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Preface 

Beyond the Null Hypothesis 

ABOUT THE TITLE 

First, a word about the phrase "ecological detective," 
which we owe to our colleague Jon Schnute: 

I once found myself seated on an airplane next to a 
channing woman whose interests revolved primarily 
around the activities of her very energetic family. At one 
point in the conversation came the inevitable question: 
"What sort of work do you do?" I confess that I rather 
hate that question .... I replied to the woman: "Well, I 

work with fish populations. The trouble with fish is that 
you never get to see the whole population. They're not 
like trees, whose numbers could perhaps be estimated by 
flying over the forest. Mostly, you see fish only when 
they're caught .... So, you see, if you study fish popula­
tions, you tend to get little pieces of information here and 
there. These bits of information are like the tip of the 
iceberg; they're part of a much larger story. My job is to 
try to put the story together. I'm a detective, really, who 
assembles clues into a coherent picture." (Schnute 1987, 
210) 

As we began outlining the present volume, we realized that 
the phrase the "ecological detective" was most appropriate 
for what we are trying to accomplish. Some reviewers 
agreed, and some found it a bit too cute. After serious con­
sideration, we decided to leave references to the ecological 
detective in the text, with apologies to readers who are of­
fended. We find it preferable to "the reader." 

It is our view that the ecological detective goes beyond 
the null hypothesis. As the revolution in physics in the twen-
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PREFACE 

tieth century showed, there are few cases m science in 
which absolute truth exists. Models are metaphorical (albeit 
sometimes accurate) descriptions of nature, and there can 

never be a "correct" model. There may be a "best" model, 
which is more consistent with the data than any of its com­
petitors, or several models may be contenders because each 
is consistent in some way with the data and none clearly 
dominates the others. It is the job of the ecological detective 
to determine the support that the data offer for each com­
peting model or hypothesis. The techniques that we intro­
duce, particularly maximum likelihood methods and Bayes­
ian analysis, are the beginning of a new kind of toolkit for 
doing the job of ecological detection. 

THE AUDIENCE AND ASSUMED BACKGROUND 

In a very real way, this book began in October 1988, when 
we participated in an autumn workshop on mathematical 
ecology at the Intemational Center for Theoretical Physics. 
Most of the participants were scientists who had been stu­
dents in the two previous autumn courses. As these former 
students presented their work, we realized that although 
they had received excellent training in ecological modeling 
and the analysis of ecological models (cf. Levin ct al. 1989), 
they were almost completely inexperienced in the process of 
connecting data to those models. For scientists in third­
world countries, who will work on practical and important 

problems faced by their nations, such connections are es­
sential, because real answers are needed. We decided then 

to try to provide the connection. 
We envision that readers of this book will be third-year 

students in biology and upward. Thus, we expect the reader 
to have had a year of calculus, some classical statistics (typ­

ically regression, standard sampling theory, hypothesis test­

ing, and analysis of variance) and some of the classical eco­

logical models (logistic equation, competition equations) 
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PREFACE 

equivalent to the material in Krebs's (1994) textbook. 
Therefore, we will not explain either these classical statisti­
cal methods or the classical ecological models. Some 
readers of drafts took us to task, writing comments such as, 
"I took my last mathematics and statistics courses four years 

ago-how dare you expect me to remember any of it." Well, 
we expect you to remember it and use it. You should not 
expect to make progress with an attitude of "I learned it 

once, promptly forgot it, and don't want to learn it again." 
We worked hard to make the material accessible and under­
standable, but the motivation rests with you. The more ef­
fectively you can deal with data, the greater your contribu­
tion to ecology. 

This book has equations in it. The equations correspond 
to real biological situations. There are three levels at which 
one can understand the equations. The first (lowest) level 
occurs when you read our explanation of the meaning of 
the equations. We have tried to do this as effectively as possi­
ble, but success can only really be guaranteed in that regard 

when there is interpersonal contact between student and 
teacher. The second (middle) occurs when you are able to 
convert the equation to words-and we encourage you to 
do so with every equation that you encounter. The third 
(highest) occurs when you explain the origin and meaning 
of the equation to a colleague. We also encourage you to 
strive for that. 

