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Preface 

We expect that both professional scientists and the general public will benefit 
from reading this book, not only to become better informed, but also for pure 
enjoyment. Our point of view in this book is that knowledge is accumulated 
by continually updating our understanding of a phenomenon through the 
merging of current findings with previous information. We believe that this is 
how scientists have worked informally in the past, and how scientists might 
work more formally in the future. 

Nonscientists will benefit from reading the book by gaining an increased 
understanding of how scientists have really worked—an understanding that is 
different from what they've traditionally been taught. Nonscientists reading 
this book will surely improve their understanding of the many ways that per-
sonal beliefs and biases find their way into supposedly objective scientific 
results and conclusions. After having read the book, laypeople will be likely 
to review reported results of scientific studies with a more critical, question-
ing, and skeptical eye, an important stance in today's increasingly complex 
society. [See Nelkin (1995) for additional discussion of how the personal biases 
of scientists affect the way they sometimes communicate their results to the 
public] 

This book will also be interesting and useful reading for science specialists. 
They will be reminded of how important it is to treat the data from their exper-
iments with great care and respect, and they will see how their educated sci-
entific beliefs can be introduced into their research in ways that they can use 
profitably without compromising their results. We believe that most specialists 
are not likely to have seen the common threads of tenacity of belief in the face 
of contradictory data that have run through the work of so many of the most 
famous scientists in history, even such giants as Sir Isaac Newton, Galileo 
Galilei, and Albert Einstein. These icons of science have had such keen aware-
ness and understanding of the basic principles underlying their disciplines that 
their intuition and scientific judgment generally helped to lead them to correct 
conclusions. 

ix 



X PREFACE 

Statisticians will find that the book integrates the world of inference into 
the general framework of science in a way that demonstrates the interdisci-
plinary nature of their field. They will also be reminded of the broadly perva-
sive role played by subjectivity. 

All readers are likely to benefit from the final chapter. It is somewhat more 
technical than the earlier chapters because it addresses the subject of Bayesian 
statistical analysis of scientific data. The subject is treated at an introductory, 
elementary level that is designed to provide an appreciation of how special-
ists and nonspecialists alike might benefit from adopting such a viewpoint. We 
believe that this chapter, especially in the context of the rest of the book, 
makes the volume a useful supplementary text for an undergraduate or grad-
uate course in Bayesian analysis. 

This book has had a gestation period of over 12 years. During that time we 
have learned to work together and help each other's understanding of the 
issues we were tackling. But we have been helped by others as well. Discus-
sions with colleagues, friends, and family members and the suggestions they 
made helped us to give more careful thought to the fundamental issues dis-
cussed in this book. We are grateful to Gordon Kaufman, John Kimmel, Frank 
Lad, Teddy Seidenfeld, Arnold Zellner, and several anonymous referees for 
helpful suggestions for improving the manuscript. We are especially grateful 
to Rachel Tanur for producing the drawings of the scientists. We are also grate-
ful for the financial support and encouragement given to us by the Depart-
ment of Statistics, University of California, Riverside, and the Department of 
Sociology, State University of New York, Stony Brook. 

Oceanside, California S. JAMES PRESS 
Montauk, New York JUDITH M. TANUR 
August 7, 2000 
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C H A P T E R 1 

Introduction 

This is a book about science, about scientists, and about the methods that sci-
entists use. We will show that the most famous scientists in history have all used 
their hunches, beliefs, intuition, and deep understanding of the processes they 
studied, to one extent or another, to arrive at their conclusions. The reader will 
see that the oft-expressed notion that science is "objective" is only partially true; 
in fact, science is really a combination of both subjective and objective views. 

In this book we tell the stories of 12 of the most famous scientists through-
out history, from Aristotle, the philosopher who lived during the era of the 
ancient Greeks, to Albert Einstein, who lived during the twentieth century. In 
each case, we discuss how the scientist's preconceived beliefs informally influ-
enced his or her scientific conclusions. 

In Chapter 2 we explain that we did not choose these particular 12 scien-
tists to study; they were selected for us. In Chapter 3 we tell the stories of five 
other very celebrated cases of famous scientists who may have stepped over 
the lines of acceptable scientific practice. Such overstepping arose either 
because their convictions about the correctness of their ideas led them to see 
or accept as accurate only what their theory predicted, or from their zeal to 
convince the world of the scientific merits of their work. 

A major portion of the book is devoted to the stories of our 12 most famous 
scientists in history (Chapter 4). We examine the lives of these people, their 
scientific contributions, and the ways in which they used their beliefs together 
with the results of their scientific experiments to carry out their research. In a 
final section of Chapter 4 we conjecture about what these scientists might have 
done had modern methods been available to them for combining their pre-
conceptions about the processes they were studying with their experimental 
data. 

