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An Introduction to the Philosophy of Science

This book guides readers by gradual steps through the central concepts and debates in the
philosophy of science. Using concrete examples from the history of science, Kent W. Staley
shows how seemingly abstract philosophical issues are relevant to important aspects of
scientific practice. Structured in two parts, the book first tackles the central concepts of the
philosophy of science, such as the problem of induction, falsificationism, and
underdetermination, and important figures and movements, such as the logical empiricists,
Thomas Kuhn, and Paul Feyerabend. The second part turns to contemporary debates in the
philosophy of science, such as scientific realism, explanation, the role of values in science, the
different views of scientific inference, and probability. This broad yet detailed overview will
give readers a strong grounding whilst also providing opportunities for further exploration. It
will be of particular interest to students of philosophy, the philosophy of science, and science.

KENT W. STALEY is Associate Professor of Philosophy at Saint Louis University, Missouri. His
publications include The Evidence for the Top Quark: Objectivity and Bias in Collaborative
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Preface: philosophy of science for philosophers, scientists, and
everyone else

For better and for worse, in ways both obvious and subtle, the work of scientists has helped to
shape the world around us. The obvious impacts of science on our lives include the
technologies that depend on scientific research. Our approaches to communicating, eating,
becoming or staying healthy, moving from one place to another, reproducing, entertaining
ourselves — all of these have been changed by the findings of scientific research. Perhaps less
obvious, but not less important, are changes in how we think about ourselves and our world.
The concepts and ways of thinking that scientists employ as they engage in research and seek to
explain the phenomena they uncover tend to migrate out of the specialist settings in which they
originate. Though they tend to be transformed in the process, these concepts and methods turn
up in the broader culture as themes we draw upon to describe and explain the world.

Clearly, science is a big deal. This book is not just about science, though, it is about the
philosophy of science. Even if you agree that one should care about science, you might wonder
whether you should care about the philosophy of science. The point of this preface is to begin
to persuade you that you should care about it. I will divide my arguments based on different
types of readers. My first argument will be directed at those who either are or will become
working scientists. My second argument will be directed at those people and at those who are
interested in philosophy, but unsure about philosophy of science. My last argument will be
directed at anyone, whether or not a scientist, whether or not philosophically inclined, who
lives in a world as strongly influenced by scientific work as ours.

First, a caveat: These arguments are not meant to be fully persuasive as such. Full arguments
regarding important practical matters — such as whether to devote one’s valuable time to
reading a particular book — can rarely be stated succinctly (and I do not wish to linger over-
long here in the preface, but to get on to the subject at hand). What I present here should rather
be understood as the articulation of promissory notes that make more or less explicit the value
of philosophy of science for assorted concerns that I take to be rather widely shared. It is my
hope that reading through the rest of the book will leave you fully persuaded that this is a
worth-while subject matter. I grant that some measure of trust is required to get started.

Let me now address my arguments to those who are or will become working scientists. The
argument here is quite simple: whether performing experiments, analyzing data, developing
theories, building instruments, or writing papers, scientists at some point in their work
implicitly rely on philosophical assumptions about their discipline and their subject matter.
This is perhaps most easily shown in the case of those scientists who would most vocally
oppose the importance of philosophy in science, who espouse a ‘shut up and calculate’
approach. To endorse such a view is to take a certain position regarding the value of attempting
to interpret the meaning of a scientific theory; it is, in short, a philosophical claim to the effect
that the value of theory resides only in its usefulness for calculating outcomes in application,
whether experimental or technological. This position is a form of what philosophers call
instrumentalism, and the instrumentalists constitute a long-standing and important tradition
within philosophy of science. My aim is not to criticize instrumentalism, but only to point out
that for the scientist there is no escaping philosophy. The question for the scientist is not



whether to engage in philosophy, but only whether to do it well or badly.

One particularly important context in which philosophical considerations are of
considerable importance to the practice of science concerns the use of statistics. Many
experimental results are couched in terms that result from the use of statistical tools. Moreover,
theoretical explanations of phenomena involving, for example, quantum mechanics, population
biology, or meteorology invoke statistical concepts. These statistical notions are developed
within frameworks that make certain assumptions about the meaning of such concepts as
probability, randomness, and so on that are a matter of significant philosophical dispute. The
use of statistics without an awareness of these philosophical issues is likely to result in
confused or misleading statements about the meaning of one’s research results or the character
of natural phenomena. This book devotes significant attention to philosophical issues regarding
the use of statistics.

Finally, and perhaps most fundamentally, I would like to advance the idea that the pursuit of
scientific knowledge is already, at least in part, a kind of philosophical inquiry in the broad
sense. This might look like a trick of definition-mongering, in which I have simply chosen to
give ‘philosophy’ such a broad meaning that this claim becomes trivially true. But there is a
good historical reason for taking empirical science to be continuous with philosophy in this
way: much of what we would today call ‘science’ was once called ‘natural philosophy.” It
makes sense, too: among the aims of scientific theorizing are (arguably) the understanding of
the processes of the natural world, the kinds of things or structures that might be found there,
and how these would appear to us under various circumstances, react to our intervention in
them, and develop over time. It does not seem to be a stretch to call what does these things a
‘philosophy of nature.’

Perhaps, however, you are not now and are not planning to become a scientist. Let us
suppose that you are instead someone with an interest in philosophy more generally. Any well-
developed philosophical view of the world will include a philosophy of science at least
implicitly. Suppose, for example, your philosophical interests center on whether human actions
are truly chosen freely. Any position regarding this issue of free will must respond somehow to
the results of scientific research in such domains as neurophysiology and cognitive science. To
be sure, one possible response would be simply to ignore these scientific results and develop
one’s position on purely a priori grounds derived from introspection. The point is that whether
one does this, or tries to be sensitive to the scientific findings in some more or less substantive
manner, one must have reasons for treating the scientific results in the way one does, and these
reasons must involve some views about the relationship between empirical science and
philosophical theorizing — a philosophy of science, in short.

This brings us to “everyone else.” Perhaps you have no particular scientific training and do
not plan on receiving any. Perhaps you do not plan on engaging in extended philosophical
reflection or argumentation as a significant part of your life’s undertakings. For you, philosophy
of science will remain important at least for practical reasons — as a kind of instrument of self-
defense if nothing else. Politicians, marketers, even scientists themselves, will attempt to
persuade you to act in certain ways based on what they present as ‘sound science.” Without
expertise in the relevant scientific field, you might find yourself wondering about the soundness
of their claims. Although we often have to rely on the testimony of experts to form our own
opinions, and it is sometimes right to do so, the very question of when to thus defer to
authorities and when to doubt them relies on the ability to critically evaluate such testimony.
What is the nature of the authority of empirical science? What are the limits of that authority?
What questions in general are important for scrutinizing a claimed scientific result? Training in
philosophy of science should equip you with some basis for thinking soundly about these issues



as they arise in the public discourse of and around science.

At its best, the scientific enterprise exemplifies the bold, yet responsible pursuit of
knowledge. Appropriately weighted and clearly understood, the best of our scientific heritage
should stand as a check on our too-often indulged propensity to let demagoguery and
obfuscation lead us into unreasoned, even dangerous ways of thinking. An understanding of
what makes for good scientific thinking may help us to hold ourselves to a higher standard in
how we understand our world and our place in it.

Finally, studying science from a philosophical perspective should highlight and explicate a
fact about scientific inquiry that, though in some sense obvious, might be easily forgotten when
confronted with the difficulty of understanding the technical language in which unfamiliar
scientific claims are presented: science is a human undertaking, an extension of our common
search for understanding. Scientists extend our ordinary ways of knowing into realms that are
remote in terms of distance, or size, or degree of abstraction, or complexity. Knowing just how
they do so is important to evaluating the results of their inquiry. Moreover, perhaps
understanding how inquiry is conducted in these remote realms will shed light back onto our
common knowledge-seeking practices. In any case, to understand science philosophically is to
understand something about what it is to be human.

Plan of the book

This book divides roughly into two parts. The first seven chapters (“Background and basic
concepts”) introduce both some important concepts that will be used throughout the discussion
and some important figures and movements in twentieth-century philosophy of science who
have helped shape the discipline and whose ideas remain relevant to current debates. We will
consider the arguments of writers such as Pierre Duhem, Karl Popper, Rudolf Carnap, Thomas
Kuhn, Imre Lakatos, and Paul Feyerabend. This will allow us to gain some familiarity with the
falsificationist (Popper) and logical positivist or logical empiricist (Carnap) schools of
thought that loomed large in the first half of the twentieth century, while also considering later
developments involving post-positivist thinkers (Kuhn, Lakatos, Feyerabend) that offered
alternatives to the falsificationist and logical empiricist points of view. We will explore some
of the issues and arguments that they pursued with the help of some examples from the history
of science.

Chapters 8 through 12 (“Ongoing investigations”) will survey some of the areas in which
lively debates are ongoing in current philosophy of science. These surveys will seek to connect
these current areas of debate with the historical precedents that are the focus of the first section
of the book, but will emphasize foundational concepts and more or less recent developments.
Chapters 8 and 9 will concern competing approaches to the use of probability ideas in science.
Probability is crucial to the analysis of data and to the understanding of scientific reasoning.
These chapters will, as you might expect, have the most mathematical content, but are meant to
be self-contained. Chapters 10 and 11 will survey current debates concerning scientific realism
vs. anti-realism, and explanation, respectively. Chapter 12 concerns the role of values and
value judgments in science, a matter of long-standing concern that has recently seen a
resurgence of interest.
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Part 1

Background and Basic Concepts




1

Some problems of induction

1.1 Introduction

To the lay reader, much of what is written by scientists can seem barely comprehensible. Even
to someone who has had some science courses in school, a sentence like “The M2 proton
channel . . . has a 40-residue region that interacts with membranes consisting of a
transmembrane helix (which mediates tetramerization, drug-binding, and channel activity),
followed by a basic amphiphilic helix important for budding of the virus from cellular
membranes and release (scission)” will seem as though it has been written in a language not
quite identical to English (Fiorin, Carnevale, & DeGrado, 2010). As a result, the non-
specialist may find much of what is accomplished by scientists mysterious and esoteric.

Philosophers of science have sometimes attempted to “humanize” scientific work by
portraying scientific methods as extensions of our ordinary ways of knowing things. It is true
that scientists use technologies both material and mathematical to make observations and draw
conclusions that we could never achieve otherwise. Nonetheless, they observe, conjecture,
infer, and decide just as we all do, if perhaps in a more systematic and sophisticated way.
Although a certain kind of training is needed to understand some of the language scientists use
to report their findings, those findings are not the result of magic or trickery, but of an
especially refined and disciplined application of the cognitive resources we enjoy as a
species.

But if scientists use and extend the cognitive abilities of ordinary knowers, they also inherit
the philosophical problems of ordinary knowers. One of the thorniest and most discussed of
these — the problem of induction — is the topic of this chapter. We will see how this general
problem about knowledge arises in both non-scientific and scientific contexts. An example
from the history of optics will show that scientific experimentation and careful use of scientific
methods can improve our ability to give well-reasoned answers to questions, but do not suffice
to solve the problem of induction itself.

1.2 The problem of induction about doughnuts

The problem of induction is the problem of how we learn from experience. Consider how it
arises in the life of a somewhat ordinary person, whom we shall call Zig. Zig likes doughnuts,
let’s suppose, and one day decides to try a new doughnut shop. This doughnut shop has
introduced a new horseradish-flavored doughnut, something that Zig has never tried before. Zig
expects, however, to like the horseradish-flavored doughnut. After all, he has enjoyed nearly
all of the doughnuts he has eaten in his life (he has eaten many!). In fact, Zig believes there to
be a general Law of Doughnut Delectability:

Law 1 (LDD) All doughnuts are delicious.

Since horseradish doughnuts are doughnuts, it follows that horseradish doughnuts must also be



delicious.

Zig’s reasoning here exhibits a logical trait of considerable significance. He is using an
argument that is deductively valid, meaning that it is impossible that the premises are true and
the conclusion false. This can be seen clearly enough in the case of Zig’s argument. Suppose
the LDD is true, and that it is true (as it seems it must be) that all horseradish doughnuts are
doughnuts. Could there possibly be a non-delicious horseradish doughnut? Suppose there were.
If we insist on the law that all doughnuts are delicious (first premise), then this non-delicious
horseradish doughnut must not really be a doughnut after all. On the other hand, if we insist that
all horseradish doughnuts really are doughnuts (second premise), then our non-delicious
horseradish doughnut stands in contradiction to the law that all doughnuts are delicious. We
simply cannot hang on to the truth of our premises while denying the conclusion of this
argument.

Deductive arguments are sometimes said to be ‘truth-preserving’ because a deductively
valid argument is guaranteed not to lead you from true premises to a false conclusion. This
makes them powerful as logical tools of persuasion; as long as the person you are trying to
convince agrees with you that your premises are true, she cannot resist the conclusion of a
valid argument from those premises without contradicting herself. A deductively valid
argument with true premises is said to be sound.

To his very great disappointment, Zig finds the horseradish doughnut revolting. He has just
encountered a limitation of deductively valid arguments. Although the truth of their premises
guarantees the truth of their conclusions, there is nothing about validity itself that guarantees the
truth of the premises. Zig proceeds to make a new deductively valid inference: All horseradish
doughnuts are doughnuts. Some horseradish doughnuts are not delicious (to say the least!).
Therefore, some doughnuts are not delicious. With this argument, Zig has refuted the LDD.!

Now Zig begins to wonder: was that one horrendous-tasting horseradish doughnut a fluke?
The next day he returns to the doughnut shop and orders another one. The second horseradish
doughnut turns out to be equally vile. After ten more visits to the same shop, each time ordering
a horseradish doughnut that he finds quite disgusting, Zig begins to visit other doughnut shops
selling horseradish doughnuts. Zig proceeds to sample 12 horseradish doughnuts from each of
20 different doughnut shops and finds all 240 of them to be repellent.

Surely Zig is overdoing it! He has, you would think, more than enough evidence to justify an
expectation that any horseradish doughnut he tries will not taste good to him. But suppose he
remains skeptical of this claim. He freely admits the unpleasant taste of all horseradish
doughnuts he has eaten in the past, but does not think that this has any bearing on what he should
expect of those he has not yet tasted. What logical argument could we offer to persuade him?

The problem of induction amounts to just this skeptical problem: it seems that no amount of
unpleasant experience with horrid horseradish doughnuts would suffice to justify any belief
regarding the deliciousness or putridity of one that is yet to be tasted.

Consider the premises we have at our disposal for reasoning with Zig. “Look, Zig,” we
might say. “You have eaten 240 horseradish doughnuts from a variety of doughnut shops in a
variety of locations. You agree that each of those doughnuts was deeply unpleasant. Does it not
follow that the next horseradish doughnut will be similarly awful?” Zig would be correct to
reply “No, it does not follow. The premises you offer are consistent both with the next one
being tasty and with it being terrible.” In other words, the suggested inference to the conclusion
that all horseradish doughnuts are not delicious (or even that just the next one lacks gustatory
appeal) is not deductively valid. Our inference regarding the next horseradish doughnut is an
inductive, not a deductive argument, and as presented it does not exhibit validity.



One might try to make it into a deductive argument by filling in some additional premises.
Consider, for example, the following argument: All horseradish doughnuts in a large and varied
sample are not delicious. All horseradish doughnuts that have not been tasted are similar to
those in the sample with respect to their taste. Therefore, all horseradish doughnuts are not
delicious.

Now we have a valid deductive argument, but we also have a new premise, and it is one that
cannot be considered to report any observation that Zig has made. ‘All horseradish doughnuts
that have not been tasted are similar to those in the sample with respect to their taste’ asserts a
generalization about horseradish doughnuts, and Zig would rightly ask us to tell him what
reasoning would justify his accepting this new premise. It is no more a deductive consequence
of the uniformly bad taste of the horseradish doughnuts Zig has already eaten than is our
original conclusion.

Perhaps this new premise can be supported by some separate argument that we think Zig
should find compelling. One could, for example, regard it as a special case of a general
Principle of Uniformity of Doughnut-Properties (PUDP): All doughnuts of a given kind
resemble one another with regard to their taste. And this general principle, we could argue, is
supported by past doughnut-eating experiences, not just of Zig, but of the general doughnut-
eating public, which has found in the past that all raspberry-filled doughnuts tasted similar, all
chocolate cake doughnuts tasted similar, all sour cream doughnuts tasted similar, etc.

Clearly, however, this justification for the PUDP is itself an inductive argument. Having
declined to accept the conclusion of our original induction, Zig is under no logical compulsion
to accept the conclusion of this argument either. We could try to patch up the logical gap with
some other general principle such as the Uniformity of Food Properties, but then this principle
will need to be supported by an inductive argument from uniformity in past food experiences.

At each stage in our effort to close the logical gap between premises and conclusion in an
inductive argument, we will find ourselves invoking a principle that in turn has to be justified
inductively. Now either this series of justifications ends or it does not. If it ends, then it must
end with us appealing to some general principle for which no further inductive justification is
offered. This most general such principle is sometimes simply called the Principle of the
Uniformity of Nature (PUN). Just how to formulate the PUN so that it is both strong enough to
perform its logical task and plausibly true is difficult to say.” But we do not need to formulate it
to see the problem: It is a general principle that cannot simply be true by definition (like
‘carnivores eat meat’) or be derived deductively from other premises that are true by
definition. If it does not lend itself to such a deductive proof, and we have no inductive
argument to support it, then it must simply be unjustified by any argument whatsoever, and so
then are any of its consequences.

If, on the other hand, the series of justifications does not end, then we have an infinite regress
of inductive arguments, so that the justification for our original conclusion can never be
completed. Either way, the conclusion of any inductive argument (for there is nothing special
about our doughnut example) turns out to lack any justification.

Note that in this illustration of the problem of induction we did not equip Zig with any
specialized methods or concepts of the sort that scientists bring to bear on their research
problems. The problem of induction appears not to be a problem of science so much as it is a
problem of knowledge in general.

1.3 Reasoning about light: Isaac Newton’s induction



Here, however, let us set aside the problems posed by our imaginary doughnut investigator’s
skepticism, and consider an actual bit of historically significant scientific reasoning. What we
will see is that although the investigator — in this case, Isaac Newton — gave no explicit
attention to the problem of induction in this general form that we have just considered, he
devoted considerable attention to the question of just what he could justifiably infer from his
observations, and the assumptions that would be required to justify those inferences. We might
say that, although he did not concern himself with the problem of induction, he did concern
himself with a number of specific problems of induction, i.e., problems connected with
particular ways in which he might go wrong in drawing his conclusions.

In a very dark Chamber, at a round Hole, about one third Part of an Inch broad, made in the
Shut of a Window, I placed a Glass Prism, whereby the Beam of the Sun’s Light, which
came in at that Hole, might be refracted upwards toward the opposite Wall of the Chamber,
and there form a colour’d Image of the Sun.

Thus begins Isaac Newton’s “Proof by Experiments™ of his second proposition in his 1704
work Opticks. The proposition in question states that “The Light of the Sun consists of Rays
differently Refrangible” (Newton, 1979, 26). In other words, sunlight can be decomposed into
rays of light that differ from one another in the angle at which they are refracted through a given
medium.’

Newton proceeds to describe how he arranged his prism so that its axis was perpendicular
to the ray of light incident upon it, and so that the angles of refraction at the incident face of the
prism and at the face from which the rays exited the prism were equal (see Figure 1.1). He
describes the image made by the refracted light on a sheet of white paper as “Oblong and not
Oval, but terminated with two Rectilinear and Parallel Sides, and two Semicircular Ends”
(Newton, 1979, 28), and proceeds to report in detail on its dimensions. He reports that when
the refracting angle of the prism was reduced from its initial value of 64 degrees, the length of
the image was reduced, but its breadth was unchanged. If the prism was turned so as to make
the rays exiting the prism emerge at a more oblique angle, the image was lengthened. He notes
some irregularities in the glass of his first prism, and thus tries the same experiment with
different prisms “with the same Success.” “And because it is easy to commit a Mistake in
placing the Prism in its due Posture, I repeated the Experiment four or five Times, and always
found the Length of the Image” to correspond to that which he first reported (Newton, 1979,
30).

Figure 1.1 Newton’s first experimental arrangement. £ is the hole through which light from the
sun (XY) passes, on its way to the prism (4BC). On a sheet of paper (MN) the light casts an
image (PT) of the sun. (From Newton 1979, 27; by permission of Dover Publications.)



Newton then draws an intermediate conclusion from his measurements: The rays exiting the
prism diverged from one another in such a manner as to constitute the length of the image,
forming an angle “of more than two degrees and an half” (Newton, 1979, 31). That result
Newton shows to be incompatible with “the Laws of Opticks vulgarly received,” according to
which the angles at which the rays exit the prism should diverge at an angle corresponding to
the angle formed by the rays arriving at the hole from the extreme points of the sun’s diameter:
about half a degree. This would result in an image on the sheet of paper with a length equal to
its breadth. What has gone wrong?

Newton points us to the answer by noting that the expectation of a round rather than
elongated image would be correct were the rays that constitute the image “alike refrangible.”
“And therefore seeing by Experience it is found that the Image is not round, but about five times
longer than broad, the Rays which going to the upper end . . . of the Image suffer the greatest
Refraction, must be more refrangible than those which to go the lower end” (Newton, 1979,
32).

There follows in the Opticks Newton’s description of a series of experiments involving
various arrangements of prisms through which Newton explores the phenomenon just
described. Here I will just describe one such permutation that seems particularly relevant for
understanding Newton’s defense of his proposition that the sun’s light consists of rays that
differ in their refrangibility. In this arrangement (see Figure 1.2), Newton allowed sunlight to
enter through “a much broader hole” before passing into a first prism, the orientation of which
about its axis could be adjusted. The refracted light is then directed at a board with a hole
about one-third of an inch in diameter. The beam of light thus formed is then projected onto a
second board “and there paint[s] such an oblong coloured Image of the Sun” as had been found
in the previously described experiment. This second board also has a small hole in it, and light
that passes through that hole is then sent into a second prism, with its axis parallel to that of the
first prism, which is held at a fixed position.

Figure 1.2 Newton’s two-prism experimental arrangement. S is the Sun, light from which
passes through an aperture F to prism 1 (ABC). A second aperture (G) can be used to select a
portion of the refracted image of S to be sent through a third aperture (g) to prism 2 (abc). The
refracted light from abc forms an image on the wall MN. (From Newton, 1979, 47; by
permission of Dover Publications.)

By varying the orientation of the first prism, Newton effectively sends different parts of the
spectrum created by the first prism into the second prism. In this way he is able to more
stringently focus on the question of whether these rays that emerge at different angles from the
prism really do, considered separately from one another, refract at different angles. To test
whether this is so, he observes the location on the opposite wall of the room at which the



resultant ray of light arrives, having passed through both prisms. He found that indeed light
from the higher part of the spectrum projected onto the second board refracted through the
second prism to a higher location than light from the lower part of the spectrum, while light
from intermediate parts of the spectrum arrived at intermediate locations on the wall. Newton
thus is able to show that, although each ray arrives at the second prism at the same angle, “yet
in that common Incidence some of the Rays were more refracted, and others less. And those
were more refracted in this Prism, which by a greater Refraction in the first Prism were more
turned out of the way, and therefore for their Constancy of being more refracted are deservedly
called more refrangible” (Newton, 1979, 48).

Clearly, the proposition that Newton defends is a general one. He does not claim merely that
the particular rays of solar light that he observed are composed of rays that vary in their
refrangibility. Neither is his claim limited to the sun’s light as observed in Cambridge, or as
observed in the late seventeenth century. Indeed, although his explicit claim makes reference to
the light of our Sun, his motivation for this research and subsequent application of his findings
has to do with limitations on the resolution of telescopes, which he considers to arise at least in
part from the differential refraction of the component rays of light from celestial objects,
including stars. Clearly, then, he thought that the same proposition applied to light coming from
at least some stars other than our own sun. His proposition states much more than can be
summarized by simply noting what he observed in the particular instances he describes.

1.3.1 Newton’s problems of induction

It is striking, therefore, to consider how little Newton was concerned about the problem of
induction as we articulated it above. There is no evidence that Newton was at all worried
about whether light might behave differently on Mondays than on Thursdays, or that his results
might come out differently if he tried his experiment in the country instead of in town, or in
Bristol rather than Cambridge. If anyone else worried about these matters, Newton’s argument
includes no overt reasoning that would allay those concerns. Given just the description of the
experiments that Newton did perform, we would have to say that it remains logically possible
that the Sun’s light observed at different times or under different conditions does not consist of
rays that differ in their refrangibility.

But Newton clearly is concerned about other possible ways in which his claim might go
wrong, and designs his experiments explicitly to rule out these sources of error. For example,
Newton considers the oblong (rather than circular) shape of the image created by the prism to
be significant, as it differs from the prediction from “the Laws of Opticks vulgarly received”
(Newton, 1979, 31). What if that shape were somehow an artifact of the particular prism that
Newton used, perhaps because of a defect in the glass? Newton must have been concerned
about this possible error, because he describes how he repeated the experiment using different
prisms and got the same result. What if Newton had made a mistake in lining up his prisms in
the correct configuration? Again, he repeated his experiments to rule out small but unnoticed
errors in his alignment of the prisms.

These two possible sources of error — flaws in the prisms or errors of prism placement —
might be thought of as /ocal in the sense that they concern details of the particular instances
from which Newton seeks to draw conclusions. But sources of error that are more global in
nature are also relevant for him.

For example, why does Newton bother with the second experimental arrangement just
described, in which he passes light refracted from the first prism through two more apertures
before it enters the second prism? Although Newton does not state explicitly his motivation for



this experiment, one might consider it as addressing a concern about a potentially systematic
misunderstanding of the phenomenon thus far studied. Although the image resulting from
refraction by the prism clearly indicates that light exits the prism at a range of angles, one might
worry that somehow the phenomenon cannot really be analyzed in terms of the differing
properties of refrangibility of rays in the incident light. Perhaps the spread somehow involves
all of the light together, such that if some part of the spectrum is taken away, the whole
phenomenon is destroyed. A worry of this sort would be addressed by Newton’s experimental
arrangement, which allows him to demonstrate that individual segments of the spectrum consist
of light that, just by itself, refracts at an angle different from that of the light in other parts of the
spectrum.

Another sort of worry might arise from concerns about just what is implied by Newton’s
conclusion. Just what does Newton mean by saying that the Sun’s light “consists of Rays
differently Refrangible”? Here one might take him to be making a claim about the nature of light
itself. In particular, one might worry that the term “rays” points toward a view of light as a kind
of particle, the trajectory of which is described by a ray. But if Newton means to imply such a
view of light, then he would seem to be going well beyond what his experiments can show,
since there does not seem to be anything in these experiments as described that would rule out
other theories about the nature of light, such as that it consists of some kind of wave (theories
of this sort had been advocated by Newton’s contemporaries Christian Huygens and Robert
Hooke).

It was in fact Hooke himself who challenged Newton on this score, charging that his
conclusions about color were part of a particle theory of light. In response to Hooke, Newton
drew a distinction between hypothetical theories about the nature of light that would causally
explain what he had observed experimentally, and a description of those properties of light that
he considered to be revealed in his experiments. Recognizing that his observations could be
explained by “Mechanicall” theories other than the particle account he himself favored, he
wrote

therefore I chose to decline them all, & speake of light in generall termes, considering it
abstractedly as something or other propogated every way in streight line from luminous
bodies, without determining what that thing is. (quoted in Shapiro, 2002, 232)

Thus Newton denies that we should draw any inferences from his use of the term “Rays” to
conclusions about the nature of light itself. He thus secures his argument against objections
against any such theories about light by making his conclusion independent of such
assumptions.

To solve the problem of induction, Newton would have had to either show how, through an
inductive argument, he could eliminate all possibilities of error in his conclusion, or else to
show, without falling into a regress or a vicious circle, how his conclusion could be justified
without eliminating all possibilities of error. Newton did not attempt either of these things, and
thus did not attempt to solve the problem of induction. He did, however, attempt to solve
problems relating to particular ways he might go wrong in drawing his conclusion. The
example of Newton’s optical experimentation illustrates how, even if one does not worry
overtly about the problem of induction in general, a convincing experimental argument for a
general claim does require that one be able to rule out sources of error that are judged to be
relevant to one’s conclusion.



1.4 Conclusion

In philosophical discussions of the problem of induction, attention typically focuses on cases
like our doughnut example, in which the inductive inference consists of a simple generalization
from observations made in some finite sample to some broader population of instances
(sometimes called enumerative induction). We have seen how Newton, although he does
generalize in his conclusion, undertook to justify his conclusion by using experimental probing
to explore the various ways in which his conclusion might be in error. This active error-
probing* reflects more accurately the reasoning of experimental science than do philosophy-
textbook stories of passive extrapolation like Zig and the doughnuts.

This still leaves us with some tough questions: Which possible sources of error should one
consider relevant? Perhaps Newton justifiably disregards worries that the light from the Sun
might behave differently at different times or in different places, but why disregard those
possibilities but explicitly address those about the possibilities of error in the alignment of
prisms or of flaws in the prism glass? If one argues that Newton justifiably assumes that the
Sun’s light behaves uniformly in different places and at different times, then one has to give a
justification for this that does not thrust us back into a regress or vicious circle of inductive
arguments. On the other hand, if the difference between these possible errors is simply that no
one, neither Newton nor his audience, was worried about the former but that they were — or
plausibly would be — worried about the latter, then Newton’s justification seems to depend on
nothing other than the opinions of his contemporaries. That would have the rather unpalatable
consequence that one’s inductive arguments would be stronger, all else being equal, simply in
virtue of one’s audience being less critical!

Worse, it seems that although Newton does not worry about the problem of induction, he
should! Simply ignoring a problem does not make it go away, and we are still left with the
unsatisfactory situation of relying on an inductive form of argument that we ultimately seem
unable to defend or justify. In our next chapter we will consider an approach to science that
purports to do without induction entirely, but allows science to proceed without making use of
a method that we cannot justify.

"'You may have noticed that Zig could have saved the LDD if he had been willing to consider giving up
the claim that all horseradish doughnuts are doughnuts. Maybe the terrible-tasting thing that he ate
was not really a doughnut after all? We will return to the possibility of such evasions in Chapter 3.

% The difficulties can be seen already emerging in the PUDP: How strongly do the doughnuts in a given
kind resemble one another? If the principle asserts that they are exactly alike, then the PUDP seems
to be false; if they are only somewhat similar in a very broad sense then the principle will be too weak
to support the conclusions that are meant to be drawn from it.

3 Newton had first reported on his experiments with prisms in his inaugural lectures as the newly
appointed Lucasian Professor of Mathematics at Cambridge in 1669 (Newton, 1984). His first
published paper on the topic appeared in the Philosophical Transactions of the Royal Society in
February 1671. There he describes the experiments as having been performed five years earlier “in
the beginning of the year 1666,” many years before writing the Opticks (Newton, 1978). The correct
historical sequence of Newton’s optical experiments and the trustworthiness of his narrative are
matters of historical dispute (Guerlac, 1983; Newton, 1984).

4 For more on this, see Chapter 9, Section 9.4.



2

Falsificationism: science without induction?

2.1 Growth through falsification

The philosopher of science Karl Popper considered the problem of induction so grave as to
require the elimination of induction from the methods employed in science. He went so far as
to assert that “in my view there is no such thing as induction” (Popper, 1992, 40).

In light of our discussion of inductive arguments in the previous chapter, such a proposal
may sound outrageous. Surely, it might seem, we need inductive reasoning in science; it is by
such reasoning that we confirm or support general propositions such as natural laws. That is
how we learn from experience, fostering the growth of scientific knowledge.

Scientific knowledge does indeed grow, according to Popper. Understanding this growth is
for him the central problem of the philosophy of science and of epistemology (the theory of
knowledge) more generally. But he regarded the characterization of this growth in terms of
induction as deeply mistaken. The belief that inductive arguments from the results of particular
observations serve to confirm, support, or justify general empirical propositions — a belief we
can label ‘inductivism’ — is a dangerous illusion. That inductivism is the wrong way to
understand this growth can be seen most clearly, according to Popper, if we consider an
alternative view, which he calls falsificationism.

The key to falsification lies in a logical asymmetry that we noted previously. Although the
bulk of our story about Zig and the doughnuts was concerned with the relationship between
Zig’s many unpleasant observations of particular horseradish doughnuts and the proposition
that all horseradish doughnuts are distasteful, the story began with an apparently quick and
successful refutation of a proposition that Zig initially believed: All doughnuts are delicious
(the Law of Doughnut Delectability). It took only a single foul-tasting horseradish doughnut to
reveal the falsity of the LDD.

2.1.1 The logical structure of generalizations

Such a falsification can even be represented in terms of a valid deductive argument. It will
help us to see how such an argument works if we translate the LDD into a more precise logical
form.

The logical form of LDD can be specified if we think of it as a generalization of a
conditional. A conditional takes the form ‘If p, then ¢’, where p and g should be understood as
variables that stand in place of propositions that could be expressed by sentences all by
themselves, like ‘the snowman is melting.” The part (p) of the conditional that immediately
follows ‘if” 1s called the antecedent and the part that follows ‘then’ (q) is called the
consequent. LDD can be thought of as making completely general the conditional ‘if it is a
doughnut, then it is delicious.’

There is something a bit odd about statements like ‘it is a doughnut,’ ‘it is delicious,’ or ‘if it
is a doughnut, then it is delicious.” Absent any context to determine what it is that ‘it’ refers to,



such statements lack any definite truth values. Whether the statement ‘it is a doughnut’ is true
depends on what ‘it’ refers to when that statement is made.! To turn the conditional ‘if it is a
doughnut, then it is delicious’ into a universal generalization, we preface it with a universal
‘for any’ quantifier:

Law 2 (LDD') For any thing whatsoever, if it is a doughnut, then it is delicious.

LDD' states exactly the same thing as LDD, but in the form LDD’, we can see more clearly
that the law makes a statement not only about doughnuts, but about literally everything. What it
states is this: Select, however you like, anything from any location in the universe. Is the thing
selected a doughnut? If so (whether it is a chocolate, blueberry, or horseradish doughnut), then
it is delicious. If not (whether it is an electron, a lemon, or Luxembourg), then it may be
delicious or it may not.

To understand the behavior of logical conditionals like ‘if it is a doughnut, then it is
delicious’ consider how we might apply LDD' to individuals. Suppose we obtain four things,
by whatever means. We can give these four things arbitrary names, so that we can talk about
them without committing ourselves to any assumptions about what kinds of things they are.
(Imagine, if you like, that you are presented with four boxes of arbitrary size and are simply
told that each contains one thing to which LDD' will now be applied.) Let’s call these things a,
b, c, and d. Applying LDD' to them yields the following conditional sentences:

v If a is a doughnut, then a is delicious.
1o, Ifb is a doughnut, then b is delicious.

LDD,

1op, If c is a doughnut, then c is delicious.

LD,

. If d is a doughnut, then d is delicious.

Conditionals like these are false when their antecedent is true and their consequent is false.
Otherwise, they are true. Suppose that we open our four boxes and inspect their contents. We
want to know of each thing whether it is a doughnut and whether it is delicious. Our data are
given in Table 2.1.

Table 2.1 Doughnuts and other things.

name doughnut? delicious?
a yes (chocolate) yes
b yes (horseradish) no
c no (asparagus) yes
d no (submarine) no

Given these data, 1ppj is false, and the other three conditionals are true.?

2.1.2 Falsification revisited: a modus tollens argument

Now consider the import of our observation of b for the sentence LDD'. From the observation
that b is a doughnut and b is not delicious, it follows that there is a thing such that it is a
doughnut and it is not delicious. But it is a logical consequence of LDD' that it is not the case
that there is a thing such that it is a doughnut and is not delicious. We can therefore express the
refutation of LDD' in the following argument:



(1) IfLDD'is true, then it is not the case that there is a thing such that it is a doughnut and it is
not delicious.

(2) There is a thing such that it is a doughnut and it is not delicious.
(3) Therefore, LDD' is not true.

In this argument premise (1) must be true because the consequent is a logical consequence of
the antecedent. Premise (2) is taken to be true on the basis of the observation of a particular
horseradish doughnut (more about this step below). These two premises suffice to show, using
a deductively valid argument, that (3) LDD' is false.

One may thus falsify a general empirical proposition, according to Popper, without appeal to
induction. For such falsification one can rely on a deductive form of argument known as modus
tollens. Such arguments take the form If p then q. It is not the case that q. Therefore, it is not
the case that p.

2.1.3 Newton’s experiment as falsification

It might seem that Popper’s rejection of inductive arguments must lead to the rather odd
conclusion that Newton’s achievements in his optical experiments — an icon of the ‘scientific
revolution’ — were an illusion. To draw this conclusion would, however, be to misunderstand
the falsificationist view. Newton did indeed advance scientific knowledge with his prism
experiments, but not by inductively confirming his claim about light. In Popper’s view,
Newton’s contribution to the growth of knowledge has two facets: a success and a failure.

First, Newton succeeded in falsifying a claim about light. Recall how he noted that the
“Laws of Opticks vulgarly received” lead to the expectation in his first experiment that a round
image will be formed on the screen by the refracted light from the Sun. More precisely, from
the hypothesis that all light is refracted by the same amount for a given refracting medium and a
given angle of incidence, Newton derives the prediction that light refracted by the prism from
the Sun will form a round image on the screen. The oblong image that Newton found when he
performed his first experiment conflicts with this prediction, leading, via modus tollens, to the
denial of the hypothesis that all light is refracted by the same amount for a given refracting
medium and a given angle of incidence. So Newton succeeded in establishing the denial of a
proposition that many had previously thought true.

Second, Newton failed to falsify his own hypothesis (DR, for Differential Refrangibility)
about light: that light from the Sun consists of rays that differ in their refrangibility. According
to the falsificationist, such a failure contributes to the growth of scientific knowledge not
simply because a falsification did not happen (which would also be true if the experiment had
never been performed, or if it were designed so poorly as to be irrelevant to the hypothesis in
question), but because Newton’s experiments were of a sort that might have falsified this
hypothesis, yet they did not. In other words, Newton’s experiments attempted, but failed, to
falsify the hypothesis of differential refrangibility.

Fair enough, you might be thinking, but Newton’s experiment also failed to falsify other
hypotheses about light’s refrangibility, such as the hypothesis (DRyy) that light from the Sun
that arrives in the northern hemisphere consists of rays that are differentially refrangible. In the
problem of induction, we saw that any finite set of individual observations was logically
compatible with a multitude of different generalizations, and one might think that a similar
problem is surfacing here.



2.1.4 Corroboration

Popper’s response to this issue is crucial to his account of the growth of knowledge. To
characterize such growth, we need to attend not only to those hypotheses that have survived
potential falsification, but to the corroboration of hypotheses. Corroboration is a technical
term introduced by Popper that is meant to be free of any of the inductive valences of terms
such as confirmation, support, or verification. Popper stipulates that the degree of
corroboration of a hypothesis is a function of both the extent to which the hypothesis has
survived potentially falsifying tests, and of the ‘boldness,” or more precisely, degree of
falsifiability of the hypothesis itself.

One theory is more falsifiable than another if, roughly speaking, it affords more opportunities
for being falsified. Both DR and DR,y could have been falsified by Newton’s particular

experiment, but DR, because it asserts something about light from the sun everywhere, affords
many more opportunities for falsification. Experiments similar to Newton’s could be carried
out in the Southern Hemisphere, on the Space Station, or on other planets. All of these locations
would provide opportunities to attempt a falsification of DR, but such experiments would be
irrelevant to DR,y;. By contrast, any experiment that tested DR, would necessarily also test
DR. Thus, while it is true that both DR and DR, survived falsification in Newton’s
experiment, they are not equally corroborated by that experiment.

Theories that make broader, more general claims, and theories that are simpler in their
description of the world will tend to be more falsifiable because they have larger classes of
potential falsifiers. A more falsifiable theory “says more about the world of experience” than
one that is less falsifiable because it rules out more possible experimental outcomes (Popper,
1992, 113; emphasis in original). Popper’s analysis of falsifiability centers not on what a
hypothesis says will happen, but on what it forbids, on the experimental results that, according
to that theory, will never be produced. The more potential observations a theory rules out in
this way, the more falsifiable it is.

Thus Popper endorses a methodology that advises us to prefer always those theories that are
the most highly corroborated — i.e., those that are the most falsifiable ones to have survived
testing so far.

2.2 Falsificationism, demarcation, and conventionalism

2.2.1 Demarcation and the aim of science

By his own account, Popper began to formulate his philosophy of science in Vienna around
1919, when “the air was full of revolutionary slogans and ideas, and new and often wild
theories” (Popper, 1965, 34). He noted a contrast amongst some of these “wild” theories.
Einstein’s General Relativity completely reconceptualized the phenomenon of gravity. The first
experimental test of General Relativity was performed in 1919, a test that Popper regarded as
precisely the kind of potential falsification that made for good science. By contrast, other
widely discussed theories — for example the Marxist theory of history and the psychoanalytic
theory of Sigmund Freud — seemed to be so flexible as to be able to explain any potentially
relevant observation whatsoever, even though the individual case might seem initially
problematic.

In the case of Marxist history, Popper wrote that, although the theory in its early formulations
made testable predictions, when these predictions were in fact falsified, the advocates did not
respond by giving up the theory but instead “re-interpreted both the theory and the evidence in



order to make them agree” (Popper, 1965, 37). He considered Freudian psychoanalysis not to
be susceptible of falsification at all: “There was no conceivable human behaviour which could
contradict [it]” (Popper, 1965, 37).3

Popper came to see the challenge posed by this contrast between Einstein’s and Freud’s
theories in terms of what he called the ‘demarcation problem’: how to distinguish science from
pseudoscience (or pre-science). He postulated falsifiability as a criterion for making precisely
this demarcation: “the criterion of the scientific status of a theory is its falsifiability, or
refutability, or testability” (Popper, 1965, 37).

By stipulating this criterion, Popper’s philosophy of science makes a claim not only about
what makes a good theory, but also about what science is about or, more precisely, what
constitutes the aim of science. For Popper, to engage in science is to pursue knowledge by
considering only falsifiable theories (i.e., theories that entail sentences denying the
occurrence of certain possible experiences) and by then proceeding to attempt the falsification
of those same theories (by producing the circumstances under which those experiences might
be produced). Popper sought in this way to articulate an ideal that would stand in opposition to
the possibility that scientific theories might become matters of dogma, in which adherence to a
theory is adopted simply as a matter of decision not subject to criticism. Popper referred to the
latter danger, exemplified for him in the attitudes of some adherents to the Marxist theory of
history and Freudian psychoanalytic theory, as a form of conventionalism. As great as
Einstein’s General Theory of Relativity is, according to Popper, it would be a breach of good
scientific conduct to accept that theory as a matter of convention, simply because of a prior
decision to do so. To do so would prevent the growth of knowledge.

It might therefore seem that Popper’s philosophy of science rests on a certain normative
claim (i.e., a claim about what one ought to do or believe): that it is better to engage in
scientific inquiry by attempting to falsify theories than by attempting to confirm them through
inductive arguments or by attempting to defend them against refutation. This yields a potential
problem for the falsificationist, who cannot accept this proposition (which is a generalization)
on the basis of an inductive argument. Yet it also seems unfalsifiable, for what possible
observation would falsify it?

2.2.2 Rules as conventions

The first thing to be said in response to such an objection is that Popper denies that
falsificationism is based on a proposition that one must believe. Instead, falsificationism is
constituted by a commitment to a certain set of rules. These are rules for doing science. The
rules that govern any kind of activity are, according to Popper, conventions. A proposed set of
rules for doing science can no more be established by logical arguments than can a proposed
set of rules for playing chess. Popper chooses falsificationist conventions for their
effectiveness in preventing scientific theories themselves from becoming conventions.

In other words, if science is to be a rule-governed activity, then one must be a
conventionalist about methodology. Given that conventionalism about method is unavoidable,
Popper advocates choosing those conventions for the conduct of science that preclude
conventionalism about the content of science.

A second important point is that, although Popper acknowledges that falsificationism is not
falsifiable in the same sense that Einstein’s General Theory of Relativity is falsifiable, it is
susceptible to criticism. Popper offers susceptibility to criticism as a criterion more
appropriate to the evaluation of conventional rules and philosophical positions more generally.



In particular, one can ask of a proposed methodology for science whether the pursuit of science
in keeping with its rules leads to desirable results. Popper writes that

My only reason for proposing my criterion of demarcation is that it is fruitful: that a great
many points can be clarified and explained with its help. . . . It is only from the
consequences of my definition of empirical science, and from the methodological decisions
which depend upon this definition, that the scientist will be able to see how far it conforms
to his intuitive idea of the goal of his endeavours. (Popper, 1992, 55)

We can thus see that Popper embraces (because he believes he must) a certain kind of
conventionalism regarding science: namely, that scientific inquiry is directed at enabling the
pursuit of modus tollens arguments such as that considered above to be brought to bear on
highly falsifiable hypotheses. Let us now look a little more carefully at the premises of such
arguments.

2.3 The empirical basis

2.3.1 Avoidable falsifications

You may recall that Zig was very quick to accept the falsification of LDD after tasting a single
non-delicious horseradish doughnut, but very reluctant to accept the generalization that all
horseradish doughnuts are distasteful. Suppose he had been inclined oppositely, however, and
was loathe to give up his belief in the LDD. Does logic really force him to give it up? Of
course, he has to admit that LDD really is a generalization, and so it applies to the object that
he just tasted. But this falsification also depends on two further claims about that object: that it
(a) is a doughnut and (b) is not delicious. Accepting these claims enables him to conclude that
there is something that is both a doughnut and not delicious, in direct contradiction to the
logical consequence of LDD' that there is no such thing. Although we might think it strange to
dispute whether something really is a doughnut or not, Zig could dig in his heels on this point.
Although it is a doughnut-shaped object sold in a doughnut shop, perhaps it is not really a
doughnut. Perhaps it is a bagel disguised as a doughnut. If we show him the dough being made
and then fried, rather than baked, he might insist that we did not use the kind of flour required
for a doughnut (perhaps if it were made with rice flour, it would not be a proper doughnut).
When all else fails, he can resort to conspiracy theories or plead hallucination. Perhaps none of
these responses would seem reasonable to us, but the point is that they could be made in a
manner that is logically consistent with continuing to believe that the LDD is true.

The consequence of this is that, although Popper jettisoned induction in favor of falsification
as the engine of the growth of knowledge at least in part because he considered induction
logically suspect, it remains the case that falsification is not achieved by logic alone. The
decision to accept the premises of a falsifying modus tollens argument is not forced by logic.

2.3.2 Deciding to accept a falsifying statement

Popper was forthright on this point. In order for scientific inquiry to proceed by enabling the
pursuit of falsifications, scientists must accept certain statements as potentially falsifying
premises, even though those premises are not forced upon them by logic. These accepted
statements form what Popper calls the empirical basis (Popper, 1992, 93—111). Popper
requires statements comprising the empirical basis to take the form of singular existential
claims (such as ‘there is a doughnut that is not delicious in Minot, North Dakota’ or ‘there is a



refracted image of the Sun that is not round in Cambridge, England’).

Now one might suppose that, even though such a statement is not forced upon us by logic, it
is nonetheless justified by experience. Newton did, after all, observe that the image of the Sun
cast upon the screen was not round, and surely that experience of his constitutes support for the
claim that there was, in his experimental setup, an image of the Sun that did not display the
shape predicted by the theory of uniform refrangibility of light. Popper, however, considers this
view a mistake. Statements, he insists, are not supported by anything except other statements
that logically entail them. An experience is a psychological phenomenon, not a statement. We
therefore cannot even apply the rules of logic to experiences. Justification and support are the
wrong categories for talking about the relationship between experiences and the statements we
accept as describing those experiences.

Accepting a statement, according to Popper, should be regarded as a decision made in
response to an experience. As responses, we might consider some decisions more appropriate
than others in the light of a given experience, but these are practical, not logical judgments. The
decision to accept a statement as part of the empirical basis in particular should be judged as
either fruitful or not, and in this sense, the empirical basis has a conventional status, like rules
of method. Decisions about the empirical basis have to be judged with regard to how well they
serve the aim of enabling the pursuit of falsifying arguments as the engine of the growth of
scientific knowledge. Popper’s comments on this are worth quoting in full:

The empirical basis of objective science has nothing ‘absolute” about it. Science does not
rest upon solid bedrock. The bold structure of its theories rises, as it were, above a swamp.
It is like a building erected on piles. The piles are driven down from above into the
swamp, but not down to any natural or ‘given’ base; and if we stop driving the piles deeper,
it is not because we have reached firm ground. We simply stop when we are satisfied that
the piles are firm enough to carry the structure, at least for the time being. (Popper, 1992,
111)

2.4 Conclusion

Popper’s falsificationist ideas remain very influential. The criterion that a scientific theory
must be falsifiable receives wide support among scientists, although they may not be aware of
the full philosophical framework of falsificationism that Popper built around that criterion.
Popper’s attempt to characterize the growth of scientific knowledge in a manner that makes no
appeal to induction has also confronted a number of challenges. For example, Wesley Salmon
has argued that falsificationism cannot make sense of the apparently rational use of highly
corroborated theories for the purpose of making practical predictions (Salmon, 1981).# In the
next chapter we will consider a challenge that confronts both inductivists and falsificationists
and that will enter into most of the philosophical debates that lie ahead: the problem of
underdetermination.

1 Logic therefore does not consider ‘if it is a doughnut, then it is delicious’ to be a sentence, and the
same applies to its antecedent and consequent. In spoken language, this expression could be uttered
so as to give it the meaning of its generalized form LDD (consider what is probably meant by
someone who says something like, “Hey, if it has cheese on it, then I like it”). Logicians attempt to
tame these idiosyncrasies of natural languages by putting everything into symbolic forms like © V (x)
[Doughnut(x) O Delicious(x)]’, thus separating in symbols the form of the conditional (‘Doughnut(x)
D Delicious(x)’, which is read as ‘if x is a doughnut, then x is delicious’) from the operation of
generalization (‘ V (x)’, which is read as ‘for every thing x”).



21t might seem odd to say that it is true that if d is a doughnut, then 4 is delicious, given that the name 4
refers to a submarine. Classical logic assumes, however, that all well-formed sentences, however
peculiar their content, are either true or false, and treating 1op, where d is a submarine as false would

lead to the unfortunate consequence that one could falsify a generalization about doughnuts by
making observations of submarines.

3 Popper did not conclude from this that Freud’s ideas had no value. He allowed that, although Freud’s
theory is untestable, it “is of considerable importance, and may well play its part one day in a
psychological science which is testable” (Popper, 1965, 37). He compared such “pre-scientific” ideas
to myths that could provide suggestions to later scientists.

4 An example is the planning of trajectories of interplanetary unmanned spacecraft, such as the Cassini-
Huygens mission. These probes are able to travel to distant planets such as Saturn by using a
‘gravitational slingshot’ or ‘gravity assist,” the execution of which demands the use of a theory of
gravity, such as Newton’s or Einstein’s.



3

Underdetermination

3.1 Introduction

We might think of the problem of induction in terms of a logical gap between the premises of an
inductive argument and its conclusion. So that scientific knowledge could be achieved without
having to leap such gaps, Karl Popper proposed a theory of scientific method that focused on
falsification rather than induction. In doing so, however, he had to confront the fact that,
although falsifications can be represented with a gapless, deductively valid argument, logic
does not require one to make the inference thus represented. Another gap, however, looms over
both inductivism and falsificationism.

We saw in the previous chapter how Zig could have avoided falsifying the Law of Doughnut
Delectability by insisting that the non-delicious object he tasted was not, after all, really a
doughnut. In such a case the logical gap exists because logic does not force on the observer a
particular description of one’s observation. Another logical gap arises because the logical
connection between the hypothesis or theory being tested and the description of the data or
observations is not direct. One needs additional premises (often called auxiliary hypotheses
or auxiliary assumptions) in order to establish a logical connection between a theory and a
description of a possible observation. Falsification starts with a determination of the falsehood
of the observation that is expected assuming that both the hypothesis under test and the
auxiliary assumptions are true. The resulting modus tollens argument therefore only shows that
it is not the case that both the hypothesis under test and the auxiliary assumptions are true.
But this is compatible with the hypothesis under test remaining true while one or more of the
auxiliary assumptions is false.

The existence of such a logical gap is often expressed as the underdetermination thesis:
Theories are underdetermined by data. The underdetermination thesis is often associated with
the French physicist and historian/philosopher of science Pierre Duhem, who gave a prominent
articulation of it in his book The Aim and Structure of Physical Theory, first published in 1906
(Duhem, 1991). In this chapter we will consider Duhem’s underdetermination thesis, look at
how his thesis was subsequently taken up and modified, and finally consider its bearing on our
understanding of scientific knowledge. In later chapters we will discuss how certain
approaches to scientific inference attempt to confront the problem posed by the
underdetermination thesis.

3.2 Duhem’s thesis

Contemporary philosophers of science often associate the underdetermination thesis with
Pierre Duhem, but some of the distinctive features of Duhem’s own thesis are often forgotten.
Before we turn to the contemporary discussion of underdetermination, let us consider Duhem’s
original argument. First we will look at an example that Duhem uses to illustrate
underdetermination. Then we will note two significant features of Duhem’s discussion: (1) he



regards the thesis as having special importance for physics, as opposed to other sciences; (2)
he takes the thesis to express a problem confronting the physical investigator, and then
discusses in a general way the resources needed for the investigator to so/ve that problem.

We might express Duhem’s thesis as follows:

Thesis 1 (UD) Given that a set of premises {Py, P, . .., P,} deductively entails a statement

O describing a possible observation, and that from experimental observation one concludes
that the statement O' is true, where O' entails that O is false, it follows as a deductive
consequence that the conjunction ‘P, and P, and . . . and P, is false. It does not follow from

this that any particular member of {Py, P,, . .., P,}, including the hypothesis that one seeks
to test, is false.

This thesis follows in a straightforward way from basic rules of deductive inference. Thus, the
real issue we wish to take up is not whether UD is true (which it certainly is), but what import
it has for the conduct of scientific inquiry and our understanding of its results.

First, however, we should pause to note that, as articulated here, UD is really a thesis that
applies in contexts in which a theory is being evaluated by testing its consequences. It will
therefore be relevant to any methodology of science, inductivist or falsificationist, in which
such testing plays a role.

3.2.1 Atest of Newton’s emission theory of light

To understand the argument that Duhem makes, let us consider Duhem’s own example involving
another aspect of Newton’s theorizing about light. You may recall from Chapter 1 that in
defending his conclusions about the differential refrangibility of light against Hooke’s
objections, Newton argued that his conclusions did not depend on any substantive assumptions
about the nature of light itself. Nonetheless, Newton did have a theory about the constitution of
light. According to his ‘emission theory,” light consists of very small projectiles emitted by
bodies such as the Sun at very high velocities. These projectiles penetrate through transparent
bodies, which in turn reflect and refract the light as a result of the action of the particles that
make up the bodies on the light particles. In effect, what Newton proposed was that the matter
of a transparent medium exerts an attractive force upon the light, so that light passing into a
more dense medium would speed up due to the greater attractive forces exerted. On this
account, when light passes from one transparent medium into another (say, from air to water),
the index of refraction (from which one can calculate the angle of refraction) is equal to the
velocity of light in the second medium divided by the velocity of light in the first. That light
should travel faster in water than in air became an object of experimental interest when the
French physicist Frangoise Arago proposed a method to test this consequence of Newton’s
theory.!

The experiment itself was not performed by Arago, but separate measurements by Hippolyte
Fizeau and Léon Foucault led to the conclusion that, contrary to the prediction from Newton’s
theory, light travels more slowly in water than in air.

Granting that others originated the basic idea behind it, Foucault’s experiment is noteworthy
for its technical precision and ingenuity of design (see Figure 3.1).2 Sunlight entered the
apparatus through a rectangular aperture containing a single vertical wire. Light then passed
through an achromatic lens L on its way to a plane mirror m. The mirror m rotates (with the
help of a small steam engine) around a vertical axis passing through its center. When m is



appropriately positioned, light reflects from m to either of two concave spherical mirrors M
and M'. An additional lens L' and a 3 m tube of water are placed along the beam path between
m and M’ (the lens L' corrects for refraction due to the water in the tube). The mirrors M and M
" then reflect the image of the wire in the entrance aperture back to m, through L and to a glass
plate (a ‘beamsplitter’) that deflected the image to an eyepiece. With m stationary and oriented
either towards M or M’, a rule was marked in the eyepiece to indicate the original position of
the image of the wire.
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Figure 3.1 Foucault’s experimental arrangement. (From Tobin, 2003, 125. Image courtesy of
William Tobin.)

When m is set spinning, however, given the finite velocity of light, it rotates through some
small angle during the time it takes light to make the journey from m to M or M'. As a
consequence, the image of the wire is shifted to the right in the eyepiece.? Foucault was able to
compare the shifts of the image from M and M’ simultaneously in the eyepiece. The image from
M’ was shifted further to the right, indicating that m had rotated further during the time it took
the light to make the round trip from m to M'. Foucault concluded that light had traveled more
slowly along the water-path than along the air-path.

The verdict that is often rendered from these results is that they showed the falsehood of
Newton’s corpuscular theory of light. One author describes Foucault’s response to the
experiment thus: “The emission theory was dead, incontestably incompatible with the
experimental results!” (Tobin, 2003, 127). Here, however, Duhem cautions us to make an
important distinction: The experiment does not show that a particular claim such as “light
consists of corpuscles” is false. “[ W]hat the experiment declares stained with error is . . . the
whole theory fromwhich we deduce the relation between the index of refraction and the
velocity of light in various media” (Duhem, 1991, 187). That is, the prediction that light should
travel faster in water than in air depends not only on the premise that light consists of
corpuscles emitted by luminous bodies, but also on additional assumptions, such as those about
the forces exerted on such corpuscles by matter of a refracting medium and the reactions of the
corpuscles to such forces. The result that light travels more slowly in water than in air
logically demands only that we acknowledge that not all of those premises are true. This,
however, does not allow us to judge the truth or falsehood of the premises individually. “In
sum,” Duhem writes, “the physicist can never subject an isolated hypothesis to experimental



test, but only a whole group of hypotheses,” and if the group fails the test, “the experiment does
not designate which one should be changed” (Duhem, 1991, 187).

3.2.2 Duhem on physics

Duhem begins his discussion with a contrast between physiology and physics, noting with
approval the advice of physiologist Claude Bernard that for the physiological investigator
“theory should remain waiting, under strict orders to stay outside the door of the laboratory”
(Duhem, 1991, 181). In a physics experiment, however, Duhem notes that “it is impossible to
leave outside the laboratory door the theory that we wish to test, for without theory it is
impossible to regulate a single instrument or to interpret a single reading” (Duhem, 1991, 182).
Duhem concludes this from the fact that the theories of physics themselves describe the
operation of instruments used by physicists to make measurements, produce phenomena, and
manipulate entities and processes.

Because the use of instruments such as thermometers, oscilloscopes, phototubes, etc., and the
interpretation of the data resulting from these devices depend upon the theories of physics that
explain how such devices work, performing an experiment in physics requires one to assume
from the outset a substantial body of physical theory. He acknowledges that experimenters
working in chemistry and physiology use some of these same instruments, and thus rely on
similar theoretical assumptions, but in these cases the theory assumed is concerned with a
domain distinct from that of the theory being tested. Only the physicist is “obliged to trust his
own theoretical ideas or those of his fellow-physicists” (Duhem, 1991, 183).

Duhem here makes an interesting concession: “From the standpoint of logic, the difference is
of little importance; for the physiologist and chemist as well as for the physicist, the statement
of the result of an experiment implies, in general, an act of faith in a whole group of theories”
(Duhem, 1991, 183). As we continue our discussion, we will return to the question of whether
“an act of faith” is an apt description of what is needed from the experimenter. Setting that
issue aside, it might seem that Duhem here admits that his distinction between the implications
of underdetermination for physics as opposed to other fields is of little importance. As we will
see, however, the qualifying expression “from the standpoint of logic” is significant. Duhem
does not think that the standpoint of logic alone matters for judging the import of an experiment.

3.2.3 Duhem’s problem and “good sense”

As we noted above, Duhem’s thesis UD is unobjectionable. For the scientific investigator,
however, UD cannot be the end of the discussion because the thesis burdens the investigator
with a pressing problem that is both epistemological and practical. At some point one has to
report what one has learned from the experiment performed. What should you say? If you report
only that some one of a whole set of premises used to derive a predicted result has been shown
(or not been shown) to be false, the very next question you will be asked is, “Can you say
anything about which premises we ought to at least suspect of being incorrect?”* You would
like to answer positively, but logic does not give you any basis for doing so. Call this the
‘underdetermination problem,’ or, if you like, ‘Duhem’s problem.’