COMPUTER PROGRAMMING 

Computing is essential for ecological detection. We ex­
pect that you have access to a computer. Early drafts of the 
book, read by many reviewers, had computer programs 
(rather than pseudocodes) embedded in the text. Virtually 

all reviewers told us that this was a terrible idea, so we re­
moved them. To really use the methods that we describe 
here, you must be computer-literate. It does not have to be 
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PREFACE 

a fancy computer language: Mangel does all of his work in 
TrueBASIC and Hilborn does all of his in QuickBASIC or 
Excel. We recommend that you become familiar with some 
computer environment that offers nonlinear function mini­
mization, and that you program the examples as you go 
through the book. For complete neophytes, Mangel and 
Clark (1988) wrote an introduction to computer program­
ming, focusing on behavioral ecology. In any case, this mate­
rial will be learned much more effectively if you actually 
stop at various points and program the material that we are 
discussing. To be helpful, we give an algorithmic descrip­
tion, which we call a pseudocode, showing how to compute 
the required quantities. You cannot use these descriptions 
directly for computation, but they are guides for program­
ming in whatever language you like. Understanding ecologi­
cal data requires practice at computation, and if you read 
this book without trying to do any of the computations, you 
will get much less out of it. 

RFALISM AND PROFESSIONALISM 

Each of the case studies we use to illustrate a particular 
point is a bona fide research study conducted by one of us. 
Even so, some readers of drafts accused us of the unpleasant 
and unprofessional, but too common (especially in evolu­
tionary biology), behavior of setting up "strawpersons" just 
to knock them down or of misrepresenting opponent posi­
tions (see Selzer 1993 for an example). For example, we 
were told to 

treat each case study like a real research study and do not 
spend time rejecting obviously silly models. For example, 
no one should seriously try to fit a simple logistic equa­
tion to the data shown in Figure 8.1. Similarly, one would 
not need any formal analysis to reject the constant clutch 
model when presented with the data in Table 6.1. ... 
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PREFACE 

This would get away from what our class came to call your 
"toy example" approach-illustrating models or tech­
niques with silly examples, and then not explaining the 
hard decisions associated with the more interesting and 
complicated questions. 

This charge is unfair. These apparently ridiculous models 

were in fact proposed and used &y pretty sman people. Why? Be­
cause they had no alternative model. Our view is that the 
confrontation between more than one model arbitrated by 
the data underlies science. If there is only one model, it will 
be used, whether the questions concern management (as in 
the Serengeti example) or basic science (as in the insect 
oviposition example). Without multiple models, there is no 
alternative. Furthermore, in the case studies used here, the 
data are moderately simple and mainly one-dimensional. 
This allows us to "eyeball" the data and draw conclusions 

such as those given above. But in more complicated situa­
tions, this may not be possible. 

Another side of professionalism is the development of a 
professional library. As described above, we consider this 
book a link between standard ecological modeling or theo­
retical ecology and serious statistical texts. Mter reading The 
Ecological Detective, the latter should be accessible to you. We 
consider that a good detective's library includes the 
following: 

Efron, B., and R. Tibshirani. 1993. An Introduction to the 
Bootstrap. Chapman and Hall, New York. 

Gelman, A., J. B. Carlin, H. S. Stem, and D. B. Rubin. 

1995. Bayesian Data Analysis. Chapman and Hall, New 
York. 

McCullagh, P., and J. A. NeIder. 1989. Generalized Linear 
Models. Chapman and Hall, New York. 

Press, W. H., B. P. Flannery, S. A. Teukolsky, and W. T. 

Vetterling. 1986. Numerical Recipes. Cambridge Univer­
sity Press, Cambridge, UX 
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CHAPTER ONE 

An Ecological Scenario and the 
Tools of the Ecological Detective 

AN ECOLOGICAL SCENARIO 

The Mediterranean fruit fly (medfly), Ceratitis capitata 
(Wiedemann), is one of the most destructive agricultural 
pests in the world, causing millions of dollars of damage 
each year. In California, climatic and host conditions are 
right for establishment of the medfly; this causes consider­
able concern. In Southern California, populations of medfly 
have shown sporadic outbreaks (evidenced by trap catch) 
over the last two decades (Figure 1.1). Until 1991, the ac­
cepted view was that each outbreak of the medfly corre­
sponded to a "new" invasion, started by somebody acciden­
tally bringing flies into the state (presumably with rotten 
fruit). In 1991, our colleague James Carey challenged this 
view (Carey 1991) and proposed two possible models con­
cerning medfly outbreaks (Figure 1.2). The first model, MJ, 
corresponds to the accepted view: each outbreak of medfly 
is caused by a new colonization event. Mter successful colo­
nization, the population grows until it exceeds the detection 
level and an "invasion" is recorded and eradicated. The sec­

ond model, M2, is based on the assumption that the medfly 
has established itself in California at one or more suitable 
sites, but that, in general, conditions cause the population 
to remain below the level for detection. On occasion, how­
ever, conditions change and the population begins to grow 
in time and spread over space until detection occurs. Carey 
argued that the temporal and spatial distributions of trap 
catch indicate that the medfly may be permanently estab-
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with permission from Carey 1991. Copyright American Association for the Advancement of 



