on
breastfeeding duration support or
refute the Trivers-Willard (TW)
hypothesis5 for differential parental
investment? Evidence can be defined
as the support data provide for a judg-
ment or conclusion, with inference
being the process through which such
conclusions are drawn. Human be-
havioral ecologists use a variety of
methods to summarize the evidence
in their data and draw inferences
from such data in evaluating hypothe-
ses. Their analytical methods usually
derive from a classical statistical tra-
dition (see next section). They credit
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their inferential approach to a hypo-
thetico-deductive (H-D) philosophy of
science.1,2

The H-D philosophy originated in
the nineteenth century with a shift
away from the inductive and largely
descriptive character of previous sci-
entific methodologies.6,7 Deduction is
the process through which hypotheses
are used to generate specific predic-
tions that, by logic, must be correct if
the generating hypotheses are correct.
Scientific knowledge can therefore
advance by evaluating the predictions
in light of empirical evidence and sub-
sequently identifying and modifying
incorrect hypotheses. Twentieth-cen-
tury practitioners of the H-D approach
were additionally influenced by the
philosophy of science championed by
Karl Popper,8 who argued that the
hallmark of a scientific hypothesis is
falsifiability. In contrast, a scientific
hypothesis can never be proven, only
supported for the time being.8 And
although concepts such as strong in-
ference9 encouraged scientists to work
with multiple hypotheses, the task was
to design crucial experiments, the out-
comes of which would cleanly reject
the incorrect hypotheses. As we will
see, this focus on testability, specifi-
cally through falsification or rejection,
fed into and was no doubt influenced
by a traditional statistical approach
centered on null hypothesis testing.
Unfortunately, in fields such as HBE

a meaningful hypothesis can rarely be
formulated so that a single test can
reject it. If a prediction from a model is
not supported by the data, it is always
possible that the investigator used the
wrong currency or overlooked key con-
straints. Even with a reliance on statis-
tical hypothesis testing, it is usually the
null hypothesis (typically, no difference
between individuals of different catego-
ries) as opposed to the scientific hy-
pothesis of interest that is falsifiable.
One response to the criticism that
HBE hypotheses are unfalsifiable is to
draw strength from philosophies of
science that better fit what human
behavioral ecologists actually do. Kete-
laar and Ellis10 argue that the research
approach of evolutionary psychologists
is more consistent with a Lakatosian
philosophy of science. Lakatos sug-
gested that scientific research programs
can be viewed as consisting of a ‘‘hard

core’’ surrounded by layers of protective
‘‘belts.’’ Most basic research is not
intended to falsify the hard core, but
rather the more testable subsidiary
hypotheses surrounding the core.10,11

Even here, we face the problem of
how best to ‘‘test’’ specific predictions.

In a recent overview, Gray12 com-
pliments the ‘‘trend [in HBE] toward
testing alternative selectionist hypo-
theses’’ rather than testing a sin-
gle evolutionary-minded hypothesis
against a null hypothesis of random
(presumably nonadaptive) behavior.
We go a step farther by arguing that
rather than focusing on testing
hypotheses, human behavioral ecolo-
gists could better understand their
data by comparing and revising mul-

tiple alternative models or working
hypotheses, including those that are
not necessarily mutually exclusive in
the strong inference sense.

Hilborn and Mangel11 use the
phrase ‘‘ecological detection’’ to refer
to a broad approach to scientific
research that in large part eschews the
focus on testing single hypotheses,
null or otherwise. Instead, ecological
detection combines a variety of techni-
ques for ‘‘confronting models with
data.’’ To be effective, ecological detec-
tion usually requires analytical ap-
proaches that are different from the

classical significance testing ap-
proaches with which most human be-
havioral ecologists are familiar. Such
a shift is already well under way in
fields outside of anthropology.11,13–15

DIFFERENT APPROACHES TO
STATISTICAL INFERENCE

Statistical methods provide tools
to examine data in an effort to make
inferences about the world. Without
such methods, human reasoning alone
can lead us astray, finding patterns
that do not exist and missing subtle
patterns that do.16,17 A fundamental
concept in statistics is that data are a
sample drawn from an existing or
hypothetical larger population. In
evaluating scientific hypotheses, we
usually want to learn the truth about
this larger population. For example,
we might want to estimate from a
sample of birth records the underlying
probability of a mother in the popula-
tion giving birth to a boy. We might
also want to compare two or more
samples of mothers to evaluate
whether they represent different popu-
lations.
What is the best way to extrapolate

from sample data to the populations
from which they are derived? There
are several alternative modes of sta-
tistical inference, with fundamental
differences in their mathematical
underpinnings, as well as corre-
sponding acrimonious debate among
their proponents. Here, we catego-
rize these modes of inference accord-
ing to whether a classical signifi-
cance testing approach, a likelihood
approach, or a Bayesian approach is
adopted,18 recognizing that these
approaches did not develop and are
not currently applied in isolation
from one another.15 We introduce
the concepts underlying each mode
of inference and identify some bene-
fits and pitfalls of each (see Box 1 for
quantitative illustrations).

The Classical Significance
Testing Approach

Significance testing, or null hy-
pothesis testing, is the approach to
statistical inference traditionally
used by biological anthropologists.
The early development of significance

We go a step farther by
arguing that rather than
focusing on testing
hypotheses, human
behavioral ecologists
could better understand
their data by comparing
and revising multiple
alternative models or
working hypotheses,
including those that are
not necessarily mutually
exclusive in the strong
inference sense.
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testing as a mode of inference can be
traced to the work of Fisher and of
Neyman and Pearson.15 (Note that
Fisher was also instrumental in the
origins of the likelihood approach to
inference, as well as sex ratio theory.)
Given a set of data, Fisher’s method
focuses on a single hypothesis and
determining the probability of finding
the data or data more extreme if the
hypothesis were true. The smaller this
probability, presumably the less likely
it is that the hypothesis is true. In con-
trast, Neyman and Pearson’s method
emphasizes deciding between two
hypotheses, a null hypothesis and an
alternative hypothesis. After fixing a
(an acceptable probability of making
a Type I error, falsely rejecting the
null hypothesis) and subsequently
minimizing b (the probability of mak-
ing a Type II error, failing to reject a
false null hypothesis), acceptance and
rejection regions are calculated for
possible data outcomes. The null hy-
pothesis is then accepted or rejected
based on whether the data fall into the
acceptance or rejection regions.
The Fisher and Neyman-Pearson

methods have merged into what is
the typical practice today, despite
fundamental inconsistencies in the
underlying statistical theories.18–22 A
null and an alternative hypothesis
are pitted against each other. If the
data are found to be sufficiently
extreme (usually a P-value less than
0.05) assuming the null hypothesis
were true, then the null hypothesis is
rejected in favor of the alternative
hypothesis. We now highlight two
well-known problems in how people
use the merged theory.13,23