Duhem notes that different responses to any given underdetermination problem may be not
only possible but even defensible in some sense. One physicist, having encountered an
experimental result at odds with the prediction from some theory, might choose to “safeguard
certain fundamental hypotheses” in the theory by making adjustments to some of the less central
assumptions (about causes of error, or about how the instruments work). Another,



contemplating the very same result, may take it as counting against those same fundamental
hypotheses protected by the first physicist (Duhem, 1991, 216-217). Duhem notes of these two
physicists that “The methods they follow are justifiable only by experiment, and if they both
succeed in satisfying the requirements of experiment each is logically permitted to declare
himself content with the work that he has accomplished” (Duhem, 1991, 217).

Let us note two aspects of this statement. First, Duhem does require that each physicist must
satisfy “the requirements of experiment.” Although he does not elaborate on this point, this
presumably means that one may not wantonly disregard the fact that certain kinds of error need
to be controlled for, that measurements need to be made following a consistent procedure, that
sources of bias in one’s sampling procedure need to be taken account of, etc. Second, both
physicists are “logically permitted” to declare themselves satisfied. But, as Duhem notes
immediately following this passage, “Pure logic is not the only rule for our judgments; certain
opinions, which do not fall under the hammer of the principle of contradiction are in any case
perfectly unreasonable.” Duhem attributes such judgments of unreasonableness to a faculty that
he calls “good sense” (Duhem, 1991, 217).

By his own admission, Duhem’s invocation of good sense as the means by which to solve
underdetermination problems lacks precision and clarity. The reasons for preferring one
judgment to another that good sense provides are “vague and uncertain”; they are apt to be a
matter of (temporary) disagreement among different investigators, leading to controversies. But
for precisely this latter reason, scientists have an obligation to cultivate their good sense, for
by doing so they may shorten the time it takes for an inadequate hypothesis to be replaced by “a
more fruitful” one (Duhem, 1991, 218). Here it is evident that for Duhem the
underdetermination problem should not cause us to despair of the possibility of making
progress in science, for good sense (whatever that might really be) will eventually produce,
not simply the termination of disagreement, but agreement on what is in some sense the right
decision. “[I]n order to estimate correctly the agreement of a physical theory with the facts, it
is not enough to be a good mathematician and skillful experimenter; one must also be an
impartial and faithful judge” (Duhem, 1991, 218; emphasis added).

3.3 Underdetermination revisited: Quine

Duhem’s discussion fails to provide any very concrete advice regarding “good sense.” Aside
from being impartial, can experimenters do anything that would help sharpen their experiments
to point more definitively to a particular conclusion?

Although one might think that making progress on this kind of question would be the natural
next step, discussion of Duhem’s thesis took a different direction in the mid twentieth century.
In his influential 1951 essay “Two Dogmas of Empiricism,” W. V. O. Quine took up the UD
thesis and put it to a use quite different from Duhem’s (Quine, 1980). But, because he cited
Duhem in a footnote as having defended the doctrine that “our statements about the external
world face the tribunal of sense experience not individually but only as a corporate body”
(Quine, 1980, 41), readers came to associate Duhem’s and Quine’s views. The thesis Quine
defended came to be known as “the Duhem— Quine thesis.”>

Unlike Duhem, Quine was not primarily concerned with the role of logic and method in
scientific experiment. Instead, Quine sought to address issues concerning language. In
particular, Quine’s argument attacked two widely held philosophical views about the meanings
of words. The first of the two “dogmas” that he rejected holds that there is a fundamental and
important distinction between analytic statements (such as “every carnivore eats meat”) that



are true or false in virtue only of the meanings of the words used to express them, and synthetic
statements (such as “an emu is wearing my favorite scarf”’) the truth or falsehood of which
depends on something more than the meanings of the words used to express them. The second
dogma, which he calls reductionism, Quine describes as “the belief that each meaningful
statement is equivalent to some logical construct upon terms which refer to immediate
experience” (Quine, 1980, 20). (In the next chapter we will consider a view akin to what
Quine calls reductionism in our discussion of logical empiricism.)

Let us bypass the arguments upon which Quine bases his rejection of these two dogmas, and
turn our attention to the conclusion that he draws. He claims that abandoning reductionism and
the analytic/synthetic distinction leads one to the view that our knowledge, taken all together,
“is like a field of force whose boundary conditions are experience” (Quine, 1980, 42).
Experience, that is, constrains our beliefs about the world in some way, but only weakly. If the
expectations we form about future experiences, based on the beliefs that make up the “field”
are in conflict with our actual experience, we have to change our beliefs somehow. “But the
total field is so underdetermined by its boundary conditions, experience, that there is much
latitude of choice as to what statements to reevaluate in the light of any single contrary
experience” (Quine, 1980, 42).

How much latitude, you ask? Quine’s answer is striking: “Any statement can be held true
come what may, if we make drastic enough adjustments elsewhere in the system.” Moreover,
we can make any adjustment we like because “no statement is immune to revision,” not even
the laws of logic (Quine, 1980, 43). As Quine well knows, we do not make or withhold
revisions arbitrarily. We have reasons (in the appropriate circumstances) for taking our
experience of strawberry flavor to result from our having eaten an actual strawberry rather than
from our having a strawberry-hallucination or being possessed by strawberry demons. But
Quine insists that these reasons are ultimately “pragmatic.” It would be difficult and costly to
revise our beliefs so that strawberry experiences were to be interpreted by a new set of beliefs
about strawberry-experience-inducing-demons. Nonetheless, we could do so, and the fact that
we do not reflects simply our reluctance to undertake such costly revisions to our beliefs when
they are so easily avoided.

3.4 Abig deal?

A comparison of Duhem’s and Quine’s discussions reveals that, although they share the thesis
UD as their premise, they conclude rather different lessons for the scientific enterprise.
According to Quine, were it not for “pragmatic” considerations, our reasoning about the world
would be unconstrained, since even “statements of the kind called logical laws” may be
revised. Duhem draws a somewhat more restrained conclusion, noting simply that quite
different responses to an experimental outcome can be properly defended, provided that the
investigators have met the “requirements of experiment.”

Should we take the implications of UD to be a big deal? That human reasoning involves
more than logic alone is hardly a surprise. As a purely formal science concerned with
deductive relationships between one statement and another, logic cannot by itself solve the
problem of differentiating between that which is deserving of belief and that which is not. But,
as Duhem notes in a previously quoted passage, “certain opinions, which do not fall under the
hammer of the principle of contradiction are in any case perfectly unreasonable” (Duhem,
1991, 217). The pressing question is not whether it is logically possible to hold any statement
true “come what may,” but what standards beyond logical consistency we should apply when



deciding what to believe and what status those standards have, given that they are not derivable
from logic alone.

Larry Laudan has argued this point, noting that Quine’s claim that “any statement can be held
true come what may” sounds a lot less methodologically significant if we recall that the word
“can” expresses different kinds of possibility depending on how it is used (Laudan, 1996). In
the present context we could understand Quine’s claim to mean “given any particular statement
that contradicts other beliefs a person holds there will be a strategy for maintaining belief in
that statement without such contradiction by modifying other beliefs.” This does not, however,
mean that one may justifiably or rationally believe a statement regardless of the experience
that one has had.® Deciding what one ought to believe demands more than the answer to the
question of what one can believe while remaining logically consistent. (Alternatively, we
might say, the question for philosophy of science might not really be about what one ought to
believe at all, but rather what theory is best-corroborated, -supported, or -tested. Popper’s
falsificationism is one philosophy of science in which questions about belief are not central to
scientific method. We will encounter another such approach in the errorstatistical philosophy of
Chapter 9.)

Consider Foucault’s observation that the wire-image produced by light traveling the air-path
was shifted less than that resulting from the water-path. Foucault confronted an
underdetermination problem: whether to present his results as counting against the view of light
as consisting of corpuscles or as conflicting with some other assumption, since the result
refutes not any isolated hypothesis about the nature of light but rather “the whole theory from
which we deduce the relation between the index of refraction and the velocity of light in
various media” (Duhem, 1991, 187). In truth, as discussions of underdetermination in the wake
of Quine’s essay have noted, the situation is even worse, since it is not only theoretical
assumptions that are needed to logically connect the corpuscular theory to the predicted shift;
also needed are statements describing the set up of the experiment. For example, were the
distance from mirror m to mirror M sufficiently greater than the distance from m to M’, then the
result obtained by Foucault might come about even were the corpuscular theory to be correct.

Consequently, had Foucault been motivated to protect the emission theory, he could have
done so in a logically consistent way, simply by denying that the two beams of light traveled
the same distance in the manner required for the experiment to be probative. Even had Foucault
personally measured the two paths to be the same length, he could have insisted that the
measuring device had changed length during the measuring process, or that he had been under
the influence of powerful hallucinogenic drugs while recording the result of that measurement.
(Remember from the last chapter Popper’s point that logic does not apply directly to
experiences, but only to statements that describe experiences.) These possibilities were also
open to members of the scientific community who heard reports of Foucault’s experiment,
including those who, unlike Foucault, actually were motivated to protect Newton’s theory from
refutation.

He could have done any of these things, but it seems reasonable to expect that Foucault
would have encountered serious criticism for such a procedure. Failing to ensure that the light-
path and air-path are of equal length would constitute a serious defect in experimental design.
Certainly this would be covered by Duhem’s phrase “the requirements of experiment”! Other
changes in belief (pleading hallucination, assuming some change in the measuring device),
apparently motived only by a desire to protect the emission theory from falsification, seem, in
Duhem’s words “perfectly unreasonable.” Moreover, describing Foucault’s decision not to
respond to his results in these ways as an “act of faith” (as Duhem does) seems misleading if



by that we mean that he could not have had reasons (beyond convenience) for relying on the
assumptions that he did. Acquiring such reasons would seem to result from, or perhaps even be
the point of, careful safeguards aimed at securing the reliability of one’s experimental
procedure.

3.4.1 An epistemology of experiment

The strategies that experimentalists use to validate their conclusions are at the core of an
epistemology of experiment advocated by Allan Franklin, based on his detailed studies of a
wide variety of experiments in physics (Franklin, 1986, ch. 6; Franklin, 2012).” Although a
detailed discussion of Franklin’s strategies would take us away from the focus of the present
chapter, they include the use of calibration techniques (in which known phenomena are
reproduced to test the functioning of an apparatus), reliance on independently well-tested
theory (either to explain the phenomenon produced in the experiment or to warrant reliance on
an apparatus whose proper operation that theory predicts), the use of statistical arguments, and,
perhaps most importantly for our present concern, the elimination of plausible sources of error
and alternative explanations.

Although the logical core of the Duhem problem stands, these strategies provide important
resources for scientists to resolve underdetermination problems in a piecemeal, yet reasoned,
way. Even the conscientious application of them does not guarantee that one will not fall into
error in one’s conclusions, since they draw on resources beyond the truth-preserving strategy of
deductive inference. In particular, they require investigators to rely on judgments of various
kinds, such as the extent to which alternative explanations are plausible, or whether a theory
has been sufficiently well-tested to make its application in a particular instance trustworthy.

3.5 Conclusion

We have seen how both inductivist and falsificationist ways of thinking about scientific
reasoning face the problem of a logical gap. What is less clear, however, is the significance of
that gap for the results of scientific inquiry. If logic exhausted our resources for evaluating
scientific theories, it would seem to follow that our decision to respond in one way rather than
another to our observations of the world would ultimately be arbitrary, or at best driven by
mere preference based on considerations of factors such as convenience. Something like this
latter view does seem to emerge from Quine’s discussion of underdetermination in “Two
dogmas of empiricism.”

But Duhem’s discussion should give us pause before conceding the apparent assumption that
we have only logic (and considerations of convenience) to go on when we have to decide what
to make of our observations. Duhem points, if perhaps vaguely, to two additional resources: (1)
methodology (“the requirements of experiment”), which provides standards for the competent
execution and recording of experiments or observations, so as to reduce our susceptibility to
error and enhance our ability to learn about the hypotheses that we subject to experimental
tests, and (2) judgment (“good sense”), grounded in prior study of both phenomena and theories
within a domain, which, we might suppose, allows the investigator to judge the extent to which
a particular theory can be regarded as a plausible contender in light of all the relevant
knowledge. To be sure, we would like to have a better, more clearly articulated explanation of
these resources, and Franklin’s epistemology of experiment represents one effort in that
direction. We will consider further efforts involving probability in Chapters 8 and 9.



! Arago’s proposal had its source in a similar idea due to the English physicist Charles Wheatstone, who
had used a rotating mirror to measure the velocity of electric current.

2 See (Preston, 1890; Tobin, 2003), on which the following description is largely based, for a helpful
discussion.

3 Quite apart from the comparison between the air-path and the water-path, this enables one to use the
apparatus to measure the speed of light. But the short distance between m and M needed to maintain
a bright and clear image in Foucault’s set up limited the accuracy of this measurement. Michelson
carried out a variation on Foucault’s experiment with a different placement of the lens, a much greater
separation of the mirrors, and hence greater accuracy (Michelson, 1879).

4 Should the outcome of the experiment be consistent with the prediction from the hypothesis under
test, one might be asked a somewhat different question: “Were that hypothesis false, is it likely one
would have gotten a result that did not agree so well with the predicted result?”

> This conflation is perhaps not so surprising, It seems likely that Quine’s audience, like Quine himself,
had not read Duhem (the reference is absent from the original version (Quine, 1951)), being more
acquainted with the Anglo-American variant of logical empiricism to which Quine was responding,
See (Quine, 1991, 269) for his own account of how he came to insert the reference to Duhem and
(Gillies, 1993) for a useful comparison of Duhem and Quine.

6 As Laudan goes on to argue, however, one finds precisely these latter claims defended on the grounds
of the UD thesis, including the claim that “Any theory can be shown to be as well supported by any
evidence as any of its known rivals” (Laudan, 1996, 39).

7 Although Franklin’s strategies were drawn from studies of experiments in physics, David Rudge has
applied them to an experiment in biology investigating industrial melanism (Rudge, 1998, 2001), and
Franklin himself applied them to a discussion of Meselson and Stahl’s experimental work on DNA
replication (Franklin, 2005, ch. 3).



4

Logical empiricism and scientific theories

4.1 Introduction

We have seen how Duhem’s arguments indicate limitations on how far deductive logic alone
can guide us to decisions about scientific theories based on experimental outcomes. In the early
decades of the twentieth century, another group of philosophers and scientists on the European
continent were pursuing a philosophical program that attempted to exploit the resources of
formal logic as far as possible in the articulation of a ‘scientific philosophy.’

In this chapter we will take a brief look at the philosophical movement known as logical
empiricism or logical positivism, paying particular attention to a central project of the
movement: an account of the structure of scientific theories. The preoccupation of philosophers
of science with the question of theory structure has its roots in an underlying commitment —
rarely examined or even articulated throughout most of the twentieth century — to the
importance of theories as the primary contribution of scientific inquiry to human knowledge.
Later, some philosophers challenged this assumption, arguing that experimentation produces
knowledge that is philosophically significant beyond simply its role in testing broad
explanatory theories (Ackermann, 1985; Franklin, 1986; Hacking, 1983; Mayo, 1996).
Nonetheless, the question of theory structure remains highly relevant to our understanding of
scientific knowledge, and the fate of logical empiricist views has had important consequences
for the subsequent development of philosophy of science, as we will explore in the next
several chapters.

4.2 The Vienna Circle and logical empiricism

4.2.1 The Vienna Circle and philosophy of science

Although the questions pursued by contemporary philosophers of science have roots deep in the
beginnings of Western philosophy, the emergence of philosophy of science as a distinct
discipline within philosophy, with its own professional organizations, its own scholarly
journals, and its own programs of specialized training, was a twentieth-century phenomenon.
Although a thorough discussion of that emergence in its institutional, cultural, and intellectual
dimensions goes beyond our present concerns, it is safe to say that integral to the formation of
philosophy of science as a specialized field of study were the activities and eventual
dispersion of a group of philosophers and scientists who met in Vienna, Austria and have been
loosely identified as ‘the Vienna Circle.” In addition to fostering the development of a
distinctive philosophical approach through their interactions with each other, the Vienna Circle
influenced philosophers from other countries who came to study and discuss issues with them.
Their influence became even greater when the Nazis seized power in Germany and Austria, at
which time many members of the group (which included quite a few Jews and leftist
intellectuals who correctly perceived the Nazis as an imminent threat) fled to other countries,
many of them making their way, eventually, to the United States, where they became influential



scholars and teachers.

Recent scholarship has shown that the philosophical views of those affiliated with the
Vienna Circle were quite diverse (see, e.g, Friedman, 1999; Richardson & Uebel, 2007;
Stadler, 2003). Nonetheless one can identify as central to Vienna Circle philosophy a broad
idea about how philosophy might articulate a scientific way of knowing that would be free of
bias, free of dogma and superstition, free of nationalist ideology, and beneficial to humankind.
Inspired (like their fellow Viennese Karl Popper, with whom they vehemently disagreed on
many issues) by recent advances in physics, they sought to achieve these lofty goals with the
use of recent advances in formal logic and with the guidance of an idea about what separated
meaningful from meaningless discourse.

4.2.2 Meaning vs. metaphysics

The idea that played such an important role in the Vienna Circle held that meaningful discourse
was distinguished from meaningless nonsense by the fact that the former, but not the latter
consisted of statements that could be verified by experience. This idea came to be known as
the verification principle and the philosophical orientation in which it played a central role
came to be called either logical positivism or logical empiricism. The verification principle
was not merely stipulated, but arose from the belief that the clearest exemplars of meaningful
discourse are to be found in such successful empirical sciences as physics, while the history of
metaphysical theorizing from the ancient Greeks onwards provides plenty of examples of
meaningless statements that could never be verified by any observation of any kind.

While physical science provided the Vienna Circle with their best example of a knowledge-
generating enterprise, it also proved to be the source of their greatest challenge. It is all fine
and well to say that the scientific discourse of physics can be seen to be meaningful by the fact
it consists of statements that can be verified by experience, but is that really true? For example,
Einstein, writing in 1918, explained that he considered his General Theory of Relativity
(regarded by logical empiricists as a signature achievement of modern science) to be based on
principles entailing that the “G-field” (the “condition of space” described by a mathematical
object called the “fundamental tensor,” essential to the articulation and application of
Einstein’s theory) “is determined without residue by the masses of bodies” (Einstein, 1918,
241-242, quoted in J. D. Norton, 1993, 306; emphasis in original).

To those not familiar with General Relativity, this statement sounds opaque at best. Even for
those well-versed in the relevant physics, however, this statement does not obviously show
itself to be a statement that can be verified by experience as required by the logical empiricists’
principle, since the G-field itself is not directly observable. To put the problem succinctly,
logical empiricists had to show that one could articulate the verification principle in such a
way that the examples constituting, by their own reckoning, the clearest cases of meaningful
discourse did actually satisfy the principle.

The most influential efforts by logical positivists to tackle this problem invoked a linguistic
distinction. The terminology employed by a scientific theory would be divided into three
distinct categories: (1) the logical vocabulary V; (consisting of terms such as ‘every,” ‘some,’

or ‘not’), (2) the observational vocabulary V,, and (3) the theoretical vocabulary Vr.
Proposals for drawing the distinction between V', and V' varied somewhat, but the basic idea
was that the truth or falsehood of a statement containing only terms in V, (terms such as,

perhaps, ‘red’ or ‘to the left of” or ‘coinciding with’) could be decided directly by appeal to
observations, while statements using theoretical terms (such as ‘electrically charged,” ‘acidic,’



or ‘G-field”) could not be. To vindicate the verification principle, the logical positivists sought
to show that in successful empirical sciences, statements that include terms from V7 (like ‘this

sample is acidic’) stand in some appropriate relation to statements using only terms from ¥V,

(perhaps ‘if this sample is applied to litmus paper, the litmus paper will turn red’). Statements
expressing these relations are correspondence rules because they indicate what, in experience,
corresponds to the theoretical terms invoked.

One problem was how to characterize that relation. It would have been nice — for the logical
empiricists — to be able to say that statements in the successful disciplines of empirical science
that use theoretical vocabulary can simply be defined explicitly and completely with
statements using only observational terms. This would require that for every such theoretical
statement there is some purely observational statement to which it is logically equivalent.'
Thus, one might wish to be able to secure the meaningfulness of an assertion using the term
‘acidic’ by means of a definition such as ‘this sample is acidic if and only if it is the case that
if this sample is applied to litmus paper the litmus paper will turn red.” Such sentences have
been called reduction sentences because they purport to show how statements involving
theoretical terms can be reduced to statements involving only observational terms, which is to
say that theoretical terms in the original statement could be replaced by constructions involving
only observational terms without losing or changing the meaning of the original.

But, as the logical empiricists well knew, this will not work. First, there is the problem that
even a seemingly simple statement such as ‘this sample is acidic’ appears to mean much more
than is captured by any one observation-language statement such as ‘if this sample is applied to
litmus paper, the litmus paper will turn red’ (assuming — dubiously — that we can include
‘litmus paper’ in our observational vocabulary). Being acidic has implications for many
different kinds of chemical reactions into which the sample might enter, and not simply its
interaction with litmus paper. One might counter this objection by insisting that ‘this sample is
acidic’ needs to be analyzed using some more complicated observational-vocabulary statement
describing other observational tests of acidity as well as the litmus-paper test, but the defender
of reduction sentences clearly now bears the burden of showing that such a reduction can be
completed.

That brings us to a second and more fundamental problem. As Rudolf Carnap, arguably the
most prominent and influential of the Vienna Circle logical empiricists, acknowledged
(Carnap, 1936, 1937), a statement like ‘this sample is acidic’ cannot be equivalent to some
statement of the form ‘if this sample is subjected to conditions x, then observable condition y
will be realized’ simply because the latter will inevitably be true in some circumstances in
which the former is false. As we noted in Chapter 1, a conditional statement of the form ‘if p
then ¢’ is considered by logicians to be true whenever p is false, regardless of whether or not ¢
is true (in the case where p is true, ‘if p then ¢’ is true in case ¢q is also true, false otherwise).
For the present example, this has the consequence that ‘if this sample is applied to litmus
paper, the litmus paper will turn red’ is true for any sample that is not applied to litmus paper,
regardless of its chemical properties or composition. Thus it will turn out that many things
which are certainly not acidic (the carton of milk in my refrigerator, for one) will make the
conditional ‘if the sample is applied to litmus paper, the litmus paper will turn red’ come out
true, simply in virtue of never being applied to litmus paper.

Logical positivists sought to get around this problem by weakening the relationship between
statements using V7 and those using V,, but struggled to avoid weakening the requirement so far

as to allow ‘metaphysical’ statements (which they had intended to eliminate as meaningless) to
satisfy the criteria of cognitive meaningfulness thus developed.



Here is an example of such an effort: Given that asserting the logical equivalence of a
statement including vocabulary from V; with a statement using terms only from V, and V)

proved problematic, one might use, instead of a definition sentence asserting logical
equivalence, a sentence of a different form. Compare the following two sentences:

1 “This sample is acidic if and only if, if it is applied to litmus paper, then the litmus paper
turns red.’

2 ‘If this sample is applied to litmus paper, then it is acidic if and only if the litmus paper
turns red.’

Sentence (1) is a reduction sentence asserting an explicit definition of ‘acidic’ that falls prey to
the objection under consideration. Sentence (2), however, makes no positive or negative
commitment regarding the acidity of samples that are never applied to litmus paper, and thus
falls short of an explicit definition of acidity in general; yet, it does establish a logical
connection of a sort between the theoretical term ‘acidic’ and the observational (or at any rate
less abstract) terms ‘litmus paper,” ‘applied to,” and ‘red.” Such more ‘liberal’ developments in
the articulation of the logical empiricist approach to scientific theorizing were prominent
through the middle decades of the twentieth century (Carnap, 1936, 1937, 1955; Hempel and
Oppenheim, 1948; see the introduction to Suppe, 1977 for an overview).

One more important modification is worth noting. Although statements about particular
samples and slips of litmus paper might be verifiable, scientific discourse, as we have
discussed in previous chapters, depends in large part upon statements of generalizations, and
these clearly cannot be verified, if by that we mean definitively proven to be true. (Carnap, in
fact, went further and affirmed that no synthetic statement at all could be “verified completely
and definitively” (Carnap, 1936, 427).) The verification principle thus needed to be, and was,
re-articulated in terms of some weaker notion, typically confirmation. Such efforts led
naturally to a considerable body of technical work on confirmation theory, which philosophers
of science have continued to pursue even in the absence of any ongoing explicit commitment to
the original project of the logical empiricist movement.

4.3 From sentences to models

In the next two chapters we will consider some of the developments of the 1960s and 1970s
that were seen as marking the demise of the logical empiricist movement. Before we turn to
these, though, it is worth considering a challenge to a central assumption of the logical
empiricists regarding what kind of thing a scientific theory is.

One point on which all of the logical empiricists (and their falsificationist foes) agreed, was
that a scientific theory consists of a structured set of sentences. It is precisely this feature that
enables us to bring the apparatus of formal logic to bear directly on the theory.

The logical empiricists thus hold a syntactic conception of scientific theories (“syntactic”
because of its emphasis on the construction and ordering of sentences out of their elements, i.e.
the syntax of sentences). More precisely, they consider a theory to consist of a set of sentences
with a certain logical structure. First, one should identify some (hopefully finite) number of
sentences that use a theoretical vocabulary to articulate the basic principles of the theory.
These are the axioms. Then one identifies the correspondence rules that relate the theoretical
terms in the axioms to terms in the observational language. By means of the correspondence
rules one can then deduce from the axioms the observational implications of the theory. The
theory then consists of the axioms, the correspondence rules, and all of the other sentences that



can be deduced from them and their deductive consequences.

Part of the decline of the logical empiricist approach has involved a partial turn away from
the syntactic view as a number of philosophers of science have embraced some version of a
semantic view of scientific theories (Sneed, 1971; Stegmiiller, 1976; Suppes, 2002; van
Fraassen, 1972). Whereas syntax is concerned with the structure of sentences, semantics is
concerned with relations between sentences, or language more broadly, and whatever it is that
we use language to talk about; semantics thus is concerned with such relations as meaning,
reference, and representation.

The semantic approach to theories holds that a theory is not a collection of sentences at all,
but rather a collection of models. So the sentences scientists use when engaging in theoretical
discourse do not constitute the theory, but instead describe the theory in the sense that a
sentence describes the structures that are its models. If we wish, therefore, to understand what
a scientific theory is, we should therefore look to the models, rather than the sentences. As
stated by Suppe, “Theories are extralinguistic entities which can be described by their
linguistic formulations. The propositions in a formulation of a theory thus provide true
descriptions of the theory, and so the theory qualifies as a model for each of its formulations”
(Suppe, 1977, 222).

The term ‘model’ has a very diverse range of meanings in science, which can make a unique
and precise characterization of the semantic view somewhat elusive. In the appendix to this
chapter, I introduce a rather technical understanding of models, according to which a model is
a structure in which sentences with a particular logical form are true. Scientists, however,
use a wide variety of means for describing the models that lie at the heart of their theorizing.
Among these means, mathematics is prominent, but scientists also use visual representations
(schematic drawings, flow charts, etc.) and three-dimensional models (such as the stick-and-
ball models used for depicting molecular structures); increasingly, computer-based simulations
are used as models (Parker, 2009; Winsberg, 2010). The term ‘model’ is indeed a very broad
term, and not all of its uses fit neatly the ‘models-as-structures’ idea just articulated (see
Achinstein, 1968 for a discussion of different kinds of models in science). In a broader sense,
we can think of the turn (by many philosophers of science, anyway) against the syntactic
conception of theories as embracing the idea that we can better understand scientific theories
by looking at the structures of theoretical models (in whatever form they take) and the ways that
those models are connected (often with the help of additional ‘mediating models’) with the data
obtained by experiment and observation (Morgan & Morrison, 1999).

Still, where the notion of a model as a structure in which sentences with a particular logical
form are true does apply, we enjoy the benefit that we can apply the resources of formal logic,
not directly to the theory, as the logical empiricists wished, but indirectly, to the sentences that
describe those theoretical models.

4.3.1 Models as idealized structures

We must note an important nuance in how such structures relate to the world as we experience
it. Advocates of the semantic view emphasize the fact that the application of a theory always
involves the introduction of some kind of idealization regarding the phenomena or systems to
which we wish to apply the theory, and that it is these idealized structures that are described by
our linguistic formulations in science.

To see how this works, consider an example from elementary chemistry. Chemists sometimes
invoke Charles’ Law, which states that at constant pressure, the volume of a given mass of an
ideal gas is directly proportional to its absolute temperature. Sometimes the law is carelessly



formulated as “the volume of a confined gas is directly proportional to its temperature in
degrees Kelvin.” Note one glaring difference between these two formulations. The first, more
correct statement, refers to an “ideal gas at constant pressure” while the latter simply refers to
“a confined gas.” The distinction is significant! An ideal gas is really a fiction. It is composed
of molecules that take up no space at all, that do not lose any kinetic energy when they bounce
into one another, and that have no effects on each other’s motion except when they collide (they
exert no attractive or repulsive forces upon one another). None of these facts about ideal gases
is true of any actual gas, but in many cases we can get a reasonably good approximation of the
behavior of a real gas by applying Charles’ Law as if these assumptions were true.

Although the idealization is hard to miss in the case of Charles’ Law (the word “ideal”
occurs in the statement of the law itselfl), the same point holds true in various ways and to
various degrees wherever we see scientists applying theories. If we wish, for example, to
apply Newton’s laws of motion to predict the motion in free fall of an object near the surface of
the Earth, we might begin by assuming that the object has all of its mass concentrated at a single
point. This not only simplifies the task of describing how the Earth’s gravitational field acts
upon that object, it also removes the complication of the effects of air resistance. The
consequences of such a simplification will depend on the problem at hand. If the object is a
bowling ball, our idealization will be less damaging to our predictions than if it is a feather.

In any such case we can partially ‘de-idealize’ our description by making somewhat more
realistic assumptions; we might try to give a more realistic description of the distribution of
mass in the body that has been dropped. The price we will pay is that our attempt to apply the
theory will become more difficult. The important point about all of this for our present
purposes is that, for advocates of the semantic approach to theories, the models that constitute a
given scientific theory are not the world as we experience it or even some part of that world,
but instead are idealized structures that are described by the linguistic formulations
associated with that theory.

It is worth pausing for a moment to contemplate this point. Before we begin to think
philosophically about science, I think most of us are inclined to suppose that what scientific
theories do is simply to describe what, in general, the world is like. For example, if asked
“What does Charles’ Law describe?” we would be inclined to say something like “It describes
the relation between volume and temperature for gases at fixed pressure.” The position under
consideration here insists that the linguistic formulations we use to describe Charles’ Law
describe idealized structures that are not really part of the world at all.

Here you might think that if the semantic view leads us to have to abandon the idea that
scientific theories describe the real world rather than our fictional, idealized simulacra, then so
much the worse for the semantic view. Perhaps we should stick to the idea that theories should
be understood in terms of sentences that either directly describe the world or from which we
can logically deduce sentences that do. However, sticking to the syntactic view of theories will
not solve this particular problem. The problem of idealization remains, but we would now
formulate it differently: The sentence expressing Charles’ Law is not true as a description of
any actual gas, but only of non-existent, ideal gases; the sentences we use to make predictions
using Newton’s mechanics do not describe the motions of any actual bodies, but only of
idealized ‘point masses’; and so on. At what point do our scientific theories make contact with
the real world?

Whether we think of theories in semantic or syntactic terms, there is a question about how,
and even whether, scientific theories could be regarded as describing or representing the world
as it really is. Defenders of both approaches have suggested ways of tackling this problem. For



example, some defenders of the semantic approach have argued that, although the linguistic
formulations associated with a theory describe idealized structures, those structures themselves
can be regarded as resembling, in certain respects, those aspects of the world that the theory is
developed in order to understand or explain (Giere, 1999).> The most common response to the
problem of idealization on behalf of a realist understanding of syntactically conceived theories
is to invoke the concept of approximate truth: Although even our best theories may not be
precisely true of the world as stated, they are approximately true. Both of these responses have
to confront substantial objections, and some philosophers of science have responded by
concluding that one should not, after all, think of scientific theories as telling us what the world
is really like at the most basic and possibly unobservable level.

Further consideration of these issues will have to await Chapter 10, in which we discuss
scientific realism and anti-realism.

4.4 Conclusion

The logical empiricists, while far from being the first philosophers to engage problems related
to scientific knowledge and theorizing, were historically significant in their efforts to articulate
a far-reaching approach to science. They drew upon the formal apparatus of logic to serve a
broader philosophical agenda. Much of the discourse as well as professional infrastructure of
current philosophy of science owes some kind of debt to the Vienna Circle and those it engaged
as logical empiricism came to dominate philosophy of science in the English-speaking world in
the middle of the twentieth century. The semantic approach to theories presented a significant
challenge to logical empiricism, in that it challenged the basic framework in which logical
empiricists pursued their project of articulating just how scientific theories can remain
empirically meaningful while introducing theoretical terms that do not directly refer to anything
observable.

Nonetheless, the challenge to logical empiricism from the semantic approach is a narrowly
focused challenge insofar as it does not directly confront the broader aims of logical
empiricism, viz., to articulate a ‘scientific philosophy’ in which disagreements over matters of
substance could, to at least a significant extent, be treated as susceptible to resolution by
appeal to the neutral ground of empirical observation. Moreover, the semantic approach, like
logical empiricism, originated with attempts to employ formal techniques to elucidate
philosophical problems.

In the next three chapters, we will consider a more sweeping challenge to the approach taken
by logical empiricists to science. We will see how, drawing widely on the history of science
(as well as philosophical analysis), the philosophers Thomas Kuhn, Imre Lakatos, and Paul
Feyerabend, in their own distinctive ways, reoriented the attention of philosophers and
challenged some of the central tenets of logical empiricism, with important consequences for
the subsequent development of philosophy of science.

4.5 Appendix: models as structures

A thorough understanding of the semantic view of theories requires some discussion of
semantics.> In particular we are interested in a general characterization of the relationship
between sentences having a certain logical form and the things that make such sentences true.
Our first order of business in this subsection will be to look a little more carefully at the
logical form of sentences, distinguishing different elements that we will find there. We can then



move on to a characterization of structures, and finally arrive at a definition of what it is for a
structure to be a model of a theory.

Sentences, formulas, satisfaction

Remember Zig and the doughnuts? In Chapter 2 we discussed how the Law of Doughnut
Delectability (“All doughnuts are delicious™) could be represented in logical form as:

LDD': For any thing whatsoever, if it is a doughnut, then it is delicious.

This sentence contains (we will suppose, for the sake of argument) the theoretical term
‘doughnut’ and the observational term ‘delicious’. (Perhaps it is a correspondence rule? Never
mind. The Vienna Circle would not consider this to be part of science, however much they may
have enjoyed doughnuts.) Both of these are what logicians call predicates, i.e., they are terms
that are in some way descriptive of a thing, They are both unary predicates, meaning that they
apply to just a single thing. We can create a simple sentence by using a copula (like ‘is’, or
some other form of ‘to be’) to combine a predicate term with the name of an individual (or
some other linguistic device for singling out an individual, like the indexical term ‘this’):
‘R773b is a doughnut’.#

We can replace both predicate terms in LDD' with predicate symbols such as P and Q, and
we will be left with just the logical structure of the sentence, which we call a sentence
schema:

L: For any thing whatsoever, if itis P, then it is Q.

Now we have a sentence that is no longer about doughnuts. In fact, it is no longer about
anything. This same logical expression is what we would arrive at if we had started with the
sentence ‘All cats are carnivores’ or ‘All zombies are yoga instructors’. Here is another,
slightly more complex sentence schema in our abstract logical language:

L,: For any thing whatsoever (call it x), if x is P, then there is something (call it ), such that y
is Q and x stands in relation R to y.

This slightly more complex logical structure is shared by the sentences ‘Every dog is owned by
a zombie’, ‘Every electron attracts some positively charged particle’, and ‘Every doughnut
tastes better than some oven mitt’. Because relations like ‘x is owned by y’°, ‘x attracts y’, and
‘x tastes better than y’ obtain between pairs of things they are called binary predicates. ‘x is
between y and z’ is a tertiary (three-place) relation and we can contemplate and express
relations obtaining between even larger numbers of individuals. (You might also at this point
notice that our use of the pronoun ‘it’ in L, for example, corresponds exactly to the use of a

variable like x.)
Notice that both L; and L, begin with ‘for any thing whatsoever,” which is then followed by

some expression that, as we noted in Chapter 2, is not quite a sentence, like ‘if it is P then it is
(’. We can give this latter expression an interpretation such as ‘if it is a doughnut then it is
delicious’, but this formula is still not a sentence because ‘it’ does not here refer to any
individual. Consequently the formula has an indeterminate truth value. It is neither true nor
false. The expression ‘for any thing whatsoever’ is also not a sentence, but a quantifier,
specifically, the universal quantifier. Intuitively, it serves to tell us to what range of things the
rest of the expression applies: to each and every thing. Sentence schema L, contains another

quantifier as well: ‘there is something such that’. This existential quantifier, again intuitively,



indicates that the expression that follows applies to at least one thing (but it does not name the
thing or things in question).

Although a formula like ‘it is a doughnut’ has no truth value, we can turn it into something
that does by replacing occurrences of ‘it” with the name of some individual: ‘R773b is a
doughnut’. If the resulting sentence is true (the individual named ‘R773b’ really is a doughnut
and not a bagel or a bassist), then we say that the named individual satisfies the formula into
which it was substituted.

Structures

A semantics for sentences with quantifiers requires that we consider not just individuals but
structures. Suppose that we have a language with just two unary predicates P and Q and one
binary predicate R. To describe a structure for this language we must specify the following: (1)
What constitutes the population of things to which the sentence will be applied? The set of all
and only such individuals is called the domain of discourse D. (2) Which individuals x in the
domain D satisfy the formula ‘x is P’? Which satisfy the formula ‘x is O’? Which pairs of
individuals (x, y) drawn from D satisfy the formula ‘x stands in relation R to »’? The set of
individuals or multiples of individuals that satisfy a formula using a single occurrence of a
single predicate is called the extension of that predicate. Specifying the domain of discourse
and extensions of the predicates used in L and L, amounts to specifying a structure for those

sentences.’

Note that we can specify a structure without actually identifying the predicates in a sentence
with particular words in a natural language, so long as we can attach names to the individuals
in the domain. Suppose that we stipulate that there are just four individuals in our domain,
named a, b, ¢, and d. We can draw up a table that specifies the extensions of the predicates by
listing the frue simple sentences that can be formed by applying those predicates to particular
members or pairs of members of the domain (we will use ‘x is R to )’ to abbreviate ‘x stands in
relation R to y’):

Let’s call the structure described in Table 4.1 2. Here we have a structure that makes the
sentence schema L; come out true. As careful examination of the table will show, every

individual that is P is also Q. Each individual in 2A’s domain of discourse satisfies the formula
Fy: ‘if itis P then it is O’. The rule for sentences that begin with the universal quantifier ‘for

everything x’ is that they are true for a given structure just in case every individual in that
structure’s domain of discourse satisfies the formula that follows. However, L, comes out false

n .

Table 4.1 Structure A: A model of L.

xis P ais P bis P c is not P

xis Q ais Q bis QO cis Q

XisRtoy aisnotRtoa aisnotRto b aisnotRtoc
bisnotRtoa bisnotRto b bisnotRtoc
cisnotRtoa cisnotRto b cisnotRtoc

Here is why: The rule for sentences beginning with ‘there is some x such that’ is that they are
true for a given structure just in case at least one individual in that structure’s domain of



discourse satisfies the formula that follows. L, begins, of course, with ‘for everything x’.
According to the rule we just learned for that quantifier, L, is true in 2 just in case every
individual in 2 satisfies the formula F: ‘if x is P, then there is something y such that y is O and
x stands in relation R to y°. To show that L, is false in 2, it thus suffices to find one individual
in 2l that fails to satisfy F,. The individual a is P, according to Table 4.1, so a satisfies the
antecedent of the conditional F,. The consequent of F, is ‘there is something y such that y is Q

and x stands in relation R to ). Although there are individuals in 2l that are O, a does not stand
in relation R to any of them, so nothing in 2 satisfies the formula ‘y is Q and a stands in
relation R to »’. Substituting a for x in F), therefore yields a sentence that is false in (. Since a

does not satisfy F,, L, is false in 2.

We can specify a different structure (call it ®8), using the same domain of discourse, that
makes L, true but not L;: In this structure (described in Table 4.2), a is a P that is not Q,
meaning that a fails to satisfy ‘if it is P then it is O’, so it is not true that every P is O, but a
careful examination of B will reveal that there is, for everything that is P, something that is R
to that thing that is also Q.

Table 4.2 Structure B: A model of L.

xis P ais P bis P c is not P

xis Q a is not O bis Q cis Q

xisRtoy aisnotRtoa aisnotRto b aisnotRtoc
bisRtoa bisnotRto b bisnotRto ¢
cisnotRtoa cisRtob cisnotRtoc

All of this is completely abstract, of course. To see how we can get back to sentences about
particular kinds of things and how they are related, try replacing the Ps and Os and Rs above
with suitable English words. For example, let ‘x is P’ be ‘x is a dog’ and let ‘x is O’ be ‘x is a
zombie’ and let ‘x is R to y’ be ‘x is owned by y’. Now L, becomes:

L,: For any thing whatsoever (call it x), if x is a dog, then there is something (call it y), such
that y is a zombie and x is owned by y.

which is another (admittedly quite stilted) way of saying ‘Every dog is owned by a zombie’.

Models

We are at last ready to define the term ‘model’:

Definition 1 Let I be a set of sentences, and IN a structure for the sentences in T (i.e., M
specifies a domain of discourse, indicates the individuals referred to by all names used in T’
and specifies the extensions of all predicates used in I'). M is a model of T if and only if

every sentence in I is true for IN.

It is common, in discussing models in the context of formal semantics, to use the word
‘theory’ to refer to the sets of sentences that are modeled by certain structures. For obvious
reasons, | have not adopted that usage here. In any case, we can regard that as a specialized use



of the term ‘theory.” What is at issue between syntactic and semantic views of scientific
theories is precisely whether this technical use of the word ‘theory,” to refer to a set of
sentences, adequately reflects what theories are in a way that makes sense of the ways that
scientists employ them.

' Two sentences Sy and S, are logically equivalent just in case S; logically entails S, and S, logically
entails S7.

2 This is still a bit too simple. The resemblance relation really should be thought of as holding between
the theoretical model and another model, based on data (i.e., measurements of real-world things or
processes) that is sometimes called a model of the data or an empirical model (Suppes, 1962).

3 What follows is a rather rough-hewn outline of some important concepts that are well worth spending
time studying in greater depth and with greater care. There are many good logic texts that introduce
these notions. I use (Barker-Plummer, Barwise, & Etchemendy, 2011) when I teach this subject. A
more advanced but still introductory text is (Enderton, 2001).

4 Perhaps you can think of a better name for a doughnut?

> Some sentences contain, in addition to predicates like ‘x is P’ and ‘x stands in relation R to y’,
functions that refer to one member of the domain of discourse by means of a relation to another
member of the domain, such as ‘the brother of x.” To specify a structure for a sentence that includes
functions, one must also specify, for each individual x in the domain of that function, the individual
that is referred to by applying the function to x.

6 Somewhat confusingly, sometimes the term ‘satisfaction’ is used here: 90t is a model of I" just in case
I satisfies I



5

Kuhn: scientific revolutions as paradigm changes

5.1 Introduction

Our discussion of logical empiricism focused on efforts to articulate a ‘scientific philosophy’
centered upon the verification principle. Vienna Circle philosophers and scientists also
pursued the project of unified science. To advance this project, the logical empiricists
undertook to assemble the International Encyclopedia of Unified Science. As Otto Neurath, a
social scientist, philosopher, and socialist reformer, wrote in the first volume of the
Encyclopedia, “To further all kinds of scientific synthesis is one of the most important
purposes of the unity of science movement, which is bringing together scientists in different
fields and in different countries, as well as persons who have some interest in science or hope
that science will help to ameliorate personal and social life” (Neurath, 1938/1955, 1).

In this chapter we will consider the philosophy of Thomas Kuhn, much of whose impact
upon philosophy of science resulted from work that first appeared under the aegis of the unified
science movement, yet whose views came to be seen as an emphatic rebuttal of at least some of
the primary logical empiricist commitments of that movement.

Between 1938 and 1970, University of Chicago Press published the first two volumes of the
Encyclopedia under the series title Foundations of the Unity of Science, with individual
articles appearing as monographs. Volume II, number 2 appeared in 1962. Written by Kuhn and
titled The Structure of Scientific Revolutions (Kuhn, 1962, hence, SSR),! the book came to be
seen as contributing to the demise of the logical empiricist movement from which the
Encyclopedia of Unified Science was born (but see Reisch, 1991 for a corrective to this
received view). According to this view, the eclipse of the logical positivist project in
philosophy of science by a ‘post-positivist’ philosophy of science was partially driven by a
book published as part of the positivists’ own encyclopedic undertaking.

Kuhn sought to understand scientific revolutions from the perspective of a historical study
rather than through the use of logical analysis. In this way, Kuhn’s project fundamentally differs
from that of the logical empiricists. Some of Kuhn’s apparent conflicts with the logical
empiricists thus arise from their pursuit of different questions. Nonetheless, we will note some
genuine points of disagreement.

5.2 Paradigms and normal science

Kuhn’s historical studies convinced him that scientific knowledge develops through two quite
distinct patterns or modes. In the first mode, which he called normal science, change
accumulates slowly and research is “firmly based upon one or more past scientific
achievements, achievements that some particular scientific community acknowledges for a time
as supplying the foundation for its further practice” (SSR, 10). Normal science, as Kuhn
describes it, proceeds amidst a general agreement within a scientific community about what
problems most need to be solved and what standards are to be used in the evaluation of efforts



to solve those problems. Kuhn emphasized that such consensus is best understood as a by-
product of the acceptance by the community of certain “past scientific achievements” as
exemplars of good scientific work.

Kuhn called such exemplars paradigms, borrowing a term used to describe examples of
grammatical forms studied in the learning of languages. But he used the word in other ways as
well. The term paradigm took on a special importance in Kuhn’s work and he used it
throughout SSR, denoting sometimes a kind of theoretical framework, sometimes something
more pervasive like a “worldview,” sometimes a scientific community united by its
commitment to such a worldview, sometimes a line of research aimed at a particular set of
problems, and so on. One critic, citing Kuhn’s “quasi-poetic style,” counted “not less than
twenty-one different senses” in which Kuhn used the term in SSR (Masterman, 1970, 61-65). In
a postscript to the second edition of SSR, Kuhn sought to bring order to the thicket of paradigm-
locutions that appeared in the book by introducing a distinction between two primary senses of
the term. First, there is the paradigm as the “entire constellation of beliefs, values, techniques,”
as well as generalizations and models that are shared by a scientific community, for which he
introduced the term “disciplinary matrix” (SSR, 175). The second paradigm notion is the
exemplar: “the concrete problem-solutions that students encounter from the start of their
scientific education” and that “show them by example how their job is to be done” (SSR, 175).

The stability of a paradigm in both senses, Kuhn urged, is needed in order to sustain normal
science. Kuhn emphasizes that we can expect to find paradigms wherever there is a group of
researchers that regularly produces solutions to scientific puzzles and that regularly reaches
fairly uniform consensus about whether particular efforts succeed in solving those puzzles.
Such paradigms will vary greatly with regard to their size, longevity, and degree of
specialization. Neo-Darwinian evolutionary biology is a sprawling discipline with many sub-
fields, for example, while molecular phylogenetics constitutes a more narrowly focused
(though still quite ambitious) endeavor.

5.3 Anomaly and crisis

No paradigm could be expected to be sufficiently rich and stable to serve as the basis of
solutions to all of its problems. Thus, Kuhn argued, a second mode of scientific change comes
in time to displace the gradual development of normal science: revolutionary science. Even an
enterprise as successful and long-lasting as Newtonian celestial mechanics eventually
encounters problems that cannot be solved within its own paradigmatic constraints. A problem
that resists solution comes to be seen not simply as a problem of the ordinary sort but an
anomaly.

Imre Lakatos once wrote that each scientific theory “at any stage of its development, has
unsolved problems and undigested anomalies. All theories, in this sense are born refuted and
die refuted” (Lakatos, 1978, 5). When a new theory is introduced some phenomena within its
domain appear difficult to reconcile with that theory; these may never be made to agree
satisfactorily with the theory. Kuhn agreed with Lakatos on this point. For Kuhn, the demise of
any normal science always starts with some such anomaly.

One of Kuhn’s own examples comes from the history of quantum physics. Physicists early in
the twentieth century developed what came to be called the Old Quantum Theory. The iconic
achievement of Old Quantum Theory was Niels Bohr’s 1913 model of the hydrogen atom. This
was a planetary model of the hydrogen atom in the sense that it assumed a nucleus around
which the electron travels in well-defined orbits. But the model allowed only certain orbits,



corresponding to specific discrete energy levels for the atom as a whole. If the electron
underwent a transition from a higher-energy state to a lower-energy state it would emit
electromagnetic radiation carrying energy equal to the difference between the two, but it did so
without passing through the continuum of energies between its initial and final state. In this
way, Bohr sought to explain the fact that hydrogen gas emits light in a discrete spectrum.

Bohr, Arnold Sommerfeld, and others applied the Old Quantum Theory successfully to a
number of problems, particularly those concerning spectra emitted by certain elements. Old
Quantum Theory served well for calculating spectra for “two body” systems. Strictly speaking,
that means just hydrogen (one proton, one electron), but the same treatment was successfully
extended to ‘hydrogenic’ atoms that approximate a two body system. In such hydrogenic atoms,
there is an inner core of electrons that are closely bound to the nucleus, such that they together
with the nucleus can be treated as one body, with a single orbiting electron in addition.
(Sodium is an example.) But the theory did not work for three body systems. It also made
incorrect predictions regarding the splitting of spectral lines in a magnetic field, known as the
Zeeman effect.” Such problems led to a situation that Kuhn characterizes as a crisis for the Old
Quantum Theory.

A Kuhnian crisis occurs when members of a research community find that some anomaly (or
set of anomalies) has proven so resistant to solution within the current paradigm that they begin
to despair of thus resolving it. Since it is an imperative of every paradigm to solve all of the
anomalies in its domain, members of the community increasingly feel that they are called upon
to do the impossible. Kuhn emphasized the psychological dimension of such crises, which he
documents with a quotation from Wolfgang Pauli, writing to the young physicist Ralph Kronig
during the crisis of the Old Quantum Theory: “At the moment physics is again terribly
confused. In any case, it’s too difficult for me, and I wish I had been a movie comedian® or
something of the sort and had never heard of physics” (SSR, 84, quoting from (Kronig, 1960)).

5.4 Revolution

Driven by growing doubts about the ability of the paradigm to resolve its own anomalies,
members of the community begin to consider routes to a solution that are at odds with the
paradigm’s own constraints. Thus begin revolutions in the sciences, as Kuhn depicts them. In
the case of Quantum Theory, Werner Heisenberg made the first breakthrough when, having
spent time with Bohr in Copenhagen, he returned in April 1925 to his position in Gottingen to
work by himself. The paper that he then wrote laid the groundwork for a radically new way of
doing quantum mechanics, making use of a new mathematical apparatus and eliminating Bohr’s
planetary orbits. Heisenberg’s theory predicted that quantum particles like electrons would
have well-defined positions or momenta when those properties were measured, but did not
describe determinate trajectories for quantum particles at other times. Heisenberg’s paper
(Heisenberg, 1925), together with subsequent joint efforts involving Max Born and Pascual
Jordan (Born & Jordan, 1925; Born, Heisenberg, & Jordan, 1926), laid the foundations for the
New Quantum Theory.

Heisenberg’s proposal was both exciting and controversial. Motivated by a roughly
positivist idea (but see Bokulich 2008), Heisenberg saw Bohr’s ‘unobservable’ atomic orbits
as a theoretical defect. Albert Einstein objected to this reasoning and regarded the theory that
resulted from Heisenberg’s efforts at removing this defect as an incomplete account of
mechanics at the atomic scale. On Kuhn’s account, this is typical of revolutions. The community
does not convert as a whole all at once. Some will grasp immediately for the relief from



anomaly offered by a new proposal. Kuhn quotes Pauli, writing again to Kronig, shortly after
the appearance of Heisenberg’s 1925 paper: “Heisenberg’s type of mechanics has again given
me hope and joy in life. To be sure it does not supply the solution to the riddle, but I believe it
is again possible to march forward” (SSR, 84, quoting from Kronig (1960)).

In a revolution, scientists accept both a bold new theory and a new way of doing science,
including new ways of deciding what constitutes an adequate solution to a problem. Recall that
central to the idea of a paradigm is the acceptance of an exemplar that serves as a model of
good work in the discipline. These exemplars serve as the basis for the articulation of
standards. Correspondingly, a revolutionary change involves the rejection of the old exemplars
and the accompanying standards of adequacy by which problem solutions are to be
evaluated. A candidate for a new paradigm must come with its own potentially exemplary
solutions. In cases of revolution these will inevitably be found lacking by the old standards, but
will succeed (inevitably) by the new standards (which after all are based on these new
candidates).

The result is one of Kuhn’s most controversial theses: During periods of revolution,
choosing between paradigms cannot be guided by accepted standards at all. The choice
between the old paradigm and a potential new one ““is not and cannot be determined merely by
the evaluative procedures characteristic of normal science, for these depend in part upon a
particular paradigm, and that paradigm is at issue. When paradigms enter, as they must, into a
debate about paradigm choice, their role is necessarily circular. Each group uses its own
paradigm to argue in that paradigm’s defense” (SSR, 94).

Many initial responses to SSR harshly criticized such claims, which appeared to depict
scientific revolutions as events in which scientists changed theories without relying on anything
resembling experimental reasoning or logical inference. Such an account seemed radically at
odds with long-held views about the responsible conduct of science. If “[e]ach group uses its
own paradigm” to defend its commitment to that paradigm, then those arguments can only
appeal to those who already accept the paradigm in question. Acceptance comes first,
arguments come later. Arguments over paradigm choice then seem more like armed conflict, or
perhaps political campaigns, than rational deliberation on the basis of empirical evidence,
since the arguments cannot do any work until one has somehow gotten one’s opponent to adopt
one’s own point of view. And then, what work is left for the argument to do? As Dudley
Shapere characterized the problem in an early and influential critical review of SSR, Kuhn’s
account entails that “the decision of a scientific group to adopt a new paradigm is not based on
good reasons; on the contrary, what counts as a good reason is determined by the decision”
(Shapere, 1964, 392).

Kuhn’s own language and choice of analogies for explaining his view exacerbated the
perception that his account of scientific revolutions is radically subjective. He compares a
scientific revolution to a political revolution: The latter occurs when crisis becomes so acute
that “political recourse fails”; likewise the former occurs in a crisis by methods going beyond
the “evaluative procedure characteristic of normal science” (SSR, 93-94). He compares
changes in paradigm to visual “gestalt shifts”: “What were ducks in the scientist’s world before
the revolution are rabbits afterwards.”* He uses language to describe changes in paradigm that
highlight similarities with religious conversion: “The transfer of allegiance from paradigm to
paradigm is a conversion experience that cannot be forced” (SSR, 151), and “[a] decision of
that kind can only be made on faith” (SSR, 158).

5.5 Incommensurability



Crucial to Kuhn’s depiction of the wide and multi-faceted separation between paradigms is the
concept of incommensurability. Literally, incommensurability means ‘lacking a common
measure,” a phrase indicative of the problem faced by scientists in a period of Kuhnian
revolution: one needs to choose a paradigm, but lacks a common measure for determining
which of the competing candidates is better.

A careful reading of SSR reveals an important distinction with regard to incommensurability.
Rival paradigms are incommensurable in both a methodological and a semantic sense (Bird,
2000). Let us consider methodological incommensurability first.

Suppose that in a period of crisis for paradigm P, a rival paradigm P, takes shape, such that
members of the community must make a choice to continue working within P, or switch their
allegiance to P,. One might suppose that this would be a matter of evaluating the extent to

which the theoretical content of each of the paradigms is supported by the available data.
According to the thesis of methodological incommensurability, however, the methods and
standards by which such support are to be determined are partially determined by the very
paradigms under consideration: “the choice is not and cannot be determined merely by the
evaluative procedures characteristic of normal science, for these depend in part upon a
particular paradigm, and that paradigm is at issue” (SSR, 94).

Semantic incommensurability adds to the difficulty. According to Kuhn, terms mays be used
in competing paradigms so differently that they have different meanings. Kuhn’s example in
SSR involves the term ‘mass’ as used in Newton’s dynamics and in Einstein’s dynamics. For
Newton, mass is an invariant quantity, i.e., the mass of a given body has the same value
regardless of the state of motion of that body relative to a given observer. In Einstein’s theory,
however, two observers who are in motion relative to one another will disagree in their
measurements of the mass of a body (though the difference will be negligible if the relative
velocities are small compared with the speed of light). Kuhn argued that such an important
difference entails that ‘mass’ does not mean the same thing in Newton’s physics as it does in
Einstein’s.

Semantic incommensurability points to perhaps the clearest disagreement between Kuhn’s
account and logical empiricism. A logical empiricist interpretation of this state of affairs
would insist upon the distinction between the theoretical and observational vocabulary of a
theory. Since Newton’s dynamical theory and Einstein’s dynamical theory say such different
things about mass, this must be regarded as a theoretical term, not an observational one. Each
theory would then use distinct bridge principles to connect statements involving mass to
statements in the observational vocabulary, and the choice between theories would be based on
seeing which theory entailed observation-vocabulary statements in better agreement with the
results of actual observations.

This reply assumes that we can draw a principled and well-defined distinction between
observational and theoretical vocabularies — in short, that observation vocabulary is theory
neutral. Kuhn, however, rejects any such distinction. He not only rejects the idea of a theory-
free observational vocabulary, he suggests that in some sense there is not even a paradigm-
independent world to be observed: “though the world does not change with a change of
paradigm, the scientist afterward works in a different world” (SSR, 121).

Kuhn draws this conclusion from the ways in which scientists are trained to make
observations of a certain kind, and incorporate apparently theoretical concepts and languages
into their observations, thus making observation theory-laden: “Looking at a contour map, the
student sees lines on paper, the cartographer a picture of a terrain. Looking at a bubble-
chamber photograph the student sees confused and broken lines, the physicist a record of



familiar subnuclear events. Only after a number of such transformations of vision does the
student become an inhabitant of the scientist’s world, seeing what the scientist sees and
responding as the scientist does” (SSR, 111). But this training takes place within a paradigm (a
disciplinary matrix), so that when a revolution occurs ‘“the scientist’s perception of his
environment must be re-educated — in some familiar situations he must learn to see a new
gestalt” (SSR, 112). How precisely to understand such passages is not perfectly clear, but they
convey at least this much: one cannot hope to resolve disputes over rival paradigms by
adopting a description of the relevant data that is free of assumptions belonging to the very
paradigms at issue.

5.6 Re-articulation

Regardless of Kuhn’s intent, many readers of SSR took him to be “attempting to undermine the
cognitive authority of science rather than to suggest a different view of its nature,” as Kuhn
himself later acknowledged (Kuhn, 1993, 314). To counter this reading of his work, Kuhn
emphasized in later publications that some continuities do persist through even the most
revolutionary changes in science. Scientists operating in any paradigm will, for example, value
accuracy in a theory’s predictions, consistency in its central assumptions, simplicity in its
formulation, breadth in its scope, and fruitfulness in its applications. Such continuities,
however, do not suffice to secure a neutral standpoint from which to evaluate paradigms
because these shared values underdetermine theory choice.

Kuhn’s underdetermination thesis rests on two observations. First, each of these values is, on
Kuhn’s account, imprecise or ambiguous in their application. Just what it means for a theory to
be simple is, for example, notoriously difficult to define rigorously, and scientists have often
disagreed in their judgments of simplicity. Second, scientists may disagree about the relative
importance of these values, a problem aggravated by the fact that some of them are in tension
with others. One might, for example, be able to make one’s theory more accurate by making it
less simple. The problems of imprecision and differential relative weighting of values both
entail, according to Kuhn, that different scientists may reasonably make different choices
among competing paradigms (Kuhn, 1977). Indeed, according to Kuhn, the historical
progression of science shows that “before the group accepts it, a new theory has been tested
over time by the research of a number of men, some working within it, others within its
traditional rival,” and this “mode of development . . . requires a decision process which
permits rational men to disagree” (Kuhn, 1977, 332; emphasis in original).

When critics such as Shapere allege that according to Kuhn paradigm choice “cannot be
based on good reasons of any kind” (Shapere, 1966, 67), Kuhn argues, they in effect accuse
him of “throwing out the baby with the bathwater.” Kuhn’s re-articulation seeks to clarify what
he regards as the baby to be retained (that scientific judgments, even in times of revolution,
involve reasoned judgments) as opposed to bathwater to be discarded (that such judgments are
guided by “algorithmic” rules that when correctly applied will lead all competent and rational
scientists to the same conclusions). Paradigm choice may not be determined by any uniform and
unequivocal set of rules, but this does not mean that it is not based on good reasons (or “good
sense”). Good reasons functioning within incommensurable paradigms, however, may yield
conflicting results.