Finally, in Chapter 5, we examine how subjectivity is being used in science 
in modern times. That discussion focuses on Bayesian statistical science. But 
first, in this introductory chapter, we provide some definitions and background 
for what is to come. 

1 



2 INTRODUCTION 

1.1 SUBJECTIVITY AND OBJECTIVITY 

Because we will be using the words subjectivity and objectivity frequently in 
this book, we must first explain how we are using these terms. We intend to 
use them in several ways. But we will always be thinking about observational 
data, about the distinction between beliefs held by a scientist about a phe-
nomenon prior to collecting the data, and beliefs held by the scientist after the 
data have been collected and analyzed. 

In common usage, certain entities are seen to have only a subjective reality, 
in that those entities are constructs based on views and beliefs that were 
formed out the human mind. On the other hand, the term objective reality is 
used for entities that exist outside the minds of individuals, in that they exist 
in the world regardless of whether a person perceives them. For example, the 
opinions people hold about a political or social issue are personal beliefs that 
have only a subjective reality, whereas our starting point with respect to exter-
nal reality is that the moon, the sun, and the planets would all exist regardless 
of whether or not human beings perceived them. But objective entities need 
not be corporeal. For example, all the scientific laws that govern the behavior 
of the physical world would exist regardless of their codification by human 
beings or humans' belief in them. 

The crux of our usage makes these terms specific to the scientific endeavor. 
When anything is observed or measured by human beings, human perception 
and sensory mechanisms are involved, and the resulting observations that are 
collected then depend on subjectively based distortions of objective reality. 
Further, after entities in the objective world are observed (perceived) by a 
human being, either through the senses and/or assisted by measuring instru-
ments, the resulting measurements (called data) are interpreted by a human 
being in a subjective way that reflects the person's own experience, under-
standing, and preconceived notions and beliefs about the entities, the object, 
phenomenon, or construct being measured. The interpretation of such data is 
also affected by the person's state of mind and state of senses at the time of 
the interpretation. We use the term subjective, or subjectivity, to refer to pre-
existing views or beliefs about entities that influence both the gathering of data 
and their interpretation. 

Broadening our interpretation of the term, we will also use subjectivity to 
mean a person's intuition, belief, and understanding about some proposition 
or hypothesis prior to that person collecting observational data that bear on 
the proposition, or prior to that person obtaining information about the 
hypothesis. Because the views about the hypothesis that we are talking about 
are those that a particular person held prior to that person having collected 
data, or they are his or her views prior to being told about the values of data 
that have been collected, and because these views may well differ across indi-
viduals, we call those views or beliefs subjective. 

To define objectivity in an experimental context, we appeal to a (grossly 
oversimplified) description of the old-fashioned textbook image of how 
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science proceeds and how scientists behave. In this image, science and scien-
tists are objective in the following sense. A hypothesis is developed (the passive 
voice here is used to signify that little attention is paid to the origin of the 
hypothesis) and the scientist designs a study to test this hypothesis. After data 
gathering, whether by designed experiment or by carefully carried out obser-
vation in a nonexperimental setting, the scientist dispassionately evaluates 
the results and their implications for the hypothesis. If the results support the 
hypothesis, the scientist writes up the study for publication; if they do not, 
the scientist, again dispassionately, abandons the hypothesis as being wrong, 
and either revises the hypothesis in light of the new findings and repeats the 
cycle, or goes on to other concerns. 

The subjectivity that we intend to demonstrate that scientists use routinely 
is both less and more than the opposite of this kind of mythical objectivity. We 
surely do not suggest that scientists ignore the objective reality that is "out 
there," nor that they ignore the guidance offered by the results of their inves-
tigations. And surely historians of science have long since made it clear that 
scientists are considerably more human than our oversimplified portrait of dis-
passionate automaton would indicate. Scientists care about their work, care 
about their results, and even care about the recognition that will come to them 
with successful discoveries. These factors often drive the way in which they 
carry out their research and the way they report it to the world. Despite 
these factors, some observers of scientific methodology still describe it as 
"objective." 

Strongly held personal beliefs and hypotheses about scientific phenomena, 
the stuff of what we refer to as subjectivity, are sometimes so strongly held 
that a scientist will, under their influence, announce confirmatory results from 
experiments not yet carried out. Such a practice is clearly fraudulent, as is 
introducing major alterations of data from actual experiments to make them 
conform to a subjectively held theory. But we need to understand that the 
dividing line between normal practice and fraud is sometimes a fine one. For 
example, normal statistical analysis of scientific data often requires the analyst 
to decide to drop some data points because they lie so far away from what is 
expected that they seem to be aberrations or mistakes rather than meaning-
ful data that should be considered along with the bulk of the other observa-
tions (such data points are sometimes called outliers), or because they are 
poorly measured. 