First, a P-value is often misinter-
preted as the probability of the null
hypothesis, when it is actually the
probability of the data or more
extreme data assuming the null hy-
pothesis were true. P-values are also
misinterpreted as a measurement of
the strength of an effect, for instance
when a result with p ¼ 0.001 is
referred to as ‘‘highly significant’’ or
‘‘more significant’’ than a result with
p ¼ 0.05. Large sample sizes and pre-
cisely measured variables can lead to
small P-values despite negligible
effect sizes. (Effect size refers to the
magnitude of an association or differ-
ence between groups, one measure of

which is Cohen’s difference statistic,
d, a staple of meta-analyses.24)

Also worrisome is the arbitrariness
of a p ¼ 0.05 cut-off. Is it scientific to
exalt a result that leads to a p ¼ 0.04
but ignore one with a p ¼ 0.06? Some-
times researchers describe results
with P-values between 0.05 and 0.10
as being ‘‘marginally significant’’ and
potentially important; at other times,
similar outcomes are argued to show
‘‘no effect’’ or ignored altogether.

A more fundamental problem with
significance testing is the inherent
asymmetry between the null and
alternative hypotheses. A Type I error
is generally assumed to be worse than
a Type II error, so that decision crite-

ria are set to reduce the probability of
Type I errors at the expense of
increasing Type II errors. Subse-
quently, going by P-values alone, only
the null hypothesis, not the alterna-
tive, can be rejected; in other words,
only the alternative hypothesis, not
the null, can be asserted. Some
researchers operate as if the two are
symmetric: a significant P-value is
interpreted as evidence for the alter-
native hypothesis and a nonsignifi-
cant value is interpreted as evidence
for the null. Unfortunately, this is just
not appropriate (see Box 2). It may be
impossible to reliably reject the null
hypothesis with insufficient data

(small samples or effect sizes), even if
the null hypothesis is in fact false as,
at some level, almost all null hypothe-
ses are. Power analysis provides some
measure of a test’s ability to correctly
reject a false null hypothesis,24–26 but
it is rarely used in HBE.

The Likelihood Approach

A second mode of statistical infer-
ence is based on likelihoods and the
principle that the ratio of likelihoods
for two models quantifies the statisti-
cal evidence in the data for one hy-
pothesis vis-à-vis another hypothe-
sis.22 The likelihood of a hypothesis,
given the data, is proportional to the
probability of observing the data
under the hypothesis. Fisher was the
first to explicitly develop the concept
of likelihood and suggest its potential
use in statistical inference, notably
as an alternative to ‘‘inverse probabil-
ity,’’ or what we would now term
Bayesian approaches.18 Although
likelihood inference does not carry
with it the name recognition of sig-
nificance testing or Bayesian ap-
proaches, it has a long history in
twentieth century statistics.18,27

To avoid potential confusion, note
the important distinction between
the mere presence of likelihood cal-
culations, which play a central role
in classical significance testing as
well as Bayesian approaches, and the
more broadly conceived ‘‘likelihood
approach’’ to statistical inference,
which is a paradigm for evaluating
the evidence in data for alternative
hypotheses.22 Thus, a regression anal-
ysis that compares alternative models
by interpreting a P-value associated
with a Chi-square statistic is still
making inferences through classical
significance testing, even if the regres-
sion coefficients were determined
through maximum likelihood estima-
tion. In 1972, Edwards18 wrote ‘‘even
today, thirty-five years after Fisher
drew attention to the importance of
the whole likelihood function in esti-
mation, it is difficult to convey to a
statistical audience the vital distinc-
tion between likelihood regarded as a
basis for a theory of inference, and
likelihood regarded as a commodity
to be maximized in a method of point
estimation’’ (p. 101).

Is it scientific to exalt a
result that leads to a p =
0.04 but ignore one with
a p = 0.06? Sometimes
researchers describe
results with P-values
between 0.05 and 0.10
as being ‘‘marginally
significant’’ and
potentially important; at
other times, similar
outcomes are argued to
show ‘‘no effect’’ or
ignored altogether.
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Box 1. Illustration of Alternative Statistical Traditions with Sex Ratio Data

We illustrate the alternative statisti-
cal traditions with births to high-sta-
tus (above median wealth) parents
from the Kipsigis of Kenya (unpub-
lished data courtesy of Monique Bor-
gerhoff Mulder). The births consisted
of 193 boys and 158 girls, yielding a
secondary sex ratio (SR) of 122 (122
boys/100 girls) or equivalently a pro-
portion of boys of 0.55 (ŷ). We con-
trast this sample parameter to
hypothesized population values for
the probability of producing a boy,
namely y ¼ 0.50 (SR 100, an equal
sex ratio) and y ¼ 0.53 (SR 113, a
moderate male bias).