5.6.1 An example: molecular phylogenetics

At this point, it might help to have an example. Let us briefly view, through a Kuhnian lens, the



field of molecular phylogenetics. We will find that applying Kuhn’s ideas to a given scientific
discipline is not an entirely straightforward matter.

Phylogenetics constitutes the approach that contemporary evolutionary biologists take to
systematics, which is the study of relationships among biological taxa. Phylogeneticists attempt
to infer from various kinds of data how closely related different groups of organisms are. That
is, they seek to determine, among a given group of distinct populations (such as species), which
groups share a more recent, and which a more remote, common ancestor. The results of such
inferences are represented in the form of phylogenetic trees, showing the branching events at
which different groups of organisms became hereditarily distinct (see Figure 5.1). To make
reliable inferences about phylogeny, one must first determine what observations are relevant
for determining degrees of relatedness among taxa. It would be natural to suppose that groups
that share more traits must share a more recent common ancestor than groups that share fewer
traits, were one to ignore the fact that traits can be shared without having been inherited from a
common ancestor. In any case, such a principle is useless unless one knows exactly what to
count as a trait and when to consider a trait to be shared among two taxa. A further question
concerns how much significance to attribute to different kinds of traits as indicators of common
descent.’
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Figure 5.1 Three phylogenetic trees of the sawfly (genus Neodiprion). The different trees result
from different methods applied to a single data set. Although seemingly a normal science,
phylogenetics, like many disciplines, sustains continued debates over the relative merits of



competing methods (Linnen & Farrell, 2008; by permission of Oxford University Press).

With the availability of a number of powerful experimental techniques that allow for the
generation of large data sets, molecular phylogenetics has transformed contemporary
phylogenetics, using genetic data to arrive at phylogenetic conclusions. Earlier systematicists
based their conclusions on observations of the form and structure (morphology) of organisms.
But phylogenetics itself evolved with the emergence of methods of genome sequencing,
facilitated by methods for producing larger numbers of copies of strands of DNA, thus
amplifying the genetic information available in a sample. Molecular phylogenetics, thus, looks
like the outcome of a Kuhnian revolution within phylogenetics that has introduced new
laboratory methods and training, changed the kind of data regarded as most important, and
introduced new problems requiring solution.

Suppose, for example, that one is interested in determining just when the ancestry of two
distinct contemporary taxa parted ways. Molecular phylogeneticists can measure a kind of
‘genetic distance’ between two organisms, but to translate that into an estimate of how long ago
their ancestors diverged, one needs a good estimate of the rate at which molecular sequences
change. However, the rates of such divergence are highly variable, complicating the task of
reliably estimating times of divergence. Morphologically based phylogenetics did not face this
problem; as a rule, in that tradition one based estimates of times of divergence on the fossil
record, when fossils were available that were relevant. If such fossils were rare, at least they
could be dated fairly reliably. By contrast, DNA is readily available from living organisms,
greatly facilitating comparisons of genetic resemblance when fossil evidence is lacking,

Molecular phylogenetics seems to have its own exemplars as well, which, though they share
some features with earlier morphological exemplars, are distinguished by the kind of data they
use and methods of analysis that are applied. Such exemplars, as Kuhn emphasized, are
especially prominent in textbooks that are used in the training of members of the community.
However, consulting a textbook such as Molecular systematics (Hillis, Moritz, & Mable,
1996), one finds many exemplars from earlier morphological approaches, since many of the
methods of analysis are the same (such as the use of parsimony considerations in selecting from
among the various possible phylogenies that can be generated from a given set of data). We
might take such co-existence of exemplars from two distinct approaches either as an indication
that molecular phylogenetics is not after all such a revolutionary (in Kuhn’s sense)
development in systematics, or as an indication that Kuhnian revolutions need not result in the
complete replacement of the traditions and exemplars of the earlier paradigm.

5.7 Progress through revolutions?

The final chapter of SSR speaks significantly to Kuhn’s own assessment of the real novelty of
his account. He invokes an analogy with another revolutionary idea in science: Darwinian
evolution. What most shocked Darwin’s contemporaries, according to Kuhn, was “neither the
notion of species change nor the possible descent of man from apes,” since evolutionary ideas
had been in circulation for some time. What really distinguished Darwin’s theory of evolution
from the ideas developed by others was that “[t]he Origin of Species recognized no goal set
either by God or nature.” Nonetheless it described a process of “gradual but steady emergence
of more elaborate, further articulated, and vastly more specialized organisms” a process that
Darwin himself understood as one of advancement or progress (SSR, 171-172).

Likewise, Kuhn suggests, we should regard the development of science as progressive: “The



net result of a sequence of such revolutionary selections, separated by periods of normal
research, is the wonderfully adapted set of instruments we call modern scientific knowledge,”
and the process is “marked by an increase in articulation and specialization.” Yet the process
need not be understood as directed toward “a set goal, a permanent fixed scientific truth” (SSR,
172—173). Science does progress, according to Kuhn, but the incommensurability of earlier and
later paradigms poses an obstacle to the idea that there is a “coherent direction of ontological
development” in a revolutionary transition. On the contrary, “the notion of a match between the
ontology of a theory and its ‘real’ counterpart in nature now seems to me illusive in principle.”
Kuhn’s view turns out then to be a version of anti-realism about science (SSR, 206; McMullin,
1993).

We will take up general debates between realists and anti-realists in Chapter 10. For now,
we might wish to note a tension between Kuhn’s rejection of science as aimed at truth and his
embrace of the idea that science progresses. If science does not progress toward truth, and is
marked by transitions between incommensurable paradigms, how can we meaningfully
consider it progressive? According to a recent study by K. Brad Wray, Kuhn’s notion of
progress is precisely that of increasing “articulation and specialization.” Wray argues that the
increasing specialization of science should be understood not merely as a sociological
phenomenon but as serving important epistemic functions, enabling scientists to enhance the
accuracy of their work by focusing on ever-narrower domains (Wray, 2011).

5.8 Problems with paradigms

Arguments against the central tenets of Kuhn’s account have flourished in proportion to the
attention his work has received. Unable to adequately survey the range of issues that have been
raised in a brief discussion, I will mention just two.

Incommensurability would seem to rule out the possibility of a paradigm-neutral evaluation
of the evidential significance of a given observation, since the terms in which evidence is
described and evaluated will take on different meanings in incommensurable paradigms.
Historically, however, the evidential significance of particular findings very often survives
revolutionary changes in theory.

Consider an example from the very beginnings of evolutionary phylogenetics. In Origin of
species, Charles Darwin noted the structural commonalities between a bat’s wing and (for
example) the hands of humans as evidence that these distinct species share a common ancestry
(Darwin, 1859, 434). Darwin was able to make this inference in spite of the fact that he had no
good theory of the physical basis of inheritance. A revolution in biology brought together
Darwin’s theory of evolution by natural selection and the genetic theory of inheritance that
emerged from work done by Gregor Mendel in the nineteenth century and developed by an
extended experimental and theoretical undertaking during the first two decades of the twentieth
century. After this revolution in our understanding of genetics and of evolution, that same
shared morphology between bats and primates continued to serve as evidence of common
ancestry, although just what that involves had been given a much deeper level of explanation.

Moreover, there is good reason to think that scientists at least sometimes anticipate
significant changes in theorizing (without knowing just what those changes will be) and take
measures in their experimental work to secure their evidence against changes in theories. For
example, when he was performing experiments that provided crucial insights into the nature of
electromagnetism in the middle of the nineteenth century, Michael Faraday took careful
measures to describe his experimental results in a manner that would make them independent of



any of the theories of electricity or magnetism of his day (Cobb, 2009). Isaac Newton, in the
course of arguing for his Universal Law of Gravitation, ensured that his inference, though
extremely bold in its scope, was free of any commitment to particular views about the cause of
gravity, an issue that he regarded as unsettled (Harper, 2002, 2011).

Such efforts need not presume the availability of a theory-neutral observation language of the
sort espoused by logical empiricists. Mary Hesse, for example, combines an embrace of
Kuhn’s thesis of theory-ladenness of observation with a recognition of the possibility of
paradigm-neutral theory testing in her network model of scientific theories (Hesse, 1980).
Hesse’s argument relies on the observation that even where a term used in reports of
observations does have different meanings in different theoretical networks, there will often be
an area of “intersection of predicates and laws between the theories,” the exploitation of
which can yield paradigm-independent judgments of the viability of competing theories (Hesse,
1980, 97).

Another problem that Kuhn’s account faces concerns his claim that scientific revolutions
involve changes in methodological standards of appraisal. This claim is crucial to his assertion
that “When paradigms enter, as they must, into a debate about paradigm choice, their role is
necessarily circular” (SSR, 94). Philosophers of science have proposed numerous accounts of
scientific method that aim at a kind of generality that would transcend commitments to
particular theories at particular times; if Kuhn is right, they are on a wild goose chase. But
whether or not any particular one of these accounts is entirely satisfactory, there is some reason
to think that scientific inquiry relies, to a very large extent, on methods of appraisal that at least
survive changes in particular theories in particular disciplines. Moreover, when such methods
do change, as they sometimes do, it is not because of a change in any particular theory to which
those methods might be applied.

A good example would be the history of developments in theoretical statistics that have
provided scientists in essentially every discipline with new tools for evaluating the reliability
and probative power of their testing procedures, and for making the most efficient use of the
data they produce. These developments have a fascinating history of their own (Hacking, 1990;
Porter, 1988; Stigler, 1990). Even if a Kuhnian view of the history of statistics would regard
these developments as involving one or more revolutions, the methods developed out of the
advances in statistical theory provide an ongoing basis for building up and evaluating
knowledge from experimental data that does not depend on the reigning paradigm in any
particular discipline, whether it is epidemiology or cognitive neuroscience or astrophysics.

5.9 Conclusion

Scholars continue to debate the significance of Thomas Kuhn’s work and the model of
scientific development that is articulated in his writings (Fuller, 2001; Hoyningen-Huene,
1993). He played a significant role in an important transformation of the discipline. He
combined an intriguing perspective on scientific change with a distinctive kind of reasoning
that really was different from his predecessors. His historical approach gave priority to the
study of episodes of scientific controversy and discovery from the perspective of the
participants in those episodes. At least in principle, he intended to let the study of such
episodes come first, and the philosophical lessons to be drawn come second. This priority is
reflected in a rhetorical question posed in the final chapter of SSR about judgments of whether
a problem has been adequately solved: “What better criterion than the decision of the scientific
group could there be?”” (SSR, 170). The question reflects Kuhn’s reticence about philosophical



attempts to formulate independent criteria of rationality or progress or adequacy to which
scientists might then be held accountable.

This is not to say that Kuhn held that anything goes in science. Not just any set of ideas and
methods can sustain a normal science tradition. In that sense, Kuhn regarded his account as
giving some idea of what a community of inquirers must be like in order to constitute a
scientific community. On the other hand, a functioning normal science tradition is, in a certain
sense, beyond reproach on this account. More precisely, any criticism can only find a
legitimate footing within the tradition itself, at least until a crisis comes along.

I SSR went through three editions. The second edition (1970) added a lengthy postscript, but left the
text otherwise nearly unaltered. The third edition (1996) added an index. All page citations here are to
the third edition.

% More precisely, the Old Quantum Theory predicted a splitting into triplets, an observed phenomenon
known as the ‘normal Zeeman effect.” But in the anomalous Zeeman effect, spectral lines split into
four or six components in a magnetic field.

3 Comments that he resembled the film actor Edward G. Robinson delighted Pauli (Enz, 2002).

4 As Kuhn himself noted, N. R. Hanson had gone much further in the discussion of gestalt shift images

as elucidating some similar views about how theoretical commitments affect one’s empirical evidence
(Hanson, 1958).

> That the solution to such problems by phylogeneticists is a matter of “persuasion, background,
training and tradition” just as Kuhn suggests has been argued by Richards (2002).
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Lakatos: scientific research programs

6.1 Introduction

In this chapter and the next we will consider the contributions of Imre Lakatos and Paul
Feyerabend, respectively. They were contemporaries of Thomas Kuhn who shared some of
Kuhn’s commitments but developed them into strikingly different visions of the scientific
enterprise.

Like Kuhn, both Lakatos and Feyerabend emphasize that an adequate philosophy of science
has to answer to the history of science (though they disagreed on the exact role history should
play). Like Kuhn, they insist that the theoretical framework in which a scientist works
influences the way that she interprets her evidence, making the logical empiricists’ sharp
distinction between theoretical and observational vocabularies untenable.

Yet Kuhn, Lakatos, and Feyerabend offer very distinct philosophies with different aims. An
important difference concerns the rationality of science. For Kuhn, an adequate account of
revolutionary science must allow for rational disagreement among scientists, but beyond that
rationality is not central to his analysis. For both Lakatos and Feyerabend, the problem of
rationality is central, but they take positions that are, at least on the surface, diametrically
opposed. Lakatos seeks to demonstrate the (at least partial) rationality of the historical
progression of scientific thought (and to distinguish it from irrational pseudoscience).
Feyerabend, on the other hand, argues that any attempt to constrain science by a philosophical
model of rationality (whether that of the logical empiricists, or Popper, or anyone else) will
prove counter productive, inhibiting the free development of the individual scientist and
blocking the growth of scientific knowledge. Both disagreed vehemently with what they
regarded as Kuhn’s deference to the consensus of the ‘normal science’ community. Perhaps not
coincidentally, Karl Popper was influential in the development of both Lakatos’s and
Feyerabend’s philosophies of science. The present chapter will seek to highlight the main
features of Lakatos’s account of progressive research programs.

6.2 Falsification and the underdetermination problem

Lakatos’s life story deserves a longer telling than I can give here.! He was born into a Jewish
family in Hungary in 1922 (his family name was Lipsitz). When Hungary entered World War II
on the Axis side, he adopted a false identity, first to avoid being forced into a ‘labor company’
by the Hungarian government, then to escape deportation to an extermination camp when the
Nazis occupied Hungary in 1944 (his mother and grandmother were killed in Auschwitz). He
adopted the name Lakatos after the Russians invaded Hungary. After studying mathematics,
physics, and philosophy? he held a post in the post-war Hungarian Ministry of Education, but
was then imprisoned for nearly four years on charges of ‘revisionism.” When anti-Soviet
resistance swelled up in 1956, Lakatos helped write a statement proclaiming freedom of
scientific inquiry on behalf of the National Committee of The Hungarian Academy of Sciences.



Shortly after Soviet tanks rolled into Budapest to put down the uprising, Lakatos emigrated,
first to Vienna, then to Cambridge, where he wrote a PhD thesis in philosophy of mathematics.
He began an appointment at the London School of Economics (LSE), joining Karl Popper in the
Department of Philosophy, Logic and Scientific Method that Popper had founded. He was
appointed Professor of Logic in 1969, but died in 1974 at the age of 51.

He began to develop his views about the philosophy of the natural sciences after his
appointment at LSE, and he did not live to write the book that would fully articulate his views.
Nonetheless, he wrote a long essay titled “Falsification and the methodology of scientific
research programmes,” first published in a collection of essays arising from a symposium held
in 1965 in which both Kuhn and Popper participated (Lakatos & Musgrave, 1970). The
differences between Kuhn’s and Popper’s philosophies are central to the papers collected in
that volume, and constitute a significant focus of Lakatos’s paper as well.

Lakatos states explicitly what is at stake in debates over scientific methodology. In his
introduction (titled “Science: Reason or Religion?”’) he states: “The clash between Popper and
Kuhn is not about a mere technical point in epistemology. It concerns our central intellectual
values, and has implications not only for theoretical physics but also for the underdeveloped
social sciences and even for moral and political philosophy.” He continues with a polemic that
defenders of Kuhn would regard as distinctly uncharitable: “If even in science there is no other
way of judging a theory but by assessing the number, faith and vocal energy of its supporters,
then this must be even more so in the social sciences: truth lies in power. Thus Kuhn’s position
vindicates, no doubt, unintentionally, the basic political credo of contemporary religious
maniacs (‘student revolutionaries’)” (Lakatos, 1970, 93).

Lakatos’s account of scientific change seeks to demonstrate how a broadly falsificationist
philosophy of science can deal adequately and explicitly with the problem of the
underdetermination of decisions regarding theories by observations alone (including decisions
to regard them as falsified). Lakatos regarded Popper’s falsificationism as a failure in this
regard.

Lakatos begins his critique of Popper’s falsificationism by distinguishing it from a distinct
position with which Popper’s is sometimes confused. The latter he refers to as “dogmatic
falsificationism,” while he considers Popper to have advocated “methodological
falsificationism.” The distinction concerns the status of statements describing empirical results
that might serve to falsify theoretical statements. For the dogmatic falsificationist, these
statements are simply those that report the results of observation, which is to be regarded as a
distinct “psychological” process from theorizing. An observational statement, according to this
view, is proved (or at least justified) by the observation of facts.

The methodological falsificationist (such as Popper himself) rejects this untenable claim. As
already discussed in Chapter 2, Popper denied that experiences such as the observation of a
fact could justify statements because the only thing that could do that would be another
statement that logically entailed the first. Neither psychological states (“in the mind”) nor
states of affairs (“out in the world”) can play this role. Contrary to the views of the logical
empiricists, statements used to describe experimental or observational results, and potentially
to falsify theories, are articulated in language already bearing theoretical commitments. Their
acceptance as part of the empirical basis results from the decision of the investigator.

But Lakatos emphasizes an important difference between naive and sophisticated
methodological falsificationism. For naive methodological falsificationists (NMFs), a theory is
“‘acceptable’ or ‘scientific’” if it is falsifiable by experiment. The sophisticated
methodological falsificationist (SMF) considers a theory to acquire such status only if it “leads
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to the discovery of novel facts” (Lakatos, 1970, 116). The NMF considers a theory to be
falsified when he decides that a statement accepted as part of the empirical basis conflicts with
that theory. For SMFs, a theory T is falsified only if some other unrefuted theory 7" has been
proposed that predicts novel facts (facts that 7" predicts will not hold, or at least that it presents
as very improbable), at least some of which have been corroborated, and that explains facts
previously explained or predicted by 7.

6.3 The methodology of scientific research programs

In the progression from dogmatic falsificationism to sophisticated methodological
falsificationism Lakatos’s focus shifts from the question of whether an individual theory is
scientific to the question of what, in his words, “intellectual honesty”” requires of investigators
by way of response to a potential falsification of a given theory. Lakatos proposes a parallel
shift from judging theories to judging sequences of theories that bear a certain historical
relationship to one another. These sequences of theories he calls scientific research programs,
and the centrality of their role in his methodology marks Lakatos’s most significant departure
from Popperian falsificationism.

More precisely, a scientific research program is a historical entity with four main
components. The program must include (i) a single hard core of “assumptions which, by
methodological decision, as it were, are kept unfalsified” (Zahar, 1973, 100). To obtain a
theory, one must conjoin the assumptions from the hard core with (ii) auxiliary assumptions
constituting the protective belt; these assumptions are expendable, and when a potential
falsification or anomaly arises for a theory thus constructed within the research program,
investigators direct falsification at the protective belt, rather than the hard core.
Methodologically, the construction and subsequent modification of a scientific research
program is guided by (iii) a negative heuristic, which directs the investigator to deflect
potential falsifications away from the hard core and toward statements in the protective belt,
and (iv) a positive heuristic, a kind of guideline or policy for the initial construction and
subsequent modification of the protective belt. Thus, a research program comprises a series of
theories (a ‘problemshift’, in Lakatos’s terminology) as investigators combine the unchanging
hard core with the changing contents of the protective belt.

Let us consider an example from the history of physics, of the sort Lakatos had in mind in
developing his methodology, to see how we might apply these ideas.

6.3.1 A tale of two planets

The planet Uranus was discovered by William Herschel in 1781, but over the following years
observations of Uranus proved difficult to reconcile with predictions drawn from Newtonian
Celestial Mechanics (NCM: essentially, this is Newton’s laws of motion and law of gravity,
mathematically elaborated through the subsequent century and applied to the known bodies of
the solar system). In 1845, Francoise Arago, who was then director of the Paris Observatory,
encouraged a young astronomer—mathematician named Urbain Le Verrier to work on the
anomalous observations of Uranus’s orbit.

Other astronomers had speculated that the problem might arise from the gravitational field of
“a new planet whose elements would be known according to its action on Uranus” (Wilhelm
Bessel, writing in 1840, quoted in Hanson, 1962, 361). Le Verrier set to work to calculate,
using NCM: (i) the precise effect of Jupiter and Saturn on Uranus’s orbit; (ii) the exact
disagreement between the predictions and the observations of Uranus’s orbit, accounting for the



perturbations determined in his first step; and (i11) what hypothetical properties of a possible
new planet would introduce a further perturbation in Uranus’s orbit sufficient to reconcile
prediction and observation.

Le Verrier presented his work in Paris, but did not succeed in persuading anyone there to
search for the planet that his analysis predicted, so he wrote to Johann Gottfried Galle at the
Berlin observatory. Galle’s student, Heinrich Louis d’Arrest, suggested making a comparison
with a recently constructed chart of the stars and, just after midnight on September 24, 1846,
the Berlin astronomers found the planet. It lay within 1° of Le Verrier’s predicted location and
had an apparent diameter in very close agreement with the predicted value.

Independently of Le Verrier, John Couch Adams had taken up the problem tackled in part
(i11) of Le Verrier’s calculations. He had even less success than Le Verrier in persuading others
to take his calculations seriously. He communicated his results to James Challis, director of the
Cambridge Observatory, and to George Airy, the Astronomer Royal.> Only when Airy got wind
of Le Verrier’s Paris presentations did he set Challis’s observatory to work on a search for the
planet, which began on July 29, 1846. Challis did not have as good a star map as Galle, and
only after the announcement of the Berlin observation did the English astronomers realize that
they had observed the planet in August without realizing it.*

Note that by the criteria of NMF, these astronomers made the wrong move. When they
‘observed’ the conflict between the data on Uranus’s orbit and the prediction from NCM, they
should have abandoned Newton’s theory as falsified. Instead, they proposed to save the theory
by adopting a new auxiliary assumption. SMF does not explicitly condemn this response, but
does not tell us why it was reasonable to introduce a new auxiliary hypothesis rather than
trying to come up with a replacement for the core commitments of NCM.

Lakatos’s methodology seeks to improve upon NMF and SMF by doing two things: First, it
articulates a new unit of methodological appraisal (the scientific research program) and its
components (hard core, protective belt, and negative and positive heuristics). Second, it
articulates criteria by which to evaluate the responses of scientific research programs to
potential falsifications.

Applying Lakatos’s analysis of research programs to our example, Le Verrier and Adams
regarded NCM as the hard core. The anomalous features of Uranus’s orbit presented a problem
to be solved, but, in keeping with the negative heuristic, not a reason to reject NCM.
Furthermore, they regarded statements about the bodies to be found in the solar system as lying
within the protective belt. That belt had been modified before (when Uranus was added to the
solar system), and could be modified again. Plausibly, the positive heuristic they followed
states that one may hypothesize new bodies with orbital parameters allowing their observation
in order to explain otherwise anomalous orbits of celestial bodies.

6.4 Criteria for progress

Lakatos considered falsificationists to be concerned with determining whether a given theory is
acceptable or scientific. A central motivation for the methodology of scientific research
programs (MSRP) is that, in a certain sense, every theory is “born falsified” (in the sense that
every theory has unresolved anomalies throughout its historical development), and yet
theoretical principles can be rendered unfalsifiable by simply redirecting the inference that an
error has occurred onto some statement in the protective belt. Moreover, sometimes it is
reasonable to do this, as astronomers did with regard to NCM in the period 1781-1846.

Just as clearly, though, it is not always reasonable to protect a theory from falsification in



this way. Sometimes the lesson to draw from an apparent failure of a theory is that the theory is
wrong! We would like a principle that allows us to differentiate these two possibilities.
Another episode from the history of astronomy illustrates why.

6.4.1 A tale of another planet?

Urbain Le Verrier, the hero of the discovery of Neptune, also worked on the orbit of Mercury.
In the 1840s, he set out to determine the theoretical orbit of Mercury, for which very precise
observational data were available. But he could not make the data fit the theory. Norwood
Russell Hanson comments that for Le Verrier “the theory of Mercury was like a frayed garden
hose conveying high-pressure steam. When he adjusted it here, it sprang a leak there; he hadn’t
enough hands, or ideas, to plug every hole at once” (Hanson, 1962, 366). In an 1849 report to
the Paris Academy, he traced the difficulties to a mis-match regarding the precession of
Mercury’s perihelion (the point in the orbit at which the planet comes closest to the Sun).
According to NCM, the perihelion of Mercury’s orbit should advance 527" of arc over the
course of a century, but the observational data indicated an additional 38" of advance. (In 1882
Simon Newcomb corrected the magnitude of the anomaly to approximately 43" /century.)

Le Verrier attempted in 1859 to reconcile theory and observation by adjusting the planet’s
orbital parameters (such as its mass), but these were already very narrowly specified by
existing data and theory. If he changed them by very much, it ruined the fit between theory and
data elsewhere. So he turned to the trick that had worked so well in the case of Uranus: he
considered the postulate of a new planet (or “group of planetoids™) inside Mercury’s orbit,
previously unobserved because of its (or their) proximity to the Sun. A new telescopic search
was needed.

Many observational reports of an intra-Mercurial planet followed. (These described the
observation of transits, in which a dark spot appeared in front of the Sun; such spots had to
exhibit planetary motion, lest they turn out to be sunspots.) Le Verrier received one report in
December 1859 from a provincial doctor and amateur astronomer named Edmond Modeste
Lescarbault. Lescarbault’s report was sufficiently credible that Le Verrier, by now the Director
of the Paris Observatory and an important scientific dignitary, traveled to the town of Orgéres-
en-bouce to query Lescarbault directly. The doctor was convincing. Le Verrier announced the
finding to the Académie des Sciences in January 1860 and arranged for Lescarbault to receive
the Legion of Honor. Thus was the planet that came to be known as Vulcan discovered (Baum
& Sheehan, 2003; Hanson, 1962).

Or would have been, if it existed.

In the ensuing decades, in Hanson’s words, “Vulcan’s forge cooled” as various astronomers
attempted to make their own observations of Vulcan and failed, or observed spots that
appeared promising but later proved illusory. Even had Lescarbault’s planet been real, Le
Verrier’s determinations of its features based on Lescarbault’s data indicated that it could not
reconcile Mercury’s anomalous orbit with NCM. Ultimately, NCM proved unable to explain
the anomalous precession of Mercury’s perihelion. Instead a radically new theory of gravity —
Einstein’s General Theory of Relativity — would explain this phenomenon. But that is another
story . . .

6.4.2 Progress

Lakatos’s MSRP is primarily a theory of scientific progress: It draws its principal distinction
between progressive and degenerating research programs. Whether a research program is



progressive depends on its ability to generate predictions of novel facts, i.e. “facts which had
been either undreamt of, or have indeed been contradicted by previous or rival programmes”
(Lakatos, 1978, 5). Progress comes in two varieties: A theoretically progressive research
program is one in which later theories, constructed with the aid of the program’s positive
heuristic, predict novel facts. In an empirically progressive research program such predictions
are corroborated by subsequent investigation. A research program in which responses to
anomalies are not motivated by the positive heuristic of the research program or do not result
in corroborated novel predictions is degenerating.

NCM'’s encounter with the anomalous orbit of Uranus displays its progressive character. By
adding a heuristically motivated hypothesis about a new planet, Le Verrier constructed a new
theory with novel content, which was then corroborated. The attempt to supplement NCM with
a hypothesis about an intra-Mercurial planet was theoretically progressive, but NCM failed to
convert this into empirical progress. As Lescarbault’s Vulcan proved illusory, astronomers
explored other means to solve the problem of Mercury’s orbit.

One such effort reveals the challenge of applying Lakatos’s MSRP. In 1894 Asaph Hall
suggested a revision of Newton’s law of gravity itself. He proposed to change the parameter
that dictates how the strength of the gravitational force depends on the distance between the
two gravitating masses. The constraints on viable revisions were significant, because any such
change would have to preserve the very good agreement between other astronomical data and
the standard formulation of Newton’s law (in which gravitational force F; is proportional to

the inverse of the distance r squared, i.e., F; = r2). Hall determined that revising Newton’s
law such that F; o< 5200000016 woyld yield the right value for the precession of Mercury’s

perihelion. As William Harper relates, in 1895 Simon Newcomb, “by then the major doyen of
predictive astronomy, cited Hall’s proposal as ‘provisionally not inadmissible’ after rejecting
all other accounts he had considered” (Harper, 2007, 937).

Was this a theoretically progressive problemshift, or was NCM at this stage degenerating?
That depends on whether modifications to the distance dependence in Newton’s law of gravity
adhere to NCM’s positive heuristic. Research programs do not, however, wear their heuristics
on their sleeves. Newton’s law of gravitation asserts that F; o< X, where y = —2. This
expression separates the form of the distance dependence from its parameter values. Does the
parameter value y = —2 belong to the hard core of NCM, or only the form F; o< # ? This

question lacks a clear answer; worse, it is not clear what kind of evidence we would need to
answer it.

We do know that Hall’s proposal did not survive. In 1903 Ernest William Brown used data
on the lunar orbit to show that Hall’s proposed change to the distance parameter in Newton’s
law exceeded by two orders of magnitude the maximum allowable difference from —2. And a
departure small enough to be allowed could not account for the anomalous orbit of Mercury
(Harper, 2007). Something else had to give, and that something was NCM itself.

6.4.3 Novelty

We have seen that Lakatos’s distinction between progressive and degenerating research
programs turns on their ability to predict novel facts. The novel prediction requirement calls to
mind a widely held intuition that it is more impressive when a theory can predict something
previously unknown than when it can merely explain what is already known.

As appealing as this intuition might be, when we scrutinize what we mean by calling a fact



novel, and try to understand why such predictions should render theories preferable, things
become less clear. For example, Le Verrier’s prediction of the existence and location of
Neptune strikes us as an impressive success not only for Le Verrier himself, but for the theory
of NCM on which he relied. Once the existence of Neptune was established, one could then use
knowledge of the parameters of Neptune’s orbit to predict where it would be in the night sky on
some date in the future. This strikes us as somehow less impressive. Yet in both cases one
derives from the theory a statement about some state of affairs that is not known already to
obtain.

Both predictions would be novel in the temporal sense, according to which a fact is novel if
at the time that it is predicted it is not among the facts known to science. But the difference in
the import of the two predictions calls for a new distinction. What impresses us in a theory is
not just the ability to generate a statement about some state of affairs that is in the future, but
rather the prediction of some new kind of fact, or phenomenon, previously unknown to science.
Le Verrier’s prediction of Neptune seems to meet this stronger requirement, whereas the
prediction of the location in the night sky of an already known planet on some future date does
not.”

Setting aside the non-trivial problem of determining, in a principled way, what constitute
facts ‘of the same kind,” this temporal notion of novelty would make the determination of
whether a research program is progressing depend rather strongly on what seem to be
incidental factors that should not really have a bearing on our assessment of a scientific theory.
It also raises thorny questions about what it means for a fact to be ‘known to science.’

Moreover, whatever the details of our resolutions of these difficulties, we seem bound to
leave the status of a research program hostage to biographical matters regarding scientists
whose relevance to the credibility of a theory seems dubious. Would Le Verrier’s prediction
not count as novel if another astronomer had already observed Neptune? What if numerous
astronomers had seen the planet? How many would it take to disqualify the prediction from
being novel? If only Le Verrier’s state of knowledge mattered, would we have to revise our
evaluation of NCM upon the discovery of a diary entry revealing that Le Verrier had secretly
already observed Neptune before his calculations? It is far from clear just why such
biographical details should have a bearing on the status of a theory.

Alan Musgrave discussed these difficulties in a survey of various notions of novelty (1974).
Musgrave notes that Lakatos himself articulated a notion of novelty that is not temporal.
According to Lakatos’s account, as Musgrave interprets and defends it, scientists do not use
novel predictions for the confirmation of a theory 7 in isolation, but evaluate 7" in comparison
to some prior or ‘background’ theory 7. For Le Verrier this background theory 7, would

perhaps be constituted by the ‘hard core’ principles of NCM in conjunction with, among other
things, existing knowledge of the first six planets in the solar system. Le Verrier derived his
prediction from a new theory (call it ‘NCM+Neptune’) combining all those elements with a
‘theory of Neptune’ specifying its hypothetical orbital parameters. Regardless of whether
anyone in particular, or even the entire astronomical community, already knew of the existence
of such a planet, the theory NCM+Neptune has novel predictive content in comparison to 7|,

and it is this fact that makes the episode progressive.

The problems we raised for temporal novelty appealed to intuitions about what kinds ot
facts ought to be relevant to the scientific status of a theory. Such intuitions could be wrong, or
at least misleading. Intuitions often are. In this case, however, some philosophers have found a
deeper principle underlying these intuitions. What seems impressive about Le Verrier’s
prediction of Neptune concerns not simply his prior knowledge or lack of knowledge of the



existence of a planet beyond Uranus. What matters is that NCM had conceptual resources to
supply this prediction independently of any interest in enabling it to do so on the part of those
who formulated it. The answer was not built into, but rather found in the theory.

Such a line of thinking has led to the reformulation of Lakatos’s novelty requirement in terms
of ‘heuristic’ or ‘use’ novelty. In Elie Zahar’s account, a fact is novel in the heuristic sense
relative to a given hypothesis “if it did not belong to the problem-situation which governed the
construction of the hypothesis” (Zahar, 1973, 103). John Worrall has articulated this idea in
terms of what he calls “use-novelty”: some fact £ that is entailed by a theory 7 cannot serve as
a test or “potential falsifier” (in Popper’s terms) of 7 if £ was used in the construction of 7,
i.e., if T was “engineered to entail” £ (Worrall, 1989a, 148; see also Worrall, 1985 and, for a
recent exchange on the issue, Mayo & Spanos, 2009, 125-169). (Much of the ongoing debate
over novelty takes place in a framework no longer tied to Lakatos’s methodology of scientific
research programs.)

6.5 Conclusion: no “instant rationality”

Suppose that we accept Lakatos’s demarcation between progressive and degenerating research
programs in terms of the prediction of novel facts (however we wish to interpret that
requirement). Having made the demarcation, how should we understand its significance?

Lakatos insisted that scientific methodology is important because it “concerns our central
intellectual values.” Lakatos would have us value progress, i.e., those research programs that
change their protective belts (in a manner guided by their positive heuristic), while protecting
their hard cores (in keeping with the negative heuristic), and in the process succeed in
predicting novel facts which are then observed.

Let us, for the sake of argument, accept this point. What follows from it for our judgment of a
particular theory at a particular time? We might be interested in deciding whether there is good
reason to think the theory is likely to be correct, or at least reliable for purposes of prediction.
A working scientist might be interested in deciding whether she ought to invest her time in
working on a particular theory in the expectation that the theory will be successful in solving
problems of interest to her and her colleagues. Can Lakatos’s methodology of scientific
research programs help with such decisions?

By Lakatos’s own insistence, the determination of a research program’s status as progressing
or not cannot by itself answer any such questions. It can only show in retrospect the rationality
(or failure of rationality) of such decisions, through what Lakatos calls the rational
reconstruction of the history of science. A rational reconstruction starts with a certain view of
what is rational (for Lakatos, this would be the methodology of scientific research programs,
but for a Popperian falsificationist or an inductivist it would be something different), and then
uses that theory of rationality to show how scientists were rational in a particular scientific
episode, under the tentative presumption that those scientists were rational. Lakatos
acknowledges that one must then compare the rational reconstruction of the episode with
“actual history” in order to “criticize one’s rational reconstruction for lack of historicity, and
the actual history for lack of rationality” (Lakatos, 1978, 53).

Such a method will be of no direct help for decisions regarding current, on-going science.
Lakatos states explicitly that he does not intend anyone to use his criterion to execute a “quick
kill” of a scientific theory, as one might use a Popperian falsification: “One must treat budding
programmes leniently: programmes may take decades before they get off the ground and
become empirically progressive” (Lakatos, 1978, 6). Neither is it a rule, according to Lakatos,



that one should stay with a research program as long as it is progressive: “It would be wrong to
assume that one must stay with a research programme until it has exhausted all its heuristic
power” (Lakatos, 1978, 68). It is starting to seem as though there are no clear, objective rules
for scientists to follow.

On the contrary, Lakatos insists, his methodology provides an objective basis for the
decision to reject some programs outright: “such an objective reason is provided by a rival
research programme which explains the previous success of its rival and supersedes it by a
further display of heuristic power,” i.e., ability to generate factual novelty (Lakatos, 1978, 69).
Finally, something clear cut and definitive . . .

... Except! Lakatos immediately re-complicates things by noting that factual novelty is often
not susceptible to quick and unanimous appraisal: “the novelty of a factual proposition can
frequently be seen only after a long period has elapsed” (Lakatos, 1978, 69; emphasis in
original). This is because, he argues, what appears to be an established fact predicted by an
already-existing theory can be regarded as novel if a new theory provides us with a new
interpretation of that fact. This is why we should be tolerant of “budding” research programs,
but even an “old, established and ‘tired’ programme, near its ‘natural saturation point’ . . . may
continue to resist for a long time and hold out with ingenious content-increasing innovations
even if these are unrewarded with empirical success” (Lakatos, 1978, 72).

Lakatos summarized these nuances thus: “the methodology of scientific research programmes
does not offer instant rationality” (Lakatos, 1978, 6). His friend in life and foe in philosophical
debate, Paul Feyerabend, took Lakatos’s denial of instant rationality to be a way of evading a
deeper truth to which Lakatos’s insights pointed, but which Lakatos would not accept: there is
no universal, exceptionless methodology for distinguishing the rational from the irrational, the
progressive from the degenerating, good science from bad science. Feyerabend espoused an
“epistemological anarchism” according to which the only universally valid and exceptionless
rule of method is “anything goes,” and he considered Lakatos to be a “closet anarchist.” Not
surprisingly, Lakatos rejected this characterization of his own views.’ It is to Feyerabend that
we turn next.

I See (Larvor, 1998) for a detailed account of Lakatos’s life, as well as an insightful study of his
philosophy.

ZA comprehensive understanding of Lakatos’s philosophy would require attention to his study of the
philosophy of Hegel (Larvor, 1998; Kadvany, 2001).

3 One aspect of the multi-faceted controversy surrounding this episode concerns why neither Airy nor
Challis saw fit to follow up on Adams’s prediction (see Sheehan, Kollerstrom, & Waff, 2004;
Standage, 2000 for two engaging accounts).

4 Accounts of the episode sometimes assert that Le Verrier and Adams independently “made the same
calculations.” In fact, Adams only tackled one part of Le Verrier’s three-part project. Their resulting
calculations disagreed with each other and with the actual orbit of Neptune, but all three happened to
coincide for a brief period, during which the observations in Berlin and Cambridge were made
(Hanson, 1962).

> Nineteenth-century scientist and philosopher William Whewell relied on a roughly similar distinction in
his influential account of theory evaluation. He called the ability of a theory to predict new kinds of
phenomena the “consilience of inductions” and held that consilient theories such as NCM enjoy a
higher grade of support than those that merely predict new facts of a kind they are already known to
explain (Whewell, 1847).

6 Lakatos and Feyerabend planned to carry out a joint project in which they were to present opposing
arguments regarding the rationality of science. Lakatos’s death precluded that project, but some idea



of what it might have been is conveyed by a fascinating — and sometimes appalling — volume that
incorporates some of Lakatos’s lectures (fascinating) and the Lakatos—Feyerabend correspondence
(this is where you will find the appalling bits, along with displays of great wit; in some instances they
are one and the same) (Lakatos & Feyerabend, 1999).



7

Feyerabend: epistemological anarchism

7.1 Introduction

13

. .. a little brainwashing will go a long way in making the history of science duller, simpler,
more uniform, more ‘objective’ and more easily accessible to treatment by strict and
unchangeable rules” (Feyerabend, 1988, 11). In the introduction to his book Against method,
Paul Feyerabend thus expresses his views about the project of the methodology of science
pursued by most philosophers (as he understands them). He not only disagrees with their
pursuit of this project, he considers it harmful.

What is the philosophical project that he rejects? Why does he reject it? What does he offer
in its place? In this chapter we will seek answers to these questions. First, however, a word of
caution: Feyerabend’s willingness to mix what we might think of as reasoned philosophical
arguments with polemics makes for entertaining and stimulating reading, but it can also
complicate the search for his underlying argument. Moreover, for systematic reasons that we
will discuss, Feyerabend sometimes plays ‘devil’s advocate,” defending a position that is not
really his own, and it is not always obvious when he does so.

Like his friend Imre Lakatos, Paul Feyerabend came of age in the midst of the turmoil
enveloping central Europe in the 1930s and 1940s.! Born in Vienna on January 13, 1924, he
was drafted into the German army in 1942, four years after Germany’s annexation of Austria.
After serving several tours of duty on the Russian front, including commanding a company of
‘seasoned soldiers,’? he was shot in the spine, leaving him paralyzed from the waist down. He
used a wheelchair for a while until he learned to walk with crutches, and throughout his life
suffered bouts of intense pain requiring medication.

After the war, Feyerabend returned to Vienna, where his studies included physics and
mathematics. After completing a PhD in philosophy in 1951 he traveled to London, where he
studied with Karl Popper. His teaching career took him from Bristol to Berkeley to wanderer,
lecturing widely and sometimes holding three positions simultaneously on two continents
(Berkeley, London, and Berlin). So he had already become well-known and sought after as a
lecturer and philosophical interlocutor when he published a long essay titled “Against method:
Outline of an anarchistic theory of knowledge” (Feyerabend, 1970). When he expanded that
essay into a book with the same title, published in 1975, he went from well-known to
notorious.

7.2 Epistemological anarchism

In Against method, Feyerabend advocates a view that he calls epistemological (or sometimes
theoretical) anarchism. He begins the book by proclaiming, “Science is an essentially
anarchic enterprise: theoretical anarchism is more humanitarian and more likely to encourage
progress than its law-and-order alternatives” (Feyerabend, 1988, 9).

The term “essentially” deserves emphasis. The anarchic character of science is not,



Feyerabend emphasizes, a mere historical contingency. Although Feyerabend will invoke the
history of science in his arguments, he is not simply observing something about how science
has as a matter of fact been pursued, he is advocating anarchism as an integral and value-
enhancing part of the scientific undertaking.

Next, note that Feyerabend claims two distinct advantages of an anarchistic approach to
science. First, it is “more humanitarian . . . than its law-and-order alternatives.” So
Feyerabend’s epistemological anarchism does not rest only on epistemological considerations
in any narrow sense. It is part of a more general view of the conditions for human flourishing,
which Feyerabend associates with the nineteenth-century British philosopher John Stuart Mill.
Second, epistemological anarchism is “more likely to encourage progress than its law-and-
order alternatives.” Feyerabend will need to show that his approach is more fruitful in the
pursuit of scientific progress than these alternatives.

But what is epistemological anarchism? Put simply, it is the position that science should not
be pursued by following a fixed set of rules at all times.

This statement is of course purely negative, and the simplicity of its formulation belies the
difficulty of determining its consequences. To flesh it out, let us consider carefully
Feyerabend’s two-fold argument for epistemological anarchism, alluded to above. I will refer
to these two main lines of argument as the argument from progress and the argument from
happiness.

7.3 The argument from progress

We can perhaps capture the main point of it with a negative statement: Whatever rules you
might think of as constitutive of the scientific method, there will be some circumstances in
which one can best advance scientific knowledge not by adhering to those rules, but by
violating them. “To those who look at the rich material provided by history,” Feyerabend
writes, “and who are not intent on impoverishing it in order to please their lower instincts,
their craving for intellectual security in the form of clarity, precision, ‘objectivity’, ‘truth’, it
will become clear that there is only one principle that can be defended under al/ circumstances
and in a/l stages of human development. It is the principle: anything goes” (Feyerabend, 1988,
19; emphases in original).

This expression, “anything goes,” has become a kind of icon of Feyerabend’s philosophy of
science. Plucked out of context, however, this expression can create misunderstanding. In
particular, one might think that with this expression Feyerabend tells us that one may advance
scientific knowledge by whatever means one likes. This would be a very odd position to take,
because it is not hard to see that, to the contrary, most things that one could do in science
(setting your apparatus on fire, pouring maple syrup into the spectrometer) will not work.
Indeed, finding even one thing to do that will advance significantly the state of knowledge in a
given field requires great ingenuity and effort.

Feyerabend’s actual position, though perhaps ambiguous, is certainly more nuanced than just
“anything goes.” Instead, he argues that any rule that we might regard as a ‘universal’ guide to
scientific inquiry will, under some circumstances, prevent scientists from contributing to the
progress of science (whatever we think of as progress).

To support this claim, Feyerabend employs two argumentative strategies. The first employs
general philosophical arguments regarding the relationship between rules and their context of
application, and regarding the conditions under which arguments function effectively to change
opinions. The second strategy employs episodes drawn from the history of science.



Feyerabend’s writings weave these two strategies together, using history to lend plausibility to
his philosophical arguments, and refracting his interpretation of historical events through his
own philosophical lenses. To aid us in understanding the arguments, I will discuss the
strategies separately. Let us begin with the philosophical arguments.

7.3.1 Limitations of rules and logic

If we knew exactly what the world is like, then perhaps we could come up with a system of
rules that would constitute an effective procedure for determining its structure, its constitution,
the general principles that best describe how the world works. Of course, in that case we
would not really need these rules, because we would already know everything that the rules
were designed to help us discover. Feyerabend argues that the effectiveness of a rule for
pursuing science will always, in one way or another, depend on what the world is like, which
is precisely what we do not know. So we must “keep our options open.” “Epistemological
prescriptions may look splendid when compared with other epistemological prescriptions, or
with general principles — but who can guarantee that they are the best way to discover, not just
a few isolated ‘facts’, but also some deep-lying secrets of nature?” (Feyerabend, 1988, 12).

We have already encountered this idea in previous chapters, though not from this particular
perspective. Recall our unscientific doughnut example from Chapter 1: Whether it is
reasonable to generalize from the unpleasant taste of a sample of horseradish doughnuts to
horseradish doughnuts in general depends in part upon the extent to which the taste attributes of
doughnuts are uniform, a fact about which we are imperfectly informed. Similarly, the
reasonability of Newton’s generalization about the variable refrangibility of the rays in white
light depends on the extent to which light behaves the same independently of location and
source.

Nor can one disregard this as an aspect of the problem of induction that we can avoid by
using a falsificationist method. Falsificationist rules also depend for their success on contingent
and uncertain facts. A falsificationist response to the anomalies in Uranus’s orbit would have
called for the rejection of Newtonian celestial mechanics on the basis of that theory’s failed
predictions. That is the right response only if there are no other celestial bodies exerting
gravitational forces that render Uranus’s orbit consistent with Newton’s theory (within the
limits of accuracy available at the time).>

Such considerations suggest that whether a given application of a rule of inference — either
inductive or falsificationist — leads to success will be a contingent matter, depending on
additional facts not in general known in advance.

Alright, so science depends on fallible methods. Even when we apply the methods correctly
(whatever we think correctness might require), the conclusions we draw might be mistaken.
That a rule is fallible, however, does not entail that we should not follow it. In particular, if
following a methodological rule yields reliable results, or results more reliable than those
obtained by alternative methods, then it is reasonable for scientists to follow that rule.

Were Feyerabend asserting merely the fallibility of widely endorsed methodological rules in
this way, we would have little reason to reject his assertion, but also little reason to think of
him as an original and provocative philosopher. But Feyerabend goes further. He claims that,
for any rule that we might consider (partly) constitutive of the scientific method, there will be
occasions when we can better advance scientific knowledge by following a rule that points us
in the opposite direction.



7.3.2 Proliferation of theories

As an example of this, Feyerabend defends the use of counterinduction, which “advises us to
introduce and elaborate hypotheses which are inconsistent with well-established theories
and/or well-established facts” (Feyerabend, 1988, 20). This bit of advice will strike many as
counterintuitive, to say the least. If you consider a certain theory or fact to be well-established,
why would you waste your time on a theory that is incompatible with it? That you should not
thus waste your time might partly be the point of the last of Isaac Newton’s four “Rules for the
Study of Natural Philosophy,” which states: “In experimental philosophy, propositions gathered
from phenomena by induction should be considered either exactly or very nearly true
notwithstanding any contrary hypotheses, until yet other phenomena make such propositions
either more exact or liable to exceptions.” Newton goes on to explain that the point of this rule
is “so that arguments based on induction may not be nullified by hypotheses” (i.e., alternative
theories introduced for no other reason than their possible ability to explain the phenomena thus
far observed) (Newton, [1687]1999, 796). Newton’s rule, by making the conclusions of
inductive arguments provisional, implicitly acknowledges the fallibility of inductive reasoning
that we just highlighted, but he does not think that the fallibility of induction makes it
reasonable to adopt Feyerabend’s counterinductive procedure in its stead.

Newton notwithstanding, Feyerabend believes that introducing incompatible alternatives is
(sometimes) reasonable, and he gives somewhat different arguments to support this for the case
in which the counterinductively introduced theory contradicts a well-established theory and the
case in which it contradicts well-established facts.

Incompatibility with well-established theory

First, he argues, even a well-established theory may have weaknesses that will only be
discovered if one has some other incompatible theory with which to compare it, since “some of
the most important formal properties of a theory are found by contrast, and not by analysis”
(Feyerabend, 1988, 21).

In a certain sense, such a statement seems eminently reasonable. There is no doubt that the
distinctive features of a given theory can be highlighted by comparison with another theory
with which it competes for our acceptance. In the Origin of species, Charles Darwin devotes a
significant amount of attention to comparisons between the kinds of explanations of traits of
species offered by his theory of evolution by means of natural selection and those offered by
the theory of “special creation.” He thus helps his readers appreciate the differences between
the two accounts — a comparison that remains illuminating long after the scientific evidence for
evolution by natural selection has been well-established. That arguments offered in support of
one theory often involve a comparison with another (either an already existing competitor, or a
foil contrived just for the occasion) is not only not controversial, it is almost too obvious to be
interesting.

Reading Feyerabend’s elaboration of this point, however, it quickly becomes evident that,
whatever his point is, it certainly is supposed to be controversial. Consider the following;

A scientist who wishes to maximize the empirical content of the views he holds and who
wants to understand them as clearly as he possibly can must therefore introduce other
views; that is, he must adopt a pluralistic methodology. . . . Proceeding in this way he will
retain the theories of man and cosmos that are found in Genesis, or in the Pimander,* he
will elaborate them and use them to measure the success of evolution and other ‘modern’
views. He may then discover that the theory of evolution is not as good as is generally



assumed and that it must be supplemented, or entirely replaced, by an improved version of
Genesis. Knowledge so conceived is not a series of self-consistent theories that converges
toward an ideal view; it is not a gradual approach to the truth. It is rather an ever increasing
ocean of mutually incompatible (and perhaps even incommensurable) alternatives . . .
(Feyerabend, 1988, 21; emphasis in original).

Feyerabend’s choice of examples seems outrageous. Is he seriously claiming that we can
improve our understanding of biological species by replacing Darwinian ideas with those
found in the biblical text of Genesis? As mentioned at the beginning of this chapter, Feyerabend
often took on the role of devil’s advocate, defending views to which he had no real
commitment. This makes it hard to gauge the seriousness of the specific example he gives here.
We should not, however, let that distract us from the seriousness of the main point, which
concerns the very aim of science itself. Science aims, he tells us, not at a single comprehensive
account of the phenomena in a given domain, but at an “ocean” of accounts that are not even
compatible with one another.

As a consequence, Feyerabend advises against discarding any idea: “There is no idea,
however ancient and absurd, that is not capable of improving our knowledge” (Feyerabend,
1988, 33).

Incompatibility with established facts

Turning to the second argument for counterinduction, which defends the value of introducing
theories inconsistent with “experiments, facts, observations,” Feyerabend begins by reminding
us of an already familiar point: When a theory is introduced, it confronts anomalies from the
very beginning: “no single theory agrees with all the known facts in its domain” (Feyerabend,
1988, 39). Feyerabend devotes a chapter of Against method to a somewhat breezy catalog of
examples of this phenomenon as exemplified in the history of physics, and then turns to a rather
detailed discussion of his favored historical illustration of counterinduction: Galileo’s
arguments in defense of Copernicus’s heliocentric theory of the cosmos.

Before turning to Feyerabend’s treatment of Galileo, note that Feyerabend’s argument starts
with the rejection of an unrealistic methodological constraint. Because of the difficulties that
typically face theories at the time of their introduction, “[t]he demand to admit only those
theories which are consistent with the available and accepted facts . . . leaves us without any
theory. . . . Hence, a science as we know it can exist only if we drop this demand”
(Feyerabend, 1988, 51). Allowing theories into science that contradict statements that have
been accepted as “basic” (to use Popper’s terminology) is thus something that we simply have
to tolerate if we wish to have new theories.

But Feyerabend’s argument does not stop there: we should not merely tolerate such
contradiction of the “facts,” we should seek it out. “Counterinduction is thus both a fact —
science could not exist without it — and a legitimate and much needed move in the game of
science” (Feyerabend, 1988, 54; emphasis in original). Such a counterinductive move benefits
scientists by allowing them to criticize the facts themselves (i.e., to show that they are not facts
after all), in ways that might not otherwise be possible. Feyerabend considers Galileo to have
done exactly that.

Galileo on the motion of the earth

In 1632, after a great deal of maneuvering to obtain the needed license from the Church (the
imprimatur), Galileo Galilei published his Dialogue concerning the two chief world systems.



The title referred to two competing accounts of the nature and constitution of the cosmos. The
geocentric (earth-centered) system was rooted in Aristotle’s natural philosophy. Claudius
Ptolemy had developed a mathematical model of it in the second century CE, which subsequent
astronomers had elaborated into a rather complex system. Nicolaus Copernicus had devised a
mathematical model (also rather complicated) of a heliocentric (sun-centered) system, which
he described in a book titled De Revolutionibus, published just as Copernicus died in 1543.

We will not concern ourselves here with the details of the two systems.> For our purposes,
the significant difference between them is just this: According to the first system the Earth is
stationary and the motions that we observe of the planets, the Moon, the Sun, and the stars
across the sky are all the result of those bodies following orbits centered on the Earth.
According to the second system, the Earth has a two-fold motion consisting of its diurnal
rotation about its own axis and its orbital motion around the Sun.

Galileo’s defense of the Copernican system embroiled him in a theological dispute that led
ultimately to his trial and to the Church pronouncing him “vehemently suspected of heresy.” The
Church had put De Revolutionibus on the index of prohibited books in 1616, and around the
same time Galileo had been personally warned by the Vatican’s chief theologian, Cardinal
Robert Bellarmine, against teaching or defending Copernicus’s system.® Galileo used a
transparent artifice in the Dialogue to claim that it did not defend Copernicanism. Using the
dialogue form, Galileo creates a conversation between three figures: Salviati, Sagredo, and
Simplicio. Officially, Salviati does not advocate Copernicanism; he intends “only to adduce
those arguments and replies, as much on one side as on the other . . . and then to leave the
decision to the judgment of others” (Galilei, 1967, 107). In practice, Salviati presents a
relentless stream of arguments directed against the Aristotelian, geocentric viewpoint and in
defense of the Copernican system. Galileo uses Sagredo as a neutral arbiter between Salviati
and Simplicio, the staunch defender of Aristotelian geocentrism.

Feyerabend discusses many aspects of the Dialogue’s extended argumentation. Here I will
confine our discussion to one line of argument that illustrates especially vividly Feyerabend’s
strategy of arguing from historical cases for the value of counterinduction.

Imagine, if you can, that you live in the pre-Copernican era. Perhaps you have never even
heard before of the idea that the Earth might be in motion. You might well find the suggestion of
a moving earth positively ludicrous. Indeed, the Copernican system requires the Earth to have
two quite rapid motions. We now know that the Earth travels about the sun at approximately 30
km/sec, while the Earth’s daily rotation about its own axis entails that locations on the equator
travel at about 0.5 knm/sec.” The magnitudes of these speeds alone suggest that we are in a
constant state of considerable motion, and surely, it might seem, such motion would manifest
itself to us in some noticeable ways.

More specifically, opponents of the Copernican system pointed to a very simple, readily
observed phenomenon as conclusive evidence that the Earth cannot be moving in the manner
required in a heliocentric model. They pointed out that objects that are dropped on earth fall in
a straight line towards the surface of the earth. The Aristotelian natural philosophy explains
this phenomenon naturally: objects such as rocks, bricks, books, and Fabergé eggs fall because
they primarily consist of the element earth, the natural motion of which is toward the center of
the cosmos (which is also why we find the planet Earth situated just there). But, the argument
goes, a simple experiment shows such motion to be incompatible with the motion of the Earth
about its own axis.

Consider a stone dropped from the top of a tall tower. According to the Copernican theory,
the tower is moving very rapidly, along with the rest of the earth, from West to East. Let us



suppose the stone is dropped from the western side of the tower. We should then observe the
stone to fall away at an angle from the tower, for once it has been released the tower will
continue its motion from West to East, but there is nothing to make the stone keep up with the
tower. It will fall behind while it also falls to the ground. But, of course, this is not what we
see at all. The dropped stone falls in a straight line, perpendicular to the surface of the Earth.
According to Feyerabend, Galileo’s defense of Copernicanism requires him to replace the
fact ‘the dropped stone falls in a straight line, perpendicular to the surface of the Earth’ with
another fact: ‘the apparent motion of the stone is described by a straight line, perpendicular to
the surface of the Earth’ and then to show how this new fact is powerless to refute the
Copernican theory, since one can interpret it in terms of either a stationary or a moving Earth.
To do this, however, Galileo must get his reader to take a single fact and, in light of a theory
with which that fact is incompatible, introduce a new distinction between the sensations
experienced and the interpretation given to those sensations. Feyerabend uses the term natural
interpretations to refer to the mental operations that operate so immediately upon our
sensations that we do not easily notice them as producing interpretations of those sensations.

In the present case, the natural interpretation is the move from our sensations of the stone
falling along a trajectory parallel to the walls of the tower to the claim that ‘the stone’s actual
motion is described by a straight line, perpendicular to the surface of the Earth.” Galileo’s
problem is that to his Aristotelian opponents, this is not a move at all. They identify the actual
motion of any object with the motion that they observe it to exhibit with the unaided eye. To get
his opponents to admit the distinction that renders that observation powerless against the
Copernican system requires that Galileo first get them to adopt a new perspective on the
observation different from and incompatible with Aristotelian epistemology.

In that new perspective, two new principles play a central role. The first of these is the
principle of inertia (more accurately, a precursor to the more modern principle of inertia
articulated as the first of Newton’s laws of motion: a body with a given state of motion will
remain in that state of motion if no forces act upon it). Galileo does not state this principle
explicitly, but rather has Salviati lead Simplicio through a thought experiment involving a ball
rolling on an unbounded frictionless plane, securing Simplicio’s admission that such a ball,
once set into motion, would have no reason to stop moving. Later, Simplicio is required to
apply the same reasoning to the diurnal motion imparted to the stone by the moving Earth.® The
second principle is the principle of the relativity of motion. Galileo states this principle as
follows: “Motion, in so far as it is and acts as motion, to that extent exists relatively to things
that lack it; and among things which all share equally in any motion, it does not act, and is as if
it did not exist” (Galilei, 1967, 116).

Neither of these principles has a place in Aristotle’s natural philosophy, so how can Galileo
get his audience to accept the distinction he requires? Rather than pursue a lengthy excursus,
suffice it to say that he relies on thought experiments like that previously mentioned and his
own expert manipulation of the dialogue format to have Salviati lead Simplicio (and the rest of
his audience) to the following realization: If the Earth does rotate on its axis as the Copernican
system requires, then the stone dropped from the tower will not be left behind but will continue
to move with the tower subsequent to being dropped, because of inertia. This results in the
stone having an actual motion (i.e., the motion that would be observed from a viewpoint
external to the earth) that is curved. But, because the diurnal motion is shared by the stone, the
tower, and the observer, the principle of relativity entails that the motion will not appear to be
curved; only the straight downward motion of the stone toward the Earth will be observed by
an observer on the Earth.



A rather obvious understanding of Galileo’s argument would be that it shows that what
Galileo’s opponents thought was a fact was no fact at all, and reminds us to always confine
ourselves to arguing on the basis of the sense impressions themselves. But, Feyerabend argues,
such an interpretation fails to give adequate consideration to the historical situation in which
Galileo made his argument, as well as the role of theories in observation. Natural
interpretations are unavoidable, according to Feyerabend. Galileo’s opponents were not being
unreasonable in taking themselves to have observed the straight line motion of falling stones;
they could hardly have understood things differently, given their cognitive situation. The logical
empiricist prescription to separate the theoretical and observational vocabularies and purify
our descriptions of any theoretical language will not work. The key to scientific advancement
is to multiply interpretations by introducing new theories that challenge the established facts
of any given time. According to Feyerabend, Galileo did just that.