But what we mean by the subjectivity of scientists is deeper than these 
understandably human traits. Some scientists seem to be particularly opin-
ionated and stubborn, not unlike some nonscientists. These scientists develop 
hypotheses based on strongly held, preconceived notions of how the world 
operates, and they sometimes (usually, unconsciously) design studies to prove 
these notions rather than merely to test them. In cases in which the results of 
their investigation are contrary to what the hypothesis would predict, a scien-
tist is sometimes more likely to doubt that the data are accurate than to con-
clude that the theory is incorrect. Such a scientist will redesign the study and 
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persist in trying to find data that prove the hypothesis, sometimes for years, 
sometimes for a lifetime. 

1.2 SUBJECTIVE AND OBJECTIVE PROBABILITY 

There is another important and related sense in which we use the terms sub-
jective and objective in this book; it relates to their meanings in relation to sub-
jective and objective probability. This use of the terms is discussed in great 
detail in Chapter 5. For the time being, we merely state that subjective prob-
ability refers to an individual scientist's degree of belief about the chance of 
some event occurring. Objective probability refers to the mathematical or 
numerical probability or chance of some event occurring. 

1.3 RATE-OF-DEFECTIVES EXAMPLE 

The definition of objectivity employed by some philosophers requires that the 
statement be testable by anybody. Subsumed in this position is the notion that 
everyone must have the same interpretation of observational data. But we 
believe that such uniformity of interpretation is rarely the case. We believe 
that different people come to observational data with differing preexisting 
views that induce them to construe the interpretation of the data somewhat 
differently, depending on their preconceived biases. It will be illuminating to 
begin our discussion of subjectivity in scientific methodology with an example 
that illustrates how different scientific observers, usually unwittingly, bring 
their own beliefs and biases—their subjectivity—to bear on the interpretation 
of scientific data. We see in the example below how different observers of the 
same data can proceed very differently and thus come away with very differ-
ent interpretations of them. We call this illustration the rate-of-defectives 
example, and we refer to it later. 

Before we present the example, however, we quote Ian Hacking (1965, p. 
217), who noted that u[o]ne of the most intriguing aspects of the subjectivist 
theory, and of Jeffreys' theory of probability, is use of a fact about Bayes' 
theorem to explain the possibility of learning about a set-up from a sequence 
of trials on it. The fact seems to explain the possibility of different persons 
coming to agree on the properties of the set-up, even though each individual 
starts with different prior betting rates and different initial data." Here 
Hacking refers to the comforting fact that although different observers of the 

same data may have differing interpretations of them, eventually, with a suf-
ficiently large number of trials, the differing prior views of different observers 
about the same data will generally disappear as the data begin to dominate all 
personal views about the underlying process. 

Let us suppose that you collect 100 observations from an experiment. We 
can refer to these observations as data points. You then send these data to five 
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scientists located in five different parts of the world. All five scientists receive 
the same data set, that is, the same 100 data points. (Note that for purposes of 
this example, the subjectivity involved in originally deciding what data to 
collect and in making the original observations themselves is eliminated by 
sending the same "objective" data to all five scientists.) Should we expect all 
five of the scientists to draw the same conclusions from these data? 

Our answer to this question is a very definite "no." But how can it be that 
different observers will probably behave very differently when confronted 
with precisely the same data? Part of the thesis of this book is that the 
methodology of science requires that inferences from data be a mixture of 
both subjective judgment (theorizing) and objective observation (empirical 
verification). Thus, even though the scientists all receive the same observa-
tional data, they come to those data with differing beliefs about what to expect 
and about how to proceed. Consequently, some scientists will tend to weight 
certain data points more heavily than others and consider differing aspects 
of the data as more consequential. Different scientists are also likely to weight 
experimental errors of measurement differently from one another. Moreover, 
scientists may decide to carry out formal checks and statistical tests about 
whether the phenomenon of interest in the experiment was actually demon-
strated (to ask how strongly the claimed experimental result was supported 
by the data). Such tests are likely to have different results for different 
scientists, because different scientists will bring different assumptions to the 
choice of statistical test. More broadly, scientists often differ on the mathe-
matical and statistical models they choose to analyze a particular data set, and 
different models usually generate different conclusions. Different assumptions 
about these models will very often yield different implications for the same 
data. 

These ideas that scientists can differ about the facts are perhaps surprising 
to some of us. Let us return to our 100 observations and five scientists to give 
a very simple and elementary example, with the assurance that analogous 
arguments will hold generally for more realistic and more complicated 
situations. 