The Classical Significance Testing
Approach
A classical Fisherian approach

focuses on a single hypothesis and
the probability of observing the data
or data more extreme were the hy-
pothesis true. If X is a random vari-
able for the number of boy births,
the probability of observing x boys in
a sample of n births can be modeled
by the binomial distribution such that
the probability of observing x or
more boys is

PðX � xÞ ¼
Xn
i¼x

n
i

� �
yið1� yÞn�i:

Given the hypothesis H that y ¼
0.50, the probability (p) of observing
193 or more boys in a sample of 351
births is

p ¼
X351
i¼193

351
i

� �
ð0:5Þið1� 0:5Þ351�i

¼ 0:035:

In contrast, the Neyman-Pearson
approach constructs a rule for
deciding between two alternative
hypotheses (for example, H1 that y
¼ 0.50 and H2 that y = 0.5). We
divide the sample space for the ran-
dom variable X into two regions: val-
ues of x for which we would decide

in favor of H1 versus those favoring
H2. (Note that our earlier Fisherian
calculation was one-tailed; now H2

considers values of x either higher or
lower than those predicted by H1.)
There are various methods for arriv-
ing at the critical values given a
(usually 0.05), the probability of a
Type I error. Here we simply solve
for the upper and lower of values of
x for which p < 0.025 (a/2). The
resulting decision rule is to choose
H1 if 157 < x < 195, or choose H2 if
x � 157 or x ‡ 195. Given x ¼ 193,
we should choose H1, y ¼ 0.50.
In a standard merging of the Fish-

erian and Neyman-Pearson ap-
proaches, H1 would be labeled the
null hypothesis and H2 the alterna-
tive; a two-tailed statistical test
would produce p ¼ 0.07. Although
this value might be considered ‘‘mar-
ginally’’ significant, we would be
unable to reject the null hypothesis
that the population parameter y
diverges from 0.50. The power (b) of
such a test to detect moderate dif-
ferences (e.g., y 6 0.05) is only 0.44
(see Cohen24 for how to calculate
power), so even if the actual popula-
tion y ¼ 0.55, we would fail to reject
the incorrect null hypothesis roughly
56% of the time.

The Likelihood Approach
The likelihood approach calculates

the statistical evidence in the data
for one hypothesis relative to
another. Consider the two hypothe-
ses about the population parameter
y, H1: y ¼ 0.50 and H2: y ¼ 0.53.
Note that for illustrative purposes we
are introducing these as a priori
point hypotheses; in other words,
they are not parameters estimated
from the data. The likelihood of each
hypothesis given the data is propor-
tional to the probability of the data
under the hypothesis.22 (Because
the proportionality constant is the

same for both models, this term
drops out of the equation.) With the
binomial distribution, the likelihood
ratio for the two hypotheses is

LðH2jX ¼ xÞ
LðH1jX ¼ xÞ ¼

� n
x

�
y2xð1� y2Þn�x

� n
x

�
y1xð1� y1Þn�x

¼ ð0:53Þ193ð1� 0:53Þ351�193

ð0:50Þ193ð1� 0:50Þ351�193
¼ 4:35:

In other words, the data indicate
over four times the statistical evi-
dence for H2 vis-à-vis H1.

The Bayesian Approach
A Bayesian analysis uses new

data to update one’s prior beliefs in
competing hypotheses. In the Kipsi-
gis sex ratio example, consider two
competing hypotheses about the
population parameter y, H1: y ¼ 0.50
and H2: y ¼ 0.53. Based on knowl-
edge of chromosomal sex determi-
nation and previous findings,46 we
will skew our prior beliefs in the
hypotheses toward H1. We might
thus assign the priors as follows:
P(H1 true) ¼ 0.75 and P(H2 true) ¼
0.25. (More detailed justifications of
the prior estimates should accom-
pany a complete Bayesian analysis.)
Bayes’s theorem11 states that

PðAjBÞ ¼ PðBjAÞPðAÞ
PðBÞ :

Let A represent our hypotheses and
B our data, such that P(A) represents
our prior estimates and P(A|B) our
posterior estimates. The binomial
distribution provides the probabilities
of observing the data under each
prior hypothesis, P(B|A), and the joint
probability of observing the data
under either hypothesis, P(B). Sub-
stituting, the posterior probabilities
for H1 is
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A key philosophical component of
the likelihood approach is that data
are never considered as evidence for
or against a single hypothesis in iso-
lation, but only relative to one or
more other hypotheses. The magni-
tude of the likelihood ratio (say, for
H1/H2) measures the strength of evi-
dence for H1 over H2. With likeli-
hood statistics, it is also possible to
calculate the probabilities of the data
providing misleading evidence (m)
for one hypothesis over another or
weak evidence (w) that is unable to
distinguish two hypotheses.22

The likelihood approach is advanta-
geous because it places the focus on
two or more hypotheses. Also, unlike
P-values, likelihood ratios measure
the strength of evidence in the data
for the hypotheses relative to one
another. Additional advantages in-
clude the property that the evidence
does not change with the behavior of
the person analyzing the data.22 In the
traditional approach, P-values should
ideally be adjusted to take into
account the amount of data snooping
and multiple tests a researcher has
done. With the likelihood approach,
the data are what they are irrespective
of the behavior of the researcher.
The likelihood approach does

have disadvantages. Likelihood ratios
compare what are known as point
hypotheses, in which parameters
take specific values, for example, the
probability of an event is 0.6 versus

0.5. Tests based solely on likelihood
ratios are not suited to composite
hypotheses, which actually comprise
many point hypotheses, for example,
the probability of an event is greater
than 0.6. Another complication arises
when candidate models differ in the
number of parameters and those
parameters are being estimated from
the data. Such cases call for using
Akaike Information Criterion for
model selection (see Box 3).

Another potential drawback of the
likelihood approach is that it does not
have strict cut-off points for interpret-
ing data. In some areas, such as phy-
logenetic analyses, it is common prac-
tice to cross over to a significance
testing approach and ‘‘test’’ likelihood
ratios for significance using a Chi-
squared distribution. Alternatively,
various guidelines have been pro-
posed for translating likelihood ratios
into levels of strength of evidence or
plausibility of one hypothesis over
another.22,27 For example, under one
such guideline, likelihood ratios
greater than ten would indicate strong
evidence, ratios between three and
ten would indicate moderate evi-
dence, and ratios between one and
three would indicate only weak evi-
dence for the more likely hypothesis.
Although convenient, a risk in apply-
ing such guidelines is that of falling
into the same ‘‘reject’’ or ‘‘accept’’
mentality that has dominated classical
significance testing.28,29