7.4 The argument from human flourishing

The other main line of argument pursued by Feyerabend is that a rule-bound approach to
science is not conducive to human flourishing on either the individual or societal level.
Educating people about science by advocating strict rules for the pursuit of knowledge “cannot
be reconciled with a humanitarian attitude” (Feyerabend, 1988, 12).

Although he argues the point in less detail, Feyerabend regards humanitarian considerations
as the primary motivation for his epistemological anarchism. He states in the third edition of
Against method that “Anger at the wanton destruction of cultural achievements from which we
all could have learned, at the conceited assurance with which some intellectuals interfere with
the lives of people, and contempt for the treacly phrases they use to embellish their misdeeds
was and still is the motive force behind my work” (Feyerabend, 1988, 272).

7.4.1 Feyerabend and Mill

Admirable motivations notwithstanding, Feyerabend owes us an argument to warrant the claim
that only epistemological anarchism is compatible with a “humanitarian attitude” toward
science. We might apprehend that argument by attending to a source that Feyerabend often cited
as a precedent for his own views: John Stuart Mill’s 1859 essay “On liberty.” Mill co-wrote
this essay with his wife Harriet Taylor to discuss “the nature and limits of the power which can
be legitimately exercised by society over the individual” (Mill, [1859]1963, 213). Mill’s
thesis and his passionate defense of it have rightly earned the essay both controversy and
admiration for its provocative thesis and weighty argumentation.

The thesis deserves to be quoted in full:

The object of this Essay is to assert one very simple principle, as entitled to govern
absolutely the dealings of society with the individual in the way of compulsion and control,
whether the means used be physical force in the form of legal penalties, or the moral
coercion of public opinion. That principle is, that the sole end for which mankind are
warranted, individually or collectively, in interfering with the liberty of action of any of
their number, is self-protection. That the only purpose for which power can be rightfully
exercised over any member of a civilized community, against his will, is to prevent harm to
others. (Mill, [1859]1963, 223)

The argument in support of this thesis, Mill claims, depends entirely on considerations of



utility, i.e., of what conduces to the happiness of humanity as a whole. We will confine our
attention to aspects of Mill’s argument most relevant to Feyerabend’s appreciation (or
appropriation) of Mill’s essay.

Mill devotes one chapter of his essay to a consequence of his thesis that holds great
significance for Feyerabend: freedom of thought and expression. Because one’s thoughts never,
and one’s speech only in rare circumstances, pose a threat of real harm to another person, Mill
espouses a liberty of thought and expression that is very nearly complete. (He emphasizes that
to offend a person is not to harm him.) Moreover, Mill aims to show (in keeping with his
emphasis on utilitarian considerations) the great benefit to society of the expression of
opinions that run counter to popular belief or to what is encouraged by those wielding social or
cultural power and influence.

He summarizes his view as follows: “the peculiar evil of silencing the expression of an
opinion is, that it is robbing the human race; posterity as well as the existing generation; those
who dissent from the opinion, still more than those who hold it. If the opinion is right they are
deprived of the opportunity of exchanging error for truth; if wrong, they lose, what is almost as
great a benefit, the clearer perception and livelier impression of truth, produced by its collision
with error” (Mill, [1859]1963, 229).

Mill considers separately the cases in which an opinion that is subject to suppression is true
and in which it is false. That true opinions ought not be suppressed seems plausible enough, but
one might think that we are well justified in using the power of “moral coercion” against views
that are clearly incorrect. But, Mill notes, given human fallibility, we cannot be certain that
what we regard as the truth really is the truth. Suppressing what we believe to be false might
inadvertently amount to suppressing the truth.

But Mill goes further: even when an opinion really is false, we benefit from its expression,
for two reasons. First, we gain a better appreciation for the reasons that support a true opinion
when we have to defend it against arguments in favor of a contrary view. Second, we gain a
better understanding of the meaning of an assertion when we encounter arguments to the
contrary that we then must defeat.

Feyerabend appreciates that Mill’s argument is based on the requirements of increased
happiness. He writes that Mill advocates the proliferation of contrary points of view “as the
solution to a problem of /ife: how can we achieve full consciousness; how can we learn what
we are capable of doing; how can we increase our freedom so that we are able to decide,
rather than adopt by habit, the manner in which we want to use our talents?” (Feyerabend,
1981, 67).

Insofar as Mill advocates the expression of views contrary to those held by the many or by
the powerful, on the grounds that active engagement with such views benefits all, Feyerabend’s
citation of Mill seems apt. But has Feyerabend overreached in assimilating Mill’s views to his
own? Laura Snyder has pointed out that Mill, unlike Feyerabend, does not embrace the
proliferation of views as an end in itself, but rather as a means to the discovery of truths that
might otherwise not be appreciated (Snyder, 2006, 214). He also regards it as a means to the
appreciation of the reasons supporting those truths and even the very meaning of those truths.’

This last point, however, is crucial for understanding an important aspect of Feyerabend’s
appreciation of Mill. Mill goes so far as to claim that, when an opinion has fallen so far out of
favor that it no longer has supporters, a ‘devil’s advocate’ ought to be assigned the task of
defending it nonetheless, so that the rest of us may benefit from having it brought to our
attention. Feyerabend himself seems often to assume this very role, by his own admission. As
Elisabeth Lloyd has pointed out, reading Feyerabend in the role of Mill’s devil’s advocate can



help us to understand some of his more outrageous claims (Lloyd, 1997).

Recall how Feyerabend suggests that “the theory of evolution is not as good as is generally
assumed and that it must be supplemented, or entirely replaced, by an improved version of
Genesis.” On the face of it, this appears scientifically irresponsible. Feyerabend offers no
argument indicating a defect in the ‘modern synthesis’ (of the Darwinian idea of evolution by
means of natural selection and genetic theory) which could be remedied by this “improved
Genesis.” The bare possibility that there might be some such flaw is insufficient to make his
point. Elsewhere, Feyerabend defended astrology, when the Humanist published a statement
denouncing it, signed by 186 “leading scientists,” including 18 Nobel laureates. Feyerabend
gives a few reasons to think that it is plausible that “celestial events such as the positions of the
planets, of the moon, of the sun influence human affairs” and accuses the denouncers of being
ignorant of the history of astrology and even of the relevant science (Feyerabend, 1978, 91—
96).

Can Feyerabend really mean to advocate for astrology? Well, yes and no. In a later work he
acknowledges that “Astrology bores me to tears,” but goes on to note that “it was attacked by
scientists, Nobel Prize winners among them, without arguments, simply by a show of authority
and in this respect deserved a defense” (Feyerabend, 1991, 165). Here Feyerabend makes it
clear that, on the one hand, he really does consider the attack on astrology to be illinformed, but
on the other hand, he does not really think much of astrology. To advocate on behalf of views
for which one has no deep conviction is the mark of a ‘devil’s advocate.’

7.5 Conclusion

If the main point of Feyerabend’s philosophy of science were simply that for any proposed rule
of method, it is always possible that one might better advance science by breaking it than
adhering to it, then it is not clear why anyone should get very excited about it. In particular, this
point is not strong enough to support any stronger claim about the benefits of proliferating
theories than that by doing so it is possible that one might come up with a better theory than one
already has. The fact that a certain strategy might work is not a good enough reason to pursue
that strategy. If my car won’t start, [ might fix it by randomly loosening and tightening bolts and
clamps, but that does not make this an advisable strategy for fixing cars. Peter Achinstein has
argued that if we try to interpret Feyerabend’s proliferation thesis in a stronger form it becomes
“absurd.” Specifically, Achinstein proposes the following way of giving Feyerabend’s position
“some teeth™:

Believe or accept an “invented and elaborated” theory as true, or probable, or as a good
predictor, or as good in some way, if it is inconsistent with the accepted point of view,
even if the latter should happen to be highly confirmed. (Achinstein, 2000, 38).

As Achinstein notes, this proposal cannot be taken seriously, first, because it asks us to believe
or accept foo many theories (there is no limit to the number of theories one can cook up if one
does not care whether they have any evidence or plausibility) and, second, because the mere
fact of being inconsistent with an accepted theory or point of view does not by itself constitute
any reason to believe or accept a theory.

I think we might better appreciate Feyerabend’s point — and its limitations — by revisiting his
frequent citations of Mill. Mill, certainly, did not advocate believing or accepting theories for
the reason that they disagree with accepted points of view. He advocated /istening to the
arguments of those advocating claims that conflict with what is accepted, and even, if no one is



willing to take up the cause of an abandoned point of view, having those who do not believe or
accept such claims present arguments on their behalf anyway. Similarly, I read Feyerabend as
recommending simply that scientists (and others) be willing to try out some ideas that conflict
with accepted theories (even well-supported ones), so that one can find out how good those
ideas can be made. However, this bit of methodological advice is at best suggestive, leaving
the question of which ideas to pursue completely open. Thus, Feyerabend’s philosophy of
science seems to have a large gap in its positive recommendations.

This gap brings us back to Mill. An important aspect to Mill’s philosophy that Feyerabend
neglected was his positive contributions to scientific methodology. Although “On liberty”
figures among Mill’s most influential writings, he devoted much more of his life to a weighty
tome titled 4 system of logic, which went through eight editions between 1843 and 1872.
Prominent in this work is Mill’s articulation of a set of methods for discovering causal
relationships. (“Mill’s methods™ are widely taught to this day.) Although Mill’s advocacy of
methods of discovery might seem incompatible with the “against method” position Feyerabend
finds in “On liberty,” I have argued elsewhere that a careful reading of A system of logic
reveals Mill’s nuanced understanding of the limitations on the rules of method that he advocates
(Staley, 1999b). In short, Mill saw no conflict between recognizing that no rule of method is
universal and exceptionless (just as Feyerabend insists) and advocating that nonetheless some
rules of method can be helpful and usually trustworthy.

Ultimately, the value of Feyerabend’s contributions to philosophy of science may lie as much
in the way he made them as in their content. His provocateur’s stance was not simply a
reflection of his personality, it also reflected his approach to philosophy as a whole. He wrote
not to express his convictions, but to provoke others to question theirs. Consider the following
passage from a dialogue that he published in 1991:

A: Are you an anarchist?

B: I don’t know — I haven’t considered the matter.

A: But you have written a book on anarchism!

B: And?

A: Don’t you want to be taken seriously?

B: What has that got to do with it?

A: I do not understand you.

B: When a good play is performed the audience takes the action and the speeches of the
actors very seriously; they identify now with the one, now with the other character and they
do so even though they know that the actor playing the puritan is a rake in his private life
and the bomb-throwing anarchist a frightened mouse.

A: But they take the writer seriously!

B: No, they don’t! When the play gets hold of them they feel constrained to consider
problems they never thought about no matter what additional information they may obtain
when the play is over. And this additional information is not really relevant . . .

A: But assume the writer produced a clever hoax . . .

B: What do you mean — hoax? He wrote a play didn’t he? The play had some effect, didn’t
it? It made people think, didn’t it? (Feyerabend, 1991, 50-51)

Institutionalized science carries a great deal of cultural authority, and Feyerabend, while
valuing scientific inquiry a great deal, sought to make people think carefully about the basis for
that authority, and even more carefully about the devaluation of beliefs denied the imprimatur
of scientific institutions. Surely, such a position can be taken too far, if it causes us to fail to



realize the potential benefits of scientific knowledge. But Feyerabend insisted that beliefs
could be good in ways not recognized by the standards adopted by scientific institutions, that
such beliefs might hold great value for those who hold them, and that it is unwise to fail to
understand why simply because one has not taken the time to give those beliefs a fair and
knowledgeable hearing.

! Feyerabend’s autobiography is very readable and conveys his humor and breadth of interests
(Feyerabend, 1995). Paul Hoyningen-Huene’s obituary for Feyerabend includes a biographical sketch
and appreciation of Feyerabend’s contributions to philosophy of science (Hoyningen-Huene, 2000).

2 “There I was, a dedicated bookworm, with no experience, the symbols of authority on my shoulders,
confronted with a bunch of skeptical experts. It happened to me again, twenty years later, when 1 was
supposed to teach the Indians, blacks, and Hispanics who had entered the university as part of
Lyndon Johnson’s educational programs. Who was I to tell these people what to think?” (Feyerabend,
1995, 46-47).

More precisely, this describes the response of what Lakatos calls a “naive falsificationist.” The
sophisticated falsificationist encounters the same problem in a slightly different form.

The Pimander, which describes a mysterious cosmological revelation, constitutes one chapter of a
collection of second and third century CE Greek texts presenting eclectic and opaque teachings of a
spiritual nature called the Corpus Hermeticum.

Thomas Kuhn’s first book remains a worthwhile resource for understanding these developments
(Kuhn, 1957).

A very large literature has grown up around the Galileo affair. (Finocchiaro, 1989) provides a useful
resource, while (Blackwell, 2006) presents an intriguing recent development in scholarship.

The former figure would have been estimated much lower in Galileo’s day, when estimates of the
distance from Earth to Sun were systematically low. In the second century BCE, Aristarchus of
Samos had used an ingenious method to arrive at the result that the distance from the center of the
Earth to the Sun is about 1528 earth radii (roughly 11,000,000 km). The ninth-century CE Arab
astronomer Al Fargani, using a different method, placed the Sun at 1220 Earth radii’s distance (about
9,000,000 km) (Kuhn, 1957, 80-81, 274-278). Modern measurements put the figure at about
150,000,000 km. Even with the smaller values, pre-Copernican intuitions would lead one to conclude
that the speed at which the Earth would have to orbit the sun must surely be noticeable.

The fact that we are now dealing with a circular motion means that the principle of inertia does not
strictly apply. Galileo either regarded at least some circular motions as satisfying the principle of
inertia, or else declined to state explicitly that the principle applies to the stone’s ‘horizontal’ motion as
an approximation of straight-line motion (Hooper, 1998).

Snyder, disputing Feyerabend, as well as my own (1999b) and Elisabeth Lloyd’s (1997), rightly points
out the difference between Feyerabend and Mill with regard to the status of proliferation of opinion as
an end, citing passages in which Mill states that “cessation . . . of serious controversy” is a necessary
concomitant of human progress. However, she understates the importance of the proliferation of
arguments by failing to note the immediately following sentences in which Mill states that, although
such consolidation of opinion is “at once inevitable and indispensable, we are not therefore obliged to
conclude that all its consequences must be beneficial,” and proceeds to argue for the value of the
devil’s advocate role (Mill, [1859]1963, 250-251).
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Reasoning with probability: Bayesianism

8.1 Introduction

The last few chapters have presented a series of challenges to the idea that disputes over the
status of scientific theories can be resolved unambiguously by appealing to the evidence. We
have encountered arguments that purport to tell us that evidence in some way or another
underdetermines the choice of theories, that the very meanings of the words used to describe
the evidence may incommensurably depend on the theory one chooses when interpreting the
evidence, that different scientists will disagree about the value of various features of the
evidence, that even when the evidence seems to point strongly against a theory, one may
rationally hang on to that theory, and even that for any given body of evidence, opposing
conclusions based on incompatible methodological rules can equally advance scientific
knowledge.

Taken together, such arguments appear to throw a rather large quantity of cold water on
whatever embers of hope may remain for the logical empiricists’ project of providing a neutral
framework that scientists could use to evaluate the degree to which any given body of data
supports or confirms any given hypothesis.

Many contemporary philosophers of science, however, have sought an alternate route by
which they might pursue something like this project. Moreover, they have sought to do this in a
way that might accommodate some of the post-positivist insights discussed in earlier chapters.
The key to the approach they have adopted lies in a certain way of thinking about probability.

Probability theory is a well-developed area of mathematics, but statements that use the
language of probability lend themselves to different interpretations. In this chapter and the next
we will consider two approaches to scientific reasoning that invoke two quite distinct
interpretations of probability. The approach we consider here, the Bayesian approach (the
name derives from the Rev. Thomas Bayes, whose posthumously published essay (1763)
included the eponymous theorem that lies at the heart of the Bayesian approach) attempts to
build a theory of rational belief on the mathematical framework of probability theory. Although
we will emphasize the conceptual underpinnings and consequences of this approach, a
satisfactory appreciation for the theory (as well as for the rival error-statistical approach
discussed in the next chapter) cannot be achieved without a little understanding of some basics
of probability theory. So let us start with a brief tour of the probability calculus. A little very
simple algebra and elementary set theory is all that is prerequisite to the mathematics that
follow.!

8.2 Probability theory

The mathematics of probability theory was developed in the seventeenth century, when it was
used to solve problems regarding games of chance. Here is a very simple game involving a
standard six-sided die:



Game 1: A single die is tossed one time. If it lands with the 4 facing up, you win. Otherwise,
you lose.

It would be helpful to you, especially if you plan on wagering on the outcome of this game, to
know the probability that you will win. This probability question seems easy to answer: If the
die is fair, then there is a one-in-six chance of it landing with the 4 facing up, and hence of you
winning. One hardly needs a mathematical theory to figure that out.

More complicated games require more sophisticated treatments. For example, suppose you
are given a choice between two games.

Game 2: A single die is tossed four times, and you win if it lands with 6 facing up at least
once.

Game 3: A pair of dice is rolled 24 times, and you win if the dice come up with both dice
showing 6 at least once.

Which of these games should you prefer to play, if you wish to maximize your chance of
winning?

The latter problem is known as ‘Chevalier de Méré’s problem,” named for the French
nobleman with a penchant for gambling his unearned wealth who, according to legend,? posed
the problem to Blaise Pascal, a pioneer of the mathematics of probability. De Méré had an
intuition (correct, as it turns out) that the first game would give him a higher probability of
winning than the second. But actually demonstrating that this is the case requires having a set of
rules for determining probabilities.

8.2.1 Models: representing the problem

First we need a way of representing the problem we want to solve. For that purpose
mathematicians rely on the concept of a random variable. For our purposes, an intuitive
understanding of this concept will suffice: A random variable is a variable capable of taking on
various values (either actual or potential), such that a probability distribution can be assigned
to those values. A random variable might be such that it can take on only discrete values (like
the six possible outcomes for the number showing on a single die), or it might be continuous
(like a random variable for the heights of students in a given classroom). For Game 1 we might
choose to represent the outcomes of the first game using a single discrete random variable X

(following standard practice, we will use upper case letters for random variables and lower
case letters for the observed values of those random variables). The possible values of X; (the

outcome space Q) are given by the set {1, 2, 3, 4, 5, 6}. The outcome space for any process
(game, experiment, etc.) is a set consisting of all possible distinct outcomes for that process.
The question of how probable it is that you will win Game 1 then amounts to asking for the
value of p in the equation Pry,(X| = 4) = p, which we can read as ‘the probability that X; =4 is

equal to p.” (What is the subscript ‘M’ doing there? Good question! Hang on for a few more
sentences and we will find out.)

The mathematical theory of probability thus gives us a means of representing the question we
want to ask, and you might think it would be nice for it also to provide us with a means of
answering that question. However, the theory of probability is of no help in answering this
question. It does not give us a set of principles from which we can deduce the answer.
Fortunately, we do not need the theory of probability for the answer. If the die is really fair, the
answer is p = 1/6, and we are just going to assume that the die is fair. More precisely we will
suppose that



p,=1/6 fori=1,2,3,4,5,6 (8.1)

where p; = Pry(X; = i). The probability is thus uniformly distributed across the outcome
space.

It will at this point seem that the theory of probability has done precious little for us beyond
introducing some distracting notation, since you did not need any of what I said in these last
few paragraphs to know that the probability of getting a ‘4’ on a single throw of a fair, six-
sided die is 1/6. The practical usefulness of the theory will become more apparent when we
tackle less obvious questions such as that posed by the Chevalier.

Philosophically, however, we have already taken a significant, though easily overlooked
step, which has to do with that subscript ‘M’. In our attempt to answer the question of the
probability of Game 1, we have had to make some assumptions. Some of these have already
been alluded to explicitly, such as the assumption that the die is fair, and that the die is tossed
just once. Others may be less obvious, such as the assumption that no player is allowed to veto
the outcome of a toss. Others may seem too obvious to state explicitly, being essential to the
very possibility of playing Game 1, such as the assumption that the game is played where there
is sufficient gravity to make the die land with a determinate side facing up (or some other
mechanism to ensure definite outcomes). As diverse as these assumptions may be, they all
show up in one place in our probability calculations: A model of the problem we are trying to
solve. We derive the answers we give to questions about probability from mathematical
models that encode all of the assumptions about the scenario under consideration that are
relevant to the probabilities that interest us. For this reason, particular probability assignments
here will often be given with a subscript denoting the name of the model from which that
assignment is derived. The model M that we just used can be thought of as consisting of the
random variable outcome space Q = {1, 2, 3, 4, 5, 6} and the uniform distribution assumption
Pry(X, =1i) = Pry X, =) for all i, j € Q. (The philosophical point having been made, we
will sometimes omit the subscript when the model being used is obvious.)

We may now distinguish two importantly different questions: (1) What is the value of the
probability that [ am trying to determine, as given by the model I am using? (2) Is the model
that I amusing adequate for determining the probability that interests me? One may arrive at a
perfectly correct answer to a question of type (1), but find that the answer is useless because
the answer to the corresponding type (2) question is ‘no.’

8.2.2 Axioms of probability theory

For purposes of calculating odds in games of chance, it makes sense to think of probabilities as
mathematical functions whose domains consist of sets of events, which in turn we can represent
in our model in terms of the values taken on by random variables. In Game 1 an event might be
‘the die lands with 3 facing up’ and we would represent that with X; = 3. (We will shortly

extend our conception so that we can think of probabilities as applying to sentences.) We will
also count as events outcomes with more complicated descriptions, such as ‘the die lands with
either 3 or 5 facing up.” We want probabilities to apply to these as well.

So it will be helpful to think of the domain on which the probability function is defined as
constructed from set-theoretic combinations of the elements in the outcome space, such as {X;
=3} U {X; =5}, 1.e., the union of the sets {X; =3} and {X; = 5}. Let’s call the set S of all

such possible combinations, for a given problem, the outcomes set for that problem.



Now we can characterize a probability function as a function Pr on the set of all subsets of
the outcomes set S, with a range consisting of the closed interval [0, 1], such that the following
axioms are satisfied:

Axiom 1 Pr(S) =1
Axiom 2 Pr(4) >0, for any event A € $°

Axiom 3 Suppose that Ay, A,, . . . , A,, . . . constitute a (possibly infinite but) countable

sequence of events that are mutually exclusive (i.e., for anyi,j=1,2,...,n,..., such that
i #£j,AnA; =a). Then:

Prd, U Ay U - UA, U--)y=Prd)+Pr(dy) + - +Pr(d)+" - (8.2)

n

Expressed more intuitively, Axiom 1 states that a probability function assigns the number 1
to the event consisting of ‘any of the possible outcomes occurs’. Axiom 2 states that a
probability function assigns a number greater than or equal to zero to every possible outcome.
Axiom 3, often called the axiom of countable additivity, tells us how to determine the
probability of disjunctions of possible outcomes for the case where such outcomes themselves
are mutually exclusive (there is no possibility that they can co-exist), given the probabilities of
the disjuncts: The probability of the disjunction is equal to the sum of the probabilities of the
disjuncts considered individually. So, the probability (based on the model M) of the event {X;
=3} U {X; =5} (the die lands with either 3 or 5 facing up) is equal to the sum Pry(X; =3) +
Pry (X, =95).

These axioms form the foundation for probability theory (Kolmogorov, 1950) and suffice to
define what a probability function is. However, they do not tell us how to handle probabilities
in cases where the probability of an outcome of some process depends on the outcome of some
previous iteration of that process. (For example, we could use it for calculating the probability
of drawing a certain card or combination of cards from a deck if after each draw we replace
the card and reshuffle; we cannot yet use it to determine the probability of drawing three
consecutive spades without replacing cards.) It is useful, then, to add to our axioms a further
definition (we may also consider it a fourth axiom):

Definition 2 (Conditional probability)

PriA N B)

Py = — %
WB =—25

where 4, B & S and Pr(B) # 0.

This rule does two things for us. If 4 is probabilistically independent of B (i.e., Pr(A|B) =
Pr(A)), then we can derive a rule for calculating the probability that 4 and B both happen that
does not directly involve conditional probabilities: Pr(ANB) = Pr(4)xPr(B) (the rule of
multiplication). But it also tells us how in general to handle cases in which outcomes are
probabilistically dependent upon one another, which will be important for understanding
Bayesian reasoning.

8.3 Probability ideas and science



Of course, we are looking for more than just a set of rules for working with probabilities. We
want to see how ideas about probability might help us make sense of the role that evidence
plays in scientific inquiry. In this chapter and the next we will pursue two avenues of thought
that aim to provide a reasoned link between the data that scientists produce and the conclusions
that they draw. These two avenues exploit quite different ideas about what probabilities
represent.

In the opening passages of his book The emergence of probability, lan Hacking writes,

Probability has two aspects. It is connected with the degree of belief warranted by
evidence, and it is connected with the tendency, displayed by some chance devices, to
produce stable relative frequencies. (Hacking, 1975, 1)

In this chapter, we consider the Bayesian approach to scientific reasoning, which exploits the
‘degree of belief” aspect of probability. The error-statistical approach, discussed in the next
chapter, exploits the ‘relative frequencies’ idea.

Thinking of probabilities in terms of relative frequencies might seem to be the most natural
way to think about the kinds of examples considered so far. If pressed to explain what it means
to say that the probability of winning Game 1 is 1/6, we might give the following rough
account: If you play Game 1 over and over again, then, on average, you are going to win about
one out of every six games (we will refine this rough parsing in the next chapter). But, we can
take that idea and use it to introduce the ‘degrees of belief” idea. Once introduced, we will find
that the ‘degrees of belief” idea can be applied to many situations where relative frequencies
are simply inapplicable.

8.4 Bayesian probability

8.4.1 Prizes

Let us return to the choice between Games 2 and 3. Knowing the rules for calculating
probabilities, one can establish that the probability of winning Game 2 is 671/1296 = 0.518,
while the probability of winning Game 3 is = 0.491. (Can you figure out why? The solution is
explained in the appendix to this chapter.) Supposing that the same desirable prize is given for
winning either game (a box of delicious horseradish doughnuts, perhaps), that there is no cost
(or no difference in cost) to playing either game, but that you may play only one, it is clear that
you should prefer playing Game 2 to Game 3. So knowing the probabilities of such outcomes,
in combination with some information about the relative values you assign to those outcomes,
can lead to conclusions about what preferences you should have.

This suggests a procedure by which, reversing things, we start with your preferences and
arrive at conclusions about how probable you believe the various possible outcomes of a
process are. For example, I might offer you a choice between receiving a valuable prize if you
win Game 1 and receiving the same prize if it rains tomorrow. If you choose to receive the
prize on the condition that it rains instead of on the condition of winning Game 1, this indicates
that you consider rain to be more probable than winning Game 1, ie., Pry,,(Rain) >

Pr,,,(winning Game 1).* We can further constrain the range of values for your probability

assignment by offering more choices. If you are offered the additional option of receiving the
same prize for winning Game 2, and prefer that option to the option of receiving the prize if it
rains, then we can conclude that Pry,,, (Rain) < Pr,,,, (winning Game 2). And if you know the

values of the probabilities of winning in those two games, we can conclude that 1/6 <



Pr, 0, (Rain) < 671/1296.

Using that procedure requires us to attribute to you some beliefs about probabilities of other
outcomes that we can use as a reference. By shifting from prizes to wagers, we can eliminate
such assumptions, and go directly from your beliefs about the odds at which a bet on a
proposition is fair to the probability you must attribute to that proposition in order to satisfy
what Bayesians consider a requirement of rational belief. First, a bit more terminology.

8.4.2 Wagering

We may think of a wager as an agreement between two parties, S and 7, regarding a
proposition P. If § ‘bets on P’ and T ‘bets against P’, that means that S pays an amount of
money X (S’s bet) for the opportunity to win a sum X + Y (for a net gain of Y), subject to the
condition that § wins that amount if and only if P is true. 7 pays the amount Y (7”s bet) for the
opportunity to win the sum X+Y (a net gain of X) subject to the condition that 7 wins that
amount if and only if P is false. The quantity X + Y is known as the stake. S’s betting rate is
equal to the ratio of her bet X to the stake X + Y.

Example: Samiksha and Tatyana

Suppose that Samiksha and Tatyana agree on a bet such that Samiksha will pay Tatyana $5 if
Tatyana can eat 10 saltine crackers in 60 seconds without drinking any liquid. If Tatyana cannot
do this, then Tatyana will pay Samiksha $5. Let Salt stand for the proposition that Tatyana
succeeds at this task. Then Tatyana’s betting rate on Salt of $2 _ o5 is equal to Samiksha’s
betting rate against Salt.

We might be tempted at this point to conclude from this that they both consider Tatyana’s
success to have a probability of one-half. But people who engage in gambling (especially those
in the gambling business, like casinos) strongly prefer to take on wagers that give them an
advantage. For example, Samiksha may have seen lots of other people attempt the saltine
cracker trick and fail, and she may decide on this basis that the probability of Tatyana
succeeding is in fact much less than one-half; i.e, Prg,,iion.(Salt) <<0.5.

Notice that if that were the case, it would not be reasonable for her to switch to the opposite
side of the bet at the same betting rate of 0.5, because that would, according to her own
assessment, put her at a disadvantage. If she considers the probability of Tatyana’s success to
be very low, she should only accept a bet on Tatyana’s success if the payoff is large enough
relative to her own bet to make the wager at least fair (and preferably advantageous) for her.

Whereas real-life wagering typically involves the pursuit of opportunities to bet at unfair
rates, a prominent Bayesian approach relates probabilities to beliefs by construing personal
probabilities in terms of fair betting rates. In our example, suppose the following holds: If
offered the opportunity to bet on Salt at a rate of 0.5, Samiksha would prefer to bet against
Salt rather than to bet on it. If the betting rate on is 0.1, she would prefer to bet on. But suppose
we find that at a betting rate on of 0.3, she is indifferent as to which side of the bet she would
take.” We then call this Samiksha’s fair betting rate: she does not consider such a bet to offer
either side an advantage.

For personalist (also called subjective) Bayesians, a person’s degrees of belief in a set of
propositions should be understood as the betting rates that they consider fair for those
propositions, i.e., as the rates at which, were one (hypothetically) to agree to wagers regarding
them, one would be indifferent between wagering on or against them. Moreover, the personalist



Bayesian holds, a person’s degrees of belief are collectively rational just in case they are
probabilities, which is to say that they satisfy the axioms of the probability calculus given
above. Sets of beliefs that meet this requirement are by definition coherent.

8.4.3 Rationality

The Bayesian approach encompasses both a view about probability and a view about
rationality, but Bayesians differ about how to connect these two ideas. They agree on this
much: To have beliefs that fail to satisfy the probability axioms (that fail to be coherent) is to
be (in some way) irrational. The question is, what makes this so? Here we will content
ourselves with a quick, somewhat rough, description of two main positions, which we might
label the pragmatic view and the logical view.

According to the pragmatic view, what is irrational about holding beliefs that fail to satisfy
the probability axioms is that one is then subject to what is sometimes called a Dutch Book,® or
a sure-loss contract (De Finetti, 1964[1937]; Hacking, 2001, 169).

To refer back to our example, suppose that Tatyana asks Samiksha what she considers to be a
fair betting rate on Salt, and Samiksha replies that she considers a rate of 0.3 to be fair. Asked
what she considers a fair rate on —Salt, Samiksha says that 0.8 would be fair. Samiksha’s fair
betting rates for these two propositions clearly cannot be construed as probabilities. Salt and
—Salt constitute exclusive alternatives, so any probabilities assigned to them must satisfy
Axiom 3: Pr(Salt\/—Salt) = Pr(Salt) + Pr(—Salt). But by Axiom 1, Pr(Salt\/—Salt) < 1.
These two requirements cannot jointly be satisfied if Pr(Salt) = 0.3 and Pr(—Salt) = 0.8.

This suffices to show that Samiksha’s fair betting rates in this case cannot be considered
probabilities (they violate the rules that probabilities must obey), but does not yet tell us what
is irrational about holding such beliefs. According to the pragmatic view, the problem lies in
the fact that, according to her own beliefs, Samiksha should be willing to take either side of
both a wager on Salt and a wager on —Salt, provided that the wagers take place at the rates that
she considers fair. So she should be willing to let Tatyana decide which side she will take.
This allows Tatyana to arrange, with Samiksha’s compliance, two wagers — one on Salt, the
other on —Salt — such that no matter what happens, Samiksha will suffer a net loss, and Tatyana
will enjoy a net gain.

For simplicity, we assume that in both wagers, the stake is $10. In the wager concerning
Salt, Tatyana instructs Samiksha to bet on Salt, while Tatyana bets against. The rate for a bet
on is 0.3, so Samiksha puts up $3 against Tatyana’s $7. In the wager regarding —Salt, Tatyana
has Samiksha bet on —Salt. The rate for a bet on is 0.8, so Samiksha puts up $8 while Tatyana
bets $2. That Samiksha will lose money whether Salt turns out to be true or false can be seen in
Table 8.1.

Table 8.1 A sure-loss contract for Samiksha (S). Tatyana (T) wins no matter what.

subject of wager

Salt (S bets on) —Salt (S bets on)
S’s T’s S’s T’s S’snet  T’s net
gain(loss) gain(loss) gain(loss) gain(loss)

Salt true $7 ($7) ($8) $8 ($1) $1

Salt false ($3) $3 $2 ($2) ($1) $1




Clearly Samiksha is destined to lose money if she agrees to this combination of bets,
although she regards them as fair. Does that make her irrational? And even if it does, how are
such examples having to do with wagering preferences relevant for beliefs about scientific
questions, or for that matter any beliefs on which one is not contemplating a wager?

Let us take the second question first. The pragmatic Bayesian emphasizes that analyses
framed in terms of wagers are simply idealizations of real-life decisions generally. Frank P.
Ramsey, whose essay “Truth and probability” is among the foundational works in the pragmatic
Bayesian tradition (though it holds hints of the logical approach as well), states this clearly.
Ramsey comments that his account of degrees of belief “is based fundamentally on betting, but
this will not seem unreasonable when it is seen that all our lives we are in a sense betting,
Whenever we go to the station we are betting that a train will really run, and if we had not a
sufficient degree of belief in this we should decline the bet and stay at home” (Ramsey, 1950,
183). For Ramsey, measuring degrees of belief concerns beliefs “qua bases of action”
(Ramsey, 1950, 172), and in choosing to act, we are concerned with the question of gains and
losses, not of course in just the monetary sense, but in the broad sense in which we value the
possible outcomes of our choices differentially. Of course, scientific beliefs may also serve, in
principle, as bases of action.

Somewhat more vexing is the question of why being subject to a sureloss contract should by
itself constitute a breach of rationality. Although few people prefer to lose money, doing so is
not in itself irrational. Even if we turn away from strictly monetary wagers, and think of sure-
loss contracts as standins for a broader class of doomed undertakings, embarking on something
that is guaranteed to fail to produce results that you desire is not obviously a failure of
rationality with regard to one’s beliefs. Moreover, as Alan Hajek has pointed out, for every
sure-loss contract that a person is subject to on account of non-coherent beliefs, there is also a
sure-gain contract (Hajek, 2008). Were Tatyana to feel charitable toward Samiksha, she could
insist that Samiksha bet against both Salt and —Salt at the above rates, and thus guarantee that
Samiksha would enjoy a net profit, regardless.

Even accepting that it is irrational to agree to a sure-loss contract, it does not immediately
follow that it is irrational to hold beliefs that violate the probability calculus, as Henry Kyburg
argues (Kyburg, 1978). Recall that Samiksha’s incoherent betting odds only lead her into a
Dutch Book when she agrees to combine bets in a certain way. Surely she can avoid this
undesirable consequence by declining to accept a bet of this kind. The connection between
avoiding Dutch Books and rationality might be re-established by insisting that a rational person
must be willing to accept combinations of bets, but it is hard to see on what basis such a
principle might be defended.

The logical approach to connecting probability and rationality tries to avoid such problems
by avoiding Dutch Book arguments in favor of an appeal to the requirements of consistency.
The personalist Bayesians Colin Howson and Peter Urbach have argued for this approach.
They wish to divorce the foundations of Bayesian probability theory from any consideration of
the preferences of human agents. On their approach, probability theory should not be thought of
as a theory of rational belief directly, but rather as a species of logic distinct from deductive
logic. Just as deductive logic constrains the consistent assignment of truth values, “the logic of
consistent assignments of fair betting quotients determined by appropriate constraints on them
we can legitimately call probability logic” (Howson & Urbach, 2005, 66; emphases in
original). They moreover propose that such a logic can be developed independently of
considerations of expected gain or loss, if one assumes only the following principle:

Principle 1 If the sum of finitely many . . . fair bets uniquely determines odds O in a bet on



proposition a, then O are the fair odds on a. (Howson & Urbach, 2005, 67)

In other words: adding together bets that are individually fair yields a compound bet that is
also fair.

One might wonder how well the purely logical approach can succeed in excluding
preference-based considerations while also relying on the notion of fair betting rates. The
pragmatic approach understands a fair betting rate as a rate at which a person has no
preference regarding which side of a hypothetical bet she would take. Howson and Urbach,
however, propose to bypass this issue by identifying a person’s fair betting rates instead with
that person’s chance-based odds regarding the proposition at issue. Chance-based odds are
“judgments about the relative likelihoods of the relevant proposition and its negation”
(Howson & Urbach, 2005, 53; emphasis in original). Although these are conceptually distinct
from fair betting odds, they are numerically equal to them, because the betting rate which a
person considers fair for a given proposition is that which the person considers to balance the
risk between two sides of a bet. If Samiksha considers the chance-based odds of Salt being
true to be 0.3, then that is also the betting rate at which neither side of a wager regarding Salt
would enjoy an advantage over the other, according to Samiksha’s estimation. What Samiksha
would prefer is a separate question.

This logical approach to Bayesianism enjoys some advantages over the pragmatic approach.
Critics have charged the latter with being both too psychological and anthropocentric to
provide an adequate account of rational inductive inference. The psychological component of
the pragmatic approach has been accused of relying on an unrealistic theory about human
preferences and beliefs. By classifying Bayesian probability theory as a purely formal logic,
Howson and Urbach seek to avoid these complications.

That avoidance comes with some costs, however. The pragmatic approach aspires to give an
account of the meaning of probability statements in terms of the belief states of agents. But the
logical approach effectively abandons this interpretive project, telling us only that a person’s
probability for a given proposition reflects that person’s “chance-based odds” which are in
turn “judgments about the relative likelihoods” of the proposition and its denial. But this tells
us nothing about the meaning of statements about “chance-based odds,” or what in general
makes such statements true or false.

Howson and Urbach’s probability logic also suffers from an important weakness of
deductive logic. Because it is only concerned with consistency, deductive logic tells us only
what conclusions follow from which premises (those whose denial would be inconsistent with
the given premises), but tells us nothing about which premises we should begin with.
Consequently, deductive logic can only tell us which combinations of beliefs we might hold
consistently, but not which of those we should believe. Philosophers have often thought that
inductive reasoning should fill this gap and supply us (fallibly, of course) with premises that
we can then use in the context of deductive reasoning. But, by their own admission, Howson
and Urbach’s probability logic can no more do this than can deductive logic. It tells us what
combinations of probabilities may consistently be held collectively, but not which of the
infinitely many such combinations for any given set of propositions is the right probability
assignment for that set. They regard that task as unachievable by any account of inductive
reasoning.

8.5 Bayes’s theorem and updating

We have thus far been focusing on the foundations of the Bayesian account, but have not yet



gotten to Bayes’s theorem, the powerful result from which Bayesianism derives its name.

Before stating the theorem, let us note that in our concern with foundations, we have been
dealing only with unconditional probabilities like Pr(Salf). What about conditional
probabilities, like ‘the probability that Tatyana can eat 10 saltines in 60 seconds without
drinking anything, given that Tatyana is a world champion in competitive eating’? Without
going into details, we can simply note that we can extend the wagering analysis we have
employed previously quite naturally with the concept of a ‘conditional bet,” in which the
parties agree to a wager at a certain rate, but on the condition that a certain proposition is true.
If that proposition turns out not to be true, then there is no wager.

Bayes’s theorem concerns conditional probabilities. Bayesians contend that the axioms of
probability theory constrain what combinations of beliefs may consistently be held at a given
time (called synchronic constraints). But to give an inductive account of how science
progresses, or more generally how people learn, we need a diachronic perspective that can
handle the situation where a person receives new information. How should beliefs change?

The Bayesian approach to this supposes that a rational agent starts with a certain set of
degrees of belief that can be represented with a probability function, i.e., for every
proposition p that is a subject of belief for an agent S, there is a probability that represents S’s
degree of belief in p. We will call that initial probability function Pr. Suppose that we are
concerned with S’s belief regarding some particular claim A and we are interested in how that
belief should change upon learning of the truth of some proposition £ (in this standard notation,
H can be thought to suggest ‘hypothesis’ and E, ‘evidence’). To answer that question, we need
some additional information: (1) What is the probability that £ is true, supposing that H is true?
and (2) What is the probability that £ is true, independently of the truth of H? (The latter is
sometimes called the expectedness of E.) Given this information, we can apply Bayes’s
theorem, which in its simplest form can be stated using the equation:

Theorem 1 (Bayes’s theorem)

Pr(E|H)Pr(H)

Pr(H[E) =
2 Pr(E)

where Pr is a probability function and Pr(E) # 0. The quantity on the left side of Theorem 1 is
the posterior probability of H, given E, in contrast with Pr(H), the prior probability. Note that
the posterior probability is a conditional probability, and for personalist probabilities Bayes’s
theorem relates this quantity (an agent’s fair betting rate for a wager on H, with the bet to
proceed only on condition that £ is true) to an agent’s probability for H independently of E, her
probability for £ independently of H, and her probability for £ conditional on H.

To address the question about how beliefs should change, we need to add a rule that relates
this conditional probability Pr(H|E) to the unconditional probability that the agent should
attribute to H once she /as learned that E is true. For the Bayesian, change in belief is a matter
of replacing one probability function with another one. Rules for doing so are called updating
rules, and Bayesians rely on updating by conditionalization.

Principle 2 (Updating by conditionalization) At time t = ¢, let S's state of belief be
represented by a probability function Pr. If, at t =t| > t,, S acquires the information that E is
true (and no other new information is acquired), then at t| S should adopt the probability

function Pr', such that for every proposition ¢ that is a subject of belief for S, Pr'(¢) =
Pr(g|E).



Of course, Pr(¢|E) is precisely the posterior probability of ¢ conditional on £ that we can
calculate using Bayes’s theorem. Although updating by conditionalization is central to the
Bayesian approach, it cannot be derived from the probability axioms via any ‘Dutch Book’
argument (though see Teller, 1973). Howson and Urbach conclude that the rule is valid only for
an agent who leaves her conditional probabilities unchanged when she acquires additional
information E. In other words, Pr'(¢) = Pr(¢|E) provided Pr'(¢|E) = Pr(¢4|E). But the
probability axioms do not require an agent to keep the same conditional probabilities over
time.

Nonetheless, assuming that we may attribute degrees of belief to agents engaged in inquiry
under conditions of uncertainty, and assuming those agents maintain stable conditional
probabilities, the Bayesian now has a theory of how such agents must revise their beliefs, if
they are to remain coherent.

8.5.1 Example: fossil origins

To see how this might illuminate scientific reasoning, consider an artificial, though historically
inspired, example.’ For a long time fossils posed a great mystery. They looked somewhat like
organisms,® but they were not made of organic material; they were found inside of rocks, in
places far from where one would expect to find organisms of the type they resembled (such as
marine-looking forms found in the Alps); many of them corresponded in form to no living
organisms. From the Renaissance, when serious study of the issue seems to have begun, until
well into the eighteenth century, the idea, so familiar to us today, that they resulted from the
death and fossilization of organisms, was at best a problematic proposal, and for most of that
time was justly regarded as less convincing than competing explanations.

To simplify greatly, we will pretend that there were just two such competitors to the
hypothesis of organic origins: Renaissance Neoplatonists believed that all of nature was
related by a network of affinities and correspondences, rooted in an “ontological analogy
between Man [microcosm] and his external world [macrocosm],” “which might be made
manifest by resemblances not only between microcosm and macrocosm, but also between the
heavens and the Earth, between animals and plants, and between living and non-living entities”
(Rudwick, 1985, 18—19). Neoplatonists considered the creation of organic-looking forms in
inorganic material the work of “the very same ‘moulding force’ or vis plastica” that directed
“the growth and development of living organisms themselves” (Stanford, 2010, 222).
Aristotelians developed an alternative approach. Since they held that spontaneous generation
could give rise to living organisms when a living form acted on non-living matter, it was
natural to suppose that similar structures could be generated in rocks “by the form present in
their characteristic seeds acting on the materials of the Earth, carried there by such natural
processes as the percolation of groundwater” (Stanford, 2010, 223; see Rudwick, 1985, 34—
35).

These two views we shall attempt to codify with the hypotheses NP: ‘Fossils are formed
through the action of the vis plastica on inorganic materials to manifest their affinity with
organisms’ and A: ‘Fossils are formed by seeds of living things imparting their forms to
inorganic materials.’ Finally, we have the organic origins hypothesis O: ‘Fossils are formed by
processes that transform the remains of organisms into mineralized forms.’

Such views were well known to Niels Stensen (1638—1686) in 1665, by which time he had
arrived, a renowned anatomist, in Florence from his native Copenhagen, Denmark, via Leiden
and Paris. (The anglicized version of his name ‘Steno’ appears in most scholarly literature.)
While in Florence, Steno undertook to compare glossopetrae (‘tongue-stones’) with the teeth



of living (more precisely, until-quite-recently-living) sharks, which tongue-stones had already
been noted to resemble, and found support for the hypothesis of organic origins. Steno’s
observations identify two salient facts beyond the mere fact that such fossils resemble sharks’
teeth with regard to their shape (Neoplatonists and Aristotelians alike claimed the ability to
account for this): (1) tongue-stones show signs of decay and (2) tongue-stones show no signs of
distortion of the sort seen in tree roots when they grow in rock crevices, but are “the same
shape, whether they come to light from softer ground, or are chipped out of rocks” (Steno,
[1667]1958, 15). The first point is significant, Steno argues, because it implies “that they were
not being formed at the present time but were relics of an earlier period.” The second fact
indicates that “the surrounding ‘earth’ must have been soft when it first enclosed them”
(Rudwick, 1985, 50).

Steno’s argument seems to be this: According to both Neoplatonist and Aristotelian theories,
the processes that produce fossils act on a relatively short time scale (the time scale of the
growth of individual living organisms) and are not restricted to any particular period of history.
We should not expect to find indications of decay in all such tongue-stones, then, but should
find them to be intact, just as in the case of recently formed teeth in living sharks. Moreover,
both Neoplatonist and Aristotelian theories suppose that fossils grow inside rocks. But where
we see other examples of things growing in rocks (as in the case of tree roots), we find that the
difficulty of displacing the surrounding rock causes the form of the growth to be contorted.
Neither of these conclusions is compatible with Steno’s observations, so he concludes that
these facts all point “unanimously” to the conclusion that tongue-stones formed where sharks
had died, followed by a process of sedimentation during which the surrounding rocks formed.

Bayesians have a fairly straightforward way to understand these arguments (with a little bit
of reconstruction): Steno is arguing that these observed characteristics of tongue-stones are of a
sort that hypothesis O renders probable. We should expect to see just such traits, if O is true.
The hypotheses 4 and NP, by contrast, make it improbable that we would observe such facts.
Moreover, the plausibility of O prior to the consideration of these facts is not insignificant,
while it is not highly probable that there is some other hypothesis that no one has thought of yet
that would make sense of these observations.

The argument thus characterized in qualitative terms can be connected more strongly with the
Bayesian apparatus if we agree to engage in a little historical fiction and attach numbers to
these judgments. The numbers are not likely to represent any of Steno’s actual beliefs.
However, if we grant the Bayesian claim that beliefs formed under conditions of uncertainty
can be represented as susceptible to degrees, then, at least for the purposes of illustration, we
might postulate a fictional, Steno-like character — let’s call him ‘Schmeno’ — whom we assume
to be coherent in the Bayesian sense and whose degrees of belief the probabilities given below
might approximate. We will use S to refer to Schmeno, E to represent the proposition ‘A
collection of tongue-stones was examined and found to show signs of decay and not to show
signs of distortion’ and CA to represent the catch-all hypothesis ‘Fossils form as the result of
some process other than those referred to in NP, 4, and O.’

We will start with the prior probabilities:
Pry(NP)=0.25 Pry(4) =0.25

Prg(0)=025  PryCA)=0.25

In effect, we are supposing that Schmeno begins in a state of indifference with regard to the
hypotheses of Neoplatonism, Aristotelianism, or organic origins as regards the explanation of



fossils. He is also indifferent, relative to each of those hypotheses, with regard to the
possibility that there is some other explanation of which he remains unaware.

Now for the probability of the evidence under these various hypotheses:
Pry(EINP) =0.1 Pry(E|4) =0.1
Pry(E|O0)=0.8 Pry(E|ICA)=0.5

Here we are supposing that Schmeno regards the observations that he has made as rather
improbable if either NP or A4 is the correct explanation for fossils, since under both of those
hypotheses, he believes, he probably would not find in all his samples signs of decay and the
absence of contortions. But the organic origin hypothesis makes such observations probable, in
the sense that one should expect to find them. (Note that the purely fictional value Prg(E|O) =

0.8 simply expresses the vague assumption that Schmeno considers his observations to be
pretty much expected but not guaranteed by the organic origins hypothesis. In those cases where
a prediction can be deduced from a hypothesis, then the probability of the prediction,
conditional on that hypothesis is equal to one. In many other cases, the probability of a
particular observation can be calculated from a quantitatively expressed hypothesis, perhaps
with the help of auxiliary assumptions.) Meanwhile, if some other explanation of these
observations of fossils is correct (i.e., the catch-all hypothesis is true), then it is unclear
whether one should expect these observations or not. Schmeno considers E in that case to be an
evenodds proposition.

Updating by Bayesian conditionalization will lead Schmeno to a set of posterior
probabilities. But it will help here if we use a slightly different form of Bayes’s theorem. In the
following we take advantage of the fact that, if H|, H,, . . ., H, constitute a set of mutually

exclusive propositions such that for some probability function Pr, Pr(H; V H, \V/ - - -\ H,)
=1 (i.e., with probability one, at least one of the propositions H,, H,, . . . , H, is true), then for
any proposition Q,

Theorem 2
Pr(Q) = Pr(QH)Pr(H,) + Pr(QH)Pr(H,) + - - - + Pr(QH,)Pr(H,).

We apply Theorem 2 (sometimes called the total probability theorem) to the denominator in
the right-hand side of Bayes’s theorem (Theorem 1) to get the following:

Theorem 3 (Bayes’s theorem expanded)

: Pr(E|[H)Pr(H)
Pr{H|E) = o— E : : e
Pr(E[H,)Pr(H,) + Pr(E|H;)Pr(Hy) + - - - + Pr(E[H,)Pr(H,,)
where H,, H,, . . ., H, constitute a set of mutually exclusive propositions such that Pr(H, V

H, V - - -\ H)=1 (ie., the Hs exhaust the possibilities) and Pr(E|H;)Pr(H;) > 0 for some 1
<i<n (i.e., the denominator is not equal to zero).

This form of Bayes’s theorem provides some guidance for estimating the expectedness of E,
which otherwise seems inscrutable. The prior probabilities of the hypotheses and the
probabilities of £ under those hypotheses provide us the means to determine the expectedness
of E.

Applying Theorem 3 to Schmeno’s probabilities, then, we arrive at the following posterior



probabilities:

Pry(NPE) = 0.07 Pry(AE) =0.07
Pr(OE)=0.53  PryCAE)=0.33

We can see here how the probabilties have been redistributed in light of £. The probability of
O has increased significantly, to a point where Schmeno regards it as more probable than not.
Meanwhile, NP and 4 have significantly decreased in probability. The probability of CA has
also increased slightly.

Of course, were Schmeno to begin with different prior probabilities, then his posterior
probabilities would also differ, and nothing in the Bayesian account constrains prior
probabilities beyond the requirement that they be coherent.

Although this may appear to be a problem, Bayesians consider it a strength of their account.
Recall how Kuhn emphasized that an account of the development of scientific thought should
allow scientists to rationally disagree. Allowing coherent Bayesian agents to have different
prior probabilities accomplishes that.

For example, the naturalist Martin Lister (1638—1712) disagreed with Steno’s conclusions.
When confronted with Steno’s arguments, Lister found them unpersuasive not because he
disagreed with the observations Steno had made or their relevance for the hypothesis in
question, but because he found the hypothesis of organic origins for fossils highly implausible
on the basis of other considerations drawn from his own study of shell-like fossils: (1) the
substance of these shell-like fossils did not include any actual shell; (2) fossils were found
only in certain kinds of rock formation, suggesting that they preferentially grow in those kinds
of formations in the same way that plants grow preferentially in certain kinds of soils; (3)
although such fossils resemble shells, they do not resemble the shells of any existing species
(the idea of widespread extinctions of species would have been entirely foreign to Lister). So
Lister rejected the general claim that fossils could be understood as the result of some process
whereby organic remains retained their shape but became “petrified” (Rudwick, 1985, 62—63).

We can avail ourselves again of the Bayesian framework to see how Lister, while not
rejecting Steno’s observations, might reject his conclusions. Again, in the absence of sufficient
historical accuracy with regard to Lister’s actual beliefs, we will have to invent a Lister-ish
character to whom we may attribute a set of Bayesian probabilities. Let’s call him ‘Listerio.’
We will add L to our existing notation to refer to him.

We can begin by stipulating that Listerio and Schmeno are in complete agreement over the
probabilities imparted to Schmeno’s observations by the hypotheses under consideration:

Pr;(EINP) = 0.1 Pr,(El4) = 0.1
Pr(E|0) = 0.8 Pr(E|CA) = 0.5

But to reflect Listerio’s skepticism about the hypothesis O, we should attribute a different set of
prior probabilities. Whatever Lister may have made of the Neoplatonist and Aristotelian
viewpoints, we can pretend that Listerio found them neither more nor less plausible than did
Schmeno. If he is to begin with a lower prior probability for O than Schmeno, he will need to
attribute a greater probability to the catch-all CA. So we will stipulate the following priors:

Pri(NP)=0.25 Pry(4) =0.25



Pr;(0)=0.05 Pr;(C4)=0.45
This leads to the following posterior probabilities:

Pr,(NPIE) = 0.08 Pr(AE) = 0.08
Pry(OE)=0.13  Pr,(CAE)=0.71

Note here that Listerio, like Schmeno, judges Schmeno’s observations to raise the probability
of O, and to reduce the probabilities of NP and A. Those relative changes are forced by the
probabilities conferred on those observations by the hypotheses, on which Schmeno and
Listerio agree. But for Listerio, the posterior probability of O remains rather low, while the
probability of the catch-all has increased significantly.

There are two important points to emphasize in our fake historical example. The first is that,
by Bayesian standards, Schmeno and Listerio are both (according to our stipulations) being
perfectly rational, in spite of their disagreement. The second point is that Lister based his
rejection of Steno’s argument on his observations of shell-like fossils found in England. What
we have depicted as a low prior probability for O could also be regarded as a low posterior
probability relative to Listerio’s observations. As deployed by personalist Bayesians, the
notions of prior and posterior probability are always relative to some particular set of data.
(The flip side of this observation is that Bayesian updating by conditionalization does not apply
to the problem of how to redistribute probabilities in the face of a newly invented hypothesis.)

8.6 Problems for Bayesianism

8.6.1 Subjectivity and the catch-all hypothesis

I have been rather glib about the phoniness of this reconstruction I have given. Certainly one
could more conscientiously take historical figures’ actually expressed beliefs into account
when attempting a Bayesian reconstruction of some historical episode.” The point of the
illustration is not the actual numbers we arrive at, but the positive or negative effect that
evidence has on the probability of a given hypothesis, and how that effect compares to what
happens with regard to competing hypotheses, for agents starting from different prior
probabilities.

Nonetheless, a little reflection on this reconstruction highlights a difficulty for Bayesianism
entirely independent of any problems we might have coming up with realistic probability
assignments to reflect scientists’ beliefs: the dependence of the Bayesian calculation on the
catch-all hypothesis.

Critics of Bayesianism often point to the fact that it does not dictate prior probabilities,
leaving them as a ‘subjective’ matter. Subjectivity, such critics argue, should be avoided in a
theory that purports to tell us how we should draw conclusions from scientific data. John
Norton sees the problem as inherent in the personalist Bayesian shift that merges the notions of
‘degree of support’ and ‘degree of belief” into a single representation in terms of probabilities.
The result of this merger 1s that “[t]he evidential relations that interest us are obscured by a fog
of personal opinion” (Norton, 2010, 507).1°

We have already noted the standard Bayesian replies to criticisms of the subjectivity of prior
probabilities: First, most prior probabilities are posterior to some previously considered
evidence. Second, it is only sensible that plausibility judgments should make a difference to
how scientists evaluate the evidence supporting theories; this just clarifies in what sense



scientists can rationally disagree about the status of a theory. The catch-all points to a
subjectivity problem that goes deeper than these responses acknowledge.

Catch-all hypotheses introduce subjectivity into Bayesian inference in two ways. Recall that
in order to calculate the denominator when applying Theorem 3 to our example, we needed
both Pry(CA) and Prg(E|CA). The former, of course, is a prior probability and hence subjective

to the extent that any prior probability is. Estimating the latter quantity, the probability of the
evidence under the hypothesis CA4, seems an elusive task. In general, probabilities of particular
data or observations conditional on hypotheses under consideration are treated by Bayesians as
unproblematic and agreed upon by scientists, because they can often be calculated from the
hypotheses in question (perhaps with the help of auxiliary hypotheses). But asking for the
probability of the data under the catch-all seems to ask us to do the impossible: to determine
the probability of some specific data or observation, conditional on a completely unspecified
potentiality: ‘some other hypothesis is correct’.

In our example, we specified Prg(E|CA) = 0.5, but why? That assignment seems to reflect a

judgment that, if none of the hypotheses considered is correct, then £ is just as likely to be true
as not. But that judgment has no justification. Indeed, it is hard to imagine what would justify
anyone in assuming this or any other value for the quantity at issue. If Schmeno had a belief
such that Pr¢(E|CA) = 0.9, there would be no Bayesian grounds for criticizing him, nor if he

held beliefs such that Pry(E|CA) = 0.1. If the former were true his posterior probability for O

would be only 0.42, which would be less than the posterior for CA4, and if the latter were the
case, then the posterior for O would be 0.73. The probability of £ under the catch-all can thus
have a significant influence on the posterior probability.

8.6.2 Relevance and normativity

Even if we grant, however, that the Bayesian account allows for the articulation of a
probabilistic theory of rationality, it remains somewhat unclear how the notion of rationality
that emerges relates to the aims of scientific inquiry. For example, we might think that the point
of scientific inquiry is to discover theories that are true, or approximately true. Or, we might
consider the point to be the discovery of theories that are generally reliable. According to the
pragmatic approach to the Dutch Book argument, the person who holds incoherent degrees of
belief is irrational in the sense of being open to a combination of bets that guarantee a loss.
How is this relevant to the scientist who seeks to assess the merits of a scientific theory in the
face of a body of evidence? The scientist cannot be regarded as even implicitly making a
wager on the truth, approximate truth, or general reliability of a general theory, but at most on
that theory’s reliability in some particular series of applications. This is because any
agreement to a betting contract (even a hypothetical one) must include agreement to a criterion
by which to settle the bet in some finite time. But the truth, approximate truth, and general
reliability of theories are all open-ended in the sense that any judgment regarding them is
provisional. If we regard any of these as the aim of scientific inquiry, then scientists’
preferences regarding wagers are irrelevant to the aims of science, which concern matters not
subject to wagering,

A further problem for Bayesians concerns the very nature of their project. One aspect of the
logical empiricist project that both Bayesian and non- Bayesian methodologists have inherited
is an interest in developing accounts of scientific reasoning that not only describe how
scientists reason but that are normative in the sense that they can provide guidance to
investigators seeking to reason well. This normative aspect of the Bayesian project is evident



from their focus on rationality. Yet the Bayesian notion of rationality is arguably inappropriate
for the purposes of a normative philosophy of science, being either so weak as to be trivially
satisfied or so demanding as to prevent its being applicable to the situations encountered in
practice by scientists.

Consider the situation of a scientist S who, acquainted with certain phenomena £ in a given
domain, entertains some number of competing hypotheses Hj, . . . , H, as potential explanations

of the phenomena in that domain. S wishes to know what inferences regarding those hypotheses
might be warranted. The first weakness of Bayesianism arises at just this point: S might think
that the situation calls for the collection of further data, perhaps disclosing new phenomena, to
test these hypotheses. The Bayesian approach does not obviously provide guidance as to what
kinds of procedures S ought to employ to produce data that will help to discriminate amongst
those hypotheses. It only tells S that the data will not make a difference to her prior rankings of
these hypotheses if they are equally probable under each of them. That is not much help.