} 
E 
::I 
Z 

TOOLS OF THE ECOLOGICAL DETECTIVE 

Model 1 Reintroduction 

Detection level 

Model 2 Established population 

Detection level 

Colonization or 

Year 

FIGURE 1.2. The outbreak of medfly can be described by two different 
methods. In model 1, we assume that there is continual reintroduction of 
the pest. Mter a reintroduction, the population grows until it exceeds th,. 
detection level. In model 2, we assnme that the medflv is established. but 
that ecological conditions are only occasionally suitable for it to grow and 
exceed the detection threshold. (Reprinted with permissioll frolll elrey 
1991. Copyright American Association for the Ad,'ancemcnt of Science.) 

lished in the Los Angeles area. Knowing which of these 
views is more correct is important from a number of per­
spectives, including the basic biolog)! of invasions and the 
implications of an established pest all agricultural practices. 

Determining which model is more consistent with the 
data is a problem in ecological detection. That is, if we allow 

that either model MI or model M2 is true, we would like to 
associate probabilities, given the data, with the two models. 

We shall refer to this as "the probability of the model" or 

the "degree of belief in the mode!." How might such a prob­
lem be solved? First, we must characterize the available data, 
which are the spatial distribution of trap catches of medfly 

over time (Figure 1.3). We could refine these by placing 
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· · ... \ ... '-. 
Los :( 1t.~ ~. • 
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." 
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l00km 

FIGURE 1.3. The data available for ecological detection in this case would 
be the spatial distribution of the catch of adult medfly over time. (Re­
printed with permission from Carey 1991. Copyright American Association 
for the Advancement of Science.) 

small grids over the maps and characterizing a variable 
that measures the number of flies that appear in cell i in 
year y. Second, we must convert the pictorial or verbal 
models shown in Figure 1.2 into mathematical descrip­
tions. That is, some kind of mathematical model is needed 
so that the data can be compared with predictions of a 
model. Such models would be used to predict the tempo­
ral and spatial patterns in detected outbreaks; the mathe­
matical descriptions would generate maps similar to the 
figures. The models would involve at least two submodels, 
one for the population dynamics and one for the detection 
process. Courses in ecological modeling show how this 
is done. Third, we confront the models with the data by 
comparing the predicted and observed results. At least 
three approaches can be broadly identified for such a 
confrontation. 

Classical Hypothesis Testing. Here we confront each model 
separately with the data. Thus, we begin with hypotheses: 

6 



TOOLS OF THE ECOLOGICAL DETECTIVE 

Ho: Model M I is true 

Ha: Some other model is true 

Here the alternate model might be that outbreaks are 
random over time and space. Using the mathematical de­
scriptions of the models, we construct a "p value" for the 
hypothesis that M} is true. It might happen that we can defi­
nitely reject Ho because the p value is so small (usually less 
than 0.05 or 0.01). Alternatively, we might not be able to 

reject Ho (i.e., p > 0.05), but then might discover that the 
power of the statistical test is quite low (we assume that most 
readers are probably familiar with the terms "p values" and 
"power" from courses in elementary statistics, but we shall 
explain them in more detail in the following chapters). In 

any case, we use such hypothesis testing because it gives the 
"illusion of objectivity" (Berger and Berry 1988; Shaver 
1993; Cohen 1994). 

After we had tested the hypothesis that model 1 is true 

against the alternate hypothesis, we would test the hypoth­
esis that model 2 is true against the alternate. Some of the 

outcomes of this procedure could be: (i) both models M] 
and M2 are rejected; (ii) model M, is rejected but M2 is not; 
(iii) model M} is not rejected but M2 is; and (iv) neither 
model is rejected. If outcome (ii) or (iii) occurs, then we 
will presumably act as if model M, or M2 were true and 
make scientific and policy decisions on that basis, but if out­
come (i) or (iv) occurs, what are we to do? Other than col­
lecting more data, we are provided with little guidance con­
cerning how we should now view the models and what they 

tell us about the world. There is also a chance that if out­
come (ii) or (iii) occurs, the result is wrong, and then on 

what basis do we choose the p level? 
Likelihood Approach (Edwards 1992). In this case, we use 

the data to arbitrate between the two models. That is, given 
the data and a mathematical description of the two models. 
we can ask, "How likely are the data, given the model?" De­
tails of how to do this are given in the rest of this book, but 

7 



CHAPTER O:--JE 

read on pretending that you indeed know how to do it. 