The Bayesian Approach

A very different approach from ei-
ther classical significance testing or
likelihood inference is based on
Bayes’s theorem.11,15 The Bayesian
approach emphasizes using data to
update one’s prior belief in two or
more competing hypotheses. Before
data are gathered, one’s prior belief
in each hypothesis is quantified as
an estimated unconditional probabil-
ity that the hypothesis is true. These
hypotheses must be both mutually
exclusive and all-inclusive, such that
their probabilities sum to one. Using
Bayes’s formula, the data and prior
estimates are then combined to cal-
culate posterior estimates of the
probability that the hypotheses are
true. Multiple hypotheses can then
be evaluated without the inherent
asymmetry between a null hypothe-
sis and an alternative hypothesis.
One circumstance in which Bayes-

ian analyses might be advantageous
for biological anthropologists is when
information from previous studies,
beliefs, or expert opinions can be used
to form prior estimates for hypothe-
ses.30–32 Although this leads to the
common criticism that the method is
inherently subjective, in fact it may
represent a quantitative approach to
something that we tend to do anyway:
evaluate our hypotheses not only in
light of our current data but also with
respect to what we know or believe

PðH1jx ¼ 193Þ ¼ Pðx ¼ 193jH1ÞPðH1Þ
Pðx ¼ 193jH1ÞPðH1Þ þ Pðx ¼ 193jH2ÞPðH2Þ

PðH1jx ¼ 193Þ ¼

�
n

x

�
y1xð1� y1Þn�xPðH1Þ�

n

x

�
y1xð1� y1Þn�xPðH1Þ þ

�
n

x

�
y2xð1� y2Þn�xPðH2Þ

PðH1jx ¼ 193Þ ¼ ð0:50Þ193ð1� 0:50Þ351�193ð0:75Þ
ð0:50Þ193ð1� 0:50Þ351�193ð0:75Þ þ ð0:53Þ193ð1� 0:53Þ351�193ð0:25Þ

¼ 0:41:

Similarly,

PðH2jx ¼ 193Þ ¼ Pðx ¼ 193jH2ÞPðH2Þ
Pðx ¼ 193jH1ÞPðH1Þ þ Pðx ¼ 193jH2ÞPðH2Þ ¼ 0:59:

Thus, given the data, our belief in H1 has decreased from 0.75 to 0.41, and our belief in H2 has increased from 0.25
to 0.59.
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Box 2. Contrasting Chi-Squared and Likelihood Ratio Analyses of Simulated Data

A simple simulation study (imple-
mented in R53) illustrates the differen-
ces between classical and likelihood
approaches. We start with two groups
of mothers, one high status the other
low status, and use a binomial proba-
bility distribution to draw 500 births for
each group, resulting in a total sample
of 1,000 babies of either sex. For each
of three generating models, we gener-
ate 1,000 such samples of 1,000
births, setting the parameter values as
follows: for M1 yh ¼ 0.5 and yl ¼ 0.5,
for M2 yh ¼ 0.52 and yl ¼ 0.52, and for
M3 yh ¼ 0.57 and yl ¼ 0.47. With the
sample births in hand, we assess how
often the classical significance testing
and likelihood approaches correctly
detect the generating model that pro-
duced the data. It is important to note
that for the purposes of our simula-
tion, the parameter values are fixed
from the outset and used in calculat-
ing the likelihoods, whereas an actual
empirical analysis would typically esti-
mate parameter values from the data
and potentially need to account for
differences in the number of fitted
parameters (see Box 3).
For the classical approach, we use

a standard Chi-square test for inde-
pendence of maternal status and off-
spring sex (typical of studies trying to
test the TW hypothesis; see Berecz-
kei and Dunbar36). The null hypothe-
sis is that the two variables are inde-
pendent; the alternative is simply that
they are not, evidence of which might
be construed as supporting the TW
hypothesis. For data from each gen-

erating model, we use a Chi-square
test to test the null hypothesis and re-
cord the P-value.
For the likelihood approach, we

use the same data to calculate likeli-
hood ratios for the observed data
under pairwise comparisons of the
three models. For example, of those
populations we generated using M3
(TW-like parameter values), how
many would show scientific evidence
for M3 over M2? Over M1? What is
the strength of this evidence?
At first glance, the results from the

Chi-square analyses appear to be
reassuring (Table 1). When M1 or M2
generated the data, the null hypothe-
sis (no interaction between sex ratio
and maternal condition) is true, and in
about 95% of samples simulated the

P-value was nonsignificant. In the
case of M3, when an interaction was
built into the generating model,
the null hypothesis is not true, and
the vast majority (87%) of samples
yielded P-values less than 0.05. Note,
however, the asymmetry between the
models based on whether the model
resembles the null or alternative hy-
pothesis. Because the traditional 0.05
significance level is weighted to
reduce Type I errors over Type II
errors, Type II errors (failing to reject a
false null hypothesis) were roughly
three times more likely with M3. This
number would be even higher with
smaller samples or if the M3 generat-
ing parameter values were closer to-
gether (e.g., yh ¼ 0.54 and yl ¼ 0.50).
In other words, with repeated sam-

TABLE 1. Pearson’s Chi-Squared Tests

(with Yates’s Continuity Correction) for

1,000 Samples per Generating (True)

Model, with Simulated Data Used to

Test the Null Hypothesis of No

Difference Between High- and

Low-Status Sex Ratios

True Model P ≤ 0.05 n.s.

M1 45a 955
M2 47a 953
M3 872 128b

a Type I errors would be made in
these cases.
b Type II errors would be made in
these cases.

TABLE 2. Likelihood Ratios for the Point Hypotheses Representing the Three

Generating Models, Using the Same Samples as in Table 1

0 to <1/10 1/10 to <1/3 1/3 to <3 3 to <10 10þ
M1 True LR M1/M2 13 66 509 284 128

LR M1/M3 9 16 65 63 847

M2 True LR M2/M1 8 64 513 286 129
LR M2/M3 8 19 89 77 807

M3 True LR M3/M1 8 14 62 77 839
LR M3/M2 15 13 84 93 795

Figure 1. Log likelihood ratios of M3 to M1 when M3 was the generating model in n =
1,000 simulations. Dashed vertical lines correspond to the log likelihood ratio associ-
ated with likelihood ratios of 1/10, 1/3, 3, and 10, respectively. The simulations falling in
areas a and e indicate strong evidence for M1 and M3, respectively; simulations in
areas b and d indicate moderate evidence for M1 and M3, respectively; simulations
in area c indicate weak evidence for either model.27
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based on previous research. We will
not develop our presentation of Bayes-
ian inference to the same extent that
we do the classical and likelihood
approaches because our primary focus
is on how the latter facilitate compar-
ing multiple alternative hypotheses.