The Bayesian might counter that giving more concrete methodological guidance is not the
task of a theory of rationality. The theory need only allow for the discrimination between
beliefs that are jointly held reasonably and beliefs that are not thus held. So let us consider the
question of whether S is rational to hold a certain set of degrees of belief regarding Hy, . . .,

H

n
belief as the result of an updating, in which S, having gained knowledge of E, replaced one
belief function with another belief function. Then this belief function would be rational in the
Bayesian sense if that updating were to be carried out by applying the rule of
conditionalization, i.e., the new degrees of belief are equal to posterior probabilities
calculated by applying Bayes’s theorem to a prior belief function, where that prior belief
function was coherent (i.e., satisfied the probability axioms).

in light of E. According to the Bayesian approach, we should think of these degrees of

In one sense, this requirement is very easy to satisfy. Whatever one’s current degrees of
belief, so long as they are presently coherent, there will be some prior probability function that,
by Bayesian updating, would yield precisely that posterior probability function. Thus it seems
that if we are committed to viewing S’s updated beliefs as rational, then (assuming S is
presently coherent) we can vindicate that judgment by attributing to S the requisite prior
beliefs, which, after all, are not directly observable. The apparent triviality of its requirements
renders doubtful the value of Bayesianism even for the limited task of rationally reconstructing
historical episodes (Mayo, 1997a).

Note, however, that this argument did require that S’s present beliefs must be synchronically
rational, meaning that they must be coherent in the Bayesian sense. As long as we confine our
attention to a small number of propositions, it is easy enough to come up with a plausible
probability assignment that meets these requirements. But Bayesian rationality requires that a/l
of §’s degrees of belief must jointly satisfy the probability axioms. Because of the large number
of beliefs that one must hold at any given time and the subtle ways in which different beliefs
are related to one another, giving a consistent explicit assignment of subjective probabilities to
some small number of hypotheses under consideration might nonetheless yield incoherence in
one’s overall set of beliefs (Senn, 2001, 2011). Thus, even when a reconstruction appears to
show the rationality of a set of beliefs in the face of some body of evidence, a real person
holding such beliefs might be incoherent because of other, off-stage beliefs.

8.7 Bayesian philosophy and Bayesian statistics

Our discussion thus far has considered Bayesianism as a theory of rational belief under



conditions of uncertainty, to be used to examine real or hypothetical episodes of scientific
reasoning and, through a process of reconstructing the inference in Bayesian terms, display its
rationality or lack thereof. Can Bayesianism be used by scientists to help them answer
questions?

For many years, philosophical regard for Bayesian theory far exceeded the respect afforded
it by statisticians, who found it computationally difficult to apply to the data analysis problems
they faced. Applied statistics was dominated by methods rooted in the frequentist approach to
probability that the next chapter discusses, while Bayesianism has dominated philosophy of
science (and more recently has percolated into other areas of philosophy such as epistemology
and philosophy of religion).

While much statistical analysis of data across the sciences remains frequentist in orientation,
the field of Bayesian statistics is growing. Although there is no rigorous definition of the term,
statisticians tend to regard an analysis of data as Bayesian just in case it makes use of a prior
probability distribution over the range of hypotheses of interest. Bayesian statistical analyses
need not be rooted very deeply in the personalist Bayesian philosophical theory, in that the
prior probabilities they use may not be intended to reflect some person’s pre-data state of
opinion regarding the hypotheses at stake. Bayesian statisticians often choose instead to use a
non-informative prior distribution that distributes probability evenly among all competing
hypotheses (Jaynes, 2003). Another approach advocates the use of reference priors. These are
prior probability distributions chosen so that the distance (according to a particular measure)
between the posterior distribution and prior distribution will be maximized (Bernardo, 1979;
Berger & Bernardo, 1992). Many Bayesian statistical analyses concern problems in which
there is a prior assumption that a certain parameter has a numerical value, possibly within
some determinate range, and the hypotheses under consideration concern the value of that
parameter. Provided that the prior assumption is correct (often not a trivial issue), the bite of
the worry previously raised about the catch-all hypothesis is considerably mitigated, since all
of the hypotheses consistent with the assumption can be stated explicitly and often yield
determinate probabilities for the data under consideration.

The idea that the usefulness of Bayesian statistical methods is entirely independent of the
status of Bayesian philosophy has a pragmatic appeal. Many scientists who have used them
value the flexibility of Bayesian methods. But philosophical issues, particularly concerning
interpretation, lurk wherever we find statistics used. Regardless of how the prior distribution
is chosen and justified, the point of a Bayesian analysis is to generate a posterior distribution,
which serves as the output of the analysis. For a personalist Bayesian, the meaning of this
posterior distribution is clear: it represents the state of belief that a rational agent should have
with regard to the relevant hypotheses, in light of the data, if that agent starts out with a state of
belief represented by the prior distribution. If the prior distribution does not represent a state of
belief, but is chosen because it is non-informative, or affords ease of computation, or for some
other practical reason, then the posterior distribution no longer has this same meaning. But then
what does it mean? David Cox and Deborah Mayo have stressed the need for objective
Bayesian statistics to clarify how its posterior probabilities fulfill the goal of measuring the
strength of the evidence supporting a given inference (Cox & Mayo, 2010).!!

8.8 Conclusion

Does Bayesianism, in the personalist form that has been the primary focus here, provide the
kind of neutral framework for the evaluation of evidence that Carnap and other logical



empiricists sought? In one sense it does not. Carnap sought a measure of the degree to which
any given data confirm any given hypothesis that was objective, in the sense that any two
inquirers who agreed on the language to be used to describe the hypothesis and the data would
also agree on the degree of confirmation. But personalist Bayesian inquirers can disagree on
this, if they start out with different prior probabilities or if they disagree on how probable the
data are given the competing hypotheses.

In another sense, however, the Bayesian framework does exhibit some features of the logical
empiricists’ vision. Although disagreements over prior probabilities can yield discrepant
posterior distributions, Bayesian investigators will all share the same procedure for updating
from the former to the latter. In other words, they will agree on how the data are relevant to the
evaluation of the hypotheses at issue. Moreover, as Bayesians stress, if agents with differing
prior probabilities continue to update by conditionalizing on the same accumulating body of
data (and they agree on the probability of the data, and they agree about which hypotheses have
probabilities of 0 or 1), their repeated updating will yield a convergence of their probability
functions (see Doob, 1971; Gaifman & Snir, 1982; Earman, 1992, 144-149 includes a
philosophical assessment). Thus, although Bayesians attribute subjectivity to scientific
reasoning, they provide a framework for reducing that subjectivity.

Noting these points, Wesley Salmon proposes that Bayes’s theorem provides a means for
building a bridge between the logical empiricist project and Kuhn’s post-positivist insights
(Salmon, 1990). Salmon argues that we can interpret the kinds of paradigm-dependent
judgments that lead scientists to evaluate theories differently in Kuhn’s account as yielding
different prior probabilities representing plausibility judgments before some body of data had
been taken into account, while Bayes’s theorem provides a paradigm-independent device for
bringing those data to bear on the theories in question. Nonetheless, Salmon worries that
Bayesianism in its usual form allows too much subjectivity into scientific reasoning, because of
the difficulty of determining the probability of the evidence under the catch-all hypothesis.
Salmon proposes a solution that uses Bayes’s theorem, not to determine a posterior probability
as Bayesians do, but to compare for any given pair of hypotheses, which of them ought to be
preferred over the other, given the data in hand. His approach eliminates the need to refer to the
catch-all hypothesis, but at the cost of greatly limiting the strength of one’s conclusions:
Salmon’s approach leads to conclusions only about which of the theories under consideration
we ought to prefer to the others under consideration, but not to conclusions about the truth,
probability, or truthlikeness of those hypotheses.

Debates between defenders and critics of Bayesianism are among the most hotly contested in
philosophy of science as well as in statistics, where the arguments at one time became so
pugilistic that they became known as the ‘statistics wars.” Here we have barely scratched the
surface of the issues. A historically significant collection from the statistics wars is (Savage,
1962). Howson and Urbach’s (2005), on which I have drawn for the exposition here, gives a
good overview of many of the criticisms of Bayesianism in the context of a vigorous defense of
the view. Deborah Mayo, whose frequentist-based approach to inference we discuss in the next
chapter, has voiced some of the most significant criticisms of Bayesianism (Mayo, 1996).
Earman (1992) gives a mixed assessment of Bayesianism, surveying a number of debates that
continue to develop.

8.9 Appendix: solution to the Chevalier’s problem

Turning first to Game 2: That the die lands 6 up at least once in four tosses is equivalent to the



denial of the claim that it does not land 6 up in any of four tosses. The latter claim is equivalent
to the statement that the die lands with something other than 6 up on each of four tosses. To
calculate the probability of Game 2 we can therefore calculate the probability of getting not-6
four times in a row, and then subtract that number from 1. (Recall that the probability of a
logical truth such as ‘p or not-p’ is (by Axiom 1) equal to 1, so for any proposition p, Pr(p) = 1
— Pr(not-p).) The probability of getting something other than 6 on a single toss is 5/6, and that
probability for any given toss is independent of what happens in any other toss. So (applying
the definition of conditional probability) the probability of not-6 on four consecutive tosses is
5/6 x 5/6 x 5/6 x 5/6 =~ 0.482. The probability of getting at least one 6 is then approximately 1
—0.482=0.518.

Calculating the probability of winning Game 3 uses a similar technique. There are 36
possible, equally probable outcomes for a toss of two dice, only one of which consists of two
6s. The probability of not getting two 6s on a single toss is therefore 35/36, and on 24 tosses is
(35/36),* = 0.509. The probability of getting a pair of dice to land 6 up at least once in 24

tosses is therefore approximately 1 — 0.509 = 0.491.

! The requirements of a brief and mathematically shallow treatment entail that we will have to gloss
over some important conceptual issues that would emerge from a more rigorous discussion (see Cox
& Hinkley, 1974; De Finetti, 1972; Kolmogorov, 1950; Savage, 1972). For a good philosophical
introduction to probability and induction, see (Hacking, 2001), which influenced my own
presentation. Howson and Urbach (2005) introduce the topic in the guise of a vigorous defense of
personalist Bayesianism.

2 Legend does not even attribute the correct problem to the Chevalier. lan Hacking provides a
corrective to legend (Hacking, 1975, ch. 7).

3 Strictly, the domain of Pr should be defined in terms of a field constructed from events in S. See,
e.g., (Spanos, 1999, 45-69) for details.

4 The subscript in “Pry,,(P)’ does not mean exactly the same thing as it does in ‘Pry(4)’. In the latter,

it indicated that the probability value in question was that assigned to the event 4 by the model M. In
the former, the subscript denotes an agent (“You’) capable of forming and maintaining beliefs (an
‘epistemic agent’ in philosophical jargon), and the probability value is that which, in virtue of that
agent’s beliefs, she attributes to the proposition P. We might relate these two cases in the following
way: In cases involving personal probabilities, the subscripts on the probability functions refer to
models of the beliefs of the epistemic agents in question, instead of models of chance mechanisms.
Notice now that we should therefore regard the symbol ‘Rain’ in *Pry,,(Rain)’ as denoting the

proposition ‘It will rain tomorrow’ rather than the event of rain occurring tomorrow.

> Note the use of the subjunctive “would” in the three preceding sentences. We do not wish to assume
in general that fair betting rates only exist for agents engaged in actual wagering. A person may, for
example, have views about what would constitute fair betting rates, but refuse to enter into wagers for
reasons of moral or religious principle.

® The origins of this term remain a mystery. Hacking, in his generally excellent (2001, 169), claims to
find the term used “in passing” in (Ramsey, 1950), but this is incorrect, as pointed out by Humphreys
in his (2008), which discusses the history of the term and its obscure origins.

7 The example that follows draws heavily on Martin Rudwick’s authoritative study (1985), which was
brought to my attention by Kyle Stanford. Stanford’s own (2010) offers a fascinating (non-Bayesian)
discussion of the changing nature of the evidence for the organic origins of fossils from the period
discussed here to contemporary times.

8 Some of them did, at any rate. The term ‘fossil’ was for centuries used “to describe any distinctive
objects or materials dug up from the earth or found lying on the surface” (Rudwick, 1985; emphasis
in original).



? See (Dorling, 1979) for an example of this that seeks to use Bayesianism to address the
underdetermination problem, and see (Mayo, 1997a) for a critique.

10 The focus of Norton’s argument against Bayesianism is that it fails to distinguish between cases
where the evidence fails to support some hypothesis (such as when evidence is completely neutral
with regard to a class of competing hypotheses) from cases where the evidence supports the denial of
a hypothesis. This conflation results, he argues, in “spurious” Bayesian inferences.

"'In an interesting effort to address such foundational issues, Jon Williamson has pursued an interesting
variant of Carnap’s objective version of Bayesian inference (Williamson, 2010).
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Reasoning with probability: frequentism

9.1 Introduction

In the last chapter, we explored that aspect of probability ideas concerned with “the degree of
belief warranted by evidence.” Now we turn to the other aspect: “the tendency, displayed by
some chance devices, to produce stable relative frequencies” (Hacking, 1975, 1). Our use of
examples involving games of chance to introduce the mathematics of probability at the
beginning of the previous chapter relied implicitly on this idea. But are dice games relevant to
science? As we will see, thinking of scientific experiments or measuring procedures as
chance mechanisms with tendencies “to produce stable relative frequencies” holds the key to
the potential value of relative frequency ideas for philosophy of science.

Frequentism understands probability statements as statements about the relative frequency
with which a certain outcome would occur under repeated execution of some process.
Frequentist ideas have been central to the development of theoretical and applied statistics, and
thus have had a significant influence on how scientists analyze data and report their results.
Some of these statistical practices have been subjected to considerable criticism, however, and
philosophers of science have tended to regard Bayesianism as based on a more coherent set of
principles. Recently, the error-statistical philosophy has attempted to respond to
philosophical criticisms of frequentist statistics, while remaining founded on the idea of
experiments as chance mechanisms.

Since, however, error statistics arises from an attempt to reform and rehabilitate the
frequentist tradition in statistics, we will start with a brief introduction to that tradition.
Statisticians have long emphasized the importance of experience in the use of statistical
methods and analysis of real data to a good understanding of statistics, and with good reason.
What follows is too brief and superficial to underwrite a useable understanding of statistics.
Nonetheless, we may hope that some grasp of the conceptual underpinnings of frequentist
statistics will convey a sense of the philosophical orientation and import of these ideas.

9.2 Relative frequency ‘in the long run’

Suppose that, following the suggestion floated early in the last chapter, we interpret the
statement ‘the probability of winning Game 1 is 1/6’ to mean ‘if you play Game 1 over and
over again, then, on average, you are going to win one out of six games.” Although this
interpretation has an intuitive appeal, we have taken an apparently definite mathematical
statement and given it a vague and potentially misleading interpretation. It is vague because
“over and over again” is vague. How many times is that? It is potentially misleading because if
we think that playing over and over again is something that can be achieved by playing some
finite number of times, then the statement ‘if you play Game 1 over and over again, then, on
average, you are going to win one out of six games’ might not be frue, even if ‘the probability
of winning Game 1 is 1/6’ is true. As we will see, you might actually win either more or less



than that. (The name we have for that phenomenon is ‘luck’.) Let’s see if we can do better.

As Hans Reichenbach notes, the frequency interpretation of probability has two distinct
functions in probability theory. One is concerned with providing an account of the meaning ot
probability statements, while the other is concerned with accounting for the substantiation, or
support, of probability statements (Reichenbach, 1938, 339). We will begin with the first
function.

Suppose that you do undertake to play Game 1 repeatedly, recording after each roll of the die
the number of times you have played N and the number of times you have won N,,. I did this.!
Table 9.1 gives my recorded values for the fraction N, /N — the relative frequency of winning —
after 12 rolls.

Table 9.1 Data from the rolling of a die.

Roll 1 2 3 4 5 6 7 8 9 10 11 12
Result 5 6 1 3 2 5 6 6 6 5 3 6
NN 0 0 0 0 0

Such bad luck! T continued rolling the die,” and after 36 rolls, the relative frequency of wins
was still only N,/N=1/36. At N=216 I had N,/N =23/216 = 0.11 (note that 1/6 ~0.17). At N
= 3600 (surely enough to make the point, so that I could take a break from the tedium of

repeatedly rolling that die!®), the relative frequency of wins was looking much more like the
‘right’ number: N,/N=613/3600 = 0.17.

In our example of the dice game, the relative frequency approach to probability interprets
Pry(X; =4) = 1/6 as a statement not (directly) about what happens in any finite sequence of

rolls of the die, but about the value of N, /N as N becomes infinitely large, or in the limit as N
— oo. More generally, according to the frequentist view:

Definition 3 (Frequentist probability) /f one is able to repeat a trial under identical
conditions and note whether some event E occurs as an outcome of the trial, and if Ng/N is

the relative frequency with which E occurs, then
= Ng
PriE) = llmf\.’._,x‘.ﬁ (9.1)

Of course, this simple definition only applies if the probability that a certain kind of trial has
a certain kind of outcome is the same from one trial to the next and is independent of how many
trials have been carried out. Even repeatedly throwing a die would seem not to exactly satisfy
this requirement: as we extend the number of throws to infinity, we will at some point
undoubtedly notice the die start to show signs of wear, however long that might take, and the
relative frequency of 4s might not remain the same as the slow process of erosion of the die
continues. To suppose that it will remain the same constitutes an idealization in our probability
model of Game 1. To be an appropriate idealization, it needs to be the case that although it may
not be strictly true that limy o2 = 1/6, WE will not be misled in any of our real-world
reasoning if we pretend that it is.

The die-rolling data exhibits a pattern that, intuitively, seems typical: Although small



amounts of data show a behavior that we might not have been able to predict, the more data we
collect, the more the data align with what we think ought to happen (based on our theory about
the die). The mathematical elaboration of frequentist probabilities allows us to make precise
our intuitive sense of what is typical. Probability distributions are crucial to this clarification.
They convey mathematically both what outcome is most to be expected and the degree to which
the outcomes of a given process are variable.

To see how, consider the 3600 throws of the die to constitute a series of 100 experiments, in
each of which the die has been thrown 36 times. In any given experiment, there will be some
number of wins, so let’s define a random variable Y; that for a given trial i consisting of 36

throws will yield the value Y; =y;, where y; is the number of wins in the i-th trial.

Our theoretical assumption that the probability of a win on any individual throw of the die is
1/6, and that this value is the same for each throw of the die and independent of the outcome of
other throws (in statistical parlance, the outcomes of individual throws are ‘Independent and
Identically Distributed,” or IID) yields information about both facets of our experiment via the
binomial distribution, which is a mathematical function of the number of opportunities (here N
= 36) and the probability of winning in a single opportunity (here p = 1/6). We will forego the
mathematical details here (this is covered in any elementary statistics or probability text), and
simply display the results for the possible numbers of wins of Game 1 in a trial consisting of
36 throws of the die. The distribution is given in Figure 9.1. This distribution reveals that the
mean value or expectation value for Y,, Y,7=6.0 for each i (the subscript 7T indicates that this
is the theoretical value). In other words, for each trial, the expected number of wins is 6. The
distribution also yields a useful measure of variability, or the degree to which the results are
‘spread out’ around the expectation value. This is given by the standard deviation o, which for
the binomial distribution is given by the expression , _ /&1 p) (= 2.24 for 1)).
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Figure 9.1 The binomial distribution for ¥; (p = 1/6, N = 36).

For comparison, Figure 9.2 shows the data from the 100 experiments by tabulating how
many of them yielded particular values for Y. The observed mean of these experiments is ¥, =

6.13.
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Figure 9.2 Dice game results, N =100

Our example of the dice game exhibits simply and obviously a feature that is found
throughout the sciences in more complex and subtle ways: although what happens in any
individual case is unpredictable, the data in aggregate exhibit an understandable pattern that
can serve as a basis for forming expectations about the future. Many advances in statistics have
come through the efforts of mathematicians and natural philosophers to duplicate the successes
enjoyed dealing with games of chance in the analysis of astronomical data, in the prediction of
the behavior of markets and other economic phenomena, and in many other domains in which
patterns emerge at larger scales from noisy behavior at some smaller scale. Returning to
Reichenbach’s two functions of frequentism, probability ideas and the statistical science based
upon them are so useful because they help both to represent such patterns, and to facilitate their
discovery. Thus far we have emphasized the representation function; next we consider how
concepts of frequentist statistics facilitate the discovery of such patterns.

9.3 Two traditions in frequentist statistics

In our die-throwing example, we have assumed that we know from the outset that the
probability of winning Game 1 on a single throw of the die is 1/6, because we have assumed
the die is fair. If, however, we did not know that, we would face quite a different situation. If |
know that the die is fair, then it is reasonable to respond to my failure to win any games in the
first 12 throws, and winning only one game in the first 36, by saying “what bad luck!” If,
however, I do not already know that the die really is fair, then I might be inclined to respond to
those same data by thinking that the data indicate not that my luck is bad, but that the die is not
fair. But would such data constitute good evidence that the die is loaded?

In this section, we will consider two important schools of thought within the frequentist
tradition in statistics, to see how they might address such questions. One tradition emphasizes
the search for statistically significant discrepancies from some target hypothesis. The second
tradition advocates the use of statistics to test among a class of hypotheses all belonging to
some more general model. We will note the genuine differences between these approaches, but
also consider a philosophical approach to scientific reasoning that draws on insights borrowed
from both camps.



9.3.1 Fisherian significance testing

The kind of problem that interests us confronts not only those who like to gamble with dice, but
also their kindred spirits, research scientists. Let’s consider a recent example.

Example: the Higgs boson?

In July 2012, scientists at the Large Hadron Collider (LHC), a particle accelerator at the
CERN (Conseil Européen pour la Recherche Nucléaire) laboratory near Geneva, Switzerland,
announced they had discovered a new particle very similar, and perhaps identical, to the
previously hypothetical Higgs boson (additional data allowed them later to conclude
unambiguously that it was the Higgs). A discussion of what exactly the Higgs boson is and why
it is such an exciting discovery would take us far afield of our immediate concerns (Weinberg,
2012). (Suffice it to say that in the prevailing Standard Model of the elementary constituents of
the physical world, the Higgs boson is implicated by an ingenious hypothesis that seeks to
explain why particles like electrons and quarks are not massless.) If the Higgs boson exists,
then it will be produced out of the energy released in collisions between super-high-velocity
protons, and then decay into other particles according to characteristic patterns dictated by
well-established principles of the Standard Model. Two groups of physicists at the LHC use
massively complex particle detectors to measure the properties of the particles produced in
proton—proton collisions in order to see how well they match the ‘signature’ pattern expected
from Higgs boson decays.

Two features of this scientific endeavor make statistics relevant. First, the theoretical
description of the production of Higgs bosons rests in Quantum Field Theory, an inherently
statistical theory yielding predictions in terms of probability distributions rather than certain
outcomes. Second, background processes that will occur even if the Higgs boson does not
exist at all can mimic the signature of Higgs decays, and these processes are also best
described by probability distributions.

The two teams of LHC physicists, in announcing their discoveries, both described it as a “5-
sigma (0)” effect (Chatrchyan et al., 2012; Aad et al., 2012). Here o refers to our just-
introduced statistical concept the standard deviation.

Here is how that is relevant: They knew that even in the absence of the Higgs boson, they
would find some number of Higgs-like ‘signatures’ in their data, a number they could only
predict with probability. Part of their problem (a very difficult part) was to understand this
background distribution, so that they could say, for any given number of Higgs-like signatures
found in their data, what the probability is that they would get as many or more of such
signature decays if only background processes were present. Their background distribution,
just like the binomial distribution we used to characterize the behavior of a fair die, had an
expectation value — the average number of signature events that would be expected from
background alone — and a standard deviation — a measure of the variability of the background
in terms of the width of the distribution, describing how much the number of signature events
could be expected to vary from one data set to another. By describing their result as a “5¢”
effect, the LHC physicists were indicating how far out in the background distribution their
result is: it is five standard deviations greater than the expectation value assuming that only
background processes are present.

In this way, they followed the methodology advocated by Ronald Fisher (1890-1962), who
made significant contributions to evolutionary biology and genetics, as well as statistics. The
essence of Fisher’s methodology can be described in fairly simple terms (see Cox & Hinkley,



1974, ch. 3 for a careful introduction), but it requires certain things. Think of Table 9.2 as a
shopping list for a Fisherian test. One begins with a question. To learn something that will help
answer that question, you need to be able to state a substantive hypothesis that is a possible
answer to that question, which you can test. This is the null hypothesis. The hard part comes
next: figuring out how to generate data for such a test. You will need to be able to define some
quantity that is a function of the data, called a test statistic, which will have a known
probability distribution if that hypothesis is true, such that larger values of the test statistic
should indicate stronger evidence of departure from what is expected if the null hypothesis is
true. The probability distribution of the test statistic under the null hypothesis is the null
distribution. The null distribution serves as a mathematical model of the null hypothesis, and
what we test directly is the statistical hypothesis that the data are generated by a process
characterized by the null distribution. We test that claim by looking at the value of the test
statistic: how probable is it that one would get a value as great or greater than the observed
value, assuming the null hypothesis is true?

Table 9.2 Shopping list for a Fisherian test.

a question  based on what you want to learn about

a null . .

. a possible and testable answer to that question
hypothesis
data from observations or experiment

a test statistic some function of the data
known probability distribution if the null hypothesis is true larger values
indicate stronger evidence against null

the null

N the distribution of the test statistic assuming the null is true
distribution

For example: if we wish to test whether a die is fair, then our statistical hypothesis will state
that the data are drawn from a binomial distribution with p = 1/6 and N = 36. We could use the
average number of ‘wins’ in our previously described 100 experiments by defining our test
statistic to be T'=|Y; — Y], the observed value of which we denote ¢ = |y, — Y;|. The search

for the Higgs boson required much more complicated data used to test the hypothesis that those
data are drawn from the probability distribution that characterizes ‘background physics.” The
relevant random variable in that case is the difference between the number of signature events
observed and the expectation value of the background distribution (the test statistic used has a
slightly more complicated definition). In reporting the results of the Higgs search, the shorthand
“So” stands for a certain probability statement: that were the null hypothesis true, the
probability of getting as large an excess of signature events as they did (or more) is about 3 x
1077, This kind of probability statement, based on the observed value of the test statistic, is
called a p-value, or sometimes the observed statistical signficance of the result.*

To appreciate the role p-values play in reporting an experimental result, compare the values
cited in the Higgs announcements to what we should report were we to use the data from die-
throwing reported above to test whether our die is fair. Recall that the observed mean y, =

6.13, whereas theoretically we should expect a fair die to yield an average of 6 wins out of
every 36 throws. Does the difference of # = 0.13 mean anything? The p-value of a difference of
0.13 is approximately 0.61.° That means that if you do an experiment of 100 trials with 36



tosses each, and you are using a fair die, you will get values for the random variable 7 as large
as 0.13 or more quite often — on average, about 61 out of 100 times. The LHC physicists cite
their very small p-values to communicate that their data strongly indicate the negative claim
that the null hypothesis of background-only processes does not yield a distribution that does a
good job of describing their data. (That the data do indicate the existence of a Higgs boson
rests on further features of the data beyond what is captured by the p-value.) Our rather large
p-value for the die-throwing experiment, by contrast, clearly does not indicate that the null
distribution is incompatible with the data. The result we obtained seems to be pretty typical of
a fair die.

Does that mean that these data are good evidence that the null hypothesis is true? Fisher
declared that “the null hypothesis is never proved or established, but is possibly disproved, in
the course of experimentation. Every experiment may be said to exist only in order to give the
facts a chance of disproving the null hypothesis” (Fisher, 1949, 16). Note that the null
hypothesis makes a very exact statement: The probability of winning Game 1 in a single toss of
the die is exactly 1/6. Hypotheses that attribute exact values to quantities are often called point
hypotheses. The slight asymmetry among the six faces of the die (each does have a different
number of dots) provides some reason to suspect that, construed as an exact statement, the null
hypothesis is false, but whatever discrepancy from the exact truth of the null hypothesis might
obtain is likely to be too slight to be of any practical interest to us, and is in any case not of a
sort that can be revealed by the experiment we performed.

Although of widespread use among scientists, p values are subject to various
misunderstandings and misuses.® A common misunderstanding is to think of the p-value as the
probability that the null hypothesis is false. Frequentists deny that probabilities can be applied
to hypotheses (unless the hypothesis can appropriately be regarded as the output of some
chance mechanism). Hypotheses such as ‘This die is fair’ or ‘Humans first used pottery for
cooking approximately 20,000 years ago’ are either true or false. No sense can be made of the
relative frequency with which they are true. (Bayesians, of course, are perfectly happy to
assign probabilities to hypotheses such as these, but would not endorse the p-values delivered
by Fisherian significance tests as the correct means to calculate them.) Rather than the
probability that the null hypothesis is false, a p-value reports the probability that one would
observe a value for the random variable being considered that fits the null hypothesis as poorly
or worse than the value actually observed, assuming that the null is true.

It is also sometimes alleged that in significance testing the null hypothesis is ‘presumed true’
or ‘given the benefit of the doubt.”” But being chosen as a target for a significance test does not
in itself indicate any judgment regarding the truth of a hypothesis. (We already have noted that a
null hypothesis might be useful to test in spite of our having good reason to suspect that it is
false, at least strictly speaking.) Point hypotheses yield well-defined probability distributions
(sampling distributions) for the random variable of interest, and thus the means for calculating
p-values. Typically, the aims of the test, i.e., what the investigator seeks to find out from the
data, dictate the choice of null hypothesis. If you are interested in learning whether the die is
loaded, it is more useful to test the hypothesis that it is not than to test a hypothesis that says that
it is loaded to some specific degree. If you are interested in finding out whether the Higgs
boson exists, it is more useful to test the hypothesis that it does not than a hypothesis that
attributes particular characteristics to it (though testing the latter kind of hypothesis might also
prove important to understanding the import of your data).

Finally, one should bear in mind that a result that is statistically significant may be
scientifically or practically insignificant. One way in which this may happen comes from the



fact that as the sample size increases, the sampling distribution tends to become more sharply
peaked around the expectation value, so that smaller discrepancies become more improbable
assuming the null hypothesis is true. If we were, for example, to obtain ¢ = 0.13 from our die-
rolling data on the basis of 10,000 experiments rather than 100, we would find that our result
has a statistical significance of about 3x1077 (just like the data from the search for the Higgs
boson!). At that point we might justifiably claim to have evidence that the die is not exactly
fair, but we might not care about such a small departure from fair odds. Indeed, with enough
data, any slight discrepancy from the null expectation can become very statistically significant.
With N=1, 685, 000, a p =3 x 1077 result would be obtained with # = 0.01!

None of this means that p-values are valueless. The statistician David Cox summarizes the
point nicely:

The essential point is that significance tests in the first place address the question of
whether the data are reasonably consistent with a null hypothesis in the respect tested. This
is in many contexts an interesting but limited question.

Cox goes on to note that a more developed methodology will allow us to formulate “more
informative summaries of what the data plus model assumptions imply” (Cox, 2006, 42). What
might such a more developed methodology look like?

9.3.2 Neyman—Pearson testing

Fisherian hypothesis testing aims to discriminate between the null hypothesis and every other
possible probability distribution. If a Fisherian test provides evidence against the null, that
entails only that it provides reason to believe the data incompatible (statistically) with the null
and compatible with some other hypothesis, without the latter being further specified.

Model assumptions

Consider again our Fisherian test of the hypothesis that the die is fair. The null hypothesis is
well defined, but if we found the data statistically incompatible with the null hypothesis, we
might want to know what we can reliably conclude from the discrepancy that we do find. For
example, intuitively you might think that if our 100 experiments of 36 trials each yielded a
value of Y, = 18.0, then we could infer that p = 1/2, and that, more generally, we can infer,

for whatever value we obtain for Y, that , ~ Mo This intuitive judgment is based, however,
on an easily overlooked assumption that needs to be made explicit.

The quantity p is a parameter in the binomial distribution that we used (by letting p = 1/6) as
a mathematical model of the hypothesis ‘the die is fair.” That model, along with information
about our testing procedure, was used to derive the sampling distribution for the random
variable Y, under the assumptions of the null hypothesis. But if the data indicate that we have
reason to reject the null hypothesis, what happens to those assumptions? In particular, may we
assume that the behavior of the die is best described by the binomial distribution? If not, then
we have no business drawing conclusions about the value of p, which has meaning only as a
parameter in that distribution.

As already noted, the binomial distribution assumes that the outcomes of individual throws
are ‘Independent and Identically Distributed,” or IID. The hypothesis that the die is fair
involves not only attributing a probability to winning the game on a single throw of the die, but
also asserts that that probability for a given throw is independent of the outcome of previous



throws and remains the same for each throw in the sequence (the possible outcomes of each
throw are described by the same — identical — probability distribution). So, the null hypothesis
that picks out the value p = 1/6 belongs to a family of hypotheses. We can use the notation Y ~
B(n, p) to mean ‘random variable Y is distributed according to the Binomial distribution with
parameters n and p.” Then we can express the statistical null hypothesis as H, : Y ~ B(36, 1/6).

The intuition that we can infer, at least approximately, the value of p from the observed value
Y, really rests on the intuition that most dice satisfy the IID assumptions, even if we cannot

always trust them to be fair. (Whether this intuition is warranted is, of course, another matter.)
If we assume that there is some value of p for which Y ~ B(36, p) is true for some value of p
(we control the value of n, so we just make n = 36 true when we perform the experiment), then
we can use the results of this test to draw conclusions about the range of values for p that are
supported by those data. In other words, we assume the model ¥ ~ B(36, p), and use that model
to guide our inferences about the value of p. But in doing so, all of our inferences are hostage to
the adequacy of the assumed model.

The question of the adequacy of the assumed model in model-based inferences raises
important issues about how such models are specified and tested (Tukey, 1960; Mayo &
Spanos, 2004; Spanos, 1999; Staley, 2012). Here we will focus on the question of how to use
that model so as to ensure that we are drawing reliable inferences from the data in an optimal
manner.

9.3.3 Error probabilities

In the late 1920s and early 1930s, Jerzy Neyman (1894—1981) and Egon S. Pearson (1895—
1980) laid out a mathematical framework for choosing the optimal approach to testing a given
hypothesis (Neyman & Pearson, 1928, 1933). Their framework, by invoking the kind of model
assumptions just discussed, allows for more definite statements regarding the comparison
between the null hypothesis and its alternatives than a Fisherian test would support.

Again, we will need to forego a full mathematical discussion of Neyman— Pearson (NP)
theory and settle for a characterization that will allow us to grasp the basic stance that this
approach takes toward the problem of statistical inference (Cox & Hinkley, 1974, ch. 4 again
provide a helpful systematic treatment).

Note that model assumptions such as IID delimit a class of possibilities. If our test
procedure assumes at the outset that the die-tossing experiment outcomes are IID, then we will
not be able to use that procedure to make inferences about hypotheses incompatible with those
assumptions, such as a hypothesis according to which winning the game on one toss of the die
makes it 50 percent less probable that you will win on the next toss. In the NP approach, model
assumptions determine the class of hypotheses amongst which the test can discriminate. If the
statistical null hypothesis is H,, : Y ~ B(36, 1/6), then the alternative against which we are

testing itis H, : Y~ B(36, p); p # 1/6. In other words, all hypotheses under consideration in this

test assume that Y is binomially distributed with n = 36, but the null specifies one value for p,
and the alternative says that p has some other value. As is typical in an NP test, the null
hypothesis here is a point hypothesis ascribing a precise value to a parameter in the statistical
distribution, whereas the alternative compound hypothesis simply says that the value of that
parameter lies somewhere within a range of numbers — in this case the interval [0, 1], exclusive
of the point 1/6.

Size, or significance level



Traditionally, NP tests are described as having two possible outcomes: accept the null H,, or

reject it. As Neyman and Pearson noted, having two possible outcomes means the test is
susceptible to two distinct kinds of error:

If we reject H,,, we may reject it when it is true; if we accept H;,, we may be accepting it
when it is false, that is to say when really some alternative [H;] is true. These two sources

of error can rarely be eliminated completely; in some cases it will be more important to
avoid the first, in others the second. (Neyman & Pearson, 1933, 296)

To specify an NP test for discriminating between H,, and /1, one begins by choosing the level

at which one would like to limit the probability of the first kind of error, called a Type I error.
For example, we may decide to design our test so that it will reject H, when it is true not more

than once in 20 times. Then we may determine the critical value t, for the test statistic 7" such
that the probability of getting a value for 7 that is greater than or equal to ., assuming that the

null hypothesis is true, is .05, i.e.,?
Pr(T>t.; Hy) = .05. (9.2)

More generally, one specifies an NP test to have a type I error probability that is limited to a
certain value a (called the size or significance level of the test) by choosing a critical value ¢,

for the test statistic so that the condition
Pr(T>t;Hy)=a (9.3)

1s met.

Power

The choice of a critical value ¢,, then, ensures a certain kind of reliability for the test. By

choosing a large enough value to make a, the Type I error probability of the test, very small, the
investigator ensures that her test will only very rarely reject the null when it is true. One could,
of course, ensure the same with a Fisherian test. The LHC physicists did just this in searching
for the Higgs boson. They set a standard such that they only announce a discovery of a new
phenomenon when the probability of such a large divergence from the null is ~ 3 x 1077 or less,
assuming that the null hypothesis is true. But what about the other kind of error, in which one
accepts the null hypothesis although the alternative is true? This is called Type II error. One of
Neyman and Pearson’s innovations was to introduce a quantity called the power of a test,
which is one minus the probability of a Type II error. This enabled them to address what they
saw as a shortcoming in Fisher’s approach, namely, that Fisher did not provide a systematic
rationale for the choice of test statistic.

Neyman and Pearson tackled, in a statistical framework, a general problem that inquirers
confront. On the one hand, we do not want to acquire a large stock of false beliefs. We would
like to reason reliably. On the other hand, we also do not want to fail to learn things that are
true. One could always avoid the acquisition of false beliefs by simply not forming beliefs. But
having true beliefs is valuable to us for many reasons.



So a test should not only have a small size or significance level, it should also have high
power, which is to say, a high (enough) probability of detecting an effect of interest, if it is
present.

Given that we assume at the outset of our test that we are discriminating between the null
hypothesis H,, and the alternative H,, you might think that the power of a test can be defined as

1 — Pr(T <t, Hy). This would indeed be the case were one to test the null point hypothesis

against a point alternative hypothesis, because then the probability distribution needed for
determining the value of Pr(T'<t,; H|) would be specified. Rarely, however, do real scientific

problems lend themselves to such a treatment. Much more typical are cases where the target
null hypothesis is contrasted with a continuum of alternative possibilities, just as in our die-
rolling example. In such cases, the power of the test varies according to the various possible
alternatives in H;.

What Neyman and Pearson’s work allows investigators to do, then, is to define a test, both in
the choice of the critical value of the test statistic and in the choice of the test statistic itself,
that is optimal in a certain sense: For a given size (Type I error probability), it is in many cases
possible to choose a test that also maximizes the power (minimizes the Type II error
probability) for all possible alternatives in H; (often called a uniformly most powerful test).

Just how one goes about determining the optimal test is an important problem for the
specification of NP tests, but would take us too far afield of our present concerns. We now turn
instead to the questions of how to understand the aims of NP testing and how to interpret the
outcomes of NP tests. We will consider some traditional interpretations and their shortcomings
before turning to Deborah Mayo’s error-statistical philosophy that seeks to overcome those
limitations through a reconsideration of both the aims and methods of frequentist statistical
appraisal.

9.3.4 Statistical tests: what are they good for?

A behavioristic interpretation

In their 1933 paper, Neyman and Pearson articulate a rationale for NP testing that emphasizes
the usefulness of such tests for limiting the rate of erroneous decisions in the long run. Having
asserted that “no test based upon the theory of probability can by itself provide any valuable
evidence of the truth or falsehood” of a particular hypothesis, they go on to note:

But we may look at the purpose of tests from another view-point. Without hoping to know
whether each separate hypothesis is true or false, we may search for rules to govern our
behaviour with regard to them, in following which we insure that, in the long run of
experience, we shall not be too often wrong. . . . Such a rule tells us nothing as to whether
in a particular case H is true when [the rule says to accept it] or false when [the rule says to
reject it]. But it may often be proved that if we behave according to such a rule, then in the
long run we shall reject H when it is true not more, say, than once in a hundred times, and in
addition we may have evidence that we shall reject H sufficiently often when it is false.
(Neyman & Pearson, 1933, 290-291)°

Here Neyman and Pearson express a behavioristic understanding of the rationale for NP
testing, according to which the results of an NP test do not indicate whether data provide good
support or evidence for or against a given hypothesis. Rather, on this interpretation, the NP
tester begins with a choice between two courses of action that provide the practical



signification of the outcomes accept H and reject H, as well as some idea of the costs of
making the choice between those actions erroneously. Following the decision rule specified as
part of the NP test, by allowing for the limitation of error rates, allows the NP tester to contain
costs. Indeed, by facilitating the design of optimal tests, Neyman and Pearson allow one to
maximize a certain kind of efficiency.

Critics (such as R. A. Fisher) have noted that, whatever usefulness NP tests thus understood
might have for, say, the pursuit of economic gains in manufacturing (a typical example would be
the use of sampling from batches of manufactured goods to see whether they meet quality-
assurance standards before shipping them to buyers), the relevance of such considerations to
science is doubtful. Scientists do seek answers to just the kinds of questions that Neyman and
Pearson say they cannot answer. They would like to have “valuable evidence of the truth or
falsehood” of the hypotheses they investigate!

A measure-of-evidence interpretation

An alternative to such a behavioristic interpretation would be to interpret the error
probabilities of a test as indicators of the strength of evidence provided by the test with regard
to the hypotheses tested. An approach of this kind, which we might call a measure-of-evidence
interpretation, was attempted by Allan Birnbaum (Birnbaum, 1977). In Birnbaum’s approach, a
rejection of the null hypothesis in favor of the alternative (or vice versa) would be interpreted
in terms of the strength of evidence it provided (‘strong,” ‘very strong,” ‘conclusive,” ‘weak,” or
‘worthless’) in favor of the alternative as against the null (or vice versa). This interpretation
would be based simply on the error probabilities of the test that led to that rejection. For
example, if a test yielded a rejection of H, in favor of /] with error probabilities a = 0.06 and
f = 0.08 (H; must be a point hypothesis in order to yield a single value for /), then Birnbaum
asserts he would interpret that as “strong statistical evidence” for H, as against H,, (Birnbaum,
1977, 24).

As Birnbaum acknowledges, statistical evidence in the form of outcomes of statistical tests
alone do not suffice to form reasoned judgments regarding substantive scientific questions.
Even as an account of strictly statistical evidence, however, Birnbaum’s approach is
inadequate. Two different tests with the same accept/reject outcome and the same error
probabilities need not yield statistical evidence of the same import. For example, in an NP test,
one designates a single cutoff value 7., and the test rejects the null hypothesis if the data yield

any value for T that is greater than /.. Neither the outcome nor the error probabilities o and S

are sensitive to the magnitude by which the observed value of T exceeds the cutoff value. For
example, setting a cutoff value 7, = 0.5 for testing the fair die hypothesis on the basis of the 100

trials of 36 tosses yields a size of a = .05. The null hypothesis H, would then be rejected by

data yielding observed values of # = 0.6 as well as by data yielding ¢ = 3.6, but the latter result
gives much stronger evidence against the null than the former. Also, as mentioned previously,
as the sample size grows, the sampling distribution tends to become more sharply peaked
around the expectation value. As a consequence the null will be more easily rejected at a given
size by a smaller effect if the sample size is large than if it is small. This is another way in
which factors beyond the accept/reject outcome of a test and its error probabilities have a
bearing on the interpretation of the statistical evidence (see Mayo, 1985, 1996; Pratt, 1977).

9.4 Error-statistical philosophy of science and severe testing



Deborah Mayo has developed an alternative approach to the interpretation of frequentist
statistical inference (Mayo, 1996).!° But the idea at the heart of Mayo’s approach is one that
can be stated without invoking probability at all. Let’s start with this core idea, and then we
can see how and why probabilities enter the discussion.

Mayo takes the following “minimal scientific principle for evidence” to be uncontroversial:

Principle 3 (Minimal principle for evidence) Data x, provide poor evidence for H if they

result from a method or procedure that has little or no ability of finding flaws in H, even if H
is false. (Mayo & Spanos, 2009, 3)

This minimal principle is weak: it states neither a criterion the satisfaction of which suffices
for data to constitute good evidence, nor a criterion the satisfaction of which is necessary for
data to constitute poor evidence. However, it does commit one to regarding not just the data
themselves but the “method or procedure” by which those data were generated as relevant to
their evidential import. Moreover, it indicates that the relevant aspect of that method or
procedure concerns the “ability” it has to reveal a flaw in H, if there is such a flaw (such as
being false). Mayo thus considers even this weak principle philosophically and
methodologically significant.

Philosophical accounts of scientific reasoning have, however, generally failed to satisfy this
principle.!! Philosophers of science have constructed theories of evidence that divorce
consideration of the evidential import of data from consideration of the methods used to
generate those data. Mayo argues that we should reject the project of the logical positivists that
aimed to allow one, for any data or observations E, to calculate the degree of support or
confirmation afforded to any hypothesis H. We should not, however, abandon the ideals of
neutrality and objectivity themselves. An account of scientific reasoning that respects
Principle 3 will better promote these ideals by emphasizing that reliable inferences from data
require consideration of the properties of the method that produced them.

Principle 3 tells us that the properties of methods that matter to the evidential appraisal of
data are those relevant for a method’s “ability of finding flaws” in the hypothesis under
consideration. Error probabilities enter into Mayo’s account because she maintains that (1)
probability distributions provide useful models of the operating characteristics of methods of
hypothesis appraisal, and (2) the operating characteristics that best reflect a method’s “ability
of finding flaws” in relevant hypotheses are its error probabilities as calculated from such a
probability distribution (assuming that distribution is in fact an adequate model of the method).

9.4.1 Severity and evidence

The use of probabilities as models for the flaw-finding capacities of tests leads to a refinement
of Principle 3 that addresses the question: ‘When do data x,, provide good evidence for or a

good test of hypothesis H?’

Principle 4 (Severity principle) Data x, provide a good indication of or evidence for
hypothesis H (just) to the extent that test T has severely passed H with x,. (Mayo & Spanos,
2009, 21)

We need to understand what the expression “severely passed” means, but first note that this
expression relates three items: (1) the hypothesis under test, (2) the data with which the
hypothesis passes, and (3) the test itself. Non-error-statistical accounts of evidence or



confirmation typically only concern themselves with a relation between the data and the
hypothesis.

Mayo gives the following account of what it means to pass a severe test or to pass a test with
severity:

Definition 4 (Severity) 4 hypothesis H passes a severe test T with data X if

(S-1) xq agrees with H (for a suitable notion of “agreement”) and

(S-2) with very high probability, test T would have produced a result that accords less well
with H than does X, if H were false or incorrect. (Mayo & Spanos, 2009, 22)

Evaluating the “agreement” in condition S-1 will often use probabilities: the data fit or agree
with the hypothesis H well if H confers a probability on the observed value of the test statistic
(or whatever data-dependent quantity serves as a measure of distance from what is expected if
H 1is true) that is relatively high compared to the probabilities conferred by competing
hypotheses.

As a first pass at appreciating the relevance of condition S-2, consider the context where the
hypothesis that is considered to pass the test with data x, is the alternative /; in an NP test of

the fair die hypothesis. If (1) our test has a cutoff fixed at 7, that results in a test with
significance level a (= .05, let’s say), (2) the data yield a value of  =¢,, and (3) we take this to
be a passing result for the alternative hypothesis H,, then perhaps we can use the significance

level of the test to evaluate how well condition S-2 has been met. Specifically, we know that
Pr(T>t,; Hy) = a = .05. In other words, assuming the null hypothesis is true (and hence the

alternative false), it would rarely (once in twenty times, on average) happen that one would get
a result that agrees so poorly (or even worse) with H,. It follows then that Pr(T'<¢,; Hy)) = 1 —

o. = .95. In other words, assuming the null hypothesis true and the alternative false, one would
almost always obtain a value for T that agrees better with the denial of H; (i.e., with H,) than

does the result in hand. So can we say that conditions S-1 and S-2 have been met by A, and it
has passed a severe test with such a result?

Answering requires us to go beyond the standard NP testing approach we have invoked so
far in this example. Recall that /; is usually (as in the die example) a compound hypothesis. In

our example it is H; : Y ~ B(36, p); p # 1/6. Although this hypothesis says something definite
mp 1 (36, p);p yp y g

about the kind of distribution that describes Y, all that it says about the value of the parameter p
is p # 1/6, which is not saying very much at all! This makes the idea of “agreement” with H; so

poorly defined as to preclude the application of the severity concept. If we want to know what
hypotheses might have passed with severity in our example, we will have to scrutinize the
various possibilities buried within the compound hypothesis ;.

Recall that the original rationale for NP tests appeared to be a behavioristic one focused on
limiting the rate of erroneous decisions, whereas we now seek an account of what we can learn
about hypotheses from experimental data. Mayo insists that the NP emphasis on the size and
power of a test remains relevant, particularly for pre-data planning. Such considerations help
investigators devise the most efficient ways to gather data to facilitate learning about the
hypotheses under test. But given that size and power do not translate directly into a measure of
the strength of evidence for or against a hypothesis, one must use a broader consideration of
error probabilities to discriminate amongst the possible inferences one might draw with regard
to the entire family of hypotheses under consideration after the data have been gathered.



Before turning to an example to see how we may implement this idea, two points deserve
emphasis. First: remember that probabilities entered into the account as a means for
representing the error-detecting capacities of test procedures. Very strong arguments based on
severity considerations can often be given without appealing to quantitative probability
measures at all. Second: Mayo proposes that we may regard learning from experimental data as
a matter of learning to construct arguments from error, the structure of which “is guided by the
following thesis™:

Principle 5 (Arguing from error) /¢ is learned that an error is absent when (and only to the
extent that) a procedure of inquiry (which may include several tests) having a high
probability of detecting the error if (and only if) it exists nevertheless fails to do so, but
instead produces results that accord well with the absence of the error. (Mayo, 1996, 64)

So we can apply error-statistical reasoning without explicit appeals to error probabilities.
Consider the example from Chapter 1, in which Newton investigated the differential
refrangibility of sunlight. An argument from error would require us to ask first, what are the
ways in which it might be erroneous to conclude — as Newton does — that light from the Sun
consists of rays that are differentially refrangible? We would then want to ask whether
Newton’s method of inquiry had a high probability (or a strong ability) of revealing such
errors, supposing them to be present. In doing so, we can determine which conclusions are
warranted by having been well-probed for possible errors (e.g., refraction with the prism
reveals sunlight to be analyzable into light of different colors, with the different colors
refracted at different angles; the refracted light is not further analyzable by the same means into
further components), as well as which conclusions are not warranted because the method is
incapable of revealing them as erroneous even if they are. (Such refraction does not warrant
any conclusions about whether light is composed of particles or waves, for example. Newton’s
experiment could not reveal the flaws in such claims, should there be such flaws.)

9.4.2 Example: evidence that formaldehyde is carcinogenic

Let us now develop an example in more detail.

Formaldehyde is a colorless flammable gas found in a wide range of products including
some cosmetics, cleaning products, and carpets, as well as in cigarette smoke and some
industrial exhaust. If you have ever dissected a deceased frog or other creature preserved in
formalin (a solution of formaldehyde gas in water), then you know its distinctive odor. The US
Environmental Protection Agency (EPA) presently lists formaldehyde as a “probable human
carcinogen, based on limited evidence in humans, and sufficient evidence in animals” (US
Environmental Protection Agency, 2012). The National Toxicology Program of the US
Department of Health and Human Services (DHHS), in the Twelfth Edition (2011) of its Report
on Carcinogens, revised the status of formaldehyde from “reasonably anticipated to be a
human carcinogen” (as it had been listed since 1981) to “known to be a human carcinogen,”
citing “sufficient evidence of carcinogenicity from studies in humans and supporting data on
mechanisms of carcinogenesis” (US Department of Health and Human Services Public Health
Service, 2011, 195).

Much of the evidence that formaldehyde causes cancer in humans comes from
epidemiological studies, i.e., studies that compare rates of various types of cancer among
humans known to have significant exposure to formaldehyde (pathologists and embalmers, for
example) with rates among humans without such exposure. Such studies require great care to



ensure that the selection of subjects and interpretation of data is unbiased, and to take into
account possible confounding causes (other causes of cancer, exposure to which may differ
among the two groups studied). Moreover, measuring actual rates of exposure to formaldehyde
is difficult, even among those whose jobs involve regular use of formaldehyde-containing
substances. The recent determinations that formaldehyde is indeed a human carcinogen, as
reflected in the DHHS Report on Carcinogens, result from significant advances in the ability
of epidemiologists to tackle these problems, as well as the accumulation of data over many
years, allowing the long-term effects of formaldehyde exposure finally to emerge.

In the early 1980s, the situation was rather different. The few existing epidemiological
studies were generally considered inconclusive. Experiments on rats and mice, however,
yielded more definite results. Our discussion of these experiments will focus on how scientists
used frequentist statistics in the evaluation of their evidence, and how an error-statistical
approach would interpret and possibly expand upon those assessments.

These experiments and the epidemiological studies that had been carried out at the time were
central in a controversy that arose over the classification of formaldehyde in the early 1980s.
Although several scientific panels and the EPA’s own scientists had recommended that the
substance be classified as a carcinogen, EPA administrators who were newly appointed by the
administration of President Ronald Reagan declined to do so. Critics charged the EPA
administrators with having neglected scientific evidence to advance a political agenda of de-
regulation of industry (see the discussions in Ashford, Ryan, & Caldart, 1983; Jasanoff, 1987
and Mayo, 1991).

Inexperiments carried out by researchers working for the Chemical Industry Institute of
Toxicology, male and female rats and mice were randomly assigned to four groups subjected to
different levels of exposure to formaldehyde gas: 14.3, 5.6, 2.0, and 0 parts per million (ppm).
Each exposure group had about 120 members of each of the two species and each of the two
sexes. Those exposed to 0 ppm were the control group, with whom comparisons would be
drawn. Exposures were scheduled to last for 24 months, followed by 6 months of nonexposure.
At intervals of several months, researchers would ‘sacrifice’ pre-established numbers of
animals; they would then conduct pathological examinations of these and other study animals
that had deceased.

We will not concern ourselves with the subtleties of the statistical analysis of the data from
these studies, but will content ourselves with a rough characterization of the hypotheses under
investigation and the nature of the support they established for the inferences they drew.
Although the researchers report a number of pathological observations, we will focus on
results that became central to debates over the safety of formaldehyde: the incidence of
squamous cell carcinomas (SCCs) in the various groups.

First let us clarify what hypotheses the researchers tested with their data on the incidence of
SCCs. Most directly, they tested hypotheses concerning the difference that exposure to
formaldehyde makes to the risk of developing SCCs in rats and in mice. A null hypothesis
regarding this difference would state that formaldehyde makes no difference to the risk of
developing SCC. We could define a parameter R/,; to be the difference between the risk of

SCC among rats exposed to formaldehyde at a level of exposure £ and the risk among those not
exposed to formaldehyde. Then the null hypothesis would be Rl = 0.

Among rats in the 14.3 ppm exposure group, 103 were found to have SCCs, as compared to
2 in the 5.6 ppm group, and none in either the 2.0 ppm or 0 ppm group. Among mice,
investigators found 2 SCCs in the 14.3 ppm exposure group, and none in the other groups. How
should we interpret these results?



Following a widespread convention, the researchers do not report actual p-values for these
but instead report the results as either surpassing or failing to surpass certain thresholds of
statistical significance. They note that the 103 SCCs in the 14.3 ppm exposure rats are
significant at a level of p < 0.001. As is common practice in the biomedical sciences, the
researchers report results that have p-values above 0.05 as ‘not significant.” The 2 SCCs in the
5.6 ppm exposure rats and the 2 in the 14.3 ppm exposure mice fall into this category.

The researchers use ‘significant’ as a technical term, but it is easily misunderstood. It does
not mean the same thing as ‘important,” either when it is affirmed or when it is denied of a
given result. To say that finding 103 SCCs among the 14.3 ppm exposure group is significant at
a level of p < 0.001 is to say that, assuming Rlp4 3,,,, = 0, one would expect to find 103 or

more SCCs in a similar sample of rats less than 1 in 1,000 times. (This does not mean that
there is a less than 1 in 1,000 chance that these SCCs were due to chance or that there is a less
than 1 in 1,000 chance that formaldehyde does not cause SCCs in rats exposed at a level of
14.3 ppm. Such statements would concern the probability of a particular explanation of the
data, which is not licensed in a frequentist framework.) To say that the 2 SCCs in the 5.6 ppm
exposure rats or the 2 SCCs in the 14.3 ppm mice are ‘not significant’ simply means that,
assuming Rlps ¢, = 0, finding 2 or more SCCs would happen more often than once in 20

times, on average. These latter two results may not be significant in the technical sense, but as
we will see they are relevant.

Regarding the much greater incidence of SCCs among rats exposed at 14.3 ppm as compared
to that of mice exposed at the same level, the researchers note that “It is of interest to note that
the incidence of squamous cell carcinoma was similar in mice exposed to 14.3 ppm and rats
exposed to 5.6 ppm of formaldehyde” (Kerns et al., 1983, 4388). Although neither number is
statistically significant, the similarity in the two rates suggests a hypothesis that would, if
correct, explain the discrepancy between the effects of formaldehyde in the two species,
namely, that the “differences in response . . . may be related to differences in their
physiological responses to formaldehyde inhalation” that would result in rats receiving, at a
given level of exposure, a much greater “dose” of formaldehyde than mice exposed at the same
level (Kerns et al., 1983, 4388). The researchers cite independent support for such a
hypothesis on the grounds of physiological differences in the nasal cavities of the two species
as well as from data on “cell turnover in the nasal cavities of rats and mice” (Kerns et al.,
1983, 4388).

From the standpoint of the Severity Principle, we might at this point wish to say that the data
provide good evidence for the hypothesis that Rlg4 3,,,, > 0, since the difference in rates of

SCCs among the control group and the 14.3 ppm exposure group is of a size that fits well with
the hypothesis that formaldehyde exposure at that level increases the risk of SCCs, and it is
highly improbable that one would observe as great a difference (or greater), were it the case
that formaldehyde exposure did not have such an effect.

Metastatistical severity analysis of the fates of rats and mice

Mayo and Spanos (2006) have emphasized that an assessment of the severity with which a
hypothesis has passed a given test can not be read off directly from p-values or the outcome of
an NP test, but requires instead a metastatistical severity analysis of the results of such tests.
Under the behavioristic rationale we discussed above, Fisherian or NP tests have their value in
the ability the investigator has to limit her rate of erroneous inferences in repeated applications
of the tests. But the rationale for a severity analysis is to determine what warranted inferences
the investigator may draw from a particular set of data.



Mayo and Spanos specify three requirements for success at that task: (1) The analysis must
concern inferences about the presence or absence of errors, rather than (merely) decisions
about a course of action to pursue. (2) One must use a test statistic (such as rate of SSCs) that
will serve as an “appropriate measure of accordance or distance” with respect to the
hypotheses under consideration. Roughly, this is simply the idea that larger values of the
quantity used to determine whether the test rejects or accepts a hypothesis A must indicate
larger discrepancies from (or worse fit with) what one would expect were H true. (3) The
assessment must be “sensitive to the particular outcome X,; it must be a post-data

assessment” (Mayo & Spanos, 2006, 329-330).

In our example, a severity analysis would not, therefore, rest with simply reporting that
finding 103 SCCs among the rats exposed at 14.3 ppm was significant with p < 0.001. One
would next proceed to ask about hypotheses asserting specific sizes of increased risk, relying
on the very same data. For example, do those data support the inference that Rlgy4 3, > 0.10

(i.e., that exposure at 14.3 ppm adds more than 10% to the probability that a rat will get an
SCC)? The answer to this depends on how probable it is (how often it would happen) that one
would obtain no more than 103 SCCs in this sample were it the case that exposure added just
10% to that risk. What about a 20% increase? 30%? and so on . . . In this way, one could
calculate the severity, for a given possible inference about Rlpj4 3, With which that

hypothesis passes, given the data in hand. Although Mayo and Spanos do not propose any
particular fixed severity threshold above which one should take the data to provide good
support for a hypothesis and below which one should not, the idea is that, assuming that the
above conditions for a severity analysis have been met, one can distinguish well-warranted
from poorly warranted inferences based on whether the inferred hypotheses passed with high
or low severity, respectively (Mayo & Spanos, 2006, 341-344).