Thus, we first constmct a measure of the probability of the 
observed data, given that the model is tme-we shall de­

note this by Pr{dataIMJ. We then tum this on its head and 
interpret it as a measure of the chance that the model is the 

appropriate description of the world, giyen the data. This 

is called the likelihood and we denote it by ~i{Mildata}. 
We now compare the likelihoods of the two models, given 

the data. If ~dMlldata} ~ ~<AM2Idata}, then we would 
argue that model M 1 is a better description of the world; 
if ~dMlldata} ~ ~2{M2Idata}, then we would argue 
that model M2 is a better description of the world; and if 
:P1{Mjldata} - c'fA:v1 2 Idata}, then we would argue that the 
data do not differentiate between the models. A smart deci­

sion maker would not act as if the most likely model were 
tme, but would weigh the costs and consequences of each 

action against the relative probabilities of the alternative hy­
potheses. But what exactly is meant by "~," "~," or "e" in 
this approach? 

In this book, we shall work out methods for determining 
when one likelihood is much larger than another, and what 
that Illeans in terms of confronting models with data. 

Bayesian AI)//roach. Finally, we might have other informa­
tion that allows I1S to judge a priori which model is more 
likelv to be true. For example, we might know the ecology of 
invasion and establishment of medfly in other places. Or we 

might know that before certain outbreaks people had been 

caught bringing fmit into the country from places where 
medfly is established. This kind of information can be sum­

marized in a "prior probability that model M j is tme," which 

we denote by Pi- If we allow only two models of the world 

(medfly arc established or they reinvade), then PI + /)2 = 
I. I\'ow, given inf(mnation consisting of trap catches and the 

mathematical model, we want to "update" these prior proba­
bilities. That is, we want to evaluate a "posterior probability 

that model :'vi; is tme, given the data." Procedures for doing 

8 



TOOLS OF THE ECOLOGICAL DETECTIVE 

this require an understanding of conditional probability 
and are generally called "Bayesian methods." named after 
the Reverend Thomas Bayes, who introduced such ideas. In 
biology and mathematics, one of the earliest modern propo­
nents was Sir Harold Jeffreys (1948). who called the method 
"inverse probability." His goal was to find methods that allow 

us to combine prior information with the chance of observ­
ing the data to evaluate a posterior probability of different 
hypotheses, given a scenario associated with the prior infor­

mation. Interestingly, although Jeffreys is most famous for 

his work in applied mathematics, astronomy, and geophysics, 
he was one of the earliest contributors to the .Journal oj Ecology 
(Sheail 1989). In this book, we shall illustrate how Bayesian 
methods can be developed and applied. They are particularly 
appropriate for cases in which studies cannot be replicated 
(e.g., Reckhow 1990) and for assessment of the risk and 
safety in various environmental settings in which "expert 
opinion" is sought (Emlen 1989; Apostolakis 1990; Bolt 1991). 

There are arguments that Bayesian reasoning is the only way 

to provide a unified and consistent approach to deternlinistic 
and statistical theories (Howson and Urbach 1989, 1991). 

This ecological scenario illustrates three approaches that 
can be taken when confronting models with data. It is our 
opinion that the process of science consists of confronting 
more than one description of how the world works with 
data. Thus, in the rest of the book we spend little time on 
classical methods of hypothesis testing but focus on likeli­
hood and Bayesian methods. Two recent special features in 
the journal Ecology contain a number of papers that deal 

with nonclassical approaches to the use of statistics in eco­
logical problems (Carpenter 1990; Jassby and Powell 1990; 
Reckhow 1990; Walters and Holling 1990; Potvin and Roft 

1993; Potvin and Travis 1993; Shaw and Mitchell-Olds 1993; 

Trexler and Travis 1993) or with particularities of ecological 

situations (Dutilleul 1993; Legendre 1993). They provide a 

good complementary background for this book. 
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CHAPTER ONE 

THE TOOLS FOR ECOLOGICAL DETECTION 

The modern ecologist usually works in both the field and 
laboratory, uses statistics and computers, and often works 
with ecological concepts that are model based, if not model 
driven. How do we make the field and laboratory coherent? 
How do we link models and data? How do we use statistics 
to help experimentation? How do we integrate modeling 
and statistics? How do we confront multiple hypotheses with 
data and assign degrees of belief to different hypotheses? 
How do we deal with time series (in which data are linked 
from one measurement to the next) or put multiple sources 
of data into one inferential framework? These are the kinds 
of questions asked and answered by the ecological detective. 