Hypothetically, suppose there is a special type of machines that produces a 
certain component that we can calla "groove joint "a component required for 
the hard drives of desktop computers. It is common knowledge in the com-
puter industry that because groove joints are very difficult to fabricate, such 
machines generally produce these components with about a 50% defective 
rate. That is, about half the groove joints produced by a given machine will 
have to be discarded because they are defective. The machines that produce 
groove joints are very expensive. 

The hypothetical South Bay Electronics Company suspects that its newly 
purchased machine may be producing groove joints at a defective rate differ-
ent from the industry norm, so it decides to test the rate at which the new 
machine produces defectives. It first fabricates 100 groove joints on the new 
machine (each groove joint is fabricated independently of every other groove 
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joint) and examines each one to classify it as "good" or "defective." South Bay 
records the sequence of 100 groove joints produced by the new machine as: 
G, G, D , . . . , with "G" representing "good" and "D" representing "defective." 
The company finds that there were 90 defective groove joints in this batch, but 
the quality control staff still doesn't know the long-run rate of defectives for 
their machine. They decide to send the results representing the 100 tested 
groove joints to five different scientists to ask them for their own estimates of 
the long-run rate of defectives for this machine. We shall call this long-run rate 
of defectives p, bearing in mind that p can be any number between zero and 
one. 

The sequence of G's and D's are the data you send to the five scientists 
(three women and two men) in five different locations around the world to 
see how they interpret the results. You tell them that you plan to publish their 
estimates of the long-run rate of defectives and their reasoning behind their 
estimates in a professional scientific journal. Thus their reputations are likely 
to be enhanced or to suffer in proportion to their degrees of error in estimat-
ing p. As we shall see, it will turn out that they will all have different views 
about the long-run rate of defectives after having been given the results of the 
experiment. 

Scientist 1 is largely a theorist by reputation. She thinks that p = 0.5 no 
matter what. Her line of reasoning is that it just happened that 90% of the 
first 100 groove joints were defective, that there was a "run" of "defectives." 
Such an outcome doesn't mean that if the experiment were to be repeated for 
another 100 trials (produce yet another 100 groove joints) the next 100 trials 
wouldn't produce, say, 95 defectives, or any other proportion of defectives. Sci-
entist 1 has a very strong preconceived belief based upon theory that groove 
joints are about equally likely to be good or defective (p = 0.5) in the face of 
real data that militate against that belief. For her, unless told otherwise, all 
machines produce defective groove joints for roughly half of their output, even 
if many runs of many defectives or many good groove joints just happen to 
occur. 

Scientist 2 has the reputation for being an experimentalist. He thinks that 
p = 0.9, because that is the proportion of defectives found in the batch. (This 
estimate of p is what statisticians call the sample estimate (and under certain 
conditions, they also call it the maximum likelihood estimate). Scientist 2's defi-
nition of the best estimate available from the data is the fraction of defectives 
actually obtained. While scientist 1 believed strongly in theory, scientist 2 is 
ready to abandon theory about the production of defective groove joints in 
favor of strong belief in data, regardless of theory. 

When he actually carries out experiments in his research, which is only 
occasionally, scientist 3 is an extremely thorough and carefid experimentalist. 
He carefully examines the actual sequence of outcomes and decides to ignore 
a run of 50 straight defectives that occurred, feeling that such a run must be 
a mistake in reporting since it is so unlikely. This reduces the number of avail-
able data points (the sample size) from 100 down to 50, and out of those 50, 
40 were defective. So his conclusion is that p = 40/50 = 0.8. Scientist 3 has taken 
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the practical posture that many scientists take of weighting the observations 
so that some observations that are believed to be errors are discarded or 
down-weighted in favor of those thought to be better measurements or more 
valid in some experimental sense. 

Scientist 4 is a decision theorist, driven by a need to estimate unknown quan-
tities on the basis of using them to make good decisions. Such a scientist would 
be interested in minimizing the costs of making mistakes, and might perhaps 
decide that overestimating p is as bad as underestimating it, so the costs should 
be the same for making these two types of errors. Moreover, he wants to select 
his estimator of p to enhance his reputation, and you have told him that a 
correct estimate will do just that. So he decides to select his estimator such 
that the cost of being wrong will be as small as possible, regardless of the true 
value of p. (In the theory of decision making, under such circumstances 
he would often adopt what is called a quadratic loss function.) If scientist 4 
were to adopt the subjective belief that all values of p are equally likely and 
then used a result from probability theory (called Bay es' theorem', see dis-
cussion of this theorem in Chapter 5), his resulting estimate of p would be 
p = 91/102 = 0.892. 