Such an analysis can be especially useful, according to advocates, in the case that a test fails
to reject the null hypothesis, or a result is found not to be statistically significant. What, for
example, follows from the fact that among the mice exposed at 14.3 ppm, only 2 SCCs were
found, which was judged to be not statistically significant? If we consider this as a passing
result for the hypothesis RIy143,,, = 0 (in effect, ‘formaldehyde is safe for mice’), does this

constitute good evidence for that hypothesis? A severity analysis would direct our attention
beyond simply the absence of a statistically significant departure from what we would expect
were this null hypothesis true. We would first ask how probable it is that the difference
between the expected value under the null and the observed value of the test statistic would
have been larger than it is, if Rlj143,p, > 0. If that probability is very high, then the null

hypothesis passes with high severity. But notice that here again, the calculation of this
probability will depend on which value of Rlysy43,,, we choose that is greater than 0.

Presumably, if R4 3, €xceeds 0 by only a very small amount, such as 0.001, then it is not

the case that it is highly probable that more than 2 SCCs would have been observed (Mayo &
Spanos, 2006, 337-339).

In the case of a test that fails to reject a null of the form u < y, (or u = y,), for some
numerical value u,, a severity analysis therefore focuses on the severity of inferences of the
form u < ' for various values of ' greater than z,. In our example, the question to ask of the

mice results is what inferences they warrant of the form ‘the increased risk in mice of SCCs
from exposure to formaldehyde at 14.3 ppm is not greater than r.’” Error statisticians thus
acknowledge Fisher’s cautions against accepting the null hypothesis based on a failure to reject
it, but they go beyond Fisher insofar as they allow for a post-data analysis of hypotheses about



the extent to which the data support inferences that the null is not wrong by more than a given
amount. (This goes beyond orthodox NP testing as well, though Mayo and Spanos have argued
that aspects of this approach can be found in the writings of Neyman himself (Mayo & Spanos,
2006, 334-336).)

A severity analysis requires one to distinguish between those errors that the results of a
given test do and do not rule out (in the sense that, were those errors actual, the test would have
the capacity to tell us so). Such a perspective would be potentially relevant to the broader
significance of these results. What do they suggest about the health effects of formaldehyde on
human beings?

One of the newly appointed EPA administrators involved in the early 1980s decision against
regulating formaldehyde as a carcinogen noted that, although*“formaldehyde is a carcinogen in
the rat by the inhalation route . . . its carcinogenic potential appears to vary significantly with
species and route.” He furthermore stated that epidemiological data supported “the notion that
any human problems with formaldehyde carcinogenicity may be of low incidence or
undetectable” (Ashford et al., 1983, 327). We have already seen that the investigators who
performed the experiment on rats and mice suspected that mice might suffer lower rates of
SCCs because of a difference in the dose of formaldehyde that they actually received, rather
than (or perhaps in addition to) a difference in the carcinogenic potential of formaldehyde
between mice and rats. In other words, the difference in the results between the two species
could not be reliably interpreted as supporting a substantive claim about the difference in
carcinogenicity in the two species, a claim which would not have been well tested by this
experiment. Moreover, from the standpoint of a severity analysis, the absence of statistically
significant results from epidemiological studies would only warrant the claim that the
carcinogenicity of formaldehyde in humans is ‘of low incidence or undetectable’ were it the
case that those studies had very high probability of finding an effect if the carcinogenicity of
formaldehyde in humans exceeded the threshold of ‘low incidence.” There was at the time good
reason to think that this criterion was not met by these studies (Mayo, 1991, 271-273). In other
words, even were it the case that formaldehyde posed a significant carcinogenic potential to
humans, it was not improbable that these studies would have failed to find a significant effect.

9.5 Conclusion

In this chapter, we have considered the idea of relative frequency as a way of understanding
probability statements, as the foundation for some important approaches to the statistical
analysis of data, and as a jumping-off point for an approach to philosophy of science that
regards the error-probing power of tests as crucial to the determination of what it is that we
learn from scientific inquiry.

The error-statistical approach that we have explored here has been subjected to
considerable criticism from other philosophers of science (Achinstein, 2010; Howson, 1997,
Musgrave, 2010), and Mayo has responded to these criticisms in turn (Mayo, 1997b; Mayo &
Spanos, 2009). Here I discuss two critical issues.

Some critics argue that the error-statistical approach is committed to regarding some
hypotheses as passing severe tests which nonetheless have low posterior probabilities
(Achinstein, 2010). Suppose that we are interested in the hypothesis Hy: Tatyana is well-

qualified to participate in competitive eating contests. The contrary hypothesis m; states that
Tatyana is not thus qualified. To test Hj against H;, we ask Tatyana to eat 10 saltine crackers in
60 seconds without drinking any liquids. If she can do so, she passes the test. Only one out of



twenty people who are not well-qualified for competitive eating can pass this test, whereas
nearly everyone who is thus qualified would pass it. However, in the city where Tatyana lives,
only one person in a thousand is well-qualified for competitive eating. From the test we obtain
the result £: Tatyana passes the test. We have the following probabilities:

PriHr) = 0.001 Pr(Hy) = 0999

: (9.4)
Pr(EHp =~ 1 PrEH) = 005

Suppose that we regard Hy as having passed a (somewhat) severe test. The severity principle
would then have us regard this as (somewhat) good evidence for H;. But a Bayesian
calculation reveals that Pr(H7E) = 0.02, which is still quite low, while Pr(H}[E) = 0/98.

Mayo’s response points out first that this criticism begs the question by invoking a criterion
of appraisal rejected by error-statistics. That approach does not appraise a scientific claim by
considering its posterior probability, but by asking how well it has survived scrutiny by
methods with a good capacity for revealing errors, should they be present. Indeed, a test based
on the criterion of posterior probability would use the results of Tatyana’s performance as an
indication that she is not well-qualified for competitive eating regardless of what she did,
simply on the basis of the city where she lives, and would thus be committed to “innocence by
association” (Mayo & Spanos, 2009, 192-201). (Spanos, 2010 offers another criticism of such
arguments. )

The error-statistical approach does not merely offer a different answer to a traditional
question in philosophy of science: ‘how do we evaluate the degree to which a given body of
observations confirm (make probable) or disconfirm (make improbable) a theory?’ Rather, the
error-statistician seeks to replace this question with another: ‘how do we learn about scientific
claims by subjecting them to tests designed to reveal such errors in those claims as we might be
interested to discover?’

A second challenge for error-statistics has been to show how it can shed light on scientific
claims that appear to be less directly connected with particular bodies of experimental data,
what philosophers have sometimes called ‘high-level theories.” Granting that a severity
analysis provides a helpful perspective on the use of data from rats to evaluate the
carcinogenicity of formaldehyde, what can it tell us about the status of such broad theoretical
frameworks as Neo-Darwinian Evolutionary Theory, Keynesian Economic Theory, or the
General Theory of Relativity? These theories do not lend themselves to severe testing directly.

Although much work on this challenge remains to be done, the basic approach that defenders
of error-statistics have taken is to argue (analogously to their response to the first challenge)
that an understanding of how severe tests are relevant for high-level theories requires that one
first give up the assumption that the nature of the problem concerns how probable such theories
are or the assignment of a degree of confirmation. Instead, we should ask of our theories the
extent to which we have effectively probed them for errors and how well they have survived
such probing.

To date, Mayo’s writings on this topic have focused on the case of experimental testing of
theories of gravity (Mayo, 2002; Mayo & Spanos, 2009; see Staley, 2008, 2013 for a
discussion and extension). In particular she has focused on the use of a framework in which
Einstein’s General Theory of Relativity (GTR) can be put into a common mathematical
representation with other theories of gravity and tested, in a piecemeal way, for how well they
describe a broad range of phenomena in the domain where relative velocities are not large and



gravitational fields are not extraordinarily strong. In this way, data from many different kind of
observations and experiments can be used to discriminate the various ways in which GTR
might be in error (and other theories more correct), so that, although GTR might not be
subjected in its entirety to a single severe test, we can severely test claims that it makes about,
for example, how much a given quantity of mass curves the space around it, one of the features
of GTR that distinguishes it from some of its alternatives (Will, 1993a, 1993b).

A significant feature of this case is that the theories to which this framework compares GTR
are neither all of theories that are logically possible (which would include many that are silly
or incomprehensible), nor only those theories that we are clever enough to have thought of
(which might not include the correct theory). The framework allows one to test among an entire
class of theories satisfying certain weak assumptions.'? This includes GTR, all of the rivals to
GTR that physicists have regarded as serious, and (infinitely) many other rivals that no one has
explicitly entertained, but that are mathematically represented within the framework. Whether a
similar error-statistical approach can (or should) be applied to theories regarding aspects of
nature other than gravitational physics (particularly in domains such as the biological or social
sciences), remains an open question.

However defenders of an error-statistical approach in philosophy of science grapple with
these issues, we can see that the frequentist tradition in statistics has given rise to an interesting
alternative to the Bayesian approach that challenges long-standing conceptions of the task
facing philosophers of science.

'No, I didn’t. Being too lazy to sit and roll a die over and over again, and lacking the nerve to ask for
funding to pay a student to roll a die over and over again, I used a random number generator that
produced outputs of whole numbers from 1 to 6 to simulate my data. No conclusion about any actual
die can be drawn from my fake data.

2 Not really. See above.
31f I had actually been rolling it in the first place . . .

“In the die-tossing experiment we are testing for divergence from the null hypothesis due to differences
in either direction; a significant excess or a deficiency relative to the expectation value might lead us to
reject the null hypothesis, and this is reflected in the calculation of the p-value. This is called a two-
sided test. In the case of the Higgs boson, only excesses are considered relevant to the calculation of
the p-value, because the test is designed to test for departures from the null with respect to the
appearance of non-background processes. This is a one-sided test.

5 This is based on what statisticians call a two-sided ¢test.

6 See (D. E. Morrison & Henkel, 1970) for a historically significant collection of perspectives and
(Ziliak & McCloskey, 2008) for a recent jeremiad.

7 Even well-known and mathematically sophisticated social scientists can fall into this error (Silver,
2012).

8 The appearance of a semicolon in Equation (9.2) introduces some new notation. Expressions of the
form ‘Pr(4; B)’ should be read as ‘the probability of A assuming that B is true.” This verbal
expression might not seem substantively different from the conditional probability statement ‘the
probability of A given (or conditional on) B,” which we notate ‘Pr(4|B)’. However, mathematically
speaking, the difference is significant. Recall that conditional probabilities are defined such that
Pr(A|B) = Pr(A /\ B)/Pr(B). (This is the version of Definition 2 (Conditional probability), from
Chapter 8, for probabilities applied to sentences. The symbol ¢/\” represents logical conjunction,
which connects two sentences into a single sentence that is true if and only if both of the conjoined
sentences are true.) For frequentists however, the conditional probability expression Pr(T" > ¢.|Hg) =

Pr(T>t. /\ Hy)/Pr(Hy) would be meaningless. There is no relative frequency with which Hy, is true,



making both the numerator Pr(T > ¢. /\ H() and the denominator Pr(H)) undefined.

9 Neyman continued in later works to advocate an interpretation of NP tests in terms of “inductive
behavior” (Neyman, 1950, 1-2), but Pearson, argues Deborah Mayo, became a “heretic” to the
Neyman—Pearson philosophy and advocated a view closer to Mayo’s own (Mayo, 1996, ch. 11).

10 Mayo’s 1996 book Error and the growth of experimental knowledge is the most comprehensive of
Mayo’s publications advocating her approach, and gives her perspective on many issues discussed
previously in this text. The introduction to a more recent collection edited by Mayo and her
collaborator Aris Spanos includes an incisive summary of the error-statistical philosophy (Mayo &
Spanos, 2009).

" An exception would be the account given by Charles S. Peirce (1839-1914), one of the founders of
the philosophical approach pragmatism. Peirce insisted that in probable reasoning one must take
account of “the manner in which the premisses have been obtained.” Peirce’s theory of probable
reasoning anticipates some features of the Neyman—Pearson approach and Mayo’s error-statistical
elaboration of it (Peirce, 1883, 128; see also Kyburg, 1993; Mayo, 1993).

12 Weak, but not trivial. The framework, called the Parametrized Post-Newtonian (PPN) framework
includes all theories that satisfy the Einstein Equivalence Principle; equivalently they are all the metric
theories of gravity. See (Will, 1993a) for details, and (Staley, 2008, 2013) for a discussion of the
empirical grounds for the assumption of Einstein Equivalence in this context.



10

Realism and anti-realism

10.1 Introduction: success, change, and empiricism

Scientists pose questions about the world and, in some sense, they succeed in arriving,
however tentatively, at answers. In this chapter we ask how we should understand that success.
In particular, should we think of scientific inquiry as a project aimed at revealing a true
description of the world, even when that description involves things that we cannot possibly
see, hear, touch, taste, or smell? Or should we consider scientists to be engaged in a search for
theories that are simply in some way useful?

On the one hand, the ways in which scientists are sometimes successful would be, some
philosophers argue, inexplicable or miraculous unless it were the case that they have accepted
some theories that are (at least approximately) true. The approximate truth of some of their
theories is the best explanation of certain successes that scientists have enjoyed. Scientific
realism maintains that we should regard empirically successful theories in the mature sciences
(like physics, chemistry, and biology) as at least approximately true because this is the best
explanation of the success of those theories.

On the other hand, we have seen how theories can change in science in dramatic and
unexpected ways. A theory might even seem to enjoy tremendous success, only to be replaced
by a theory with a radically different conception of the basic entities responsible for the
phenomena in its domain. A historically informed caution seems then appropriate with regard
to successful theories, calling into doubt the close connection between success and truth that
scientific realism postulates. Theory change poses a historical challenge to scientific realism.

Another criticism of scientific realism alleges it to be inconsistent with a thorough-going
scientific attitude. Such an attitude, according to this challenge, should consider the ultimate
arbiter of questions of truth to be nothing other than the observable data. But, the argument
goes, theories that involve terms referring to unobservable entities such as electrons
necessarily involve statements that go beyond what can be tested with the observable data. So
we should understand any commitment scientists make to such theories not in terms of belief in
the truth of those theories, but as a pragmatic decision. This is the philosophical challenge of
empiricism.

10.1.1 Example: the hole theory and anti-matter

In 1928, the physicist Paul Dirac published a theory that for the first time described the
quantum mechanics of electrons in a way that was consistent with Albert Einstein’s Special
Relativity (Dirac, 1928). Dirac’s theory, however, included something peculiar: electrons with
negative energy. Such things had never, of course, been observed in any experiment. !

Dirac valued the mathematical elegance of a theory very highly, and his own theory
exemplified this attribute. So he sought to convert the oddity of negative energy states into a
virtue by using them to explain already known particles. This interpretation became known as



the ‘hole theory.” According to hole theory, there really is an ever-present ‘sea’ of negative
energy electrons. Its density is actually infinite, but because it is uniform the net
electromagnetic field from it will be zero everywhere except where there are local
divergences from this uniform density. The existence of this sea then helps to ensure that
positive energy electrons will stay positive. According to a principle of quantum physics
called the exclusion principle, no two electrons can occupy exactly the same state. Since all
negative energy states are already occupied, electrons in positive energy states cannot jump
into them.

In an effort to unpack all of the consequences of his theory and solve problems threatening it,
Dirac then asks what it would be like if there were a hole in this sea of negative energy
electrons, a location at which no negative energy electron were to be found. His surprising
answer is that such a hole would behave just like a particle, but one with an electric charge
opposite that of electrons. At first he concluded that his theory had just predicted protons, but
Hermann Weyl showed that if that were the case protons would have to have the same mass as
electrons, which they do not. So Dirac took the radical step of proposing an entirely new kind
of particle. He made the prediction with great diffidence:

A hole, if there were one, would be a new kind of particle, unknown to experimental
physics, having the same mass and opposite charge to an electron. We may call such a
particle an anti-electron. We should not expect to find any of them in nature, on account of
their rapid rate of recombination with electrons, but if they could be produced

experimentally in high vacuum they would be quite stable and amenable to observation.
(Dirac, 1931, 61)

Meanwhile, a young physicist at Cal Tech named Carl Anderson was beginning a new series
of experiments on cosmic rays in a strong magnetic field, using an improved version of the
cloud chamber, a device that allows physicists to take pictures of the tracks that charged
particles leave in a vapor. Anderson, who had no knowledge of Dirac’s prediction, noticed in
late 1931 that some of his photographs seemed to depict positively charged particles with
masses considerably less than that of a proton. They had to be charged because their paths
curved (as particles carrying a charge should do when passing through a magnetic field), and
the charge had to be positive. (Anderson had inserted a lead plate in his cloud chamber,
allowing him to determine whether the particles entered the chamber from below or from
above. He could then infer the sign of the charge by noting whether the track curved to the left
or the right.) Moreover, the particles could not be protons, but had to have masses similar to
that of an electron, because of the very thin tracks they left. A proton, with mass about 1800
times that of an electron, would leave a much thicker track. Based on a number of photographs
such as the one in Figure 10.1 (C. Anderson, 1933, 492), Anderson proclaimed the discovery
of the “positive electron,” which he dubbed the “positron” (C. Anderson, 1933).2



Figure 10.1 A cloud chamber photograph of a track left by a positron. The particle enters from
below and passes through a 6 mm lead plate across the center. The subsequent loss of
momentum results in the greater curvature of the track in the upper region. (Reprinted with
permission from Carl Anderson, “The positive electron.” Physical Review 43, 492 (1933).
Copyright 1933 by the American Physical Society.)

Physicists expressed skepticism at first, but more detailed experiments by P. M. S. Blackett
and G. P. S. Occhialini provided more detailed measurements. Unlike Anderson, Blackett and
Occhialini did discuss their findings in light of Dirac’s theory, concluding that although their
data were not sufficient to test it directly, Dirac’s theory “predicts a time of life for the positive
electron that is long enough for it to be observed in the cloud chamber but short enough to
explain why it had not been discovered by other methods” (Blackett & Occhialini, 1933, 716).

Further experimentation strengthened the positron’s status as an elementary particle and as
the first of a whole class of anti-particles. Dirac had effectively predicted this, too. In the same
paper he argued that the proton — the only other particle known at the time — would also have a
sea of negative energy states, holes in which would constitute anti-protons. In spite of its
seemingly odd way of viewing the world, Dirac’s theory was strikingly successful.

10.2 ‘No miracles’: an argument for realism

When a theory is able to get things right in this way, it seems intuitively as though the scientists
who developed it must be onto something. That intuition lies at the heart of one argument for
scientific realism. This argument (sometimes called the ‘no miracles argument’) asks what is
the best explanation of the fact that certain scientific theories provide a basis for scientists to
predict successfully the outcomes of experiments never before performed and for engineers to
extend our ability to intervene in and control natural processes? Either Dirac got tremendously,
even miraculously, /ucky, or else he had come up with a theory that was, if not exactly true, at
least close to the truth. As stated in an often-quoted phrase from Hilary Putnam, “realism is the
only philosophy that does not make the success of science a miracle” (Putnam, 1979, 73;



emphasis in original).
Although statements of the realist thesis about scientific theories vary somewhat, the basic
idea is this:

Thesis 2 (Realism) Scientific theories that achieve a certain level of success in prediction
and experimental testing are (probably) approximately true.

What is the alternative? Anti-realists regard theories, even successful ones, as somehow
able to perform their function without being true, or at least without being literally true. One
version of this idea is instrumentalism, which holds that theories should be regarded as tools
(or instruments) for making predictions and exerting control over natural processes. As such,
the instrumentalist insists, theories can serve their function without being even approximately
true. Thus, from the fact that a theory serves its function successfully, we should not infer that it
is even approximately true.

Advocates of scientific realism contend that the argument they offer is of the same sort that
scientists use to defend their theories: they consider scientific realism to be superior to
alternative ways of thinking about theories such as instrumentalism because it provides the best
explanation of the success of certain scientific theories. Because, they argue, scientists
themselves accept, in any given domain, the theory that offers the best explanation of the
phenomena in that domain, scientific realism earns the appellation ‘scientific’ not simply
because it is a thesis about science, but because it uses a scientific argument in defense of that
thesis.

Scientific realists thus adopt a model of the reasoning by which scientists defend scientific
theories called Inference to the Best Explanation (IBE). Another term sometimes used for this
kind of inference is abduction.’ To infer to the best explanation is to infer “from the premise
that a given hypothesis would provide a ‘better’ explanation for the evidence than would any
other hypothesis, to the conclusion that the given hypothesis is true” (Harman, 1965, 89).
Although philosophers disagree over which features make an explanation the best, some
prominent considerations have included plausibility, consilience, simplicity, and the extent to
which a proposed explanation is analogous to explanations already known to be true (Lipton,
2004; Thagard, 1978).

More specifically, the argument for scientific realism focuses on the ways in which scientists
rely on methods that depend on theoretical assumptions. Such assumptions, they argue, enter
into the design of experiments, the analysis of data, the use of instruments, and the evaluation of
evidence. “All aspects of scientific methodology are deeply theory-informed and theory-laden”
(Psillos, 1999, 78). Moreover, scientists succeed in conducting experiments and making
accurate predictions while relying on these theory-laden methods. The best explanation for
such success is that “the theoretical statements which assert the specific causal connections or
mechanisms by virtue of which scientific methods yield successful predictions are
approximately true” (Psillos, 1999, 78; see also Boyd, 1989).

10.2.1 Circularity?

Precisely because scientific realism relies on IBE as a mode of argument, critics have alleged
that the argument for scientific realism is viciously circular. They point out that instrumentalists
reject IBE as a means of justifying the belief that a theory is true. Were they to accept the IBE
principle that the best explanation of the phenomena in a given domain should be regarded as
true, they would already be realists about scientific theories.



Since skepticism about IBE is a chief motivation for instrumentalism, the most that an
instrumentalist would conclude from the fact that scientific realism is the best explanation of
empirical success in the sciences is that scientific realism is instrumentally useful (Fine, 1986;
van Fraassen, 1980). (They may not concede even that much. Unlike the scientific theories
alluded to in the scientific realist argument, scientific realism itself has not provided us with
any successful predictions; nor has it enabled anyone to do a better job of analyzing data,
devising instruments, or performing experiments (Laudan, 1981, 46).) Since the argument for
scientific realism assumes the reliability of a mode of reasoning that is rejected by those who
reject the conclusion of that argument, the defense of scientific realism assumes that which is at
issue and hence begs the question.

Defenders of scientific realism such as Stathis Psillos respond to this charge by drawing an
important distinction between two different ways in which an argument can be circular. An
argument is viciously circular, or premise-circular (Braithwaite, 1953, 274-285), if it includes
among its premises a claim that is identical or equivalent to the conclusion of that argument
(and would not be valid without that premise). It is unreasonable to take such an argument as a
reason to adopt a belief in its conclusion. If the proposition expressed by the conclusion is not
one that you accept, then the argument depends crucially on a premise you do not accept. If it is
already among your beliefs, then accepting the conclusion of the argument does not involve
adopting any new belief. Note that what is at issue is not the validity of the argument, but
whether the argument provides a rational basis for accepting its conclusion.

Defenders of scientific realism then point out that the defense of scientific realism by appeal
to IBE is not circular in this way, because it does not include as a premise the claim that IBE is
reliable.

That distinction matters because although it is true that a person must accept the premises of
an argument for that argument to be rationally persuasive, it is not (or at least not obviously)
true that for an argument to be rationally persuasive a person must believe that the kind of
argument used is reliable. It is only necessary that the form of argument used is reliable. So
scientific realists can argue cogently for their position without first convincing those who are
skeptical of their position to accept that IBE is reliable, provided that IBE is in fact reliable.

You may be thinking “that seems like a bit of a dodge,” but recall from Chapter 1 how
defenders of induction run into a similar difficulty. Justifying the use of induction in an
inference requires another inductive argument.* Even deductive inferences are subject to this
difficulty. Could you imagine defending the reliability of deductive reasoning without using
deductive reasoning? So long as deductive reasoning is in fact reliable (in the sense of being
truth-preserving), this need not lead to a debilitating skepticism. So in this respect, abductive
reasoning such as scientific realists employ is no worse off than inductive or deductive
inference (Psillos, 1999, 89).

We should approach this ‘no worse off ’ reply carefully, however. It shows that the form in
which this circularity arises should not by itself cause us to reject the kind of reasoning being
used, as that would lead to the self-defeating conclusion that we should also reject deductive
and inductive inferences. That might defeat any attempt to reject IBE as unreliable, were such
skepticism based only on the charge of circularity against attempts to justify IBE. Those
skeptical of IBE, to be taken seriously, need also to provide some kind of evidence that IBE is
not actually reliable.

Can critics of scientific realism produce such evidence? Let’s consider the historical record.

10.3 The problem of theory change



Scientific theories have come and gone over the years. Newton’s emission theory of light
enjoyed quite a few years of success before nineteenth-century physicists abandoned it in favor
of the theory that light consists of waves in an aether filling all of space. The idea of the aether
as a mechanical medium for light vibrations proved fruitful for a time, but was found ultimately
unworkable, while the electromagnetic theory of James Clerk Maxwell provided an alternative
conception that identified the waves with fluctuations in an electromagnetic field. In light of
twentieth-century developments in quantum theory, physicists now decline to regard light as
fundamentally either a wave or a particle.

In an influential 1981 essay, Larry Laudan argues that such examples of successful theories
later rejected in favor of conceptually quite distinct successors, pose a significant challenge to
scientific realism by calling into question the connection between the truth or even approximate
truth of a theory and its empirical success.

According to Laudan, the scientific realist is committed to the claims that (1) “Scientific
theories (at least in the ‘mature’ sciences) are typically approximately true and more recent
theories are closer to the truth than older theories in the same domain” and that (2) “The
observational and theoretical terms within the theories of a mature science genuinely refer.”
Laudan aims his arguments at a “convergent” version of scientific realism committed to the
further claims that (3) “Successive theories in any mature science will be such that they
‘preserve’ the theoretical relations and the apparent referents of earlier theories” and (4)
“Acceptable new theories do and should explain why their predecessors were successful
insofar as they were successful” (Laudan, 1981, 20-21).

The scientific realist argues that we should accept these claims because they explain the
empirical success of the scientific theories in question. For such an explanation to succeed,
Laudan argues, the following two principles must be true:

Principle 6 (Reference connection) If the central terms in scientific theories genuinely
refer, those theories will generally be empirically successful.

Principle 7 (Truth connection) If scientific theories are approximately true, they will
typically be empirically successful.

Laudan offers counterarguments to these principles on several fronts, drawing on the history
of science. For example, he argues against Principle 6 by first distinguishing two claims that
might provide support for it:

Principle 8 (Reference to success) 4 theory whose central terms genuinely refer will be a
successful theory.

Principle 9 (Success to reference) If a theory is successful, we can reasonably infer that its
central terms genuinely refer.

Laudan’s attack on Principle 8 points to theories with (what we currently regard as)
genuinely referring terms that were not empirically successful (such as the original version of
tectonic plate theory, as articulated by Alfred Wegener). Principle 9 must contend with
historical examples of theories whose central terms we currently regard as non-referring that
nonetheless were empirically successful (such as the phlogiston theory of combustion, or the
theory that light is a vibration in the ‘luminiferous aether’). Moreover, Laudan points out,
Principle 9 is not strong enough by itself to support the scientific realist’s contention that
scientific realism explains the success of science, since it tells us not that we can expect



genuinely referential theories to be successful, but only that we can expect successful theories
to be genuinely referential. The scientific realist might be committed to the latter claim, but the
argument for scientific realism depends on the former claim.

The argument Laudan offers against Principle 7 builds on these points. Parallel to the
previous distinction with regard to reference, we can point to two commitments of the
scientific realist with regard to truth:

Principle 10 (Approximate truth to success) If a theory is approximately true, then it will
be empirically successful.

Principle 11 (Success to approximate truth) /1 a theory is empirically successful, then it is
probably approximately true.

Laudan acknowledges that Principle 10 enjoys a certain air of plausibility, but that, he
claims, is due to its resemblance to the quite distinct and “self-evident”

Principle 12 (Truth to success) If a theory is true, then it will be successful.

Of course if a theory is true, we should expect it to succeed, but scientific realists cannot take
much comfort from this, because their thesis does not assert only that being true explains the
success of theories, but that being approximately true does so. Absent a theory of approximate
truth that would underwrite Principle 10, the realist can issue only a promissory note here.

Moreover, the history of science provides ample reasons to reject Principle 11, provided
that theories postulating non-existent entities are not approximately true. Laudan expands on his
earlier discussion of theories with non-referential terms that were empirically successful. His
long list of examples includes the “crystalline spheres of ancient and medieval astronomy,”
“the effluvial theory of static electricity,” “the caloric theory of heat,” “the vital force theories
of physiology,” and the electromagnetic and optical aethers.

Indeed, as Thomas Pashby has argued (Pashby, 2012), Laudan might have added Dirac’s
‘sea’ of negative energy electrons to this list. Although Dirac’s theory enjoyed genuine
empirical success, including its remarkable prediction of positrons, his proposal for
understanding the theory did not survive. Through the middle decades of the twentieth century,
physicists such as Sin-Itiro Tomonaga, Julian Schwinger, Freeman Dyson, and Richard
Feynman developed mathematical techniques to handle the problem of infinities in Dirac’s
theory (Schweber, 1994). The result was an approach to quantum electrodynamics that
describes particles and anti-particles in terms of fields rather than seas of negative energy
particles.

99 ¢

10.3.1 The pessimistic meta-induction

The list of successful, not-even-approximately-true theories can, Laudan asserts, “be extended
ad nauseam” (Laudan, 1981, 33) and is so extensive that writers have taken it as the basis for
the pessimistic meta-induction. Authors have used this term to refer to two distinct arguments.
The first, due to Hilary Putnam, argues (in a reductio ad absurdum) that if we assume our
current theories are true, then we must regard past theories as false, which provides us with an
inductive reason to expect our current theories to turn out also to be false (Putnam, 1978). We
will not concern ourselves further with this version of the pessimistic meta-induction. The
inductive argument on which it relies is weak at best, and Putnam himself may not have taken it
seriously (P. J. Lewis, 2001).



Like Putnam’s, Laudan’s argument begins by assuming, as the realist believes, that most
currently successful theories in the mature sciences are approximately true. But from this his
argument seeks to show not (directly) that we should believe our current theories will turn out
to be false, but only that the empirical success of a theory is not a reliable indicator of its truth
or even its approximate truth. Even accepting Laudan’s historical claims about the prevalence
of empirically successful theories that are not even approximately true by the light of currently
accepted science, it remains unclear what follows from this regarding the relation between
success and truth. For example, suppose we think of empirical success as a kind of diagnostic
test for truth. The fact that it has often given a positive result for false theories does not by itself
prove that it is unreliable. Suppose it is reliable in the sense that it rarely yields a negative
result when applied to a true theory (the false negative rate is low) and rarely yields a
positive result when applied to a false theory (the false positive rate is low). We might still
see numerous examples of positive results from this test as applied to false theories, if most of
the theories to which it has been applied are false. As Peter Lewis has pointed out, this leaves
a way for the realist to explain Laudan’s historical evidence: the population of past theories to
which the realist’s test for truth has been applied consists of mostly false theories, thus yielding
a significant number of false positives. But the kind of realist Laudan is criticizing believes
scientific progress entails that we now have many more true theories than we have had in the
past (P. J. Lewis, 2001; see also Magnus & Callender, 2004).

Applying such statistical ideas to the history of science is problematic on a number of levels.
Do theories form a population, from which scientists have sampled? Does the realist employ
success as a diagnostic test to be applied to such a population? One sure conclusion is that
historical change complicates any attempt to reason inductively from the historical record.

Nonetheless, Laudan’s argument poses at least this challenge to the realist: What supports the
claim that IBE is a reliable form of argument, given that it has so often misled us in the past?
The rule-circularity of the IBE argument for scientific realism may not by itself lead us to doubt
its cogency, but the historical record of apparently strong but erroneous IBEs suggests that we
are owed an argument in support of the reliability of IBE.

10.4 The empiricist challenge

The other significant challenge that scientific realism has confronted has its source not in the
history of science but in a philosophical orientation historically associated with a scientific
outlook: empiricism. Empiricist philosophers share a commitment to accounting for human
knowledge in terms of experience gained through the use of our senses.’ Empiricist critics of
scientific realism argue that believing in the truth of a theory that refers to unobservable things
goes beyond what experience can warrant.

The logical empiricists provide one example (see Chapter 4). In their attempt to distinguish
between cognitively meaningful discourse and meaningless metaphysics, the logical empiricists
sought to characterize the responsible use of theoretical language in terms of the use of
correspondence rules that would link theoretical terms (like ‘electron’) to terms describing
observable things (like tracks in a cloud chamber photograph). The correspondence rules were
to provide the meaning of the theoretical terms. So a physicist who avows belief in a theory
about electrons would not need to believe in the existence of subatomic particles zooming
around with their miniscule mass and electric charge; she would commit herself instead to the
existence of a theory in which expressions using such terms are deductively linked, via
correspondence rules, to descriptions of observations and experimental outcomes.



10.4.1 Constructive empiricism

In his 1980 book The Scientific Image Bas van Fraassen set forth such a bracing challenge to
realists that it established much of the framework in which subsequent discussion of the issue
has taken place. Van Fraassen advocates a position called constructive empiricism:

Thesis 3 (Constructive Empiricism) Science aims to give us theories that are empirically
adequate; and acceptance of a theory involves as belief only that it is empirically adequate.
(van Fraassen, 1980, 12)

Van Fraassen’s rough account of empirical adequacy states that a theory is empirically
adequate “exactly if what it says about the observable things and events in this world, is true”
(van Fraassen, 1980, 12). For greater precision, recall the contrast in Chapter 4 between
syntactic and semantic views of scientific theories. Van Fraassen endorses a semantic view.
For him, to give a scientific theory is to specify a family of structures: the models of the theory.
Such a specification will include the empirical substructures of those models, which
potentially represent observable things and events. An empirically adequate theory, then, is one
for which all of the data (“the structures which can be described in experimental and
measurement reports,” or what van Fraassen calls appearances) correspond to elements of the
empirical substructure (van Fraassen, 1980, 64). By “all the data” van Fraassen means a/l the
data: not just all observations recorded so far, but all those that will be in the future.® To state it
in more intuitive but less precise terms, an empirically adequate theory is a collection of
models into which all of the appearances fit.

Unlike the logical empiricist, the constructive empiricist does not seek to interpret away a
theory’s apparent reference to unobservable things. If a theory uses language that refers to
electrons and is true, then it entails the existence of electrons. However, the constructive
empiricist regards such a theory as contributing to science, not by providing a true description
of an unobservable micro-world, but rather by describing a set of models into which all of the
data might possibly fit. Those models might also refer to things and events that do not
correspond to any possible data, but the acceptance of a theory does not involve belief in those
things, only in the claim that the theory is empirically adequate, i.e., that the data will fit into its
empirical substructure.

Thesis 3 makes no descriptive claim about the beliefs of scientists (perhaps most of them are
realists), but a prescriptive claim about the aims of scientific inquiry. It tells us what should
count as a successful contribution to science. Note also that to say that a theory is empirically
adequate requires an inductive leap beyond what the current data state, for it entails that the
theory will be consistent with all future data.

10.4.2 What is observable?

Because van Fraassen defines empirical adequacy in terms of what is observable, the exact
meaning of the constructive empiricist thesis depends on what it means to be observable. Two
questions confront the constructive empiricist: (1) Can one state a consistent and defensible
criterion of observability? and (2) Does observability matter in a way that would justify giving
it such a central role in our understanding of the aims of science?

Beginning with the first question, van Fraassen tackles an argument due to Grover Maxwell
against the possibility of a principled distinction between what we can and cannot observe.
Maxwell argues that acts of observation constitute a continuum from the direct and “unaided”



observation of an object, through observation with such simple aids as a magnifying glass or a
low-power optical telescope or microscope, to cases involving more technological mediation,
such as the use of radio telescopes or electron microscopes or bubble chambers. This
continuum leaves us, according to Maxwell “without criteria which would enable us to draw a
non-arbitrary line between ‘observation’ and ‘theory’ ” (Maxwell, 1962, 7).

In response, van Fraassen proposes the following criterion of observability, commenting that
“This is not meant as a definition, but only as a rough guide to the avoidance of fallacies” (van
Fraassen, 1980, 16):

Principle 13 X is observable if there are circumstances which are such that, if X is present to
us under those circumstances, then we observe it.

Maxwell’s argument indicates that we can draw no sharp line along the continuum separating
the certainly and unequivocally observable from the certainly and unequivocally unobservable.
But this only indicates that ‘observable,” like many other perfectly meaningful and useful
words, is a vague predicate. By pointing to clear cases and counter-cases, we can provide
evidence for the meaningfulness of such predicates — like ‘bald’, ‘blue’, or ‘bilingual’ — even if
in other cases we are not sure whether they apply or not. The moons of Jupiter are observable
because we not only can observe them through the telescope but “astronauts will no doubt be
able to see them as well from close up” (van Fraassen, 1980, 16). A subatomic particle passing
through a bubble chamber is clearly not observable. You may see the track of bubbles that it
leaves, but under no condition can you observe the particle itself.

Such a response suffices to establish that the distinction between what is and is not
observable is meaningful, but leaves our second question, which concerns, in Maxwell’s
words, “what ontological ice” such a distinction cuts (Maxwell, 1962, 8). Van Fraassen tackles
one aspect of this problem raised, again, by Maxwell, as a problem concerning the relevant
range of possible circumstances in which we might observe a thing. For example a mutation
that enabled a person to form visual images using radiation of wavelengths different from those
that human vision normally utilizes would allow one to observe many things we cannot
currently observe (Maxwell, 1962, 11). This suggests that the delineation of the observable
from the unobservable is indeterminate, since we cannot predict just what possible modes of
sensory experience we might develop in the future.

Van Fraassen’s reply is to insist that we should understand the possibilities of observation in
terms of actual, present human capabilities: “The human organism is, from the point of view of
physics, a certain kind of measuring apparatus. As such it has certain inherent limitations . . . It
is these limitations to which the ‘able’ in ‘observable’ refers — our limitations, gua human
beings” (van Fraassen, 1980, 17). Constructive empiricism thus pins the aims of science to
something of a moving target. To the extent that our cognitive capacities change, so will the
meaning of empirical adequacy. This, however, van Fraassen accepts as an entirely reasonable
commitment, for the alternative is to require that “our epistemic policies should give the same
results independent of our beliefs about the range of evidence accessible to us” (van Fraassen,
1980, 18).

Does that answer our second question, though? We want to know why observability should
make a difference to what we should believe regarding an empirically successful theory.

10.4.3 Underdetermination

Constructive empiricism is grounded in a certain view about what empiricism requires: only



the appearances should matter to the epistemic commitments of science. Since theories with
different non-empirical substructures can share the same empirical substructures, a decision to
believe one such theory rather than another would have to attribute epistemic import to such
non-empirical virtues as simplicity (in one or more of its guises), mathematical elegance,
fruitfulness, and so on. Van Fraassen does not deny that scientists value such features in a
theory, but insists that an empiricist must value them only as pragmatically useful, not as signs
of truth. Dirac may have considered his theory of the electron to be mathematically beautiful,
but to the extent that he took that aesthetic value as a reason to believe his theory true (as
opposed to making a pragmatic commitment to develop and defend it), he would be adopting an
epistemic attitude based on something other than the appearances. A consistent empiricist
would not believe in Dirac’s ‘sea’ of negative energy electrons, or in holes in that sea, which
after all are absent from later formulations of quantum theories of electrons. Nor should one
believe in electrons and positrons themselves, which some future theory making all the same
experimental and observational predictions might eliminate.

Constructive empiricism therefore relies strongly on an appeal to a kind of
underdetermination. That a currently embraced theory that refers to unobservables gives the
best explanation of the phenomena — even if it does so with respect to all future phenomena —
is no warrant for the truth of the theory because of other empirically equivalent theories that
differ only with respect to theoretical virtues that an empiricist cannot take as a reason to
believe those theories that possess them. One might, however, resist this argument if one could
make the case that such theoretical virtues are in fact reliable indicators of the truth of a theory
(McAllister, 1999; Musgrave, 1982).

Van Fraassen employs a different underdetermination argument to defeat one strategy for
defending scientific realism. Scientific realists sometimes argue that scientists should use
Inference to the Best Explanation as a means of inferring the fruth of scientific hypotheses
because we do this in ordinary circumstances and we should consistently apply the same kinds
of reasoning in both ordinary circumstances and in science. To adapt van Fraassen’s own
example: Zig has left an (obviously) unwanted horseradish doughnut on the kitchen counter
overnight. When he wakes, he finds no doughnut, but observes in its place a few crumbs, and
some small black pellets. Zig infers H,,: a mouse has taken up residence (and has a higher

opinion of horseradish doughnuts than does Zig). Of course, he has not seen the mouse, but the
best explanation of the evidence that he has seen is that H,, is true. It would be silly to insist

that Zig infer only that things are as if there were a mouse, but to remain agnostic about the
existence of an actual mouse. Likewise, it would be silly to ask the scientist to remain agnostic
about positrons in the face of the evidence compiled by Anderson and by Blackett and
Occhialini.

This argument interprets Zig’s reasoning as an instance of IBE in which Zig infers the truth of
the hypothesis. But van Fraassen points out that one could equally well describe Zig’s
inference regarding the mouse as an inference to the empirical adequacy of H,,. Mice being

observable, H;,’s truth and its empirical adequacy amount to the same thing. All of its

consequences are observable, so it is true exactly if it is empirically adequate, and vice versa.
Van Fraassen thus offers a rival hypothesis to that of the scientific realist regarding how we
reason: “we are always willing to believe that the theory which best explains the evidence is
empirically adequate.” This hypothesis, he claims, “can certainly account for the many
instances in which a scientist appears to argue for the acceptance of a theory or hypothesis, on
the basis of its explanatory success” (van Fraassen, 1980, 20). The empirical evidence of how
people do in fact reason underdetermines the choice between realist and anti-realist



philosophies of science.

We turn now to some of the ways realists and anti-realists have elaborated or modified their
positions and arguments over years of debate. Various forms of realism and arguments for it
have emerged from these efforts.

10.5 Strengthening scientific realism

In the face of Laudan’s historical challenge, scientific realists have tightened their argument by
both refining their standards for what counts as success, and by distinguishing those aspects of
the theory that must be regarded as approximately true to explain such success. In this way,
scientific realists have refined their IBE argument by modifying their explanation. They have
modified both the explanans (the propositions doing the explaining) and the explanandum (the
proposition describing what is being explained).

10.5.1 Maturity and success

We can start with their modification of the idea of success. Laudan’s argument appeals to a long
list of theories that enjoyed periods of empirical success, although we now regard them as
false and their central terms as non-referential. In defense, scientific realists have sought to
strike items from this list by invoking a more stringent standard of empirical success than
Laudan’s.

One such standard requires theories to yield successful novel predictions to qualify for a
realist attitude (Leplin, 1997; Psillos, 1999). In Chapter 6 we discussed Lakatos’s use of a
novel prediction criterion to distinguish progressive from degenerating research programs.
Philosophers have variously interpreted this standard as requiring a theory to predict some new
result that was not known before, or is not predicted by any of the theory’s rivals, or would be
very surprising or unexpected independently of that theory, or was not used in the construction
of that theory. In his defense of scientific realism, Stathis Psillos employs the concept of use
novelty advocated by John Worrall (Psillos, 1999; Worrall, 1985, 1989a), whereas Jarrett
Leplin defends realism with an analysis of novelty that combines and refines elements of both
Worrall’s and Lakatos’s conceptions (Leplin, 1997).

However conceived, the novel prediction standard significantly reduces the number of
episodes in the history of science in which a successful theory turned out to be incompatible
with our current best theories. Psillos argues in addition that many of Laudan’s successful-but-
false theories emerged at times when their respective disciplines were not yet mature. They
had not yet produced “a body of well-entrenched beliefs about the domain of inquiry which, in
effect, delineate the boundaries of that domain, inform theoretical research and constrain the
proposal of theories and hypotheses” (Psillos, 1999, 107). By thus invoking higher standards,
scientific realists can thus escape any threat from such putative successes as the humoral theory
of medicine, the crystalline spheres theory of medieval astronomy, or the effluvial theory of
static electricity.

10.5.2 Divide and conquer

Raising the standards for maturity and success does not, however, suffice to address the
entirety of Laudan’s challenge, for some significant episodes remain in which a genuinely
mature science seems to have succeeded in producing novel successes from a theory with non-
referring terms. Both realists and anti-realists repeatedly turn their attention to the case of the



nineteenth-century wave theory of light and the luminiferous or optical aether, which physicists
used to derive some strikingly successful novel predictions, although the latter plays no role in
our current understanding of optical phenomena.

Psillos summarizes the strategy for answering this challenge: “it is enough [to defeat
Laudan’s argument] to show that the success of past theories did not depend on what we now
believe to be fundamentally flawed theoretical claims” (Psillos, 1999, 108). He calls this
strategy divide et impera (divide and conquer). The strategy has important consequences for
the methods used by defenders of scientific realism and for the content of the scientific realist
position.

The divide and conquer strategy requires defenders of scientific realism to conduct
historical investigations to determine just what theoretical claims were essential to a given
successful prediction, and how scientists evaluated the contributions of various elements of the
theory to such a prediction. Psillos, for example, argues at length, based on his reading of the
contributions of various nineteenth-century physicists, that we should distinguish between their
mathematical description of the dynamics of light propagation, the essentials of which carried
over from wave optics into the later reconceptualization of light in terms of the electromagnetic
field, and their attempts to construct a mechanical model of an elastic aether, the vibrations of
which could be understood as light waves. Whereas the former played an important
explanatory role (and were preserved in later theories), the latter were merely illustrative,
and later theories of light excluded them precisely because physicists could not give them a
description from which they could predict the behavior of light. He summarizes the situation
thus: “The parts of ‘luminiferous aether’ theories which were taken by scientists to be well-
supported by the evidence and to contribute to well-founded explanations of the phenomena
were retained in subsequent theories. What became paradigmatically abandoned was a series
of models which were used as heuristic devices for the possible constitution of the carrier of
light-waves” (Psillos, 1999, 140).

In this way, scientific realists seek to turn the problematic case of the luminiferous aether
into a success story for a more nuanced realist position. The case of Dirac’s sea of negative
energy electrons might pose a more difficult challenge. Thomas Pashby has recently argued that
the early successes of Dirac’s theory depended crucially on the sea and could not have been
derived without it (Pashby, 2012).

The divide and conquer strategy furthermore requires the scientific realist to adopt a more
differentiated attitude toward successful theories than Thesis 2 would suggest. We should not
regard a theory in its entirety as ‘approximately true’ simply because that theory successfully
predicts novel phenomena; we should adopt a realist attitude only toward those “constituents
which contribute to successes and which can, therefore, be used to account for these successes”
(Psillos, 1999, 110).

10.6 Experimental routes to realism

Thus far, our discussion of realism and anti-realism has focused on the interpretation of
theories that provide explanations making reference to unobservable entities. Debates over
realism, thus construed, partake of a preoccupation with theories and their status typical of
most work done in philosophy of science up until the early 1980s. Then, a few philosophers
began to argue that such ‘theory-dominated’ philosophy of science resulted in a distorted
understanding of scientific knowledge that privileged abstract logical or quasi-logical relations
between theory and evidence over material engagement and interaction with experimentally



induced phenomena. These “New Experimentalists” (Ackermann, 1989) argued that valuable
philosophical lessons were to be learned by attending to the practices of experimentation.
Scientists, they insisted, do not only record observations so they can formulate observation
statements to put into some formal relationship with theoretical statements. They intervene in
the world, tinkering with technological systems to make them convey information about the
phenomena that interest them (Ackermann, 1985, 1989; Bogen & Woodward, 1988; Franklin,
1986; Galison, 1987; Gooding, 1990; Hacking, 1981, 1982, 1983; Hon, 1987, 1989; Mayo,
1996). In the words of Ian Hacking, “Experimentation has a life of its own” (Hacking, 1983,
150).

10.6.1 Entity realism

Ian Hacking made some of the earliest and most influential of contributions to the New
Experimentalism. Hacking argued that the basis for a realist attitude about unobservable
entities such as electrons lay not in the fact that our explanatory theories make apparent
reference to them, but in the fact that we can use them to make things happen — especially in the
course of investigating things other than electrons. Hacking described an experiment that used
an “electron gun” to investigate the phenomenon of parity violation in what physicists call
“weak neutral currents.” We will pass over an explanation of the physics of weak neutral
currents here — Hacking himself gives only the briefest discussion — because the crucial aspect
of the experiment for Hacking’s point is not the physics being investigated but the engineering
enterprise of building an electron gun that makes an experimental investigation of that physics
possible. He summarizes his point thus: “We are completely convinced of the reality of
electrons when we regularly set out to build — and often enough succeed in building — new
kinds of devices that use various well understood causal properties of electrons to interfere in
other more hypothetical parts of nature” (Hacking, 1983, 77). Elsewhere, referring to an
experiment in which physicists altered the charge on a sphere of niobium by “spraying” it with
positrons, Hacking quips: “So far as I’'m concerned, if you can spray them, then they are real”
(Hacking, 1983, 23).

Hacking does not simply observe that experimenters as a matter of fact tend to believe in the
existence of entities that they manipulate to investigate phenomena. Instead he claims that the
“enterprise” of using entities to experimentally investigate the world “would be incoherent
without” a realist attitude toward the entities thus manipulated. Given that the experimental
enterprise “persistently creates new phenomena that become regular technology,” this
enterprise is evidently not incoherent (Hacking, 1982, 73). Thus, “engineering, not theorizing,
is the proof of scientific realism about entities” (Hacking, 1982, 86).

The realism Hacking endorses only concerns entities that experimentalists use to learn about
other phenomena. He does not endorse realism about theories as such, and denies that his
argument relies on the kind of inference to the best explanation argument that scientific realists
typically employ. (At around the same time, Nancy Cartwright arrived at a similar view,
following a different path. In How the laws of physics lie, she argues that the laws of physics
have great explanatory power precisely because they do not describe actually occurring states
of affairs (“the facts™). But, she insists, the laws of physics do truthfully describe something:
they “describe the causal powers that bodies have” (Cartwright, 1983, 61).)

Hacking’s writings on entity realism seem to point to two distinct arguments with different
conclusions, but Hacking so intermingles them that he may not see them as distinct. One
argument seeks to establish good evidence for the claim that not only do unobservable entities
exist, but we make regular and reliable use of them in our experimental undertakings: “The



‘direct’ proof of electrons and the like is our ability to manipulate them using well understood
low-level causal properties” (Hacking, 1982, 86). Other passages, however, point to a
different argument. When Hacking declares that the fact that “experimenters are realists about
the entities that they use in order to investigate other hypotheses or hypothetical entities” is “not
a sociological fact” but a requirement of the evident coherence of the enterprise of scientific
experimentation (Hacking, 1982, 73), his argument is not a “direct” proof of the existence of
electrons or anything else. It does not establish the truth of any scientific realist claim. It argues
that experimental scientists should adopt realist beliefs about certain kinds of entities because
doing so contributes to the coherence of their enterprise. A belief can contribute to the
coherence of something without being true. The child who believes that the crumbs left on the
plate by the Christmas tree are the consequence of Santa Claus’s midnight snack contributes to
the coherence of the story her parents tell her about the presents that have appeared overnight.

Independence from theory?

The more philosophically substantial of Hacking’s arguments, then, is the first one. David
Resnik has reconstructed that argument as follows:

(1) We are entitled to believe that a theoretical entity is real if and only if we can use that
entity to do things to the world. (2) We can use some theoretical entities, e.g. electrons, to
do things to the world, e.g. change the charges of niobium balls. (3) Hence, we are entitled
to believe that some theoretical entities, e.g. electrons, are real. (Resnik, 1994, 401)

Under this reconstruction, critics can either raise objections against premise (1) (e.g., Shapere,
1993) or premise (2). Resnik targets premise (2), not to dispute the soundness of Hacking’s
argument, but to dispute Hacking’s claim that the entity realist need not rely on inference to the
best explanation, and thus can maintain an anti-realist attitude to theories. Resnik’s critique
attempts to show that justifying premise (2) requires the entity realist to argue that the best
explanation of the reliability of the instruments experimenters use is given by “low-level
generalizations (theories?) and other assumptions” that describe those instruments as taking
advantage of theoretical entities (Resnik, 1994, 404). In other words, the realist about
positrons cannot simply claim without justification to spray them, she must warrant that claim
by invoking an explanation of the functioning of her instruments that appeals to at least some
theoretical claims.

Michela Massimi also disputes Hacking’s claim to divorce entity realism from realism about
theories. Her version of the argument does not saddle the theory realist with an appeal to
inference to the best explanation, however. Massimi relies on an underdetermination argument
to raise a worry for the entity realist that parallels the underdetermination problem for realism
about theories: For any given claim about using a particular entity to produce certain effects in
an experimental setting, distinct but empirically equivalent entities might produce the same
effects. Massimi does not raise this possibility to underpin a skeptical argument based on
underdetermination. Rather, she invokes experiments in particle physics testing the quark
theory of subatomic particles against the rival parton theory to argue that the very experimental
evidence that suffices to resolve underdetermination regarding which entity the experimentalist
is using also provides the grounds on which to choose one theoretical model over another. This
makes theory-free entity realism an unstable position: one either foregoes appeals to theory,
leaving one vulnerable to objections based on empirically equivalent entities, or one embraces
theory, committing to realism about at least some theoretical claims in order to vindicate
realism about entities (Massimi, 2004).



10.6.2 A direct experimental argument for realism?

Peter Achinstein has advanced another argument in support of realism that appeals to
experiment. Drawing upon a suggestion by Wesley Salmon (Salmon, 1984, 213-227),
Achinstein defends the claim that Jean Perrin’s experimental investigations of Brownian
motion, carried out in 1908, demonstrate scientific realism by giving an experimental
demonstration of the existence of molecules.

Brownian motion, which derives its name from the English botanist Robert Brown who
observed it in 1827, is the erratic and ongoing movement of microscopic particles suspended
in liquids. Perrin carried out a variety of experiments in which he observed through a
microscope the motion of particles of gamboge (a resin derived from certain trees) in an
emulsion. Perrin derived an equation relating observable quantities by assuming, among other
things, that the motions of the visible Brownian particles are caused by collisions with the
molecules making up the dilute liquid in which those visible particles are suspended”
(Achinstein, 2002, 472). With this equation he was able to calculate Avogadro s number, which
he understood as the number of molecules in one gram-molecule of hydrogen (i.e., the quantity
of hydrogen whose mass in grams is numerically equal to the mean molecular mass of
hydrogen). Perrin used a number of different experimental arrangements to produce data
yielding distinct but convergent calculations of Avogadro’s number N (= 6 x 10%%). Perrin
concluded that

Even if no other information were available as to the molecular magnitudes, such constant
results would justify the very suggestive hypotheses that have guided us [including that
molecules exist], and we should certainly accept as extremely probable the values obtained
with such concordance for the masses of the molecules and atoms. . . . The objective reality
of the molecules therefore becomes hard to deny. (Perrin, 1916, 105, quoted in Achinstein,
2002, 473; emphasis in original)

Achinstein’s essay reconstructs the reasoning whereby Perrin arrives at this conclusion. He
argues that Perrin’s conclusion is indeed a realist one, in that he not only asserts the existence
of unobservable entities (molecules), but he does so in opposition to empiricist scientists of his
day, such as Pierre Duhem, Ernst Mach, Wilhelm Ostwald, and Henri Poincaré, who “raise
general methodological objections to inferences from what is observed to what is
unobservable” (Achinstein, 2002, 493). According to Achinstein, Perrin used a causal
eliminative argument, in which one begins by listing all of the causes of some observed
phenomenon E that are possible “given what is known” (alternatively, this is a list which, it is
highly probable, includes the cause of E). If, then, one can conclude of all but one of these
possible causes that they do not, in fact, cause E, then one can justifably conclude that
(probably) the remaining possible cause of £ is its actual cause. Perrin, Achinstein argues, had
good reason to believe that he could, through a combination of experimental and statistical
arguments, rule out all other possible causes of Brownian motion sufficiently to claim that it
was at least more probable than not that it was caused by the motion of molecules. His
subsequent derivation of Avogadro’s number then raised this probability even higher.”

Achinstein attempts to anticipate and respond to several anti-realist objections to his
argument. One empiricist objection deserves particular attention. According to this argument,
empiricism requires us not to draw inferences beyond what would be susceptible to either
support or correction by possible future evidence. Claims about things that are unobservable
cannot be supported or corrected by data concerning observable things because we cannot



know that the conclusions we draw concerning the observable things will also hold for the
unobservable things. Suppose that we are interested in sampling from things of type 4 and
observing whether they have some property B. Even if we find that all of the members of our
large and varied sample of As have B, we cannot infer that al/l things of type A, including those
that are unobservable, have B, since it may be that being observable is a biasing condition
with respect to B. That is, perhaps B is a universal property among observable As but is absent
or rare among unobservable As (assuming the latter even exist).

An argument like this would warrant denying empirical credentials to claims about
unobservables: such claims require an extrapolation from data regarding observable things to
conclusions about unobservables that is unwarranted in principle. But Achinstein notes that the
principle required to make this argument is either self-defeating or arbitrary.

Suppose that the anti-realist argument from biased sampling is based on this principle: If all
members of a sample of 4s share some property P that is not shared by all As outside of the
sample, then no conclusion regarding all 4s is warranted. That would suffice to underwrite the
anti-realist conclusion about observability (observability would be the property P), but it is so
strong that no inference from a sample to a population would be warranted, since one can
always find some such property for any sample (such as ‘observed in Dr. Carlsson’s lab’ or
‘located in the northern hemisphere’).

If this very strong but self-defeating principle is not behind the anti-realist appeal to biased
sampling, what principle is? While being observable may be a biasing condition for some
inferences, the anti-realist argument here considered requires us to believe that it always is.
That being observable might be a biasing condition should not by itself lead us to reject
inferences concerning unobservables, since many other properties also might. Indeed, as
Achinstein notes, we can go further and note how experimentalists deploy strategies for
addressing worries about the warrant for extrapolating into the realm of the unobservable:
Although one cannot observe the unobservable, “[o]ne can vary conditions or properties in
virtue of which something is observable (or unobservable)” such as size, proximity, duration,
and interactions with other bodies (Achinstein, 2002, 483). Perrin seems to have employed just
such a strategy in his own experimental arguments. Speaking of the particles of gamboge he
used, he wrote “We shall thus be able to use the weight of this particle, which is measurable
[and which Perrin did vary by preparing several different emulsions of gamboge], as an
intermediary or connecting link between masses on our usual scale of magnitude and the
masses of the molecules” (Perrin, 1916, 93-94; emphasis in original).

10.6.3 Experiment and realism about positrons

Although Hacking’s attempt to drive a wedge between realism about theoretical claims and
realism about entities may not succeed, Massimi’s and Achinstein’s arguments support his
insight that attention to experimental practice adds to the resources for vindicating a realist
attitude in science in at least some instances. Moreover, even if experimental arguments for the
existence of unobservable entities are not entirely theory free, they often allow one to draw
conclusions about unobservable entities at a stage when the theoretical description of those
entities remains unresolved by evidence (or perhaps no candidate for a theoretical description
has even emerged).

Consider Carl Anderson’s arguments for the existence of a positive electron. Anderson’s
findings could not serve as conclusive support for Dirac’s theory. Even when Blackett and
Occhialini developed more detailed evidence, they denied that they could use their data to test
Dirac’s theory directly. But Anderson did provide an argument for the existence of something



that, though unobservable, possessed particular attributes: it had a mass similar to that of an
electron, and it had a charge opposite that of an electron. Anderson’s argument drew upon some
theoretical claims: particularly laws describing the effects of a magnetic field on a charged
particle. He employed reasoning based upon previous experimental determinations such as
“well established and universally accepted” descriptions of the range of protons of a given
energy in a cloud chamber (C. Anderson, 1933, 491).

Indeed, drawing upon the previous chapter, we might construe Anderson’s argumentation
along the lines of an argument from severity in Mayo’s sense: he considered what he took to be
all of the alternatives to the conclusion that he drew that were possible given what he knew,
and showed how under any alternative possibility, it would be very unlikely that one would
observe an image that fit so well with the hypothesis of a positively charged electron-like
particle (Staley, 1999a). Following Anderson’s work, subsequent experimentation would both
strengthen the argument for this fairly weak conclusion and provide a basis for stronger claims
about the properties of positrons (Roqué, 1997).

We can certainly grant that in 1933 Dirac’s theory gave ‘the best explanation’ of Anderson’s
observations, but did that provide good grounds for believing that theory? In accordance with
Hacking, we can regard Anderson as having given an argument for the existence of positrons
that we need not regard as an IBE. But Anderson’s argument was also not based on being able
to use positrons for some experimental purpose; it is not an engineering argument. By
Hacking’s criterion, a justified realist attitude toward positrons would have to wait for the
advent of experiments using beams of positrons as probes of subatomic structure.’