SEX RATIO THEORY AND
SPECIFYING COMPETING

MODELS

Using sex ratio theory to illustrate
the philosophical and statistical
approaches in action, we now review
several well-known hypotheses for
sex ratio variation and show how
they can be formalized as quantita-
tive models. A fundamental problem
faced by parents is how to schedule
and allocate investment in off-
spring.33 Offspring are expected to
vary from one another in many
respects, such as health, help to
parents, and reproductive potential.
Consequently, parents might benefit
by investing differently in offspring
according to such qualities. As a cor-
relate of such qualities, offspring sex
may have a major impact on the
expected fitness returns on parental
investment. Sex-biased variation has
been reported in many societies for
variables like birth sex ratios, infanti-
cide, childhood disease and mortality
risk, lactation and weaning, educa-
tion, marriage payments, residence
rules, and inheritance patterns.34

Many evolutionary hypotheses
attempt to explain biases in birth sex
ratios and subsequent parental
investment. We focus on three fun-
damentals. The unifying core of
these hypotheses is that biases stem
from parental behavior to maximize
their expected inclusive fitness. The
hypotheses vary, however, in predict-
ing how parents achieve this, given
the costs, benefits, and constraints
on investing in offspring of either
sex. Fisher proposed that natural
selection will lead to equal invest-
ment by parents in offspring of ei-
ther sex.35 Conditions where the off-
spring cost the same and have equal
returns should lead to an equal sex
ratio (Hypothesis 1: Fisher’s Equal
Production). If one sex costs less,
however, parents should produce
more of that sex (Hypothesis 2:
Fisher’s Equal Expenditure). Trivers
and Willard5 predict an interaction
between parental condition and pa-
rental investment, with parents in
better condition investing more in
offspring of the sex with greater
reproductive potential (Hypothesis 3:
The TW Hypothesis).

Given empirical results bearing on
these hypotheses, we might first sim-
ply describe the data; for example,
what are the sample sex ratios? To
evaluate the hypotheses, however, we
want to make inferences about the
underlying populations that pro-
duced the data. To do this, we need

to translate the verbal hypotheses
into quantitative models. A well-
known quantitative model for sex
ratios is the binomial probability dis-
tribution (see Box 1). One way to
contrast the three models is to divide
the data into births from high-status
mothers (h) versus low-status moth-
ers (l), two subpopulations each with
its own probability distribution for
producing boy babies. The only pa-
rameter in the model that will vary
between subpopulations is y, the
probability of producing a boy.
The next step is to specify the

models in more precise terms so they
can be distinguished from one
another. Hypothesis 1 predicts an
equal sex ratio, so for Model 1 we
can write:

M1: yh ¼ yl ¼ 0:5:

Note that this is a statistical point
hypothesis, where the parameter
takes on a single value.
For Model 2, the sex ratios in the

two subpopulations are equal to each
other, but differ from 0.5. At a mini-
mum, we can write:

M2: yh ¼ yl 6¼ 0:5:

Although this clearly distinguishes
M2 from M1, left at this stage M2 is
a composite hypothesis, encompass-
ing a range of values for the para-

pling of a population, we would
expect some nonsignificant results
even if M3 were true, making it
quite difficult to distinguish the hy-
potheses.
The likelihood ratios (LRs) consis-

tently indicate evidence of the cor-
rect generating models (see Table 2
for a summary and Figure 1 for a
closer look at the simulations when
M3 generated the data). Looking at
samples when M1 generated the
data, and thus is the true model,
91% of the LRs comparing M1 to
M3 are greater than 3, indicating at
least moderate evidence for M1 over
M3; 85% of the LRs are greater than
10, indicating strong evidence for
M1 over M3. LRs comparing M1 to

M2 generally show more evidence
for M1 than M2, but only 42% of
LRs show at least moderate or
strong evidence. The same pattern
occurs when M2 is the true model.
There is consistently (88%) at least
moderate evidence for M2 over M3
and often (81%) that evidence is
strong. The evidence for M2 versus
M1 is again less definitive. When M3
is the true, there is consistent evi-
dence for M3 over both M1 and M2.
There is at least moderate evidence
for M3 over M1 and M2 92% and
89% of the time, respectively; that
evidence is strong 84% and 80% of
the time, respectively.
Because the magnitudes of LRs

give a measure of the strength of

the evidence, this type of analysis
offers much more information than
do Chi-square tests, which offered
no straightforward way to interpret
the nonsignificant results. The likeli-
hood ratio analysis also avoids the
asymmetry problem of the Chi-
square analyses. When M3 is true,
the LRs indicate the same strong
evidence for it over M1 and M2 that
is displayed when M1 or M2 are true
and they are compared to M3.
Because M1 and M2 are quite simi-
lar, the LRs do not distinguish
between them very well, but they do
provide a quantifiable way to com-
pare the models. In contrast, a Chi-
squared test is unable to distinguish
them at all.
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Box 3. Model Selection Using Akaike Information Criterion

Various model selection ap-
proaches exist for concurrently com-
paring any number of models to a
data set and measuring the rela-
tive support the data give each
model.15,29,54,55 Here we demon-
strate model selection based on
Akaike Information Criterion (AIC), a
robust approach that is increasingly
being used in other disciplines.54

The AIC approach attempts to iden-
tify models that optimally describe
the information in the data while min-
imizing the number of fitted parame-
ters.54 Adding fitted parameters
always improves the fit of a model to
the data, but overly complex models
are harder to understand, often yield
inferior predictions due to measure-
ment errors in the parameters, and
may overfit the data by explaining
noise.56 A model selection approach
based on AIC can replace common
approaches like stepwise regression
that are used to choose model varia-
bles but have been criticized for
inconsistent results and a focus on
only the ‘‘best’’ model without any
measure of model uncertainty.57 In
addition, unlike likelihood ratio tests,
AIC can be used to compare non-
nested models.
The basic steps in an AIC analysis

are as follows: 1) identify the alterna-
tive models, including the number of
parameters in each; 2) determine the
best parameters for fitting the data
to each model (often the maximum
likelihood estimates); 3) given these
parameter estimates, calculate the
likelihood of the observed data asso-
ciated with each model; 4) use the
likelihoods and number of parame-
ters to calculate AIC values for each
model; and 5) rank the models in
ascending order of these values. The
best-supported model will have the
lowest AIC value. We demonstrate
these steps using childhood mortal-
ity data from the Kipsigis of Kenya.40