Scientist 5 may be said to be other-directed. She badly wants the recognition 
from her peers that you said would depend on the accuracy of her estimate. 
She learns from you the names of the other four scientists. She then writes to 
them to find out the estimates they came up with (and for their own reasons, 
they send her their results). Having obtained the results of the other scientists, 
scientist 5 decides that the best thing to do would be to use their average value. 
(Robert Millikan, winner of a Nobel Prize in Physics, did similar averaging of 
earlier reported results—from entirely separate experiments in that case—in 
his oil-drop experiment to measure the charge on an electron; see Section 3.4.) 
So for scientist 5, the estimate of p = (0.5 + 0.9 + 0.8 + 0.892)/4 = 0.773. Or 
perhaps, learning that scientist 1 made an estimate of p that was not data 
dependent, scientist 5 might eliminate scientist l's estimate from her average, 
making the subjective judgment that it was not a valid estimate. Then scien-
tist 5 would have an estimate of p = (0.9 + 0.8 + 0.892)/3 = 0.864. Scientist 5's 
strategy is used by many scientists all the time, so that the values they propose 
will not be too discrepant with the orthodox views of their peers. 

So the five scientists came up with five different estimates of/? starting with 
the same observed data. All the estimates are valid. Each scientist came to 
grips with the data with a different perspective, using somewhat different 
procedures, and with a different belief about p. 

The values of p found by the five scientists thus are as follows: 

Scientist 1 2 3 4 5 

Estimated 
Value of p 0.500 0.900 0.800 0.892 0.773 or 0.864 
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But what is the "true" value of ρΊ 
In empirical science we never know with certainty what is true and what is 

not. We have only educated beliefs and the results of observations and experi-
ments. But note that with the exception of scientist 1, who refuses to be influ-
enced by the data, all the scientists agree that p must be somewhere between 
0.773 and 0.900, agreeing that the machine is turning out defective groove 
joints at a long-run rate of greater than 0.5. 

Suppose that the machine had produced 1000 groove joints instead of the 
100 groove joints we just considered, but with analogous results of 90% defec-
tives. Would this have made any difference to the scientists? Well perhaps it 
might have, for example, to scientist 1, because people differ as to the point at 
which they will decide to switch positions from assuming that the machine pro-
duces defectives at typical rates despite the experimental outcome results, to 
a position in which they are willing to assume that the machine has a higher 
long-run defective rate. One scientist may switch after 9 defectives out of a 
batch of 10 groove joints, another after 90 out of 100, whereas another may 
not switch until there are perhaps 900 defectives out of a batch of 1000 groove 
joints, or might insist on an even more extensive experiment with even 
stronger evidence. In any case the scientists may still differ in their views about 
the long-run rate of defectives for the machine for a very wide variety of 
reasons, only a few of which are mentioned above. 

1.4 DIVERSITY IN THE SCIENTIFIC METHODOLOGY PROCESS 

The rate-of-defectives example we just discussed was very elementary, but it 
was science nevertheless. Similar interpretive and methodological issues arise 
in all branches of the sciences. To examine the issues more broadly, we step 
back to the origins of science itself, and to the structure, development, and 
applications of various scientific methodologies. 

Wolpert (1992, p. 35) suggests that "unlike technology or religion, science 
originated only once in history, in Greece." He asserts that "Thales of Miletos 
who lived in about 600 B.C., was the first we know of who tried to explain the 
world not in terms of myths but in more concrete terms, terms that might be 
subject to verification." (Miletos is a city on the Aegean coast of what is now 
Turkey; at that time the city was considered part of Greece.) This was the 
beginning of what has come to be known as science. (In fact, it is claimed that 
Thales predicted the total solar eclipse of 585 B.C., and was responsible for 
proving five theorems of plane geometry, including the fact that an angle 
inscribed in a semicircle must be a right angle.) 

There is no unique definition for the term scientific method, a term discussed 
at length by Francis Bacon, Immanuel Kant, and others. But we can try to char-
acterize the scientific methodology process. We will see that scientists have 
varied greatly in their methodological approaches to research, so that there 
has not really been a single, acceptable approach regarded as the "correct" 
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path to scientific achievement. In the following, we use the scientists studied 
in Chapters 3 and 4 to illustrate these ideas. 

Alexander von Humboldt (Section 4.7), a founding father of the field of 
physical geography, mostly observed and carefully recorded his observations. 
In some instances, he also hypothesized possible explanations about the 
mechanisms underlying his observations and showed how the observations fit 
these hypotheses. He was the quintessential observer. But as physical geogra-
phy was not viewed in earlier years as a field that required experimentation, 
he rarely conducted experiments. So the vast bulk of his beliefs about the 
possible causes of the phenomena he observed were totally subjective, and not 
based on experimental verification. 