Like all other forms of creative activity, ecological de­
tection is a craft that requires the right tools as well as the 
skills and materials to use the tools. We envision four 
components. 

Hypotheses are the first component. Notice the plural, 
which is essential to our viewpoint. Science consists of con­
fronting different descriptions of how the world works with 
data, using the data to arbitrate between the different de­
scriptions, and using the "best" description to make addi­
tional predictions or decisions. These descriptions of how 
the world might work are hypotheses, and often they can be 
translated into quantitative predictions via models. In Chap­
ter 2, we review different kinds of models, the purposes of 
models, and how models are related to hypotheses. 

Data are the second component. You cannot do good 

analysis if the data are not good. But what does "good" 
mean? Sometimes the role of analysis is to show that a set of 
data-at least within the context of a particular view of the 
world-is not as informative or as useful as one thought it 
would be. In Chapter 3, we stress that it is important to 
"Know Your Data" and we provide a sufficient review of 
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probability and the stochastic processes that you will need to 
conduct the work of the ecological detective. 

Goodness of fit is the third component. When the data are 
used to arbitrate between different hyp6theses or models, 
we must have a measure to determine how well each de­
scription of the world fits the observations. In Chapters 5, 7, 
and 9, we describe a variety of measures of goodness of fit 
that can be used in the confrontation of models and data. 
We provide recommendations about when it is good to use 
a particular method. 

Numerical procedures are the fourth component. Having a 
measure of goodness of fit between the model and the data 
is not enough-you must to be able to evaluate it quickly 

and efficiently and explore the goodness of fit of other 
models. Thus, in Chapter II, we provide an introduction to 
numerical methods needed to assess goodness of fit and to 
find the best fit. There is a history of the use of numerical 
procedures in ecology (examples from a generation ago are 
given by Conway et al. 1970, Melzer 1970, and Marten et al. 
1975), but it is the development of microcomputers that 
really allows the full richness of numerical procedures to be 
exploited by practicing ecologists. 

Overarching these components are alternative views of 
the scientific method and the role of models in science, 
which we discuss in Chapter 2. There we present four of the 
major philosophies of science and show how two of them 
are closely connected to our work of ecological detection. 

A final warning. We are practicing ecologists. We are not 
statisticians, numerical analysts, or philosophers, and the ap­
propriate chapters will no doubt offend the appropriate ex­
perts. For this we make no apologies other than stressing 
that for the ecological detective the problem is paramount. 

Because of that, we bring to the problem whatever tech­
niques-from wherever they come-needed to solve it. And 
if the techniques do not exist, then we must invent them. 
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CHAPTER TWO 

Alternative Views of the 
Scientific Method and 

of Modeling 

Science is a process for learning about nature in which 
competing ideas about how the world works are measured 
against observations (Feynman 1965, 1985). Because our de­
scriptions of the world are almost always incomplete and 
our measurements involve uncertainty. and inaccuracy, we 
require methods for assessing the concordance of the com­
peting ideas and the observations. These methods generally 
constitute the field of statistics (Stigler 1986). Our purpose 
in writing this book is to provide ecologists with additional 
tools to make this process more efficient. Most of the mate­
rial provided in subsequent chapters deals with formal tools 
for evaluating the confrontation between ideas and data, 
but before we delve into the methods we step back and con­
sider the scientific process itself. No scientist can be truly 
"neutral." We all operate within a fundamental philosophi­
cal worldview, and the types of statistical tools we employ 
and the types of experiments we do depend on that philoso­
phy. Here we present four such philosophies. 

There is a commonly accepted model for the scientific 
process (and from it arose a well-developed body of statistics 
that is taught in nearly every university in North America). 
The basic view can be thought of as a learning tree of criti­
cal experiments, which was described by Platt (1964) as 
"strong inference," and consists of the following steps: 

1. Devising alternative hypotheses 
2. Devising a crucial experiment (or several of them) with 
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alternative possible outcomes, each of which will, as 

nearly as possible, exclude one or more of the 
hypotheses 

3. Carrying out the experiment so as to get a clean result 
4. Recycling the procedure, making subhypotheses or se­

quential hypotheses to refine the possibilities that re­
main, and so on (Platt 1964, 347) 