Table 1 reports the number of deaths
per group, classified by sex and pa-
rental wealth, for children aged 0–1
years. We use the data to arbitrate
among four models that differ in
whether mortality rates (q) are inde-

pendent of sex and wealth (M1) or
depend on sex (M2), wealth (M3), or
both (M4) (Table 2). M4, in which
mortality varies with both sex and
wealth, is most representative of the
TW hypothesis.
For each model, we calculate the

values of q that are most likely to
produce the data. In this case, the
binomial distribution models the
probability of observing a certain
number of deaths (x) out of the total
number of children (n), given the
mortality rate (q) in question. The
likelihood (L) of a model given the
data is proportional to the probability
of the data given the model (a pro-
portionality constant across the
models can be ignored). The AIC for
model i is defined as

AICi ¼ �2logLi þ 2Ki;

where Li is the likelihood of model i
given the data, and Ki is the number
of fitted parameters in the model.
The models are ranked by their AIC
values, with the lowest AIC being the
optimal model among those consid-
ered.13 The absolute magnitudes of
AICs have no meaning since they
depend on sample sizes and how

one has defined the problem, but
the differences in AICs are informa-
tive. It is convenient to calculate the
difference in AICs relative to the low-
est AIC, defined as

Di ¼ AICi �min(AIC):

There is no critical value at which an
AIC difference is ‘‘significant,’’ but as
a general rule an AIC difference of 4
to 7 means a model has consider-
ably less support than the best-sup-
ported model, while an AIC differ-
ence greater than 10 means the
model has essentially no support.54

In this case M1, in which mortality
is independent of both sex and
wealth, appears to be the optimal
model, and M4, the TW model,
receives the least support (see Table
2). The AIC differences suggest that
M4 has considerably less support
than does M1, but the support for
M1, M2, and M3 is comparable. We
did similar analyses on Kipsigis
childhood mortality from ages 1 to 5
years and found that M2, in which
mortality is dependent only on sex,
was the best-supported model. In
this case, however, none of the mod-
els had considerably less support
than any of the others, including M4.
Taken as a whole, the AIC approach
suggests that simple models may do
just as well or better than a more
complicated TW model in predicting
Kipsigis childhood mortality.
To learn more about AIC, we

strongly recommend Hilborn and
Mangel11 and Burnham and Ander-
son.54 For a detailed anthropological

TABLE 1. Kipsigis Childhood Mortality

(Ages 0-1 years)

Lower

Wealth

Upper

Wealth Total

Male 19/167 15/193 34/360
Female 15/185 14/158 29/343
Total 34/352 29/351 63/703

TABLE 2. AIC comparison of Models of Kipsigis Mortality Ages 0–1

Model Mortality K AIC D

M1 qall ¼ 63/703 1 21.65 0

M2 qmale ¼ 34/360 2 23.43 1.78
qfemale ¼ 29/343

M3 qlower ¼ 34/352 2 23.22 1.57
qupper ¼ 29/351

M4 qml ¼ 19/167 4 26.02 4.37
qmu ¼ 15/193
qfl ¼ 15/185

qfu ¼ 14/158
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meter y, not all of which would
support Hypothesis 2 of equal ex-
penditure. In fact, M2 predicts that y
would be proportional to the relative
costs of producing boys and girls
such that y ¼ 1/(1 þ c), where c is
the cost of producing boys relative to
girls. Typically, c is left unmeasured
and instead simply estimated as
greater than or less than one, so
that:

M2: yh ¼ yl; greater than 0.5 if c
< 1 ðboys cost less than girls), or

M2: yh ¼ yl; less than 0.5 if c
> 1 ðboys cost more than girlsÞ:

Model 3 is the only model that pre-
dicts that the sex ratios differ from
equality but also that the subpopula-
tions will differ from each other. At a
minimum, we can write M3: yh = yl.
Note, however, that as with M2, this
composite hypothesis covers many
conceivable values that would run
counter to Hypothesis 3. We can
therefore specify:

M3 : yh > yl if higher parental status

increases the reproductive

potential of boys more than girls, or

M3 : yh , yl if higher parental

status increases the reproductive

potential of girls more than boys:

With these general specifications
of M1, M2, and M3 in hand, we are
now better able to evaluate which
model would give rise to data similar
to those observed. In Box 2, we pres-
ent results from computer simula-
tions that create populations under
alternative models for sex ratio varia-
tion. We analyze these population
sex ratios using classical and likeli-

hood methods to compare the alter-
native approaches.

HUMAN BEHAVIORAL ECOLOGY:
PARENTAL INVESTMENT

LITERATURE

We now consider specific exam-
ples of the statistical and philosoph-
ical approaches employed by human
behavioral ecologists, focusing on a
set of twelve papers bearing on the
TW hypothesis.3,25,36–45 Although
the papers vary extensively in how
heavily they use statistics in making
arguments, from quite minimal
use43 to more detailed,25 they all use
classical significance testing ap-
proaches such as Chi-square tests,
ANOVAs, and regression. An average
of 48 P-values appear in each paper
(range 4–244), reported in a variety
of forms: as an exact number, as
greater or less than some cut-off, or
simply as nonsignificant.

About half of the papers contain
interpretations of P-values beyond
simply reporting the exact value, as
in a Fisherian approach, or the criti-
cal region in which the value falls, as
in the NP approach. These interpre-
tations include using adjectives such
as ‘‘highly,’’ ‘‘marginally,’’ and ‘‘not
quite’’ to describe the significance
level, or using different numbers of
asterisks to distinguish P-values of
different quantities. The problem is
not in the use of P-values, adjectives,
or asterisks per se, but in the implied
link between the magnitude of the P-
value and the biological (substantive)
significance of the result. No direct
link exists. Very large sample sizes,
for instance, will often lead to
extremely small P-values despite
small effect sizes.41 The inconsisten-
cies associated with the 0.05 cut-off

for statistical significance are also
apparent in these papers. In Cronk3

(Table 10.2), for instance, patterns
associated with one-tailed P-values of
0.03 and 0.07 are given merit, while
one with a P-value of 0.098 (going
against the predicted pattern) is
discounted.
Another problem with relying heav-