Albert Einstein (Section 4.13), who propounded the theory of relativity, 
mostly hypothesized about his observations, relying heavily on his profound 
understanding of physics and on the implications of mathematical models he 
developed for describing physical phenomena to make verifiable predictions 
about the universe. But he personally almost never carried out experiments 
that might have demonstrated the validity of his mathematical inferences and 
subjective speculations about the world. Other scientists, sometimes many 
decades later, did ultimately check and verify many of Einstein's predictions 
empirically. 

Charles Darwin (Section 4.9), the biologist who propounded the theory of 
evolution, spent years in the process of observing and recording data meticu-
lously, but then he devoted the next 23 years of his life to theorizing and 
hypothesizing, trying to generalize from his observations. Predictive mecha-
nisms for the process of biological inheritance were developed by others, such 
as Gregor Mendel (discussed in Section 3.3). 

Sigmund Freud (Section 4.11) treated many people with emotional and 
mental problems and recorded his subjective observations case by case. He 
then spent many years trying to generalize his subjective beliefs about his 
patients to synthesize a theoretical framework from his case studies. 

Sir Isaac Newton (Section 4.5), perhaps the greatest of all scientists of all 
time, observed, hypothesized, developed the mathematics he needed to create 
mathematical models for use in quantitative prediction about the phenomena 
he wanted to study, built scientific equipment to improve the quality of his 
observations, carried out experiments designed to test his hypotheses, and then 
made and checked his predictions about the world. But as will be seen in 
Section 4.5, his strong beliefs about his theories may have led him to misrep-
resent some of his experimental results relating to the speed of sound. 

Marie Curie (Section 4.12) was another quintessential experimenter. 
She carried out experiments, laboriously and painstakingly, extending over 
many years, experiments designed to isolate the new element, radium. Her 
subjective beliefs that radium was indeed an element and could be isolated 
from pitchblende gave her the patience to continue searching until she gath-
ered a sufficient quantity of the precious element to establish its atomic 
properties. 
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Some scientists did not attempt to establish quantitative relationships. 
Rather, they carried out demonstrations to show that certain types of effects 
existed. For example, William Harvey (Section 4.4) provided a demonstration 
of the circulation of blood. 

So sometimes a scientist merely makes observations; in other cases, the 
scientist observes and then hypothesizes but does not follow up with experi-
ments; in other cases, the scientist observes, hypothesizes, experiments, or 
demonstrates, and then perhaps rehypothesizes, and reexperiments, often 
cycling through the investigative process many times. There is a complete spec-
trum of methodological behaviors followed by scientists. Most scientists labor 
in the vineyards to extend other people's theories and end up falling some-
where in between the extremes of the methodological investigatory spectrum. 
There is no set rule about what procedure every scientist follows. Francis 
Bacon (1561-1626), a philosopher, attempted to establish some rules about 
proper scientific methodology. His approach was experimental, relying on 
inductive logic. He was not convinced that mathematics should play an impor-
tant role in the scientific process, so his method was qualitative. Bacon's 
approach to scientific methodology was not really adopted until the nineteenth 
century and was quite limited relative to the broader spectrum of procedures 
actually adopted by scientists over the centuries. 

1.5 CREATIVITY IN SCIENCE 

It is most usual that scientific advance starts with an idea or a question in a 
scientist's head about some phenomenon. [Occasionally, a scientific advance 
comes about serendipitously, in that the scientist notices something unantici-
pated but realizes that it is important and thus discovers some unexpected 
effect; see, for example, Roberts (1989). We confine our attention to more 
usual, nonserendipitous discoveries.] But how does such an idea or question 
arise? A scientist observes the surrounding world, as do we all, but when the 
scientist has observed some phenomenon, perhaps many times, a trained 
curiosity prompts the asking of such questions as: I wonder what caused that 
to happen? I wonder what would happen differently if the conditions were 
changed somewhat? Is the response directly proportional to the stimulus? I 
wonder what the role of randomness was in that phenomenon? 

This process, stimulated by scientific curiosity, of raising questions about the 
mechanism that generates some real-world effect, sets the scientist to theo-
rizing and formulating hypotheses about the phenomenon. The process 
demands that the scientist be creatively subjective, and think nonlinearly, much 
as the artist, composer, or creative writer behaves. The scientist must be able 
to leap to tentative conclusions about what to expect under certain circum-
stances, without having yet observed the phenomenon under those circum-
stances and without passing through the appropriate logical steps (linear 
thinking) required to arrive at deductive conclusions.This subjectively creative 
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process is fundamental to how science is carried out. The scientist begins 
searching through a lifetime of personal experience, knowledge, and under-
standing of related phenomena. A review of the published literature on related 
topics reveals what is already known about this subject. If the full answers are 
not known, the exploratory path is open and the scientist begins to pursue the 
topic with vigor. Thus, the scientist proceeds with the idea, with speculation 
about it, and the scientific research process begins. Within this creative process, 
the scientist is most often driven by his or her own biases, intending to find 
preconceived results (results within a certain range) in the experiment. 
However, as Kuhn (1962, p. 35) pointed out: "[T]he range of anticipated, and 
thus of assimilable, results is always small compared with the range that imagi-
nation can conceive. And the project whose outcome does not fall in the nar-
rower range is usually just a research failure, one which reflects not on nature 
but on the scientist." 