Platt likens this to climbing a tree, where each fork of the 
tree corresponds to an experimental outcome, and we base 
the direction of the climb on the outcomes so far. It is espe­
cially interesting for us as ecologists that Platt associates a 
"second great intellectual revolution" with the "method of 
multiple hypotheses," and attributes some of the most origi­
nal thinking in this area to the geologist T. C. Chamberlain 
who published at the end of the last century. In particular, 
Chamberlain stressed that we are guaranteed to get into 
trouble when we consider only a single hypothesis rather 
than multiple hypotheses. This is especially interesting be­
cause the similarities between the geological and ecological 
sciences are in some ways much greater than the similarities 
between the other physical and the ecological sciences. In 
both ecology and geology, experiments may be difficult to 
perform and so we must rely on observation, inference, 
good thinking, and models to guide our understanding of 
the world. In fact, ecology may be much more of an "earth 
science" than a "biological science" (Roughgarden et al. 
1994). We include a reprint of Chamberlain's classic pa­
per-first published in the lS90s-as the Appendix. 

ALTERNATIVE VIEWS OF THE SCIENTIFIC METHOD 

Platt's view is to a very great extent the logical extension 
of the work of Karl Popper (1979), who revolutionized the 
philosophy of science in the twentieth century by arguing 
that hypotheses cannot be proved, but only disproved 
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TABLE 2.l. Four philosophies of science. 

Philosopher Key word or phrase Type of confrontation 

Popper Falsification of hy- Single hypothesis is 
potheses disproved by confron-

tation with the data. 

Kuhn Paradigms, normal sci- Single hypothesis used 
ence, scientific revolu- until there is so much 
tion contradictory informa-

tion that it is "over-
thrown" by a "better" 
hypothesis. 

Polanyi Republic of science Multiple views of the 
world allowed accord-
ing to the different 
opinions of scientists. 
Confrontation be-
tween these views and 
the data judged on 
(i) plausibility, 
(ii) value, (iii) inter-
est. 

Lakatos Scientific research Confrontation of mul-
program tiple hypotheses with 

data as arbitrator. 

(Table 2.1). The essence of Popper's method is to challenge 
a hypothesis repeatedly with critical experiments. If the hy­
pothesis stands up to repeated experiments, it is not vali­
dated, but rather acquires a degree of respect, so that in 
practice it is treated as if it were true. Most "modem" scien­
tific journals adopt this approach, even though there are 
difficulties in using it even under the best circumstances 
(e.g., Lindh 1993). 

Coinciding with Popper's philosophical development was 
the statistical work of Ronald Fisher, Karl Pearson, Jerzy Ney­
man, and others, who developed much of the modern statis-
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tical theory associated with "hypothesis testing" (e.g., Ken­
dall and Stuart 1979, 175 ff.). In hypothesis testing, we focus 
on a single hypothesis (called the "null hypothesis") and 

calculate the probability that the data would have been ob­
served if the null hypothesis were true. If this probability is 
small enough (usually 0.01 or 0.05), then we "reject" the 

null hypothesis. To complete the calculation, we must also 
compute the statistical power associated with the test (Peter­

man 1990a,b; Greenwood 1993; Thompson and Neill 1993). 

The power is the probability that if the null hypothesis were 
actually false and we were giYen the same data, we would 

reject it. 

For example, we might begin with the idea that larger 
flocks of birds forage more effectively than smaller flocks. 
The null hypothesis could be that there is no relationship 
between flock size and foraging efficiency. A typical applica­

tion of hypothesis testing would be to use linear regression 
to test the null hypothesis by calculating the probability that 
the slope of a graph of flock size versus feeding efficiency is 
non-zero. If the probability that the data could have arisen 

from the null hypothesis (slope = 0) is greater than 0.05 
(or 0.01), the null hypothesis is not rejected at the "5% 
level" (or the 1 % level). In the case considered here, if the 
null hypothesis could not be rejected at the 5% or 1 % level 
and the power were sufficiently high, then the real ecological 
hypothesis-larger flocks forage more efficiently-would ef­
fectively be rejected. 

After testing the hypothesis that larger flocks forage more 
efficiently, we would continue to climb Platt's decision tree 

to another set of experiment~, depending on whether the 

effect of flock size on foraging efficiency was or was not sta­

tistically significant. The key elements of this view of science 

are (1) the confrontation between a single hypothesis and 

the data, (2) the central idea of the critical experiment, and 
(3) falsification as the only "truth." Popper supplied the phi­

losophy and Fisher, Pearson, and colleagues supplied the 
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