ily on P-values is how to interpret non-
significant results. Nearly all of the
studies assert the null hypothesis for
some nonsignificant results. For
instance, Voland and coworkers39 an-
alyzed how the correlation between
sex-biased infant mortality and popu-
lation growth rates in historical
Germany varied with time. They con-
cluded that there is evidence of a ‘‘one-
generation delay’’ between the two
variables. This inference, however,
rests on nonsignificant correlations
for shorter (0 years) and longer time
intervals (60 years) and a significant
correlation for an intermediate time
interval (30 years). Essentially, the
authors had to assert the null hypothe-
sis for two of the three tests to draw
this conclusion. To make such argu-
ments based on nonsignificant results,
one first needs to show that the test
had enough power to reliably detect
an underlying population effect if one
existed. Otherwise, such interpreta-
tions are unsound (see simulations in
Box 2). Only one of the twelve HBE
studies supports their interpretations
of nonsignificant results with explicit
power analyses.25

Closely linked to how we use statisti-
cal results is the question of how
human behavioral ecologists use
hypotheses in their research. All
twelve studies are focused on one or
more measures of parental investment
but deal with hypotheses in a variety
of ways. The majority of studies are
not designed to test the ‘‘hard core’’ of

illustration of a likelihood-based
analysis using AIC, see Handcock
and Jones’s58 study of disease
transmission across sexual net-
works. The main impediment to
using AIC is finding the maximum
likelihood estimates of parameters
and the associated likelihood of the
observed data for the given model.
However, it is quite simple to use

AIC analyses for linear models
because the residual sum of squares
from least squares regression or
ANOVA analyses can be converted
into AIC values.

AICi ¼ nlogðŝi
2Þ þ 2Ki with

ŝi
2 ¼ Residual Sum of Squares

n
:

The number of fitted parameters (K)
should include the intercept and
si,

2 which are being estimated.
Excel tools are available for making
this computation.59 For nonlinear
models, statistical packages such
as R, Sþ, and Systat, can produce
AIC values. For complex cases,
likelihoods can be found through
simulations.60,61
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HBE, for instance the applicability of
natural selection or parental invest-
ment theory to understanding human
behavior. (In an exception, Freese and
Powell41 use the TW hypothesis as a
representation of the entire HBE
enterprise, with the hypothesis being
the sole evolutionary explanation
weighed against sociological hypothe-
ses.) Some studies focus primarily on
testing the TW hypothesis,43 but
others give considerable attention to
alternative hypotheses.25,40 The latter
group includes studies that essentially
assume that the TW hypothesis must
be true based on evolutionary logic,
then focus on subsidiary models about
the contexts and directions in which
TW ‘‘effects’’ are expressed.39

According to Winterhalder and
Smith’s1 ideal of HBE research, the
TW hypothesis must be formalized
into ‘‘testable’’ models with specific
goals, currencies, constraints, and
decisions. However, when the TW
hypothesis is expressed quantita-
tively, as with the binomial model, it
becomes apparent that some studies
fall short of evaluating the full hy-
pothesis even when they claim to do
so. Irons,43 for example, uses a com-
bination of ethnographic and demo-
graphic data from the Yomut Turk-
men ‘‘to test the Trivers-Willard hy-
pothesis.’’ The hypothesis predicts
that Yomut parents, who are at the
top of their local marriage system,
should invest relatively more in sons
than do the lower-status groups with
whom they intermarry. The empiri-
cal data reflect only what the upper-
status parents are doing, however, so
no direct test of the TW hypothesis
is possible. Similarly, Cronk3 focuses
primarily on the Mukogodo of
Kenya, in this case a low-status
group, and predicts greater invest-
ment in daughters than sons. In both
examples, even if the data were to
match the biased investment pre-
dicted by the TW hypothesis, the key
prediction, an interaction between
status and investment, is not sub-
jected to a quantitative test; that is,
only one of two parameters in the bi-
nomial model is considered.
Even when the data are available

to test a more complete quantitative
model for a hypothesis, the classical
statistical approach often makes it

difficult to ascertain whether the evi-
dence in the data support the model
or not. Bereczkei and Dunbar’s36

Hungarian sample is divided by pa-
rental condition, in this case ethnic-
ity (Gypsy versus non-Gypsy), allow-
ing the estimation of both parame-
ters in the TW binomial model. They
report a female-biased sex ratio in
the sample of Gypsy births (y ¼ 0.47)
and a male-bias in the non-Gypsy
sample (y ¼ 0.53). These biases seem
to suggest a TW effect, but classical
statistics are inconclusive. The paper
reports p ¼ 0.026, but we find, and
the authors concur (personal com-
munication) that the correct value is
p ¼ 0.095. Although this sometimes
falls in the ‘‘marginally significant’’
category, it does not meet the more
stringent p < 0.05.

Using a likelihood approach gives
us greater insight into the statistical
evidence in the data for one model
versus another model. Let H1 repre-
sent equal investment in the two
sexes by both ethnicities (y ¼ 0.5 for
both Gypsies and non-Gypsies, esti-
mated from the pooled sample data),
and let H2 represent the TW hypoth-
esis with the more affluent ethnic
group investing more in males (y ¼
0.47 for Gypsies and y ¼ 0.53 for
non-Gypsies, estimated separately for
each group). In this case, the likeli-
hood ratio (LR; see box 1) for H2
over H1 is 4.5; the hypotheses, how-
ever, have a different number of fit-
ted parameters. One way to compare
nested models with different num-
bers of parameters is to cross over
into a classical statistical approach
and use a likelihood ratio test (see
Box 3 for a different approach). The
quantity �2 log LR has a Chi-
squared distribution.11 When two
nested models differ by one fitted pa-
rameter, this quantity must be
greater than 3.84 to reach statistical
significance at p < 0.05. For this
example, �2 log LR equals 3.0, so
H2 is not supported over H1 despite
a positive likelihood ratio.