10.7 Structural routes to realism

We have seen how different forms of realism arise from adopting a realist attitude toward
different aspects of a theory. One version of this idea differentiates between the entities
postulated by a theory and the structural relations between them. Beginning in the late 1980s,
John Worrall began advocating structural realism (though he regards Henri Poincaré and
Pierre Duhem as earlier advocates). Structural realists adopt a realist attitude toward the form
or structure of certain theories, but not to the kinds of things the theory postulates. This theory
began in its epistemic form, in which ontology is considered a matter about which one ought to
remain agnostic. A more recent ontic version has recently emerged claiming that when it comes
to fundamental ontology, structure is all there is.

10.7.1 “The best of both worlds”: epistemic structural realism

Surveying the terrain of the long-standing dispute between realists and anti-realists, Worrall
finds that both sides have both a compelling positive argument and a fatal flaw. Moreover, each
position’s strength reflects the other’s weakness. On the realist side, Worrall acknowledges that
the no-miracles argument exerts a strong intuitive pull. It does seem that some of scientists’
empirical successes are inexplicable unless the theories responsible for those successes are
getting something right. Prevailing anti-realist philosophies have no adequate alternative
account for this great success. On the anti-realist side, it seems that even in fairly recent history
the mature disciplines have undergone upheavals that have overthrown understandings of
phenomena that had seemed settled and put in place of those understandings completely
transformed interpretations of the natural world. It would seem hubristic to claim that all of that
is behind us and that we will not be subjected to such revolutions in the future; rather we
should expect such transformations to continue. No realist philosophy, even if we allow the



invocation of ‘approximate truth’ seems to do justice to this historical pattern.

Worrall proposes that epistemic structural realism promises “the best of both worlds” by
articulating a view that gives due consideration to the no-miracles argument, but can
accommodate conceptual revolutions in science. Consider, for example, the problem of the
nineteenth-century wave theory of light. This theory generated some remarkable successes. For
example, Augustin Jean Fresnel gave it a mathematical formulation in an essay he submitted to
the French Académie des Sciences for a prize competition in 1819. One member of the
committee, Siméon Denis Poisson, used Fresnel’s theory to calculate the surprising result that,
given the right configuration, one would find a bright spot at the center of a shadow cast by an
opaque disc. The chairman of the committee, Frangois Arago, decided to test this unexpected
consequence of Fresnel’s theory, and found the predicted bright spot. Fresnel won the prize.
But Fresnel’s theory represented the propagation of light as the movement of vibrations in an
all-pervading mechanical aether that current physics denies. For the scientific realist, the wave
theory of light poses a problem as an empirically successful theory using theoretical terms
referring to things that do not exist. (We have already noted the ‘divide and conquer’ response
to this problem in Section 10.5.2.)

But the history of the theory has an important feature for which a purely anti-realist attitude
seems inadequate: When the wave theory based on a mechanical acther was supplanted by
Maxwell’s theory of electromagnetic fields, the mathematical equations theorists had
developed to describe the undulations of the aether remained, but they now described the
vibrations of electromagnetic fields. The progression of theories of light thus exhibits
preservation of structure alongside a significant discontinuity in its description of entities.
Worrall quotes a telling passage from Poincaré discussing the equations of Fresnel’s theory:

these equations express relations, and if the equations remain true, it is because the
relations preserve their reality. They teach us now, as they did then, that there is such and
such a relation between this thing and that; only the something which we then called
motion, we nowcall electric current. But these are merely names of the images we
substituted for the real objects which Nature will hide for ever from our eyes. The true
relations between these real objects are the only reality we can attain . . . (Poincaré,
[1905]1952, quoted in Worrall, 1989b, 118)

In other cases, the mathematical structure of an earlier theory might be subsumed within that
of a later theory as a special case. We find this pattern in the replacement of Newton’s
dynamics by the dynamics of Einstein’s special relativity. Kuhn argues (as discussed in Chapter
5) that the change from Newton’s physics to Einstein’s physics is so great that even though the
same terms appear in both theories, their meaning is changed. So Newton’s physics as a whole
(with its understanding of mass as a quantity independent of one’s frame of reference, for
example) is not really a special case of Einstein’s physics. But even if Kuhn is right about this,
the structural realist’s more modest claim remains valid: the mathematical form of Newton’s
laws can be derived from Einstein’s laws as a special case where relative velocities are very
small compared to the speed of light. This shows that in Einstein’s theory, the relations
between quantities that Newton’s equations describe remain (within a certain domain)
unchanged. Einstein’s theory revises what those quantities signify, but Newton’s theory gave the
correct description, within a restricted domain, of how they relate to one another.

Dirac’s hole theory, one more time

In one respect, the case of Dirac’s theory and its successful prediction of the positron seems to



lend support to structural realism. If one consults a current textbook on electrodynamics, one
will find equations with apparently the same mathematical form as in Dirac’s own presentation
of his theory, in spite of the fact that Dirac regarded his theory as a description of the relations
between particles that fill space even in a vacuum, whereas the current theory describes
relations between fields.

Once again, however, the success of Dirac’s peculiar theory challenges our attempts to craft
a systematic philosophical understanding. As Pashby notes, interpreting the transition from
Dirac’s hole theory to our current understanding of quantum electrodynamics as a story of
structural preservation tells only part of the story. Although we will not here delve into the
mathematics required for a full account, the crucial point is that in spite of the formal similarity
between Dirac’s own version of his equation and the modern understanding of it the
mathematics of the two equations are in fact quite different. In Dirac’s theory, his equation
describes the evolution of a wave function that determines the probability of finding a particle
in a given location at a given time. But the modern equation applies instead to fields that assign
operators to particular locations in spacetime. These operators then determine the probability
that a particle will be created or annihilated at a given location. The difference here cannot be
easily interpreted as simply a change from one kind of thing to another kind of thing while
keeping the relations between the things the same. Pashby concludes: “theory replacement
involves structural discontinuity as well as structural preservation, and since these
discontinuities may reflect the problematic ontological or metaphysical shifts that the structural
realist had hoped to avoid, she had better account for them too” (Pashby, 2012, 470).

10.7.2 Ontic structural realism

The structural realist position we have been discussing has come to be called epistemic
structural realism to distinguish it from the more recently emerged ontic structural realism.
Epistemic structural realism argues that we can safely regard our best theories as mapping an
aspect of the world: its structure. But “the nature of the basic furniture of the universe” will
remain forever elusive to us (Worrall, 1989b, 122).

Ontic structural realists, however, argue that the structural realist understanding of our best
current theories in physics provides us with just such an understanding of the “basic furniture of
the universe” (or, perhaps better, how the furniture has been arranged) and that what it tells us
is that it is precisely structure that is fundamental to the makeup of the universe. In one version
of this idea, at the most basic level of the makeup of the universe, there are no things that exist
independently of the relations that hold between them. Rather, it is the relations (i.e., the
structures) that are fundamental (Ladyman et al., 2007).

Epistemic structural realism attempts to carve out a realist understanding of the success of
scientific theories that disentangles them from metaphysics. Ontic structural realism invokes
that same understanding as a way of doing metaphysics.

10.8 Conclusion

Scientists have developed remarkably sophisticated methods and technologies for learning
about the world. It is perhaps shocking, therefore, that there is so little agreement about what
we learn from their expert use of these methods and technologies. Imagine that you went to a
restaurant run by a world-famous chef with a state-of-the-art kitchen, serving a spectacular
menu of delicious selections, but none of the staff could agree whether any of the items on that
menu would actually nourish you! On the other hand, the extended conflict has encouraged both



sides to refine their arguments, and some untenable positions have been abandoned.

These disputes have generated a multitude of contrasting arguments and positions, such that
one cannot hope to do justice to every important contribution in a single chapter of a book such
as this. Let me conclude by just mentioning a few authors whose writings deserve further
attention.

Ernan McMullin argues for a nuanced form of realism that pays special attention to the
difference between physics (where perhaps the case for anti-realism is strongest) and other
sciences like geology. McMullin’s argument emphasizes the ways in which science relies on
metaphors (McMullin, 1984).

In order to improve on Laudan’s pessimistic meta-induction Kyle Stanford advocates a
historical argument for a kind of cognitive limitation leading to a recurring underdetermination
problem. According to this argument, it is not simply the occurrence of empirically successful
theories that are not approximately true, but the many historical examples of scientists failing to
conceive of relevant alternatives to their favored explanatory theories that should persuade us
to be anti-realists (Stanford, 2006).

Arthur Fine seeks to transcend the dichotomy between realism and anti-realism with what he
calls the “Natural Ontological Attitude” (NOA). He considers both realism and anti-realism to
be “inflationary” philosophical adjuncts to science that seek to tie the legitimation of science to
either metaphysics (realism) or epistemology (anti-realism). By contrast NOA includes a “pro-
attitude” towards science and even towards science yielding belief in the truth of claims about
unobservables, but it avoids theorizing about truth itself or about the aims of science, which it
regards as a “chimera” and an artifact of the philosophical dispute to which we have devoted
our discussion in this chapter (Fine, 1984, 1986).

Howard Stein follows a rather different path from Fine’s toward the idea that scientists in
practice incorporate aspects of both realism and instrumentalism in a way that renders them
compatible (Stein, 1989).

! Theoretically, negative energy electron states were not entirely new. The classical theory of the
electron also included negative energy states, but physicists ignored them as ‘unphysical.” This was
not possible in a quantum theory, because for any electron in a positive energy state, there would be a
non-zero probability of that electron undergoing a transition to a negative energy state.

2 Anderson had set out not to find new particles but to investigate the origins of cosmic rays, a question
of great interest to the head of Cal Tech, Robert A. Millikan (C. Anderson, 1999). C. T. R. Wilson
had originally developed the cloud chamber in order to investigate the formation of clouds, not to
study cosmic rays or discover new particles (Chaloner, 1997; Galison & Assmus, 1989). The
unfolding of scientific discovery cares little for the expectations of those who pursue it!

3 Charles S. Peirce introduced the term ‘abduction,’ but the kind of inference he intended for it to
characterize is not quite that which contemporary philosophers typically have in mind when they use
the term.

4 Gilbert Harman argues that all inductive inferences really are inferences to the best explanation
(Harman, 1965). For purposes of the present argument, I will assume that induction and IBE are
distinct.

> This statement suffers from an unavoidable vagueness. Empiricists must regard the nature of
experience and its role in knowledge production as empirical questions that cannot be settled at the
outset by philosophical fiat. Bas van Fraassen concludes that empiricism cannot be characterized by a
belief in any particular thesis, but must be understood as a stance or orientation in one’s theorizing
(van Fraassen, 2002).

6 Of course, the data might have noise in them. Moreover, some data may be erroneous due to
instrumental flaws or errors in experimental design or execution. A more careful statement of the



definition of empirical adequacy would need to take account of these realities of data collection.

7 Achinstein employs a species of Bayesian probability; a frequentist would reject such probability
statements. His interpretation of probability departs from the usual Bayesian one, however. For him,
the probability of a hypothesis is a measure, not of the degree of belief the agent does or should hold
in the hypothesis, but the degree to which it is reasonable to believe the hypothesis. See his (2001) for
an explanation and defense of this view and his general theory of evidence.

8 In the early 1960s an Italian collaboration built the first particle accelerator that used colliding beams
of electrons and positrons, the AdA (4nnello di Accumulazione) (Bernardini, 2004).



11

Explanation

11.1 Introduction

That we use scientific theories to explain things is a matter of broad (though incomplete)
agreement.! But what is it to explain something? Intuitively, explanations enable us to
understand the phenomena we observe, where understanding involves something more than
merely knowing that something occurs. Intuitively, again, that something more seems to
involve a knowing why or knowing sow the phenomenon occurs. But none of these intuitive
ideas helps very much with an analysis of what constitutes an explanation (or what constitutes a
good explanation). For what constitutes understanding? and what does it take for an explanation
to help us achieve it?

This is a very old question in philosophy. Aristotle insisted that in order to “grasp the ‘why’
of something” one should understand each of its four different kinds of cause: what it is made
of, its form, its source of change or stability, and its end or purpose.

Aristotle’s four causes are really four kinds of explanation, and they reflect his own
approach to explaining natural phenomena. The discussion of explanation within contemporary
philosophy of science likewise draws motivation from the explanatory practices of
contemporary science; it really begins with Carl Hempel and Paul Oppenheim’s Deductive-
Nomological (D-N) model of explanation, which constitutes the core of the Covering Law
model. We will therefore begin with the Covering Law account and objections to it before
turning to several prominent alternative accounts.

11.2 The Covering Law model

We can start with a simple example:

A mercury thermometer is rapidly immersed in hot water; there occurs a temporary drop of
the mercury column, which is then followed by a swift rise. How is this phenomenon to be
explained? The increase in temperature affects at first only the glass tube of the
thermometer; it expands and thus provides a larger space for the mercury inside, whose
surface therefore drops. As soon as by heat conduction the rise in temperature reaches the
mercury, however, the latter expands, and as its coefficient of expansion is considerably
larger than that of glass, a rise of the mercury level results. (Hempel and Oppenheim, 1948,
135-136)

In every explanation we can distinguish between the explanandum, a statement describing
what is to be explained, and the explanans, the statements that tell us what explains the
explanandum. In this example the explanandum has two parts: First, that the height of the
column of mercury in the thermometer is briefly lowered; second, that the height of the mercury
column subsequently increases.



The explanation quoted above leaves out all mathematical details. It does not tell us how
much the column of mercury falls or rises, or how long it takes to do these things. The laws that
describe the processes of heat conduction and thermal expansion are invoked implicitly but not
stated in their full quantitative form. But Hempel and Oppenheim nonetheless think that the
implicit references to these more detailed and quantitative expressions point us to the
requirements of a “sound” explanation, which they divide into three logical requirements and
one empirical requirement:

Logical requirements:

DNLI1 The explanans must deductively entail the explanandum. A D-N explanation is a
deductive argument in which the explanans constitutes the premises and the
explanandum constitutes the conclusion.

DNL2 The sentences that make up the explanans must include some sentences expressing
general laws. (Typically, though this is not required, they will also include some
sentences not expressing laws but describing so-called initial conditions that in
conjunction with the laws make possible the derivation of the explanandum.)

DNL3 The explanans must have empirical content, meaning that “it must be capable, at least
in principle, of test by experiment or observation” (Hempel and Oppenheim, 1948,
137).

Empirical requirement:
DNE1 The sentences constituting the explanans must be true.

Hempel and Oppenheim summarize these requirements through a general schema for D-N
explanations:

Cy,Ca,...,Cq  (statements of antecedent conditions)
Ly,La,...,Ly (general laws)
E (description of the phenomenon to be explained)

Here the explanans are given above the line, the explanandum below, and the former must
deductively entail the latter.

According to the D-N model, an explanation is a certain kind of deductive argument.
Hempel also argued that every explanation could function equally well as a prediction for
someone who knows the explanans prior to the explanandum. Explanation and prediction share
the same logical structure, and they do so because that logical structure enables explanations to
satisfy the criterion of nomic expectability: an explanation must show that the phenomenon
described by the explanandum was to be expected in virtue of the laws applicable to the
situation in which that phenomenon occurred.

Hempel developed another model for explanations drawing upon laws that are statistical in
nature, which he called the Inductive-Statistical (I-S) model. Here it will suffice to note that it
resembles the D-N model, but with the universal laws of D-N replaced with statistical laws,
from which (along with the statement of antecedent conditions) one can derive, not that the
explanandum must be true, but that the explanandum has a very high probability, given the
explanans. In this way, the I-S model also meets the nomic expectability requirement, though
less perfectly. I will use the term Covering Law (CL) model to refer to the combination of the
D-N and I-S accounts.

As we noted, our thermometer example does not exactly match this schema as stated. It



constitutes instead an explanation sketch, meaning that it does not state explicitly everything
that an explanation must include, but gives enough of an outline that we can see what would
need to be filled in to make a complete explanation.

The idea of an explanation sketch helps the CL model to accommodate our frequent use of
explanations that do not explicitly include all of the elements that the model requires.
Especially in the social sciences, in history, and in our attempts to understand the purposive
actions of human beings, we do not often find statements of general laws from which the
description of the phenomena we seek to understand can be deduced, even with the help of
additional background information or initial conditions. But Hempel and Oppenheim
nonetheless contend that such explanations are really explanation sketches that, although
incomplete, make “reference” to both specific antecedent conditions and general laws (Hempel
and Oppenheim, 1948, 141).

11.2.1 An example: the Hodgkin and Huxley model of the action potential

To further explore the motivations and the limitations of the CL model, let us consider a
somewhat extended example from the history of neuroscience.

Most cells in an organism can be thought of as batteries. That is, there is a voltage, or
electrical potential difference (V,,) between the inside surface and the outside surface of the

cell membrane, due to differences in the concentrations of ions (electrically charged atoms or
molecules) on either side. In certain kinds of cells, that voltage sometimes changes significantly
over very brief intervals following a characteristic pattern. Such changes are called action
potentials, and they are due to changes in the permeability of the membrane that allow ions to
diffuse across it. The movement of ions through the membrane constitutes an electrical current.
Although action potentials can be found in a variety of kinds of cells, our present example
concerns their role in neurons.

At the beginning of an action potential, the neuron is in a resting state in which the potential
difference between the inside surface and the outside surface of the membrane is —60 mV to
—70 mV (about 1/20 of the voltage of an AA battery). This is the resting potential, V.

Should ¥, rise above a certain threshold value (~—55 mV), it will then rapidly rise to a peak

of +35 mV to +40 mV, and then rapidly decline to a value a little below the resting potential,
thus initiating the refractory period during which the cell is less excitable. Gradually, V,, will

then rise back to the level of V,,,, (Figure 11.1).



50

Action potential
N
Fy

Membrane potential {mV)

70+ _ 7 P ——

Figure 11.1 A schematic drawing of an action potential indicating the main features of the
changing voltage across the cell membrane: (I) a rapid rise of V,,, followed by (II) a steep

decline to values below that of the resting potential and (III) an extended refractory period.
(Craver 2007, 50; by permission of Oxford University Press)

In neurons, the electrical current produced in an action potential is chiefly due to the flow of
sodium (Na™) and potassium (K¥) ions across the membrane. Other ions contribute smaller
amounts to the total current, and the total of these smaller contributions is called the /eakage
current. For each of the ions Na* and K*, as well as for the leakage current, there is a distinct
value of the potential difference at which that ion is in equilibrium, i.e., there is no net current
in either direction due to the movement of that ion.

Alan Hodgkin and Andrew Huxley (henceforth HH) developed a mathematical model of the
action potential in neurons based on a series of experiments on an unusually large nerve fiber,
or axon, found in squids. HH published the results of these experiments in a series of papers in
1952 in the Journal of Physiology, summarized in (Hodgkin & Huxley, 1952). The
mathematical model they developed employs a total current equation that sets the total current

equal to the sum of four contributing terms:?
I= CudVjdt + Gen*(V— Vi) +Gram®h(V — Vi) + GV =¥ .
S e = S (11.1)
capacitance current  potassium current sodium current leakage current

In this equation, V' is the difference between V,, and V. Gk, Gy,, and G; are the maximum
conductance (the inverse of electrical resistance) values for the three ionic currents. Vi, Vy,,
and V; are the respective differences between the equilibrium potentials for the three ionic
currents and V,,. The first term, the capacitance current, depends on the capacitance of the
membrane, C,,, which measures the ability of the membrane to store oppositely charged ions

on opposing sides, and on the rate of change of the voltage, dV/dt. The coefficients n, m, and A
depend on V' and vary with time, and HH give a series of first-order differential equations for



them (Hodgkin & Huxley, 1952, 518-519). Those additional equations are crucial to the
application of the HH model, and references to the ‘HH model’ should be understood to
include them in addition to Equation (11.1).

Equation (11.1) looks like a law, stating that whenever the quantities on the right-hand side
of the equation take on certain values, the quantity on the left-hand side — the total current
across the membrane — will take on a value determined by the equation itself. Moreover, HH
appear to use it to explain certain phenomena regarding action potentials. They summarize their
paper by stating that Equation (11.1), along with the associated differential equations for n, m,
and /4, “were used to predict the quantitative behavior of a model nerve under a variety of
conditions which corresponded to those in actual experiments.” They then enumerate eight
properties of the action potential for which “good agreement was obtained,” such as the “form,
amplitude and threshold of an action potential under zero membrane current at two
temperatures,” the “form, amplitude, and velocity of a propagated action potential,” and the
“total inward movement of sodium ions and the total outward movement of potassium ions
associated with an impulse” (Hodgkin & Huxley, 1952, 543-544).

According to Hempel, only the pragmatic distinction between deriving a statement prior to
knowing it to be true and after knowing it distinguishes prediction from explanation. So if we
view HH’s summary through the lenses of the CL model, we will understand the claim that they
used Equation (11.1) and its associated equations to predict these aspects of the action
potential to entail that we can likewise use those equations to explain those phenomena. Craver
writes, “There is perhaps no better example of covering-law explanation in all of biology” than
the HH model (Craver, 2008, 1022). Later in this chapter, we will consider reasons why we
might, as Craver himself advocates, wish to revise this judgment.

11.2.2 Objections to the CL model

Objections to the CL. model have circulated long enough to form a set of criteria used to judge
other models of explanation. Here we present four.

Explanations without laws

The first objection holds that the requirements of the CL model are not necessary for
explanation. We have already noted that many examples of explanations even within science do
not explicitly state laws and initial conditions that suffice for the deduction of the explanandum.
The CL model holds that we should expect such efforts to implicitly refer to a more detailed
explanation that does include such statements, in the way that a sketch of a figure shows us
where a more detailed rendering would provide more information about the appearance of the
figure sketched. Can we explain something without either explicit or implicit reference to a
general law?

Michael Scriven gives the example of a person who, while reaching for a cigarette, knocks
over an ink bottle, causing the ink to spill onto the carpet. The person can then give the
following explanation for how the stain appeared on the carpet: she knocked the ink bottle
over. “This is the explanation of the state of affairs in question, and there is no nonsense about
it being in doubt because you cannot quote the laws that are involved, Newton’s and all the
others; in fact, it appears one cannot here quote any unambiguous true general statements, such
as would meet the requirements of the deductive model” (Scriven, 1962, 198).

The ink bottle example reveals that we not only give and accept explanations that do not
explicitly cite laws, we do so when we could not state any “unambiguous true general



statements™ (let alone /aws) that would enable us to deduce a description of the phenomenon to
be explained (thus ruling out that we are somehow implicitly appealing to such a law). For
example, the generalization ‘Whenever an ink bottle is bumped, an ink stain appears on the
carpet’ might suffice for the required derivation, but is clearly not true. We might try to make
the statement more specific: ‘Whenever an open ink bottle is bumped hard and falls over, and
there is ink in the bottle, and the bottle sits on a table, below which is a carpet, then an ink stain
appears on the carpet.” But this is still not true, since one might intervene to set the ink bottle
aright before enough ink spills to run off the table, or one might quickly cover the carpet with a
towel, or the dog might lie down in the path of the spilling ink, or . . . It is not obvious that there
is any non-trivial way to build all of this into the needed generalization, and the more that we
do build these conditions into the statement of the generalization, the less the resulting statement
looks like a statement of a general law. (Indeed, just what does constitute a law is a matter of
ongoing debate to which we could easily devote an entire chapter.?)

Nomic expectability

Another important criticism of the CL model strikes directly at one of its chief motivations:
nomic expectability. Some seemingly satisfactory explanations do not show that the
phenomenon to be explained was to be expected in light of the applicable laws, but only cite
circumstances that are causally relevant to its occurrence. Consider another example from
Michael Scriven (1959): Some people with syphilis develop a form of paralytic dementia
known as paresis. Most people who contract syphilis do not develop paresis, but in those who
do, it is their having contracted syphilis that explains why they developed paresis. At any rate,
this is the best explanation we can give. Since having contracted syphilis explains, but does not
render predictable, that a person develops paresis, nomic expectability is not a necessary
condition for an explanation.

Advocates of a CL approach might object that of course there must be some difference
between syphilis patients who develop paresis and those who do not, and that a full
explanation of an individual case of paresis would cite those additional distinguishing factors.
We simply do not yet know enough to give that explanation.

The problem with this response, however, is that the CL model is committed not just to
saying that it would be a better explanation if we could show that we should expect paresis in
that individual, but that citing the patient’s prior condition of having syphilis does not explain
his paresis at all. And in many cases — indeed in many fields of science — it simply is not
obvious that we should expect to be able someday to give explanations that meet the criterion
of nomic expectability; at any rate, whether we can now explain something ought to be
independent of whether we will in the future be able to explain it better. Scriven gives his
example in the course of arguing that Darwinian evolutionary explanations of survival by
appealing to fitness exemplify the dispensability of the nomic expectability requirement.

Asymmetry

Many scientific laws express some kind of equivalence between quantities used to characterize
a physical system. Such laws can be applied equally in either direction. For example, players
of wind instruments create sound by vibrating, either with their lips (brass instruments) or with
a reed (woodwinds), the air in a metal tube. At resonant frequencies, this creates a standing
wave in the horn. We can use a simple expression to approximate the frequency f of the
standing waves in a resonant metal cylindrical pipe that is closed at one end and has length L: f
= (nv)/(4L), where n is an odd number and v is the speed of sound in air. A D-N explanation of



the frequency of the sound waves coming from a given resonating horn would cite this
expression as well as a description of the length of the horn.

The asymmetry problem for the CL account arises because we can run such derivations in
reverse (Bromberger, 1966): a derivation of the length of the horn from the sound waves it
produces when resonating satisfies the requirements of the CL model of explanation just as
well. But it seems that explanatory relationships do not share this symmetry. We appeal to the
length of the pipe to answer the question ‘why does it produce these particular sound waves
when resonating?’ (Call this the ‘length-to-notes’ explanation.) But we do not, in the same way,
appeal to the sound waves produced to answer ‘why does it have the length that it does?’ (the
‘notes-to-length’ explanation).

I say “in the same way” because we might well give a certain kind of notes-to-length
explanation for the case of horns or other musical instruments using tubes. In those cases, the
tube was given the length that it has by the manufacturer so that it would produce the particular
kind of sound waves that it does. But here the explanation invokes both the properties of the
sound waves and the intention of the manufacturer to produce an object with certain tonal
properties, whereas no such considerations need enter into the length-to-notes explanation. The
explanatory relationships are not symmetrical in the same way as the derivational
relationships. Moreover the length-to-notes explanation applies to all tubes, but the notes-to-
length explanation does not apply to natural or accidental resonant cavities (like conch shells
or moonshine jugs).

Irrelevance

The final problem, like the asymmetry problem, challenges the sufficiency of the CL conditions
for explanation. For any lawlike generalization that we might use in an explanation, such as
‘every sample of sodium chloride (salt) crystals dissolves in water’ we can add an irrelevant
condition to the antecedent, such as being hexed by a magician. This yields a new, seemingly
lawlike generalization: ‘every hexed sample of sodium chloride crystals dissolves in water.’
We can use this new generalization, just like the original one, to derive an explanandum
statement describing the dissolution of a particular sample of hexed sodium chloride in water,
but the derivation that appeals to the law about hexed salt does not really seem to explain why
the salt dissolved (Kyburg, 1965).

The problem of irrelevance also arises in cases allowing the derivation of explananda by
appeal to generalizations that are ‘accidentally’ true. Suppose that every member of a six-
person band happens to read ancient Greek. This does not explain why a particular member of
that band (Scott) reads ancient Greek, although we can derive the statement ‘Scott reads ancient
Greek’ from this generalization along with the statement that Scott is a member of that band.

Of course, if we had settled criteria for deciding whether a given generalization is a law, we
might be able to use those criteria to exclude these cases on the grounds that ‘every hexed
sample of sodium chloride dissolves in water’ and ‘every band member reads ancient Greek’
are not really laws. But Hempel himself acknowledged that the determination of lawfulness
remained something of an unsettled issue for his account.

11.2.3 The Hodgkin—Huxley model as CL explanation?

In discussing the Hodgkin—Huxley model of the action potential, we mentioned that it seems
like a good candidate for a covering law explanation of the features of the action potential that
HH discuss. After all, the equation appears to describe quantitatively the way that the total



current across the membrane depends on the quantities on the right side of Equation (11.1), and
by extension on the quantities in the additional equations for the conductance factors in
Equation (11.1). Moreover, HH state that they were able to use these equations to predict those
features of the action potential in a way that yielded “good agreement” with the results of their
experiments.

In a careful study of this episode, however, Carl Craver points out that, although their
mathematical model can do some explanatory work, HH themselves denied that every part of
that model that could serve a predictive function was thereby explanatory: “The agreement
[between model and data] must not be taken as evidence that our equations are anything more
than an empirical description of the time-course of the changes in permeability to sodium and
potassium. An equally satisfactory description of the voltage clamp data could no doubt
have been achieved with equations of very different form, which would probably have been
equally successful in predicting the electrical behaviour of the membrane.” Consequently,
“the success of the equations is no evidence in favour of the mechanism of permeability
change that we tentatively had in mind when formulating them” (Hodgkin & Huxley, 1952,
541; quoted with emphasis added in Craver, 2007, 53-54).

More specifically, the HH model does, on Craver’s account, explain the current involved in
the action potential in terms of voltage and conductance changes. But in Equation (11.1) the
conductances for potassium and sodium ions are given by the products of the maximum
conductances and some function of the time-dependent quantities n, m, and A. It is the
additional partial differential equations that HH give for the evolution of these latter quantities
over time that they say give only an “empirical description of the time-course” of these sodium
and potassium conductances. They predict the outcomes of measurements, but do not give us a
causal story about how those quantities change.

Craver’s point is that, although HH’s conductance equations seem to meet the requirements
of the CL model, they do not explain the changes in conductance. Of course a defender of the
CL model might simply insist that if those equations do not explain conductance changes, then
they must not express laws.* Drawing upon the statements of Hodgkin and Huxley and of later
neuroscientists who have continued to study mechanisms of ion transfer between neurons,
Craver imposes a causal requirement on explanations and concludes that what prevents the HH
model from explaining the phenomena regarding action potentials is not that it does not express
a law, but that, at least for the conductance changes, it does not show how the phenomena are
“situated within the causal structure of the world” (Craver, 2007, 49).

Perhaps, then, we should consider another example in which we can see a phenomenon
situated in the causal structure that brings it about.

11.2.4 Another example: curare poisoning

Early nineteenth-century British explorers in South America reported how natives hunted using
arrows dipped in a poisonous plant residue called wouralia.” The natives they encountered in
Guiana and Brazil knew that this deadly substance would not only quickly kill the monkeys that
they hunted, but would bring certain death to the unfortunate hunter struck by an arrow gone
astray.

There was no question that wouralia, which came to be known as curare, caused death, but
how it did so posed a mystery. As lethal as curare was on the tip of an arrow, natives suffered
no ill effects from eating curare-poisoned monkeys. Research published in the 1850s by
physiologist Claude Bernard revealed that curare produces death only when it enters the



bloodstream. Bernard determined that the structure of curare prevents it from being absorbed
efficiently into the bloodstream through the stomach. Moreover, he established that the hearts of
frogs poisoned with curare continued to beat for some time after they stopped breathing.
Further research revealed that curare stopped one from breathing by somehow breaking the
connection between motor neurons and the muscles responsible for breathing. (Curare left
unimpaired the functioning of both the motor neuron itself and the muscle.)

Bernard was able to take us beyond knowing that curare causes death to knowing that it does
so by interfering with the connection between motor neurons and muscles. But how does it do
that? Modern neuroscientists have worked out the answer. Roughly, the explanation goes like
this: Ordinarily, electrical stimulation of the motor neuron triggers the release of the
neurotransmitter acetylcholine (ACh). When ACh released by the motor neuron binds to ACh
receptors in the muscle membrane, they open a pore through which charged ions can then pass,
and it is this electrical signal — an ion current — that triggers muscular contraction. The active
ingredient in curare (tubocurarine chloride) mimics the shape of ACh, binding to the ACh
receptors without opening pores through which an ion current can pass. Motor neurons can no
longer activate muscle contraction because the curare blocks their activation signals from being
received by the muscle.

Craver and Darden summarize the story nicely:

How does curare kill its victims? It enters the bloodstream and makes its way to the
neuromuscular junction. There, it blocks chemical transmission from motor neurons,
effectively paralyzing the victim. When the diaphragm is paralyzed, the victim cannot
breathe, and animals that cannot breathe do not get the oxygen required to maintain basic
biological functions. Thus is hunter’s lore about the irrevocable effects of curare
transformed into scientific knowledge of mechanisms. (Craver & Darden, 2013, 2)

Later in this chapter we will consider perspectives on explanation that emphasize causation
and the mechanisms that produce phenomena.

11.3 Achinstein’s pragmatic theory

Thus far we have rather carelessly failed to distinguish between the act of explaining, the
explanation that is given in that act, and the evaluation of that explanation. Peter Achinstein
insists that one must begin an account of explanation with an analysis of the act of explaining as
fundamental, and that “the concept of an explanation (as product), and that of a good
explanation, must be understood, in important ways, by reference to” the concept of an
explaining act (Achinstein, 1983, 4).

11.3.1 Illocutionary acts

To explain, Achinstein tells us, is to perform an illocutionary act. Such acts are “typically
performed by uttering words in certain contexts with appropriate intentions” (Achinstein, 1983,
16).° Other examples include promising, thanking, requesting, warning, and betting.

Consider a sentence of the form “S explains g by uttering u,” where S is a person, g expresses
an indirect question (such as ‘why the mercury rose in the thermometer’), and u is a sentence.
Achinstein proposes three conditions, individually necessary and jointly sufficient, on the truth
of a sentence of this form:



1. Sutters u with the intention that his utterance of u render ¢ understandable.

2. S believes that u expresses a proposition that is a correct answer to O, where Q is the
direct question whose indirect form is ¢ (e.g., O might be ‘why did the mercury rise in the
thermometer?”).

3. Sutters u with the intention that his utterance of u render ¢ understandable by producing the
knowledge, of the proposition expressed by u, that it is a correct answer to Q.

So, for example, consider the indirect question c: ‘why there is an ink stain on the carpet,’
the direct form of which is C: ‘why is there an ink stain on the carpet?’ Uttering the sentence
IB: ‘There is an ink stain on the carpet because I knocked over the ink bottle while reaching for
a cigarette’ might constitute an act whereby I explain why there is an ink stain on the carpet,
provided that these three conditions are met. [ must utter /B with the intention that my doing so
will make understandable why there is an ink stain on the carpet. If I address my utterance to
the dog simply to see him wag his tail, which I know he does regardless of what I say to him,
then I am not explaining c; I am teasing the dog. Achinstein’s analysis also requires that I must
believe that /B expresses a correct answer to C. If I believe that the ink stain was actually
produced by the dog knocking over the ink bottle, but I am protecting the dog from getting a
scolding, then I am not explaining why there is an ink stain on the carpet; I am covering up why
there is an ink stain on the carpet. Finally, my intention in uttering /B must be not merely to
render ¢ understandable, but to accomplish this by producing the knowledge that the
proposition expressed by /B is a correct answer to C. This condition will not be met if, say, I
know that although /B expresses a correct answer to C, you tend not to believe anything I say,
but I also know that you compulsively look up scientific information on any topic that comes up
in our conversation, and I intend, by uttering /B, to prompt you to go online to study the
chemical processes whereby fabric becomes stained by ink.

These conditions thus allow Achinstein to avoid the illocutionary force problem. The
utterance of any given sentence or group of sentences can be the product of quite distinct
illocutionary acts, depending on the context and intentions of the speaker. ‘I will pay for
everyone’s dinner’ might be either a promise or a prediction. Achinstein regards this as a
problem for any theory of explanation that specifies an ontology of explanations as certain
kinds of sentences or arguments independently of the act of explaining.

We noted at the beginning of this chapter that the notion of understanding seems closely
related to that of explanation. One might worry, then, that Achinstein’s first requirement, that S
must intend to make ¢ understandable by uttering u, might make his analysis either circular (if
our account of understanding invokes explanation) or unclear (if we leave understanding
undefined). He avoids this charge by offering an analysis of understanding that does not in turn
depend on the concept of explaining or explanation. I will forego detailing here that analysis,
other than to note that it endorses the intuition that understanding consists in more than simply
knowing that something happened or happens. On Achinstein’s account, understanding g is a
certain kind of knowledge state with regard to g.

11.3.2 The ordered pair view

Calling Achinstein’s account a pragmatic theory of explanation emphasizes the fact that for him
explanation must be understood primarily as something that people (including scientists) do,
with certain intentions and in certain contexts. For reasons such as the illocutionary force
problem, Achinstein argues that one cannot analyze what it is to be an explanation except by
reference to an explaining act.



Achinstein gives an ordered pair view of explanations in which candidate explanations
consist of a pair (x; y), where x is a certain kind of proposition and y is an action. Achinstein’s
conditions on (x; y) being an explanation of ¢ (an indirect question) given by S (a person)
include that (a) y must be the act of explaining ¢, (b) that QO (the direct question of which ¢ is
the indirect form) must be a content-question, and (c) that x is a complete content-giving
proposition with respect to Q. Rather than attempting to encapsulate the technical definitions of
the terms used in conditions (b) and (c), let us hope that some examples will here suffice. (See
Achinstein, 1983, 23-53 for a more detailed account.)

‘Cause,” ‘effect,” ‘excuse,” ‘explanation,” ‘function,” ‘meaning,” ‘purpose,” and ‘reason’ are
all examples of content nouns. Abstract nouns earn this title in virtue of the role they play in
content-giving sentences that express what their content is. Here are some examples of such
sentences:

e The cause of the victim’s death is that he received a lethal dose of curare.

e The explanation of the stain on the carpet is that I was reaching for a cigarette and
knocked over the ink bottle.

e The function of the action potential is that it makes communication between cells
possible.

e The reason you should turn off your phone in the concert hall is that doing so will
prevent people from considering you obnoxious.

In each of these sentences a ‘that . . . ’ expression gives the content of its content-noun. By
contrast, the following sentences tell us something about their respective content nouns, but do
not give the content of those nouns:

e The cause of the victim’s death was discovered by performing an autopsy.
e The explanation of the stain on the carpet is not very scientific.
e The function of the action potential was understood before the mechanism behind it was.

e The reason you should turn off your phone in the concert hall is apparently something
that you have failed to appreciate.

The sentences in the first list, but not those in the second, can be thought of as (possibly
correct) answers to their respective content questions: What is the cause of the victim’s death?
What is the explanation of the stain on the carpet? etc.

Returning to Achinstein’s conditions, then, an explanation of indirect question g by person S
is an ordered pair of a proposition p and an act of explaining.” Requiring that the direct form Q
of ¢ must be a content question means that it must be a question asking for the content of a
content noun. Requiring that the proposition p be a complete content-giving proposition with
respect to O means that S must use a sentence in the act of explaining that expresses a
proposition giving the content of that noun (‘completeness’ involves additional technical
requirements; Achinstein, 1983, p. 40).

Let us pause for a moment to compare this account with the CL model. The most obvious
point of difference is that Achinstein’s account does not require, whereas the CL model does,
that an explanation must include a law. Achinstein’s model is simply less demanding than the
CL account in this respect. Of course, one would need to cite a law in order to give an
explanation as an answer to a content question that asks for one, such as ‘What are the laws
from which it follows that the voltage V in the final stage of an action potential will be lower
than the resting potential?” Achinstein’s account can thus handle cases like Scriven’s ink stain.

In another respect, Achinstein’s illocutionary account is more demanding. On the CL account,



if an argument (a set of premises plus a conclusion) meets requirements DNL1-3 and DNET,
then it is an explanation, regardless of the context and intentions of anyone who might present
it. But this is clearly not sufficient on Achinstein’s account, since someone might utter such a
set of sentences not as an act of explanation, but as part of some other illocutionary act, such as
reminding or lamenting.

However, one might object that the CL model is not a model of the act of explaining but of
scientific explanation. Conceding Achinstein’s point that what counts as an act of explaining
depends on the intentions and context of the action, one might insist that the CL model tells us
what must be included in any utterance that is offered as an explanation of some explanandum ¢
if the utterance is to be regarded as an adequately scientific explanation of ¢q. This move
Achinstein regards as a change of question. Instead of asking what is an explanation, we must
now consider how to evaluate an explanation.

11.3.3 Evaluating explanations

Achinstein argues at length against the possibility of articulating universal rules for evaluating
scientific explanations independently of the context in which the explanation is offered, aside
from evaluating them as correct or incorrect. He gives the following analysis of the correctness
requirement: “If (p; explaining ¢) is an explanation, then it is correct if and only if p is a
correct answer to O (Achinstein, 1983, 106).

Beyond the requirement of correctness, what general instructions should explainers follow in
order to give good scientific explanations? Achinstein articulates some conditions on the
appropriateness of instructions that explainers might follow in the act of explaining ¢ to a given
audience, but these conditions crucially involve facts about the audience in question, such as
what the audience knows, what would help the audience to understand ¢, the kind of
understanding the audience is interested in having of ¢, what would be valuable for them to
understand about ¢, and what it is reasonable for the explainer to believe about all these things.
In application, then, one could not determine appropriateness without some substantive
empirical knowledge about the context in which one offers an explanation. In this way,
evaluating explanations requires attention to context.

11.4 Unificationist theories

Many of the arguments against the CL have targeted its treatment of explanations as a certain
kind of argument. But Philip Kitcher claims that behind their “official theory” of explanation
logical empiricists such as Hempel held an unofficial view about scientific explanation:
scientists seek to explain seemingly diverse phenomena by unifying them in a systematic way.
Moreover, according to Kitcher, one can reconcile this unification view of explanation with
a rejection of the ontological thesis that explanations are arguments. Kitcher accepts instead
Achinstein’s ordered pair view of explanations (Kitcher, 1981, 509). Yet arguments remain
important in Kitcher’s account. Although an explanation is not simply a certain kind of
argument, the act of giving a scientific explanation involves drawing upon arguments supplied
by science. This leads Kitcher to a reformulation of the question about scientific explanation:
“What features should a scientific argument have if it is to serve as the basis for an act of
explanation?” (Kitcher, 1981, 510). Kitcher’s broadly stated answer to this question is that it
should be an instance of an argument pattern that scientists can use repeatedly to derive
descriptions of a range of distinct phenomena, since “Science advances our understanding of
nature by showing us how to derive descriptions of many phenomena, using the same



patterns of derivation again and again, and in demonstrating this, it teaches us how to
reduce the number of types of facts we have to accept as ultimate (or brute)” (Kitcher, 1989,
432; emphasis in original).?

Citing the fact that you knocked over the ink bottle while reaching for a cigarette might well
explain why there is a stain on the carpet, but stating that you did so does not explain in a way
that shows explicitly how the same kind of explanation could be given for stains from other
kinds of liquids, or from other kinds of collisions.

Newton’s theory of gravity and Darwin’s theory of evolution by natural selection achieved
tremendous unifications of phenomena. Showing that the same force, acting according to a
single law, produces both the flow of ink downwards toward the carpet from the edge of the
table and the motion of the moon around the earth contributed a new perspective that greatly
increased our understanding of the motions of both terrestrial and celestial objects. Newton
thus completed the dissolution of Aristotle’s boundary dividing the cosmos into sublunar and
superlunar realms containing distinct physical elements following different principles of
motion. As Kitcher points out, Newton in fact proposed, and his successors pursued, an even
more ambitious program of unification seeking to understand all physical phenomena in terms
of similar laws describing other attractive or repulsive forces (Kitcher, 1981, 512-514).

In a different way, Darwin’s theory, too, unifies a wide variety of biological phenomena.
Although he does not give detailed explanations of characteristics of particular species in On
the Origin of species, he does provide a pattern of argumentation that can in principle be
instantiated with details for any given species. Instances of the pattern would cite facts about an
ancestral population (its traits and their variability) and about the environment (determining
what selective pressures were present), and would invoke laws of heredity and the principle of
natural selection, thus showing how a particular trait would tend to emerge (Kitcher, 1981,
514-515; see M. Morrison, 2000 for a critical discussion of unification in both modern physics
and Darwinian biology that challenges Kitcher’s connection between unification and
explanation).

11.4.1 Kitcher’s theory

Kitcher provides a detailed account of just what constitutes an argument pattern, as well as a
theory of explanatory unification that in principle would allow one to determine which set of
arguments achieves the greatest unification at a given time, earning them a place among those
arguments that science provides for explanatory purposes, which Kitcher calls the explanatory
store.

Roughly, Kitcher thinks of argument patterns as involving schematic sentences (think of these
as the skeletons of sentences, showing their logical structure but without any flesh on their
bones displaying what they are about). Such a schematic sentence will use placeholder terms
like X instead of substantive terms like curare. Not just any way of filling in these placeholder
terms will yield an instance of a given argument pattern. Filling instructions indicate how to
go about replacing placeholder terms with substantive ones. In a Darwinian argument pattern, a
placeholder might be replaceable by terms denoting selective pressures like predation or
drought, but not by terms referring to divine intentions or vital forces. An argument pattern also
needs to include a classification of sentences, telling which ones should serve as premises,
which as conclusions, what inference rules one may use, and so on (Kitcher, 1981, 515-519).

Suppose that at a given point in a community’s pursuit of inquiry they collectively accept a
set of sentences K. Arguments allow one to derive some members of K from other members of



K, and Kitcher refers to a set of arguments that does this for K as a systematization of K. The
explanatory store relative to K is then the set of arguments that best systematizes or unifies K.
Passing over the technical details, the gist of Kitcher’s theory is that our assessment of how
well a given set of arguments unifies K depends on the number of distinct argument patterns that
are needed (fewer is better) to derive a number of accepted sentences (more is better). But
these factors have to be evaluated in light of other relevant factors. Importantly, argument
patterns must be stringent: the filling instructions must restrict the kinds of terms one may
substitute for dummy terms in the pattern. Kitcher imposes this requirement to block cases of
spurious unification by argument patterns allowing one to derive large numbers of sentences
using trivial argument patterns, such as ‘God wishes it to be true that p (where p could be any
proposition whatsoever). Whatever God wants to be true is true. Therefore p is true.’

Let’s revisit the asymmetry problem to see how the unificationist account works. Recall our
example: the law relating the dimensions of a cylinder to the frequencies of the sound waves it
produces in resonance allows one to derive the dimensions from the frequencies no less than
the frequencies from the dimensions. Yet only the latter kind of derivation seems generally
explanatory. This, according to Kitcher, is because deriving dimensions from frequencies
employs an argument pattern that is much less unifying than a competing approach, which he
calls “origin and development derivations” (OD). These explain the dimensions of bodies by
describing “the circumstances leading to the formation of the object in question” and “how it
has since been modified” (Kitcher, 1981, 525).

The OD approach to explaining the dimensions of objects achieves greater unification than,
say, deriving dimensions of an object from the acoustic effects of an object in resonance (let’s
call that RF for ‘resonant frequency derivation’) because we can apply it so much more widely.
Even if an object might resonate, it often does not, and might never do so. Other objects have
dimensions but no known law relating resonating frequencies to dimensions applies to them. In
such cases, no appeal to an RF explanation is available, whereas an appeal to OD will be.
Thus we may use OD to derive many more of our accepted sentences describing the dimensions
of objects than we could using RF.

11.4.2 An objection to the unificationist account

Eric Barnes (1992) has objected to this treatment of the asymmetry problem by pointing to
cases involving deterministic theories that describe the evolution of systems over time.
Deterministic theories allow one, given a sufficiently precise description of the state of the
system at a particular time, as well as of the forces acting on that system, to predict the future
state of that system with a corresponding degree of accuracy, provided that the system
described is closed.® We may call a system closed if our description of the forces acting on it
includes all forces that will act on it over the relevant period of time that matter for the degree
of accuracy we seek.

Here is an example: We might apply Newton’s celestial mechanics to the solar system to
predict the positions and momenta of the planets at some time #;, based on a description of the

positions and momenta of the planets at an earlier time ¢, and the gravitational forces acting on
them during the period [¢, ¢;], assuming that no other forces will act on them during that time.

We would thus use Newton’s theory for a derivation using what Barnes calls a Predictive
Pattern. Barnes’s objection to unificationism notes that Newton’s theory equally supports a
Retrodictive Pattern allowing one to derive the state of the planets at 7, from the same

information about forces and the description of their positions and momenta at ¢;.



There is no reason to think that the Predictive Pattern is more unifying than the Retrodictive
Pattern. Both patterns use the same kind of information as inputs and yield the same kind of
information as outputs, with only the temporal direction reversed. Yet that shift in temporal
direction is associated with a shift in explanatory direction. The positions and momenta of the
planets at a given time are explained by appeal to their positions and momenta at earlier times,
not by their positions and momenta at later times. Since the two patterns unify equally well, the
unificationist cannot account for this asymmetry.

11.5 Causal explanation

This temporal asymmetry maps very nicely, however, onto an asymmetry in causal relations:
causes always precede their effects. Unificationists regard our practice of explaining effects in
terms of causes as a byproduct of the unifying power of cause-to-effect derivations. An
alternative view reverses the priority of these considerations, as when James Woodward
states, “the causal order . . . is independent of and prior to our efforts to represent it in
deductive schemes.” Woodward cites Barnes’s argument to support this claim (Woodward,
2003, 361). Although Woodward does not claim that all explanations or even all scientific
explanations are causal, he does insist that providing such explanations is central to scientists’
explanatory aspirations.

Clearly, such a view demands an account of causal explanation. Woodward provides an
account of his own, which we will consider after first discussing one of its leading
competitors.

11.5.1 Salmon’s causal mechanical account

A common thread running through many accounts of causal explanation is that such explanations
situate an explanandum in a network or nexus of causal relations.'’

A particular version of this idea lies at the heart of Wesley Salmon’s Causal Mechanical
(CM) account of explanation (Salmon, 1984, 135-183). The central concepts in Salmon’s
theory are those of a causal process and of a causal interaction. Causal processes are physical
processes capable of transmitting a mark in a continuous way, where a mark is a local
modification of the structure of that physical process. Causal processes are extended in both
space and time. A postcard traveling from St. Louis, Missouri to Millersville, Pennsylvania is
a causal process. So is a baseball traveling from the pitcher’s hand to the batter’s bat, and then
over the outfield wall to the windshield of a car in the parking lot. A shadow traveling along a
wall is not a causal process. If I try to introduce a modification of the shadow by modifying it
locally (i.e., doing something at the location of the shadow itself, rather than at the location of
the object casting the shadow), such a modification will not be transmitted as the shadow
moves from one location to another along the wall. The shadow exemplifies what Salmon calls
a pseudo-process. A causal interaction 1s an intersection between two causal processes that
modifies the structure of both of them, such as when I draw a pencil across the surface of the
postcard, or when the baseball strikes the car windshield. A CM explanation of an event £ then
consists of a description of the causal processes and interactions that lead up to £ (Salmon,
1984, 267-276;, Woodward, 2003, 350-351). I explain the shattering of the car windshield by
describing the ball’s departure from the pitcher’s hand, noting how the interaction with the bat
modified its trajectory, and then describing how it interacted with the windshield.!!

The CM account seems well-suited for many explanations in physics!? but, as Woodward



has argued, many other kinds of causal explanations do not involve describing processes and
interactions in the way that the CM account requires (Woodward, 2003, 354-356).

Consider, for example, the explanation offered in a paper published in the mid 1990s
regarding the differences in unemployment levels between Spain and Portugal (Blanchard &
Jimeno, 1995). Because of the significant and multifaceted similarities between the two
countries, the fact that Spain had the highest unemployment rate in the European Union while
Portugal had the second lowest rate constituted, the authors say, “the biggest empirical
challenge facing theories of structural unemployment.” The authors tentatively endorse the
following explanation: “In Spain, high unemployment protection and unemployment benefits
have led to small effects of labor-market conditions on wages. This led to large adverse effects
of disinflation on unemployment in the first half of the 1980s. And high persistence since then
explains why unemployment has remained high since.” Lower unemployment benefits in
Portugal have made wages more responsive to unemployment, resulting in “smaller adverse
effects of disinflation on unemployment” and to less unemployment persistence (Blanchard &
Jimeno, 1995, 216-217). Whether or not it is correct (see, for example, Ball, Mankiw, &
Nordhaus, 1999 for another perspective), this explanation employs causal language, but
without doing anything like what the CM model requires. The causes are policies regarding
unemployment benefits. These policies make a difference to the decisions of individuals
regarding the pursuit of employment, and the aggregation of many such individual decisions
results in a particular pattern of economic activity. Although we might suppose that every
interaction that contributes to these patterns involves physical human beings, the actions of
whom can be traced down to the molecular level at which mark-transmitting causal processes
and intersections between them can be identified, this explanation makes no reference to such
processes. Moreover, we might not gain any additional insight into the explanandum
phenomenon of disparate unemployment rates if we did take into account such processes.

11.5.2 Woodward’s manipulationist account

If we want an account of explanation that applies not just to the processes described by physics
but to causal relations operating at a variety of scales (of size, organization, and complexity),
then we will need a different approach. James Woodward’s account of causal explanation
emphasizes a feature of causal relations that applies across, he argues, all disciplines: when
one quantity has a causal influence on another, we can, in principle, make a difference to the
latter by manipulating the former (Woodward, 2003).

Woodward’s account of causal explanation is linked to his account of the meaning of causal
claims. Rather than provide a complete discussion, the following brief remarks I hope will
suffice to convey some idea of why Woodward’s account has generated a significant
discussion.

When we (rightly or wrongly) make a general causal claim such as ‘smoking cigarettes
causes heart disease,” ‘taking birth control pills prevents pregnancy,” or ‘listening to Mozart
makes babies smarter,” what do we mean? For scientific purposes, we might sharpen the
question: what meaning can we attribute to these statements that makes them amenable to
empirical investigation through the collection of data?

One step toward answering this sharpened question would be to translate such claims into
statements about the relationships obtaining between the values of variables. A reference to
‘smoking’ simpliciter conflates numerous dimensions of a complex behavior, different aspects
of which can be represented by such different variables as number of cigarettes smoked per
week, nicotine consumption per week, age at onset of smoking habit, duration of smoking habit,



use or non-use of filters, brand of cigarette, and so on. (We can represent ‘all or nothing’ states
— such as being pregnant or not — using dichotomous variables capable of taking either of two
values, such as 0 for the absence of the condition or 1 for its presence.) Making one’s claim of
causal relevance specific to a particular variable can help to clarify more precisely the content
of the causal claim (assuming the variable itself is well-defined). In Woodward’s account of
the meaning of causal claims, the causal relation is a specific kind of dependence relation
between variables.

When we give causal explanations, we appeal to a kind of dependence that, in principle, we
can use to manipulate the explanandum variable. The qualifier “in principle” needs careful
specification. We may not in fact be in a position to change the value of some causal variable.
We regard the mass of the Earth as relevant to the causal explanation of such features of our
Moon’s orbit as its period, but we cannot perform experiments in which we change the mass of
the Earth and observe changes in period of the Moon’s orbit. What makes such an explanation
causal nonetheless, according to Woodward, is that we provide information about the
relationship between Earth mass and Moon period that allows us to answer what-if-things-
had-been-different questions (Woodward, 2003, 11): If we were somehow to increase the
mass of the Earth by 10 percent, how would the period of the moon’s orbit change? What-if-
things-had-been-different questions ask about counterfactual dependence relations.

Counterfactual conditionals are statements of the form ‘If p were the case, then ¢’ (D. Lewis,
1973). We often regard such claims as having clear meanings and readily determinable truth
values. (‘If you had called five minutes earlier, I would not have been able to answer the
phone.”) In other cases it is not clear whether such a claim is true or false because it is not
clear to just what kind of situation the antecedent refers. (‘If the ski resorts of Colorado had the
climate of the Florida beaches, you could ski in your bathing suit.” Is this false because having
the climate of Florida would rule out the presence of snow? But the antecedent seems to
require that under the proposed scenario there are still ski resorts, so perhaps we should
suppose that the freezing temperature of water would be much higher? But that would seem to
necessitate a completely altered human physiology — lest our blood freeze — among other things
.. .) The counterfactuals contemplated in what-if-things-had-been-different questions related to
causal claims need to be of the former kind if causal claims are to have clear meanings.

When we cite a relation of causal dependence to explain why some variable takes a certain
value, the related counterfactuals describe how the value of that variable would be different
were we to intervene on the causal variable so as to set it to any of a range of possible values.
Suppose that we specify ‘smoking cigarettes causes heart disease’ to mean that increasing the
number of cigarettes a person smokes per week increases the probability that the person will
at some point develop heart disease. This claim entails that, were we to somehow increase the
cigarette consumption of a group of people, this would be an effective means to increase the
rate of heart disease among them. This would be a terrible thing to do, and no one ought to
carry out this manipulation. But this relationship between the manipulation and its terrible
consequences is what the causal claim in question expresses.

Woodward’s account thus draws a strong connection between causal explanation,
experimentation, and control. As he states, “one ought to be able to associate with any
successful explanation a hypothetical or counterfactual experiment that shows us that and how
manipulation of the factors mentioned in the explanation . . . would be a way of manipulating or
altering the phenomenon explained” (Woodward, 2003, 11). Such manipulation takes place by
way of intervening on the causal variable. The term ‘intervention’ has a technical meaning for
Woodward. Through a detailed discussion he provides conditions intended to ensure that
something counts as an intervention on variable X with respect to Y only if it changes Y only as



a result of the causal influence of X on Y (Woodward, 2003, 94-104). This is necessary to
avoid problems arising from cases where, for example, curare is administered by means of a
curare tipped bullet shot into a subject’s heart (thus producing death, but not from curare).

Explanation, then, is ‘“a matter of exhibiting systematic patterns of counterfactual
dependence” (Woodward, 2003, 191). A causal explanation of the value of variable Y that cites
the value of variable X in the explanans exploits a systematic relationship, expressible by a
generalization G, between two variables X and Y. G must describe how changes to the value of
X would make a difference to the value of Y (it must be a change-relating generalization).
Woodward notes that this systematic relationship might take the form of a law, but need not.
Rather than the CL model’s requirement that explanations must cite laws, Woodward’s account
requires reference to a relationship that is invariant across some range of conditions.
Specifically, it must be invariant (i.e., hold true) across a range of possible interventions on X
that, according to G, yield distinct values of Y.

Some change-relating generalizations are more invariant than others, though all must exceed
some minimal threshold of invariance to count as explanatory. Suppose we determine the lethal
dose of curare for a certain size monkey. We can express the relationship between curare
dosage and mortality with a change-relating generalization G; which could then be invoked to

explain the deaths of monkeys wounded by arrows delivering sufficiently strong doses of
curare or the survival of some monkeys struck with arrows not thus prepared. But the same
intervention on curare dosage might not be sufficient to bring about the death of an elephant.
Presumably, no dose of curare would suffice to kill a tree. Our generalization G; does exhibit

some invariance. It would (we might suppose) apply equally well if the dose were
administered with a syringe instead of an arrow, for example. A generalization that describes
how curare interferes with the communication between motor neurons and muscles would have
a greater degree of invariance. We would see this mechanism at work even in cases (like the
elephant) where the dosage was insufficient to produce death. Woodward argues that the depth
of a causal explanation corresponds to the degree of invariance of the generalization that it
cites. (See, however, Strevens, 2007 for a criticism of this claim and Strevens, 2008 for an
alternative account.)

Circularity?

According to Woodward, to say that variable X is a cause of variable Y is to say that
intervening on X makes a difference to the value of Y. But to know whether the process that sets
the value of X constitutes an intervention relative to Y requires sufficient causal knowledge to
establish that the intervention changed the value of Y only through its effect on X and not through
other causal connections to Y. This raises the worry that Woodward’s account of causation is
circular: In explaining causation, Woodward uses the very notion he is trying to explain!

Woodward’s reply emphasizes two points. First, the account of causation he is offering is
intended not as a metaphysical theory that shows how causal relations can be reduced to more
basic ontological categories, but rather as a theory that clarifies the meaning of causal claims.
Second, although determining whether a given means for fixing the value of X is an intervention
with respect to Y does require some causal knowledge, it does not require knowledge of the
causal relationship between X and Y. Thus, the circularity involved is not a vicious circularity.
(Whether this response suffices is questioned in de Regt, 2004.)

11.5.3 Mechanistic explanation



The advancement of our understanding from simply knowing that hunters kill monkeys with
curare-poisoned arrows to understanding the mechanism by which curare induces death
exemplifies a common pattern of progress in many areas of science, particularly the life
sciences. Let us finally consider an account of this kind of advance in our understanding that
emphasizes the role of mechanisms in such explanations.

We read above a quotation from Carl Craver and Lindley Darden describing the mechanism
whereby curare poisoning produces death. Craver and Darden, along with Peter Machamer
(henceforth, MDC), argue that a significant aspect of scientific practice, at least in
neurobiology and molecular biology, consists of the search for mechanisms and the explanation
of phenomena by appealing to mechanisms (Machamer, Darden, & Craver, 2000). (MDC leave
as an open question how widely their account of mechanisms applies, although they suggest a
broad range of disciplines exemplify the pattern.) Moreover, they hold that “To give a
description of a mechanism for a phenomenon is to explain that phenomenon, i.e., to explain
how it was produced” (2000, 3).

MDC offer the following account of what such a description must include: “Mechanisms are
entities and activities organized such that they are productive of regular changes from start or
set-up to finish or termination conditions” (2000, 3).