1.6 THOUGHT (IMAGINARY) EXPERIMENTS VERSUS 
PHYSICAL EXPERIMENTS 

Scientific research usually involves both theory and experiment. That is, a sci-
entist, after theorizing about the mechanism that is involved in a phenom-
enon, typically carries out experiments that will bear on the mechanisms 
postulated to be involved. Good experiments are designed to demonstrate 
whether the hypotheses about observed phenomena were correct. Usually, not 
all of a scientist's ideas are verified by an experiment or series of experiments, 
and modifications of the original beliefs must be made and new experiments 
mounted to test the modified beliefs. 

The scientist who merely hypothesizes and does not experiment is being 
strictly speculative; in such a case, subjective beliefs and the logic (perhaps 
mathematical projections or predictions) that ties them together are all that 
are available to justify scientific conclusions. These hypothesized beliefs may 
be arrived at by "thought experiments" in which the scientist reasons about 
the phenomenon, and based on a special understanding of how it works, tries 
to conclude what is likely to happen under various conditions or scenarios. 
Without empirical verification of the logically derived hypothetical conclu-
sions, the scientist is likely to be wrong, at least in part. In some unusual and 
remarkable cases, the scientist hypothesizes correctly about the likely outcome 
of experiments that could be carried out but haven't been yet. That is, such a 
scientist correctly predicts what will happen under various conditions. One of 
the characteristics of the outstanding scientist is that these subjective judg-
ments about the phenomenon under study turn out to be correct, even though 
the conclusions reached do not appear to have been arrived at through logical, 
step-by-step reasoning, experimental verification, or any combination thereof. 
There are many instances of this interesting, characteristic trait of the 12 out-
standing scientists on whom we focus in Chapter 4. There, we summarize the 
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lives, the scientific achievements, and the methodological approaches to 
science adopted by these very famous scientists. 

Some scientists make the decision to carry out a physical experiment (as 
distinguished from a thought experiment) that will bear on the phenomenon 
of interest. Sometimes they design the experiment to capture a qualitative 
effect, such as whether a certain phenomenon will occur under predicted cir-
cumstances. For example, will a current flow if we do such and such? In other 
situations, the scientist designs the experiment to capture a quantitative effect, 
such as how much of something will occur under particular circumstances. For 
example, how much current will flow if we do such and such? 

A scientist who decides to carry out a physical experiment must decide: 

1. Which experiment will be carried out (can the phenomenon be observed 
directly, or will indirect reasoning be necessary)? 

2. Which equipment will be used to carry out the experiment? The 
equipment decision determines how large the observational errors are 
likely to be, and often, whether the phenomenon can be observed at all. 

3. Which hypotheses will be tested by this experiment? The scientist must 
decide which conditions must be controlled or kept constant during the 
experiment and which can be varied to generate the phenomenon. The 
hypothesis about the predicted phenomenon must be clearly stated in 
advance of the experiment, and the conditions under which the phe-
nomenon will occur must be prespecified and designed into the experi-
ment. If the experiment is quantitative, the scientist must determine 
which outcome variables must be monitored when the input variables 
are varied. 

4. How will the hypotheses be examined? That is, how "close" to the pre-
dicted phenomenon must the experimental outcome be before the sci-
entist will claim to have produced the anticipated effect? How should 
the scientist measure closeness? 

5. What extraneous variables should be controlled or measured? 
6. If the scientist is to repeat the experiment on several occasions, how will 

strange or unusual outcome observations be treated? How many times 
should the experiment be replicated? How will the results of various 
replications be combined? How sensitive must the experiment be to 
observe the phenomenon of interest? What if the phenomenon were to 
be observed only sometimes and not at others? 

7. What should be done if the experimental outcomes contradict the initial 
hypotheses? 

8. How will the results be reported? 
9. Which results will be reported to the scientific community so that the 

work can be reviewed by peers and replicated by others to verify its 
correctness? 
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All of these choices the scientist must make are partly subjective and partly 
objective. While attempting to avoid obvious biases, a scientist wants to use 
the fundamental understanding of the underlying phenomenon to help arrive 
at scientific conclusions that will be meaningful. To ignore such preexisting 
understanding of the phenomenon under study is to fail to take advantage of 
the best information available to build new knowledge. It would amount to 
reinventing the wheel every time we wanted to make an improvement in our 
understanding of transportation methods. We see in Chapter 5 how Bayesian 
methods of analysis seek to take advantage of this pre-existing understanding 
by incorporating various aspects of it into the analysis of an experiment. 