We have already noted the preva-
lence of asserting the null hypothesis
in the face of nonsignificant results. A
likelihood analysis helps avoid this
tendency by shifting our focus from
two asymmetric hypotheses, a null
and alternative, to multiple hypothe-

ses. Such a shift in focus could have a
major impact on the direction our
research takes, including interpreta-
tions of results and planning future
analyses. Borgerhoff Mulder46 consid-
ered parental investment by the Kipsi-
gis of Kenya. The paper includes anal-
yses that detected no interaction effect
of wealth and sex on early childhood
mortality and cites previous findings
of ‘‘no Trivers-Willard bias’’ in second-
ary (birth) sex ratios. These null find-
ings, reported in both the abstract and
discussion of the paper, put Borgerh-
off Mulder in the difficult position of
making sense of the ‘‘inconsistent find-
ings of the present study (no wealth/
sex interactions with respect to mor-
tality, but a marked effect with respect
to education).’’
We applied a likelihood approach

to ask whether the Kipsigis data in
fact supply scientific evidence for the
lack of a TW effect, the conclusion
being drawn from classical statistical
analyses. Using the Kipsigis early
childhood mortality data, graciously
provided by Borgerhoff Mulder, we
considered the basic models of varia-
tion presented previously for sex
ratios. In line with Borgerhoff Muld-
er’s conclusions, our analyses show
that simpler models may be prefera-
ble to a TW model of childhood mor-
tality, but not, however, that the TW
model is untenable (see Box 3). In
addition to reanalyzing the mortality
data, we used both classical and like-
lihood statistics to examine second-
ary sex ratios in the 1998 data set
and discovered that, in contrast to
Borgerhoff Mulder’s earlier results,46

there was sex ratio variation consist-
ent with a TW effect. It is possible
that Borgerhoff Mulder’s previous
tests had modest power for detecting
such effects and that the null hypoth-
esis, although not rejected, was also
not supported by the earlier data.

DISCUSSION

Statistics, when used appropri-
ately, offer us some objective means
for identifying the scientific evidence
in our data. Even if statistical signifi-
cance testing is misused,52 such
practices may be an improvement
over our human tendency to focus
on ‘‘anecdotes, intuitions, and sensa-
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tional and unlikely events.’’16 Still,
as the examples in this paper reveal,
we need to do better. To this end,
statistical methods that allow
thoughtful and quantitative weigh-
ing of several alternative hypotheses
for a given phenomenon may be a
more productive route than the clas-
sical methods that focus so much on
significance testing and rejecting
null hypotheses, which are often
trivial in the first place. A likelihood
approach to statistical inference
may not always provide as clear-cut
answers as a classical approach
seems to, but it can give us a more
thorough understanding of the evi-
dence in our data for alternative
models and a more realistic picture
of the uncertainty that remains in
comparisons of hypotheses.
As we noted at the outset of this

paper, one way human behavioral
ecologists distinguish themselves
from other anthropological fields is
by their emphasis on quantitative
methods and an H-D research
approach. The classical significance
testing statistical approach, however,
limits how effectively alternative
hypotheses can be compared. In con-
trast, a likelihood approach to statis-
tical inference better facilitates the
comparison of alternative models.
Research would also benefit from the
more subtle and more realistic con-
clusions that can be drawn from the
likelihood statistical approach.
We focused on sex ratio hypothe-

ses, but the described approaches
could be applied to any number of
problems in biological anthropology.
For example, in introducing a special
issue of the American Journal of Pri-
matology on advances in primate be-
havioral endocrinology, Strier and
Ziegler47 write that they ‘‘anticipate
the emergence of a dynamic new
field in which comparative models of
primate behavioral endocrinology
contribute new perspectives on pri-
mates.’’ In this field and primatology
in general, small sample sizes are of-
ten inevitable, and a likelihood ap-
proach to inference could give re-
searchers a better handle on the
actual evidence in their data than
does trying to interpret nonsignifi-
cant results from tests with low
power. Another field ripe for a likeli-

hood approach to inference is the
study of cultural macroevolution,48

where a key debate focuses on the
relative roles of vertical transmission,
horizontal transmission, and innova-
tion in explaining the distribution of
cultural traits across human soci-
eties. Previous studies have typically
focused attention on just one trans-
mission mechanism or have at-
tempted to identify prominent mech-
anisms through the inappropriate
comparisons of P-values across anal-
yses and through the assertion of
null hypotheses.49,50

A likelihood approach
to statistical inference
may not always provide
as clear-cut answers as
a classical approach
seems to, but it can give
us a more thorough
understanding of the
evidence in our data for
alternative models and
a more realistic picture
of the uncertainty that
remains in comparisons
of hypotheses.

In reality, of course, selecting
appropriate statistical analyses and
modes of inference must take into
account practical as well as theoreti-
cal concerns. Circumstances may of-
ten necessitate having the flexibility
and knowledge to move between a va-
riety of inferential approaches. Chat-
field51 outlines what he and others
call ‘‘pragmatic statistical inference,’’
which explicitly recognizes the im-
portance of context and data attrib-
utes in formulating and evaluating
statistical models. This is not to say
that all statistical philosophies are
equally sound, but rather that hold-
ing on dogmatically to one approach
to the exclusion of others may not be
fruitful or necessary. Moreover, all
modes of statistical inference have
the potential for misuse and all are

limited from the outset by data qual-
ity. As a safeguard, Chatfield argues
that pragmatic statistical inference
should always follow a thorough ini-
tial data analysis (IDA), which
includes graphing the data and look-
ing at summary statistics, as well as
screening for outliers and missing or
incorrectly entered data. ‘‘IDA is vital
to understand the data and is some-
times all that is needed if, for exam-
ple, the results are very clear cut or
reveal such poor data quality that a
more sophisticated model-based anal-
ysis cannot be justified.’’51

Our critique of classical statistical
methods, focused on P-values and hy-
pothesis testing, is not new. In fields
such as psychology and ecology, the
debate already has a long history, and
many people have advocated the
complete abandonment of P-values
in data analysis and interpretation.
Even if such a move is fully justified
based on statistical theory and com-
mon misuses of classical methods,
change is slow for a variety of reasons,
such as people’s statistical training,
journal publication standards, and
reviewer expectations. Meanwhile,
adding power analyses to classical ap-
proaches would improve the statisti-
cal inferences that researchers could
make within the realm of null hypoth-
esis testing. In addition, looking at the
actual effect sizes of statistically sig-
nificant results would tell us more
about the biological significance of
our data than trying to read meaning
into the magnitudes of P-values.
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