Note that on the MDC account an arrangement of entities does not suffice to compose a
mechanism; one also needs activities. The mechanism whereby curare poisoning produces
death includes things like tubocurarine chloride molecules and ACh receptors, but to achieve
its final state the mechanism must include the binding of the former to the latter, which is how
the tubocurarine chloride molecules block the ACh neurotransmitter and paralyze the muscle,
ultimately asphyxiating the organism. MDC write “Activities are the producers of change.
Entities are the things that engage in activities” (2000, 3). How the phenomenon is produced
depends on how entities and activities are organized. A competing account of mechanisms by
Stuart Glennan excludes activities from its ontology. On Glennan’s account the mechanism for
some behavior produces that behavior by “the interaction of a number of parts according to
direct causal laws” (Glennan, 1996, 52).

MDC motivate inclusion of activities in their ontology by appealing to the kinds of things
scientists deploy in their explanations: “There are kinds of changing just as there are kinds of
entities. These different kinds are recognized by science and are basic to the ways that things
work™ (2000, 5). Moreover, describing how activities produce the termination conditions of
the mechanism is required for mechanistic explanations to elucidate or make intelligible the
phenomenon described by the explanandum (2000, 20-21). According to Craver, the reason
that the HH equations for conductance changes in the action potential did not provide
explanations of those changes is that HH did not have evidence that the terms in those equations
corresponded to the elements — both entities and activities — of the mechanism that produces
those phenomena.

11.6 Conclusion

Scientists investigate systems, seeking to explain why they behave as they do. Many regard the
understanding that such explanations yield as the principal benefit of the pursuit of scientific
investigation. Thus it is no surprise that philosophers of science have devoted so much
attention to attempting to understand scientific explanation. That the CL account is not adequate
seems to constitute the one point of consensus in this discussion. Above the grave of the CL
model a profusion of alternatives have blossomed, however, and opinions remain divided over



the merits of these contenders. That we should not be able to settle on a single account of what
constitutes an acceptable scientific explanation is, of course, just what Achinstein’s argument
would seem to predict. If nothing else, however, the various accounts considered in this
chapter have served to highlight aspects of scientific explanation — the unifying power of
explanatory theories, the potential for manipulation that causal explanations illuminate, the
elucidation gained from understanding the mechanism behind a phenomenon — that enable us to
better appreciate the ways in which scientific knowledge enhances and deepens our experience
of the world.

! Pierre Duhem is among the dissenters. He rejected the view that the aim of physical theory is to
explain phenomena, holding that to explain “is to strip reality of the appearances covering it like a veil,
in order to see the bare reality itself.” This task belongs to metaphysics (Duhem, 1991, 7).

2 1 follow Craver (2007, 51) in writing the equation as Hodgkin and Huxley wrote it, rather than as it
will be found in contemporary textbooks.

3 See (Armstrong, 1983), (Cartwright, 1983), and (D. Lewis, 1986) for some influential discussions.
See (Lange, 2009) and (Roberts, 2008) for some recent proposals that have garnered attention.

4 Marcel Weber argues that the explanations that make use of the HH model derive their explanatory
force not from the HH model itself but from the physical and chemical laws (describing the forces
applied to charged particles, etc.) that underlie the HH model (Weber, 2005).

> See (Craver & Darden, 2013, ch. 1) for a very readable discussion of this episode. My own
discussion follows theirs closely.

© The term comes from the philosopher J. L. Austin (1962). For more on illocutionary acts,
illocutionary force and speech acts generally, see (Searle, 1969) and (Searle & Vanderken, 1985).

7 Achinstein also offers an alternative to the ordered pair view, the no-product view, that dispenses with
the idea that acts of explaining yield products that are distinct from those acts (Achinstein, 1983, 98—
100).

8 Kitcher echoes Michael Friedman’s earlier account of explanation as unification (Friedman, 1974).
But Kitcher seeks to repair technical problems that he pointed out in Friedman’s account of
unification (Kitcher, 1976).

? To state a satisfactory definition of determinism is a non-trivial philosophical problem (Earman, 1986).
For example, my definition appeals vaguely to a degree of accuracy of predictions ‘corresponding’ to
a particular degree of precision in describing the initial state. This correspondence will vary from one
theoretical system to the next. In chaotic systems, for example, very small degrees of imprecision in
that initial state description can result in very large divergences amongst the possible evolutions of the
state in the future. Yet chaotic systems are deterministic. See (Smith, 2007) for a lucid and accessible
introduction.

10 The regularity with which discussions of causation invoke the language of networks, webs, weaves,
tangles, and the like is striking and indicates how naturally we think of causal relations as a kind of
connection between things. David Hume, nonetheless, insists that regular association alone relates
causes to effects. For Hume, when we speak of something as a cause, we simply refer to “an object,
followed by another, and where all the objects similar to the first are followed by objects similar to the
second” and “whose appearance always conveys the thought to that other” (Hume, [1748]1993, 51).

" Salmon later modified his view, replacing the CM model described here with a view of causal
processes in terms of the transmission of conserved quantities (Salmon, 1994) that is a modified
version of an account developed by Phil Dowe (1992, 1995).

12 But see (Hitchcock, 1995) for a criticism that applies even to the use of CM in physics. Also, Robert
Batterman (2001) explains how physicists often use asymptotic explanation, based on the analysis of
what happens when some parameter in a theory approaches zero. Asymptotic explanations cannot be
subsumed within the CM model.



12

Values in science

12.1 Introduction

We have already discussed how the logical empiricists sought to develop a scientific
philosophy that would enable investigators to reason in a manner that would be independent of
their commitments to ideologies or political causes.! Philosophers sometimes refer to this
aspect of the logical empiricists’ project as the ideal of a value-free science. But what are
values?

Humans spend a lot of effort evaluating things, whether they be sneakers, songs, or senators.
We can evaluate how honest a person is, how tasty a doughnut is, or how probable it is that an
asteroid will collide with the Earth. One way in which such evaluations differ concerns what
we value and how we value it. We value both honesty and tastiness, but in different ways.
Valuing the continued survival of ourselves and other species, we might prefer that an asteroid
not hit the Earth, but it would be odd to say that we value the probability of this happening: that
would be something that we simply want to know. We might think of the category of things we
value as those things that we take to be good, and the features of good things that give us
reasons to value them (i.e., to regard them as good) we might call values. We should perhaps
reserve the label values for those more general and fundamental kinds of features that give us
such reasons. Suppose a pop song has a particular hook that you think helps make it a good pop
song. Having that particular hook might not merit inclusion on a list of musical values for pop
songs, but being catchy — the general attribute that the song achieves by having that particular
hook — might well constitute such a value.

We can take things — including scientific theories, hypotheses, and methods — to be good in
different ways. One distinction in particular is important here. We have already encountered the
idea that scientists evaluate theories in terms of such characteristics as simplicity, accuracy,
fruitfulness, and so on. Kuhn emphasized this point in his account of how theory choice could
remain subject to incommensurability-driven underdetermination in spite of agreement amongst
scientists about the importance of these values. It has become common since Kuhn’s essay was
published to distinguish epistemic from non-epistemic values (McMullin, 1982). The
motivation for the distinction lies in a widely shared hunch: certain kinds of values have a
legitimate role to play in scientific thinking, while others do not. A scientist may, for example,
quite legitimately prefer one theory to another because it is more accurate. The scientist may
not, however, legitimately prefer one theory to another because it reinforces his political
opinions. We will see that this hunch must be qualified and clarified if it is to have any chance
of being upheld.

Values, then, play a role in guiding decisions.What roles should values play in decisions that
are made in the course of scientific inquiry?

We may start with some useful distinctions between different kinds of value-freedom that
science might exhibit. Hugh Lacey distinguishes the following claims (Lacey, 1999):



1. Impartiality: The only values that figure among the grounds for accepting and rejecting

theories in science are epistemic> ones.

2. Neutrality: Accepting a scientific theory implies no commitments regarding non-
epistemic values; neither does such acceptance undermine or support the holding of
particular non-epistemic values.

3.  Autonomy: Scientific inquiry is best carried out in a way that is free from ‘outside
interference’ by social or political values or forces.

12.2 Decisions about research directions and methods

Not much reflection is needed to see that non-epistemic values must play some role in science.
For example, the question of what kinds of scientific investigations are worth conducting
depends significantly on value judgments about ethics and about what is socially beneficial.
Given the finite resources available for the pursuit of scientific investigation, decisions about
what kinds of scientific projects deserve support depend on judgments about the value of the
knowledge those projects might yield. To some extent, funding agencies that provide support
for scientific research depend on the expert judgments of scientific peers to judge, not just the
likelihood that a specific proposed project will succeed, but also that the aims of the project
are worth pursuing. At a more coarse-grained level of judgment, decisions about whether and
how much to support broad categories of knowledge-pursuit, whether it is the treatment of
juvenile diabetes or the study of the conditions in the early universe, are made by funding
agencies themselves. For governmental agencies, some choices may even be directed or
constrained by an elected legislature, for example by the differential allocation of funds to
agencies pursuing varied research aims.

The use of public funds to pay for the costs of scientific research began in the nineteenth
century.* Before then, investigators had either to spend their own money or convince other
individuals to spend theirs. The increasing involvement of government in supporting science
has coincided with the development of increasingly costly scientific undertakings, some of
which, such as the Large Hadron Collider at the CERN laboratory in Geneva, Switzerland, are
too expensive for any single nation to fund. Of course, funding for scientific research continues
to come from private individuals or organizations, but public funding remains dominant, in
spite of recent declines. According to the 2012 Science and Engineering Indicators report by
the US National Science Board, the percentage of the total funding (US$54.9 billion) for
Science and Engineering Research and Development provided by the US Federal Government
in 2009 was 59 percent (a somewhat lower figure than in the 1970s and 1980s) (National
Science Board, 2012).

The involvement of legislative bodies in determining levels of support for scientific
research entangles the scientific community with broader political negotiations. Although
scientists have never operated in complete isolation from their political and social contexts, the
era of government dominance in the funding of research brings with it increased public
attention to and involvement in the directions pursued by researchers. The results may yield
occasions for either celebration or condemnation depending on your own political convictions.
The US Congress in 1996 removed from the budget of the Center for Disease Control and
Prevention (CDC) exactly the amount of money (US$2.6 million) that the CDC’s National
Center for Injury Prevention and Control spent on research into injuries caused by firearms,
while adding to the CDC’s appropriation a prohibition on use of its funding “to advocate or
promote gun control.” This restriction was later extended to all agencies within the US



Department of Health and Human Services, and the effect has been to greatly diminish the
amount of research carried out on the patterns and causes of gun-related injuries and deaths and
on the effectiveness of measures to reduce them. The National Rifle Association, an
organization that lobbies against restrictions on firearms, criticized federally funded scientists
who presented the results of their research at meetings where others advocated gun control
measures, and eventually the research stopped (Kellermann & Rivara, 2013; Davidson, 2013).>

Finally, citizens have influenced the ways in which research is carried out based on their
ethical values by acting to prohibit the use of research methods that they consider unethical.
One point of ongoing debate concerns the use of non-human primates as model organisms in
biomedical research. Researchers using them note that their genetic and physiological
similarity to human beings makes non-human primates ideal for studies in which it would be
impractical or unethical to use human subjects. Critics of this practice point to the same
resemblances as a reason why we should regard such uses as morally problematic or even
repugnant. A number of European countries, as well as New Zealand, have banned the use of
great apes in biomedical research, and in the US, the Director of the National Institutes of
Health announced in December 2011 that the NIH would suspend new grants for biomedical
and behavioral research on chimpanzees (Gorman, 2011). Subsequently the NIH has undertaken
to “retire” most of the chimpanzees it holds for research purposes to a sanctuary where they
would be ineligible for use as research subjects and to both reduce the number of studies using
chimps and raise standards for chimpanzee living conditions in laboratories where they are
used (Gorman, 2013). A report commissioned by the Institute of Medicine that found that “most
current use of chimpanzees for biomedical research is unnecessary” provided the basis for
these changes (Committee on the Use of Chimpanzees in Biomedical and Behavioral Research,
2011, 4).

Clearly, in cases such as these, scientists and other interested people act to influence the
direction of research as well as the methods used to pursue that research, based on their ethical
and social values. Scientists and trained ethicists may influence government agencies through
participation in a committee that either a government body or an independent organization has
called upon to prepare an advisory report. Citizens who are simply interested in an issue,
whether pursuing scientific research as a profession or not, may also exert pressure on policy-
makers to restrict or encourage research on a particular topic and to change or restrict the
methods that researchers may use. It seems entirely reasonable in a democracy that scientific
research be subject to such influences, casting considerable doubt upon the autonomy version
of the value-free ideal.

12.3 The argument from inductive risk

Regardless of one’s stand regarding questions about the direction of science or the moral
acceptability of certain research techniques, that non-epistemic values should play a role in
these debates seems appropriate and does not raise any serious concerns about the objectivity
or rationality of scientific inquiry or its results. Whatever considerations might have affected
the selection of the research question, and whatever the source and nature of the constraints
imposed on permissible methods in pursuit of an answer to that question, once the scientist is
engaged in the collection and analysis of data, non-epistemic values have no further role to
play. Determining the answer to the research question that is best supported by the data
generated using the selected method requires no further consideration of what is permissible or
desirable, morally or otherwise.



Or so it might seem.

Even when they apply them correctly, the methods scientists use to make inferences from
data may lead them to draw conclusions in error. One argument for the relevance of non-
epistemic values to the core tasks of scientific reasoning points to this feature and to the fact
that not all errors that a scientist might make are equally serious. Insofar as non-epistemic
values figure into our differential attitudes toward such errors, they affect our choice of
methods for drawing conclusions from data, and hence the conclusions themselves.

Somewhat more systematically, the argument from inductive risk, as it is sometimes called,
runs as follows:

1. In order to draw a conclusion from data, the scientist must make a choice regarding the
method to be used in reaching a conclusion.

The probability of making different kinds of errors depends on the choice of method.

3. Non-epistemic values may legitimately influence the scientist’s preference regarding
different kinds of errors.

4. Therefore, non-epistemic values may legitimately influence the scientist’s choice of
methods for drawing conclusions from data.

5. Thus, non-epistemic values may legitimately make a difference to the conclusion the
scientist draws from data.

12.3.1 Example: formaldehyde again

The argument from inductive risk may be best appreciated if we consider a concrete example
of statistical hypothesis testing in which non-epistemic values are clearly at stake in some way.
In Chapter 9 we discussed how scientists used statistical tests to investigate the carcinogenicity
of formaldehyde.

We can start with a simplified reconstruction of the inferences and decisions involved in the
formaldehyde case so that we may consider how the argument from inductive risk might apply
in this case. (We will subsequently note the problems with relying on this simplification.)

We might think of the tests performed on rats and mice in order to evaluate carcinogenicity
as tests of the nu/l hypothesis that the inhalation of formaldehyde does not increase the risk of
cancer. (Recall our discussion of such tests in Chapter 9, Section 9.3.) The alternative
hypothesis is then that formaldehyde does increase the risk of cancer by some amount. In order
to specify a Neyman—Pearson test, we need to specify the critical region, i.e., those values of
the test statistic for which the test rejects the null and accepts the alternative hypothesis.
Assuming that the test statistic has been determined, the choice of critical region determines the
Type I error probability for the test, i.e., the probability that the test will reject the null
hypothesis, assuming that it is true. So in order to choose the critical region, we need to decide
what Type I error rate we wish to achieve, i.e., what is the maximum probability of rejecting
the null hypothesis when the null is true that we will tolerate? In answering this question, of
course, we must keep in mind that the lower we set the Type I error rate (the significance level)
of the test, the higher the Type II error rate for any given member of the set of possibilities that
constitutes the alternative hypothesis. Recall that a Type II error consists of not rejecting the
null when the alternative hypothesis is true.

In the formaldehyde case, then, a Type I error would be to declare formaldehyde to increase
the risk of cancer when it does not, while a Type II error would be to fail to declare
formaldehyde to increase the risk of cancer when it does. The argument from inductive risk



would draw our attention to the fact that our decision regarding the appropriate method of
testing for these hypotheses will involve a choice about how to balance these error
probabilities. That decision in turn may quite appropriately draw upon our differential attitudes
regarding the consequences of one error as opposed to another. Since what is at stake is the
health of human beings (especially those employed in certain industries), we are well justified
if we design the test to have a significance level that is relatively high. However, we must also
consider the negative economic impacts on certain businesses and their employees that might
result from a Type II error.

We certainly would not want to demand a Type I error probability as low as that required by
particle physicists for declaring the discovery of a new particle, which you may recall from
our discussion in Chapter 9 is (for at least some cases) about 3 x 1077, Particle physicists can
afford to be very conservative about Type I errors, because the consequences of failing to
report the discovery of a new particle when one is present would not be so serious — the
experiment would simply have to run a bit longer to have sufficient data to meet the statistical
threshold for making an announcement. (By contrast, erroneously announcing a discovery could
be disastrously embarrassing for particle physicists and undermine public support for their
quite expensive, publicly funded research.) But, if formaldehyde exposure really does increase
the risk of cancer and scientific investigations fail to detect it, then dire consequences may
result. Government regulatory agencies responsible for workplace safety standards would not
have a basis for eliminating or limiting exposure to a carcinogenic substance, leaving people
working in industries in which prolonged exposure to formaldehyde is prevalent vulnerable to
high rates of potentially lethal cancers that could be prevented by appropriate regulation.

We should pause to note an important complication, however. Testing for carcinogenicity of
formaldehyde follows the typical procedure of setting a point null hypothesis (the increased
risk of cancer equals zero) against a compound alternative (the increased risk is greater than
zero). This means that although a Type I error can be described simply, Type II errors vary
widely in their consequences. Failing to reject the null even though formaldehyde exposure
increases the risk of cancer by 1000% commits a Type Il error. So does failing to reject the null
when the increase is 0.01%. The severity of the consequences of these two errors for human
health differs greatly.

From the perspective of the argument from inductive risk, this complication — that different
Type II errors will differ in their potential for causing harm — simply reinforces a crucial
premise: That the investigator may, on non-epistemic grounds, judge some possible errors as
more undesirable than others. Choosing a significance level for a test that would have a good
chance of detecting even as small an increase in risk as 0.01% may well, given limitations on
the affordable sample size, turn out to be achievable only by having a test that will quite
frequently reject the null, even when it is true. A rejection of the null based on such a test
would not constitute strong evidence that the null is false, according to the severity principle of
Chapter 9, Section 9.4.1. Allowing people to be exposed to substances that increase the risk of
cancer always (all else being equal) increases the probability of a terrible outcome for
someone. Choosing instead to test the null in a way that has a lower Type I error rate at the
expense of being insensitive to such very small increases in risk might indicate that the
investigator has made a decision that the importance of avoiding such a relatively low-
probability outcome is trumped by the epistemic value of conducting a test that has the potential
to produce strong evidence either for or against hypotheses under consideration.

In his version of the argument from inductive risk, Richard Rudner identifies the crucial
premise of the argument as the claim that scientists accept hypotheses on the basis of the tests



that they perform. Since those tests do not in general yield conclusive proof, the decision to
accept a hypothesis depends on a judgment that the evidence supporting the hypothesis is
sufficient to make such acceptance a reasonable choice. As long as there are practical
consequences of such acceptance, value judgments regarding those consequences will be
relevant for determining how good the evidence must be in order to be sufficient in this sense
(Rudner, 1953).

12.3.2 Skeptical responses to the argument from inductive risk

To this, however, one might object that in doing so the scientist assumes a task that is not
properly hers. As a scientist, she ought to report the strength of evidence regarding relevant
hypotheses, and not presume to decide whether such evidence is sufficient to accept any
particular hypothesis for purposes of practical decision-making,

Richard Jeffrey argues this point in an article published directly in response to Rudner’s
essay. The scientist ought not to accept hypotheses, according to Jeffrey, because she could not
make a decision about acceptance in a way that would be optimal for each problem for which
that hypothesis would be relevant (Jeffrey, 1956). Jeffrey offers an alternative view of the task
of the scientist, according to which she ought only to report a probability for whichever
hypothesis is under investigation, leaving it to others to use that probability assessment, in
combination with their own values, as a basis for practical decisions. (Such a probability
would have to be some sort of Bayesian probability, of course, since frequentist probabilities
do not apply to general hypotheses.)

Jeffrey notes that Rudner had already anticipated such a response and argued that such a
move would not excuse the scientist from the task of accepting hypotheses because the claim
that the probability of a given hypothesis is p is itself a hypothesis. But, replies Jeffrey, the
scientist should not accept this kind of hypothesis either! (Jeffrey, 1956, 246). Unfortunately, he
offers no explanation of how to distinguish reporting a probability statement to be made use of
in further practical decisions from accepting that same probability statement.

Moreover, even if one supposes that in reporting the outcomes of an investigation the
scientist can in this way avoid accepting the hypotheses on which they report, scientists must,
as Duhem emphasized, rely on hypotheses in the design of experiments, operation of
instruments, and analysis of data, which surely counts as a kind of acceptance. Thus, even were
it possible to decline accepting hypotheses that are under investigation in a given experiment,
one must accept other hypotheses in order to carry out an experiment. Considerations that enter
into such decisions may rightly include not only the sufficiency of the experimental arrangement
for the intended investigation but also the safety, affordability, or ethical acceptability of the
proposed procedure. We have been supposing that we can neatly segregate the entry of non-
epistemic values into considerations of the moral acceptability of experimental techniques from
questions regarding the analysis and interpretation of data, but the dependence of the latter on
previously tested or at least testable scientific hypotheses casts doubt on how well we can
maintain that separation.

Another response to Rudner’s argument acknowledges that scientists do accept hypotheses,
but denies Rudner’s conclusion that scientists must make non-epistemic value judgments in
doing so. According to Isaac Levi, Rudner’s argument assumes a behavioristic understanding
of statistical inference that attempts to reduce scientific reasoning to “technology and policy
making” (Levi, 1962, 47). Levi offers an alternative account according to which the goal of
hypothesis testing is sometimes to replace doubt with belief, and in some such cases the
scientist seeks “the truth and nothing but the truth” (Levi, 1962, 49). In such cases, the



investigator must not differentiate between the seriousness of different errors, but treat all
errors as equally serious.

Levi directs his arguments primarily not at the argument from inductive risk, but at the
behavioristic interpretation of hypothesis testing in science, according to which the act of
accepting a hypothesis must be given an interpretation as a decision to take some practical
action. Yet he clearly considers the two issues to go hand-in-hand. Values are necessarily
involved in the inferences that scientists draw from data if and only if all such inferences must
be interpreted in behavioristic terms (Levi, 1962, 50).

Such a linkage between the role of non-epistemic values in scientific reasoning and the
behavioristic interpretation of hypothesis testing becomes understandable in the context of the
literature of the mid twentieth century to which Levi was responding. C. West Churchman had
linked scientific hypothesis testing with practical action in his version of the argument from
inductive risk (Churchman, 1948). Churchman insisted that “every scientific hypothesis is
considered to be a possible course of action for accomplishing a certain end, or set of ends. . . .
Statements like ‘we merely want to find out so-and-so’ represent pragmatically incomplete
formulations” (Churchman, 1948, 259).

Critics of the argument from inductive risk apparently concede that within the behavioristic
interpretation of hypothesis testing, the argument from inductive risk validly supports the
conclusion that non-epistemic values may legitimately influence scientific reasoning. In
Chapter 9 we discussed an alternative evidential approach that regards statistical hypothesis
testing as a framework for the evaluation of the evidence supporting inferences from data to
hypotheses under test. Is the argument from inductive risk still valid if we employ this
evidential interpretation?

To exclude non-epistemic values from playing a role in scientific reasoning is, in practice, to
suppose that we could impose a division of labor between scientists, responsible for
evaluating the evidence regarding some scientific hypotheses, and policy-makers, responsible
for weighing the potential costs and benefits of various policies in light of the evidence
relevant to the suitability of those policies for attaining the particular public goods at issue. As
long as we stick to our simplistic conception of how testing works in the testing of
formaldehyde and similar cases, such a division of labor might seem possible, but actual
hypothesis testing involves numerous kinds of judgments that complicate this simple picture.

In a discussion of the very same formaldehyde example, Deborah Mayo articulates a number
of questions that must be answered in the course of utilizing scientific data from both
epidemiological studies and animal model experimental studies to inform policy decisions.
These questions concern “inference options,” and have “no unequivocal scientific answers,”
but because “these choices have policy implications, they are intertwined with policy” (Mayo,
1991, 257). Such questions include what weight to give to studies yielding different results,
what significance level to consider as indicating a positive result, how to extrapolate from
doses used in experimental studies to doses that are encountered in policy-relevant situations,
and how to extrapolate from the dose response of model organisms to the response of humans
(Mayo, 1991, 258). Making appropriate decisions on these matters requires significant
scientific expertise and judgment, and thus cannot be left to policy-makers. At the same time,
different choices have clear policy implications insofar as they raise or lower the likelihood
that, for example, a substance such as formaldehyde will be found to pose a significant risk.

Thus, at least in contexts in which scientists assess evidence that is relevant for policy-
making, non-epistemic values ought to inform decisions concerning inference options. That
entanglement of non-epistemic values in scientific reasoning does not depend on a



behavioristic interpretation of hypothesis testing. We may take the scientists studying the
carcinogenicity of formaldehyde to be using statistical methods to evaluate the evidence
supporting a variety of possible inferences from the data, as the evidential interpretation
requires. The argument from inductive risk requires only that scientists’ choices regarding
inference options make a difference to their conclusions regarding evidence, and that those
choices are based in part on the potential influence that such conclusions may have on policy-
makers’ decisions. Even if there are contexts in which scientists do, as Levi puts it, seek “the
truth and nothing but the truth” (a premise that pragmatically oriented philosophers such as
Churchman would deny) it does not follow from this that we should as a general rule regard the
entry of non-epistemic values into scientific reasoning as i/legitimate or unscientific.

12.3.3 Direct and indirect roles for values

You would be right to be dissatisfied with leaving the matter there, however. Supposing we
accept that non-epistemic values may play a legitimate role in scientific reasoning, we still
face the question of when they ought and ought not do so. That scientists should seek to
understand how the world really is in a way that is not influenced by how they wish the world
to be retains its intuitive appeal.

Moreover, allowing values to enter into scientific reasoning willy-nilly might exacerbate
current threats to the integrity of scientific research. To cite just one example, the role of
pharmaceutical companies in funding research into the safety and effectiveness of their own
products might lead to bias in the results of such research (Lemmens & Waring, 2006).
Researchers have found a statistically significant association between industry funding and
pro-industry results (Bekelman, Li, & Gross, 2003). Although investigators may certainly
maintain the independence of their results from the source of their funding, the potential for bias
is significant (Wilholt, 2009). Investigators clearly should not count the potential for profit as a
reason influencing their judgments regarding the effectiveness and safety of a treatment. Given
that we allow some role for non-epistemic values in science, on what basis do we exclude
cases such as this?

To answer this question, Heather Douglas argues, we need to distinguish distinct roles that
values might play in science, which she calls direct and indirect. In their direct role, values
“act as reasons in themselves to accept a claim, providing direct motivation for the adoption of
a theory” (Douglas, 2009, 96). When acting in their indirect role, values “weigh the importance
of uncertainty about the claim, helping us to decide what should count as sufficient evidence
for the claim” (Douglas, 2009, 96; emphasis in original). She goes on to observe that in their
direct role, “values determine our decisions in and of themselves, acting as stand-alone
reasons to motivate our choices. . . . In this direct role, uncertainty is irrelevant to the
importance of the value in the judgment” (Douglas, 2009).

(In characterizing Douglas’s position, note that I have referred to these as roles for values in
general and not for non-epistemic values alone. Douglas rejects the distinction between
epistemic and non-epistemic values. According to her, what are typically considered epistemic
values are really criteria of adequacy that scientific claims must satisfy, rather than values. For
her, not only is the distinction between different roles for values in science more important than
the distinction between epistemic and non-epistemic values, it completely replaces that
distinction. Daniel Steel argues that Douglas’s distinction between roles does not succeed in
supplanting this distinction between types of values. He defends the view that epistemic values
are those that promote the attainment of truth (Steel, 2010). We will not pursue this aspect of
the debate further; we may read Douglas’s references to ‘values’ as indicating ‘non-epistemic



values’ in order to focus on the question of what roles such values may legitimately play in
science.)

Values may play indirect roles throughout science without necessarily threatening scientific
integrity, according to Douglas, but their direct roles must be limited if we are to maintain “the
integrity of the scientific process” (Douglas, 2009, 96). We have already discussed some
legitimate direct roles that values may play, such as in decisions concerning what questions to
investigate or what research methods to use. Even here, Douglas notes, we need to scrutinize
how values influence decisions, since they could, for example, lead one to choose a method of
inquiry that “predetermines (or substantially restricts) the outcome of a study” (Douglas, 2009,
100). One could select for one’s study of the effects of formaldehyde on rats only rats who are
already in extremely frail health, for example. Or, underlying values-based beliefs might bias
an individual or an entire community toward considering only certain kinds of questions. Some
critics, for example, have alleged that modern medical science’s emphasis on intervention and
control — what Hugh Lacey (2005) has in another context called the “modern valuation of
control” — biases it towards research into problems such as cancer that emphasize
pharmacological and surgical treatments at the expense of investigations into environmental
factors that might be causing increased rates of cancer (Epstein, 1998; Kourany, 2010, 122—
125).

Douglas insists, however, that any direct role for values in science must be restricted to
these “early stages” of research (choosing a question to investigate, choosing a method of
investigation). “Once the study is underway,” values should play no direct role, except in
“unusual circumstances when the scientist suddenly realizes that additional direct value
considerations need to be addressed” (Douglas, 2009, 101). In a clinical study of some
potential medication, for example, one might find that patients in the treatment group are
suffering unexpected adverse effects, requiring one to terminate or modify the study for the
good of the subjects. Alternatively, one might find that patients in the treatment group are so
obviously benefiting in a way that patients in the control group are not that moral demands
compel the assignment of all patients to the treatment group (Lilford & Jackson, 1995; Worrall,
2008). Aside from such situations (which are increasingly accounted for in advance in the
development of sophisticated research plans), once the investigation is under way, “values
must be restricted to an indirect role” (Douglas, 2009, 102).

The argument against allowing a direct role for values in the “later stages of science” is that
doing so would allow inferences from scientific data to be influenced or even determined by
the values of the investigator. Scientists could “reject data if they did not like it, if, for
example, the data went against a favorite theory,” or they “could select an interpretation of the
evidence because they preferred it cognitively or socially, even if the evidence did not support
such an interpretation,” or they could reject a theory they dislike “regardless of the evidence
supporting it.” By doing so, “we would be causing harm to the very value we place in
science,” i.e., its ability to provide us with a “more reliable, more true understanding of the
world” (Douglas, 2009, 102).

It would not harm this value, however, for scientists to allow values an indirect role in the
later stages of inquiry, such as determining the level of significance that must be achieved to
reject a null hypothesis. Douglas thus upholds the argument from inductive risk (though with a
narrowed scope for its conclusion): scientists may legitimately consider the different values
attached to different possible errors in deciding what counts as sufficient evidence for
accepting a hypothesis. Allowing a direct role for values in the drawing of conclusions
regarding the questions under investigation, however, would allow human preferences to
supplant the role of empirical data in scientific inquiry.



Douglas’s distinction between direct and indirect roles marks a noteworthy contribution to
our examination of this issue, yet it does not seem to address fully the question of when non-
epistemic values may or may not enter into scientific reasoning. As Kevin Elliott has pointed
out, the terms in which Douglas draws the distinction are somewhat unclear. What does it mean
for something to function, for example, as a “stand-alone reason” (Elliott, 2011, 306-310)?
Moreover, it seems that the problems that arise from values entering into a direct role in
drawing conclusions from an investigation can result from indirect roles as well. The
investigator who wishes either to cling to a theory she does not want to give up or reject a
theory she loathes may simply let those preferences serve as a basis for criteria of sufficiency
that, by being permissive or restrictive, make her preferred outcome more likely (Wilholt,
2009).

12.4 Values and the objectivity of science

Our discussion thus far has concerned the negative or positive roles that values might play in
influencing the decisions of scientists engaged in research. A somewhat different set of
questions concerns how values shape the conduct of scientific work. Does the achievement of
the aims of science require commitment to certain values, and if so, which ones? Should
scientific research be organized and institutionalized according to certain values? How might
broader social values contribute to or erode the objectivity of science?

12.4.1 Merton on the ethos of science

The sociologist of science Robert K. Merton,® writing in 1942, sought to describe what he
called “the ethos of science”: “that affectively toned complex of values and norms which is
held to be binding on the man of science” (Merton, 1973, 268-269). Merton posits the
institutional goal of science to be “the extension of certified knowledge,” an aim to be
achieved through technical methods adapted to the attainment of “empirically confirmed and
logically consistent statements of regularities” (Merton, 1973, 270). From the institutional goal
and technical methods, Merton claims, derive four sets of institutional imperatives that
function as “moral as well as technical prescriptions in science”: universalism, communism,
disinterestedness, and organized skepticism (Merton, 1973, 270). That these norms function as
imperatives within science he concludes not from the observation of their universal satisfaction
by scientists — on the contrary, scientists rather frequently and sometimes systematically violate
all four of them — but from the ways in which violations are rationalized by the violators and
condemned by the defenders of these norms.

Universalism, according to Merton, finds expression in the requirement that scientific claims
should be evaluated according to “preestablished impersonal criteria” rather than by
consideration of “personal or social attributes of their protagonist” (Merton, 1973, 270).
Moreover, this norm requires that one’s prospects for a career in science should be determined
by one’s abilities and accomplishments rather than by one’s station in society. “To restrict
scientific careers on grounds other than lack of competence is to prejudice the furtherance of
knowledge” (Merton, 1973, 272). Merton had, at the time of his writing, ample opportunity to
observe widespread and systematic violations of this norm. German national socialists had
insisted, for example, that only Aryans could produce ‘good’ science, and as a consequence
had expelled Jews from their academic institutions. (Merton did not at the time discuss the
widespread exclusion of African-Americans from science in the United States and elsewhere,
or the obstacles that women faced in the pursuit of scientific careers.) Merton argued that



systematic violations of universalism were bound to arise because “science is part of a larger
social structure with which it is not always integrated,” and when the broader culture
surrounding science develops anti-universalistic tendencies, this will put the ethos of science
under considerable strain, leading to rationalizations seeking to show that the members of some
group despised in the broader culture are incapable or ill-disposed towards producing
worthwhile scientific contributions (Merton, 1973, 271).

The norm of communism holds that the results of scientific investigation “are a product of
social collaboration and are assigned to the community. . . . Property rights in science are
whittled down to a bare minimum by the rationale of the scientific ethic” (Merton, 1973, 273).
We might reward discovery by attaching a scientist’s name to a result, but the estate of James
Clerk Maxwell does not get to charge royalties whenever ‘Maxwell’s laws’ of
electromagnetism are invoked. The increasing role of private capital in the pursuit of
potentially profitable scientific research has exerted considerable pressure on this norm in
recent years, particularly in the United States, where laws protecting intellectual property are
especially robust. (However, a recent effort by Myriad Genetics to patent a DNA sequence was
rejected by the US Supreme Court in an important decision reached in June 2013.)

In his discussion of disinterestedness as a norm in science, Merton emphasizes that this is to
be interpreted as a norm operating at the institutional level rather than as a description of the
motivations of the individual scientist. However biased or partisan the individual scientist
might be in his thinking about the subject of his investigations, the demand that his results be
both testable and publicly available subjects the investigator to “the exacting scrutiny of fellow
experts” (Merton, 1973, 276). This explains what Merton describes as the “virtual absence of
fraud in the annals of science” (276). (It is not clear how well this assessment stands up in the
present day.”) As a kind of corollary to the self-enforcement of the norm of disinterestedness
among scientists, Merton notes in contrast that in relations between scientific experts and
laypersons, the authority of science “can be and is appropriated for interested purposes,
precisely because the laity is often in no position to distinguish spurious from genuine claims to
such authority” (Merton, 1973, 277).

Merton describes organized skepticism as “both a methodological and an institutional
mandate” (Merton, 1973, 277) that periodically puts science into conflict with other
institutions. The willingness of scientists to subject to critical examination beliefs that religious
or political authorities regard as inviolable “appears to be the source of revolts against the so-
called intrusion of science into other spheres.” Such conflicts arise from the application of
scientific inquiry to questions regarding which “institutionalized attitudes” have been
established or when other institutions “extend their control over science” (Merton, 1973, 278).

Merton’s analysis of these institutional norms makes clear the sociological function of these
imperatives without delving into their epistemological aspects. More recent discussions among
philosophers of science have sought to illuminate how these and other values might contribute
to the objectivity of scientific knowledge.

12.4.2 Longino on contextual values

Helen Longino seeks to reconcile an active role for contextual values in science with scientific
objectivity. No one doubts the importance of constitutive values in science, meaning values
“generated from an understanding of the goals of science” (these might include what we have
been calling “epistemic values,” though we might also consider these to encompass Merton’s
norms). But calls for a “value free” science presumably mean to exclude “those group or
individual preferences about what ought to be” that Longino calls contextual values (Longino,



1990, 4).

Longino’s reconciliation begins with a claim about evidence: no fact or sentence describing
a factual state of affairs serves as evidence for a particular hypothesis all on its own.
Considered in isolation, facts are evidentially meaningless; they serve as evidence for
particular hypotheses (meaning, for Longino, that scientists can use them to argue for such
hypotheses) only in the context of particular sets of background beliefs. A crucial problem
about evidence arises from this claim: to the extent that background beliefs used in evidential
arguments are themselves susceptible to influence from contextual values, how can the
objectivity of scientific inferences from evidence be secured?

Longino discusses a broader range of value-influences in science than that which emerges in
discussion of inductive risk. The latter involves value judgments concerning the costs and
benefits of erroneous or correct inferences. Longino’s discussion encompasses a range of ways
in which contextual values “shape the knowledge” that emerges from research programs in
science, sometimes involving subtle entanglements among moral and epistemological
considerations. We will here focus on Longino’s analysis of cases in which values influence
judgments about what kinds of explanations are best for certain kinds of data. Such background
assumptions often take the form of what Longino calls “explanatory models,” which describe
“the sorts of items that can figure in explanations of a given sort of phenomenon and of the
relationships those items can be said to bear to the phenomena being explained” (Longino,
1990, 134).

In the sciences that deal with human behavior such value judgments have long vexed
investigators, the more so because they often remain unstated. In her 1990 book, Longino
describes what she then took to constitute the dominant explanatory model assumed in
investigations into gender role behavior, the development of homosexuality, and sex differences
in cognitive performance: The /inear hormonal model posits certain types of behaviors as the
outcome of a process in which exposure of the fetal organism to testosterone, estrogen, or their
metabolites plays a causal role in the determination of the brain’s structure and functioning, so
that animals wind up with “male brains, programmed for characteristically male behavior, or
female brains, programmed for characteristically female behavior” (Longino, 1990, 137).
Longino argues that only in the context of this linear hormonal model do the kind of data
gathered in studies of hormonal exposure and behavior provide evidence for causal hypotheses
linking behavior to hormonal exposure.

Longino goes on to show how a different model might lead to a significantly different
understanding of the behaviors being investigated. According to what Longino refers to as the
selectionist model, the functions of the brain are carried out by groups of about 50 to 10,000
neurons, and connections between them can be strengthened or eliminated in the process of
brain development. We need not concern ourselves with the details of the mechanism; the
important point is that, as Longino speculates, such a model allows for a much greater potential
role for the experience of the developing individual (including experience of the culturally
influenced responses of others to physical appearance) in the explanation of patterns of
behavior.

Neither the linear hormonal model nor the selectionist model, Longino explains, enjoys
definitive direct empirical support. Both can be given plausible but inconclusive empirical and
conceptual motivations. Neither does either model obviously suffer fatal empirical
weaknesses. Moreover, such scientific research into the nexus of gender and behavior enters a
broader culture of lay persons and policy-makers eager to learn ‘what science has to say’ about
such issues as child-raising, gender differentials in academic fields and professions, gender



relationships in the family, and sexual orientation, and often even more eager to exploit the
latest results to defend their own value judgments and policy proposals. In such circumstances,
where constitutive scientific values fail to single out an explanatory model that will enable the
determination of causal explanations from otherwise ambiguous data, implicit appeals to
contextual values can be expected to play an important role in filling this gap between data and
evidence.

This returns us to our previous question, however. With contextual values playing such an
important role in how we draw conclusions, it seems that the very possibility of achieving
objectivity lies in peril. Advocates of a value-neutral ideal for science will see in this situation
the conditions that give rise to ‘bad science’ and demand that we strip away any influence on
our conclusions from contextual values. Longino agrees both that objectivity is an important
aim of scientific inquiry, and that some ways in which contextual values influence scientific
reasoning threaten that objectivity. But because she does not think that contextual values can be
eliminated from influencing how the gap between data and evidence gets filled, she offers a
different vision of how objectivity is to be secured: objectivity results from the interaction of
investigators holding different, competing contextual values through social mechanisms that, in
virtue of satisfying specifiable criteria, enable transformative criticism.

Longino’s response deploys a certain notion of objectivity. One might think of the objectivity
of science in terms of an “accurate description of the facts of the natural world as they are.” To
conceive of the objectivity of scientific knowledge in these terms is to embrace some version
of realism about science, in the sense of making the truth of descriptions derived from scientific
theory central to the aims of science. Longino’s account of the objectivity of science employs a
different notion, according to which “objectivity has to do with modes of inquiry” (Longino,
1990, 62).8 To describe science as objective in this methodological sense is to regard the
development, acceptance, and rejection of scientific theories and hypotheses as guided by
criteria that are “nonarbitrary and nonsubjective” (Longino, 1990, 62).

To see the extent to which scientific inquiry achieves methodological objectivity, according
to Longino, we must consider not only the logical forms of argumentation that scientists
instantiate, or the rules that they follow, but the practices of science, conceived of as
implemented by social groups. Longino here draws on work by Marjorie Grene (1966, 1985)
in the philosophy of science and Alasdair Maclntyre (1981) in ethics. Not only does the
production of scientific knowledge require the cooperative and coordinated action of groups of
researchers as a practical matter, but, as Grene emphasizes, skill in the practices that constitute
the methods in any given discipline requires a kind of initiation into “the traditions, questions,
mathematical and observational techniques, ‘the sense of what to do next’,” and this initiation
must take place at the hands of someone who has already been through it and practiced the
acquired skill within the community (Longino, 1990, 67). With Grene, Longino takes these
socially situated practices to indicate that the sciences constitute something akin to what
MaclIntyre describes as practices. This term, MaclIntyre explains, refers to “any coherent and
complex form of socially established cooperative human activity through which goods internal
to that form of activity are realized in the course of trying to achieve those standards of
excellence which are appropriate to, and partially definitive of, that form of activity”
(Maclntyre, 1981, 175).

Precisely what constitute the distinctive internal goods of science Longino declines to
specify, considering such specification to be part of the evolving self-conception of science
itself, an outcome of a socially complex and historically contextualized process (Longino,
1990, 19). Instead, Longino offers criteria by which to judge the social organization of science



with regard to its ability to achieve methodological objectivity. It is precisely the social
character of science that enables the mitigation of subjective preferences, but not just any
social organization will do (the pop music industry is also socially organized, after its own
fashion). Science can only achieve objectivity if it is organized to promote “criticism from
alternative points of view” and “the subjection of hypotheses and evidential reasoning to
critical scrutiny. . . . A method of inquiry is objective to the degree that it permits
transformative criticism” (Longino, 1990, 76; emphasis in original).

Longino specifies four criteria “necessary for achieving the transformative dimension of
critical discourse” (Longino, 1990, 76). A scientific community must have:

1. “recognized avenues” for criticism that may be directed at all aspects of scientific
reasoning (including methods and background assumptions). Scientific journals and
professional meetings obviously fulfill this function.’

2. “shared standards” by which to evaluate both the arguments advanced by investigators
and the criticisms directed at those arguments. Longino notes the similarity of her view of
such standards and their importance with that articulated by Kuhn in his essay
“Objectivity, value judgment, and theory choice,” but emphasizes that “the open-ended
and non consistent nature of these standards . . . allows for pluralism and for the continued
presence, however subdued, of minority voices” (Longino, 1990, 77-78).

3. a capacity and habit of responding to critical discussion by changing its beliefs. Longino
does not take this to require that investigators “recant” whenever criticism is directed at
their data or assumptions. “Indeed, understanding is enhanced if they can defend their
work against criticism” (Longino, 1990, 78). But it does require that “the assumptions that
govern their group activities” remain “logically sensitive” to such criticism.

4. an equal distribution of intellectual authority “among qualified practitioners” (Longino,
1990, 76). Rather like Merton’s norm of universalism, this criterion prohibits the
scientific community from privileging the arguments of one investigator over another on
the basis of attributes such as gender, race, or religious affiliation. Longino notes some
historical and ongoing threats to or outright violations of this criterion, such as the
“bureaucratization of science” and the “exclusion, whether overt or more subtle, of
women and members of certain racial minorities from scientific education and the
scientific professions” (Longino, 1990, 78).

12.5 Feminist critiques

Lurking in the background of our brief discussion of explanatory models in the study of gender
and behavior is the way that values and norms regarding gender have underpinned dominant
assumptions. Feminist critical studies of science (Wylie, Potter, & Bauchspies, 2012), which
seek to scrutinize the roles that gender and gender norms have played and continue to play in
science, constitute an important part of the debates over how values figure in scientific inquiry.
This literature, which also contributes to feminist epistemology (E. Anderson, 2012), has
grown quite large, such that even a brief characterization of the chief positions and arguments
would require a separate chapter. For the present, I will mention just two points of contrast to
indicate the relevance of Longino’s account, and of feminist critiques more generally, to these
debates.

Numerous historical studies have shown how different gender-related values have
influenced scientific theorizing. Longino herself discusses, for example, the very direct roles



that androcentrism (the “perception of social life from a male point of view”), sexism
(“statements, attitudes, practices, behavior, or theories presupposing, asserting, or implying the
inferiority of women, the legitimacy of their subordination, or the legitimacy of sex-based
prescriptions of social roles and behaviors™), and heterosexism (in part, “the idea that ‘they’
are made for and hence complementary to ‘us’ ) have played in the study of human evolution
(Longino, 1990, 128—132). Numerous studies have documented such biases in various aspects
of the field of human evolutionary studies (e.g., Dahlberg, 1981; Lloyd, 2005). What is the
remedy for this?

12.5.1 Longino’s pluralism in contrast with value-neutrality and standpoint theory

Some critics (including some feminists) have responded to problems of androcentric and other
biases with a call for a return to the ideal of value-free science that prohibits scientists from
allowing values to influence their interpretations of their data and their conclusions from those
data. According to this line of thought, the best philosophical response to the problem of gender
bias in scientific theorizing (and the best strategy for achieving feminist goals) is the removal
of all bias from science (Pinnick, Koertge, & Almeder, 2003).

For example, critics have noted the androcentric character of the man-the-hunter approach
to the interpretation of archaeological evidence regarding early hominids. Researchers
operating within this framework assumed that tools were developed for the purposes of hunting
and that the hunting activities of males drove the process of human evolution. In response,
feminist archaeologists developed the woman-the-gatherer framework, regarding the activities
of women as the main evolutionary force (Dahlberg, 1981). From the standpoint of the
advocates of value-free science, both frameworks would seem to constitute failures of
objectivity, in which researchers have allowed their personal biases to influence their handling
of data.

Longino’s response acknowledges that the woman-the-gatherer framework “is as gynocentric
as its rival is androcentric,” but notes that “its great value from a logical point of view is its
revelation of the epistemologically arbitrary character of the man-the-hunter framework. As
long as both frameworks offer coherent and comprehensive accounts of the relevant data,
neither can displace the other” (Longino, 1990, 130). According to Longino’s analysis of
evidential argumentation, the data offered by archaeological evidence cannot be used to draw
conclusions about human evolution without invoking some kind of explanatory model, and the
needed models themselves lack sufficient evidential backing to remove a degree of
arbitrariness in the choice between them. This, for Longino, makes the value-free approach
unavailable. A proliferation of distinct value-inflected approaches enables us to draw explicit
contrasts and critically examine the values on which these theories depend. In this way,
Longino’s approach resembles Feyerabend’s advocacy of theory proliferation. Whereas
Feyerabend’s pluralism was part of his thoroughgoing skepticism about the value of scientific
ideals like objectivity, however, Longino eschews epistemological anarchism in favor of a
contextualist and pluralist account of objectivity.

Whereas the value-free approach seeks to eliminate masculinist values by driving out all
values from the interpretation of data and the drawing of conclusions from data, and Longino’s
pluralism calls for a proliferation of value-laden theoretical approaches, feminist standpoint
epistemology seeks to replace (or at least demote) masculinist values with feminist values.
More carefully, standpoint theory rests on the premise that the different social perspectives that
individuals occupy result in their having different abilities to gain cognitive access to certain
kinds of facts. Marxist standpoint theory, for example, holds that members of the proletariat, by



organizing and becoming conscious of their role in the capitalist system, have “epistemic
privilege over fundamental questions of economics, sociology, and history” (E. Anderson,
2012). Nancy Hartsock proposes that feminists appropriate this Marxian approach: because
“women’s lives differ structurally from those of men” they “make available a particular and
privileged vantage point on male supremacy . . . which can ground a powerful critique of the
phallocratic institutions and ideology which constitute the capitalist form of patriarchy”
(Hartsock, 1983, 36).

In a less explicitly Marxian vein, Sandra Harding argues that standpoint theory allows for
the articulation of a concept of strong objectivity that is superior to the conception of
objectivity in terms of neutrality. The latter, according to Harding and other standpoint
theorists, is an illusion: “It is a delusion — and a historically identifiable one — to think that
human thought could completely erase the fingerprints that reveal its production process.” That
process, she argues, while it succeeds in weeding out the influence of interests that vary
amongst different researchers, leaves intact the interests that are “shared by all (or virtually
all) of the observers,” so that “culturewide assumptions that have not been criticized within
the scientific research process are transported into the results of research” (Harding, 1993, 57;
emphasis in the original). Whereas Longino’s response to the elusiveness of neutrality is to
advocate a pluralistic conception of objectivity in terms of the proliferation of values within a
community organized in accordance with the criteria enumerated above, Harding’s response is
to valorize the perspective of marginalized people with regard at least to certain kinds of
phenomena: “Democracy-advancing values have systematically generated less partial and
distorted beliefs than others” (Harding, 1993, 71).

Whether Harding is correct here is, as Cassandra Pinnick points out, an empirical question.
(Pinnick finds Harding’s position deficient in empirical support; Pinnick, 1994). Longino
objects to theories that “recommend an alternate subject position as epistemically superior” on
the grounds that “arguments are missing” and in principle must remain so. Empirical arguments
for claims of superior epistemic privilege would require first identifying the standpoint from
which one can make an adequate appraisal of the evidence. A priori arguments for the same
would have to both claim “a particular structure for the world” and identify “a particular
subjectivity as uniquely capable of knowing that structure.” Either way the resulting argument
is bound to beg the question (Longino, 1993, 106—-110). Noting that “it’s not clear that any
particular subject position could be adequate to generate knowledge,” Longino locates
objectivity not in the epistemic advantage of particular standpoints over others, but in the
socially organized interaction of scientists occupying different perspectives.!? Meanwhile,
Alison Wylie and Lynn Hankinson Nelson have embarked upon an empirical assessment of
feminist interventions in science with a discussion of case studies (Wylie & Hankinson Nelson,
2007).

12.6 Conclusion: underdetermination and honesty

The ideal of a value-free science faces challenges to its achievability as well as to its
usefulness or even coherence as an ideal. Douglas has argued persuasively that, taken in too
strong a sense, this ideal is incompatible with an acknowledgment of the moral responsibilities
of scientists (Douglas, 2009). But just where and how can values enter into scientific reasoning
without compromising the objectivity of scientific inquiry?

Longino’s argument that values enter into the use of evidence in support of scientific theories
relies on an appeal to a version of the underdetermination thesis: treating data as evidence



relevant to a given hypothesis requires the use of an explanatory model, which may lack
independent warrant. Contextual values, for Longino, contribute to a “rich pool of varied
resources, constraints, and incentives to help close the gap left by logic” (Longino, 2002, 128).

As Kristen Intemann has argued, this appeal to an underdetermination gap does not suffice to
show that contextual values have a legitimate role to play in determining evidential
relationships between data and hypotheses (Intemann, 2005). After all, where such gaps do
arise, it may be possible to fill them by relying on purely descriptive claims, and where that is
not possible, it may be that the epistemically responsible choice would be to suspend judgment
regarding the hypotheses at issue. Moreover, Deborah Mayo, operating within an error-
statistical framework, has argued that assumptions needed to close the logical gap between
data and hypothesis can often be provided with their own evidential warrant (Mayo, 1996, ch.
6; Mayo, 1997a).

These comments do not, however, lead directly to a vindication of the value-free ideal of
science, since, as also argued by Intemann, contextual values may nonetheless play an
important role to the extent that scientific hypotheses themselves have content that implies or
supports certain contextual values (in opposition to what Lacey calls the thesis of neutrality)
or to the extent that the aims of science implicate certain contextual values. The former claim
has been defended by numerous scholars (e.g., E. Anderson, 1995; Fausto-Sterling, 2000).
Philip Kitcher defends the latter claim in his (2001). Moreover, the worry that allowing value
judgments into evidential reasoning will leave conclusions dependent on arbitrary or
unreasoned judgments assumes that value judgments themselves cannot be provided with
evidential warrant. One might, as Elizabeth Anderson argues, reject that assumption, opening
up the possibility that value judgments might lend epistemic support to conclusions drawn from
scientific data in virtue of enjoying independent support of their own (E. Anderson, 2004).

The value-free ideal, as articulated in Lacey’s impartiality thesis especially, enjoys a strong
intuitive appeal. “Only the data matter,” scientists will sometimes claim. We might imagine that
data are unambiguous, quantitative, and not up for debate, while values are fuzzy, qualitative,
and subject to disagreement. By now it should be evident that this contrast at best constitutes a
drastic overstatement and at worst is dangerously misleading. Longino is surely correct (and in
agreement with most other philosophers of science) in denying that data display their evidential
significance selfevidently. Whether we describe it in terms of models, assumptions, or
auxiliary hypotheses, data need to inhabit some richer structure in order to become evidentially
useful. The important questions regarding the possibilities of impartiality and neutrality in
science concern the roles of value judgments in undergirding such structures and the epistemic
status of such judgments.

To the extent that values play an unavoidable role in some areas of science, as Longino
might argue for the study of human behavior, the value-free ideal of science poses a threat to
science. If the conception of ‘good science’ requires that one exclude contextual values from
playing a role in the conclusions one draws from data, yet it is impossible in a given field to
meet that requirement, then we may expect investigators to seek public acceptance of their
work by obscuring the role that values play. Better, under such circumstances, for scientists to
feel that they are free to discuss openly the ways in which values influence their interpretations
and inferences from the data and the kind of reasoning that leads them to rely on those values
and not others.

When scientists make explicit the supporting structures that they use to turn data into
evidence, they can then turn to the crucial task of asking how those structures might fail to be
adequate for the inferential task at hand.!! I have elsewhere referred to this task as the securing



of evidence. To secure an evidential inference from a given body of data is, roughly, to
determine the various ways the world might be, given the relevant state of knowledge, such that
the data in question would fail to be good evidence for the conclusion drawn (Staley & Cobb,
2011; Staley, 2012).12

Attending to the security of evidence requires an explicit consideration of the kinds of
knowledge one brings to bear on a given body of data, as well as a comprehensive
consideration of the possibilities for error at each stage of the scientific process. In this way it
constitutes an extension of the error-statistical orientation discussed in Chapter 9: rather than
asking how probable or well confirmed a scientific claim is, we might ask instead about the
ways in which it might be in error, and what steps investigators have taken to eliminate or
otherwise take into account such errors. If we learned that scientists reached a conclusion in
part by relying on value-laden assumptions on no stronger basis than that those assumptions
reinforce their own subjective preferences, then we should certainly consider the inference to
suffer from a significant potential source of error that had not been secured. On the other hand,
should we find that reliance on a contextual value in a given case was warranted with further
evidence, or that it promoted the aim for which the inference was drawn, this could contribute
to the securing of the inference at hand.

We began this book by noting the tremendous impact and authority of scientists and the work
they do. That great responsibility comes along with this power is a truism, but we have in a
sense been discussing through all of these chapters the nature of that responsibility. What is the
undertaking of science? To what standards should we hold scientists beyond the norms that we
consider applicable to all human behavior generally? One point that I hope has emerged in this
chapter is that science cannot be regarded as an entirely detached, disinterested enterprise. To
undertake scientific inquiry itself reflects a certain kind of commitment and a certain judgment
about what is worth doing. Deciding what kind of scientific inquiry to conduct and how to
carry it out requires further evaluative deliberation. Whatever further roles contextual values
might play, the securing of evidence and the susceptibility of conclusions to error-probing and
transformative criticism demand that those roles be laid bare. For such an undertaking, a
partnership of philosophers and scientists may prove fruitful, or even essential.

! This is not to say that the philosophers who pursued this project were not themselves motivated by
political commitments of their own, for they were. Moreover, as the logical empiricist project
developed it became apparent that ‘neutral frameworks’ in which the degree of confirmation afforded
particular hypotheses by particular bodies of evidence could not be determined by criteria that were in
any absolute sense a priori. The most celebrated of the logical empiricists working on theories of
confirmation, Rudolf Carnap, acknowledged that only after a formal language had been chosen could
one define an unambiguous measure of confirmation (Carnap, 1962), and that the choice of a
language had to be made on the basis of either pragmatic criteria (Carnap, 1963, 980-983), or on the
basis of what he later came to call inductive intuitions (Carnap, 1968).

2 These are approximations to Lacey’s formulations. See (Lacey, 1999, ch. 10) for his more detailed
statements.

3 Lacey uses the term ‘cognitive’ here. Douglas distinguishes cognitive values from epistemic criteria of
adequacy (Douglas, 2009, 93-94).

4 Laura Snyder tells the history of this development in England, and the philosophical issues that
surrounded it, in her engaging and illuminating book, The philosophical breakfast club (Snyder,
2011).

> President Barack Obama issued a plan to reduce gun violence in January 2013 that included a call for
the resumption of federally funded research into the “causes and prevention of gun violence”
(Davidson, 2013).



® When Merton published his doctoral dissertation ‘Social and cultural contexts of science’ in 1938
(Merton, 1938) the sociology of science did not really exist as an established discipline within
Anglophone sociology. A lively field bristling with theoretical and empirical debates, contemporary
sociology of science has developed in ways that the erudite Merton could not have anticipated in
those early years when, as he recalled many years later, “An abundance of [sociological] monographs
dealt with the juvenile delinquent, the hobo and saleslady, the professional thief and the professional
beggar, but not one dealt with the professional scientist” (Merton, 1973, 173).

7 There have been some scandals involving scientific fraud recently. The story of social psychologist
Diederik Stapel at the University of Tilburg, who admitted to fabricating data in a significant number
of publications is both dramatic and troubling (Bhattacharjee, 2013). Yet, in the spirit of Merton’s
emphasis on the self-policing of scientists to enforce disinterestedness, one can also visit the blog
Retraction Watch, which tracks retracted publications “as a window into the scientific process.”
Although most of the retractions reported there are not instances of fraud, Retraction Watch does
display the wide variety of ways in which scientists can — intentionally or unintentionally — wind up in
a pickle.

8 As emphasized by K. Brad Wray, Longino rejects the traditional view of knowledge as requiring truth.
She wishes to retain the normative function of the philosophically traditional concept of knowledge,
and the distinction between knowledge and mere belief, but to extend the category of knowledge to
include representations (including non-linguistic models of the sort discussed in Chapter 4) that are
empirically adequate within some domain and sufficient to support both practical and investigative
projects (Longino, 1994; Wray, 1999).

? The preeminence of the scientific journal was more secure when Longino wrote her 1990 book than it
is today, when scientists post pre-publication drafts and other documents to pre-print archives such as
arXiv (arXiv.org).

10 Kathleen Okruhlik also advocates a pluralist approach to feminist philosophy of science in her
(1994).

'] state the target in terms of adequacy rather than truth because sometimes the auxiliary assumptions
that scientists rely upon are sufficient for this task without being true, perhaps because a simplified
model is sufficient for the level of accuracy that one desires, or perhaps because one makes overly
‘conservative’ assumptions that one knows to be false but that reduce the risk of committing some
particularly undesirable error.

12 Nancy Cartwright has likewise called for making assumptions explicit that are necessary for
extrapolating from the conditions under which data has been collected to contexts in which
conclusions from those data are to be applied. She has particularly called attention to this issue in the
context of “evidence-based policy making” where the dangers of mistakenly inferring from the
effectiveness of a policy intervention under one set of conditions to its effectiveness under other
circumstances are especially grave (Cartwright, 2012).
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