1.7 ANALYSIS OF RESULTS OF PHYSICAL EXPERIMENTS 

The results of physical experiments that scientists carry out are observations, 
either qualitative or quantitative. If qualitative, they may be descriptive, in that 
they explain in qualitative terms what happened; or they may be categorical, 
in that they summarize whether the predicted phenomenon occurred. When 
quantitative, they are numbers obtained by observing the phenomenon under 
study under various conditions. Any of these forms of outcome of an experi-
ment characterizes the results of the experiment. These are the basic raw data. 
After obtaining such data, the scientist must try to make sense out of them. If 
the data are quantitative, they must be summarized and understood visually. 
In any case, inferences and predictions must be made from them. Quantita-
tively observed data points generally contain errors of measurement. Such 
errors of measurement are largely random, and thus follow the laws of 
probability, part of the domain of statistical science. Also in the domain of 
statistical science is the modeling of the laws that are thought to govern the 
phenomenon. 

The scientists discussed in Chapter 4 did not use the methods of analysis 
of Bayesian statistical science (or for that matter, with the exception of 
Einstein, any formal statistical methods). Although it is true that Bayes' theo-
rem had been put forth in the middle of the eighteenth century, many of the 
methods of analysis that today we call Bayesian statistical inference had not 
yet been developed; and none of it was available during the lifetimes of many 
of our scientists. Such methodology, however, is now available for scientific 
analysis, and makes possible more precise inference from the results of cate-
gorical and quantitative experiments. Such methodology is discussed at length 
in, Chapter 5. 

1.8 BLINDING AGAINST EXPERIMENTER BIAS 

The subjectivity of scientists has long been well-known to scientists them-
selves, and consequently, they have established procedures to guard against 
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those effects of subjectivity that may bias experiments and mislead experi-
menters. In biology/medicine/pharmacology, for example, modern clinical sta-
tistical trials have typically required that allocation of treatments to subjects 
be decided on a randomized basis with some subjects receiving an inert 
placebo, so that causation can be established. But the safeguard against experi-
menter bias is via a process called double-blinding. In a double-blind experi-
ment, neither the people who diagnose the results of the clinical trials nor the 
subjects themselves know which subjects actually received the drug being 
tested for efficacy and which received the placebo. If the experimenter does 
not know whether the subject he or she is diagnosing has received the treat-
ment or the placebo, his or her diagnostic judgment cannot be influenced by 
that knowledge. Similarly, a patient cannot attribute changes in his or her con-
dition to a treatment if he or she is not sure whether indeed he or she is getting 
the treatment or getting a placebo. 

In the social sciences, the existence of "experimenter effects" [for example, 
Rosenthal and Jacobson (1968)] in which the person conducting an experi-
ment is likely to find the results he or she expected, has given rise to a set of 
procedures by which the person actually running the experiment is kept blind 
to the hypothesis being tested. 

In our discussion of Gregor Mendel in Section 3.3 we see that one of the 
reasons suggested for his data being "too good to be true" is that when one 
expects a certain ratio of results and can see that ratio developing as the data 
are counted, one may be unconsciously led to stop counting when the ratios 
are as expected. Present-day genetics researchers routinely blind themselves 
to the results of such counts as they are developing. 

In his oil drop experiment to study the charge on the electron, Robert 
Millikan used a preferential treatment of his data. While he seemed to be 
choosing to eliminate only observations with large experimental error, in fact 
he eliminated observations that were contrary to his preconceived ideas, thus 
permitting his personal biases to determine his inferences about the true value 
of the charge on the electron. (See Section 3.4 for a discussion of how he 
weighted his data to conclude what he preferred.) 

Recent efforts by "particle physicists" have resulted in a blinding approach 
to guarding against experimental bias in their field, an approach that has been 
called offsets. "Research teams in particle physics have been programming 
their computers to add unknown numbers called 'offsets,' to their data to 
make the outcome of their analyses blind . . . It is only after they experiment 
is over that the researchers discover what the value of the offset is" (Glanz, 
2000, p. Dl). 

Dr. Eric Prebys, a particle physicist at Princeton University and a member 
of a large research team called Belle, said scientists "always want a particular 
outcome whatever they say. Removing all landmarks is the only sure way to 
insulate them from their own hopes and expectations" (quoted in Glanz, 2000, 
p. D4). The basic idea is to blind the researchers from seeing the final experi-
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