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Abstract

Paper type — perspective
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Problem— Evidence is quantified by statistical methods such as p-values and Bayesian posterior
probabilities in aroutine way despite the fact that there is no consensus about the meanings
and implications of these approaches. A high level of confusion about these methods can be
observed among students, researchers and even professional statisticians. How can a
constructivist view of mathematical models and reality help to resolve the confusion?

M ethod — Considerations about the foundations of statistics and probability are revisited with a
constructivist attitude that explores which ways of thinking about the modelled phenomena
areimplied by different approaches to probability modelling.

Results — The understanding of the implications of probability modelling for the quantification
of evidence can be strongly improved by accepting that whether models are “true”’ or not
cannot be checked from the data, and the use of the models should rather be justified and
critically discussed in terms of their implications for the thinking and communication of the
researchers.

Implications — Some useful questions that researchers can use as guidelines when deciding
about which approach and which model to choose are listed in the paper, a ong with some
implications of using frequentist p-values or Bayesian posterior probability, which can help
to address the questions. It is the — far too often ignored — responsibility of the researchers to
decide what model is chosen and what the evidence suggests rather than | etting the results
decide themselves in a*“ objective way.”

Constructivist content: A constructivist attitude to formal modelling in science is applied.

Key Words — mathematical modelling, foundations of probability, p-values, frequentism,
Bayesian subjectivism, objective Bayes, redity



1. Introduction

This paper is about the principles statisticians apply to quantify the strength of the evidence
provided by statistical datain favour or against certain hypotheses. Most of these quantifications
belong to the framework of statistical hypothesistests, such as p-values and Bayesian posterior
probabilities.

Hereis an example. Note that examples are presented in avery simplified way herein order to
not distract the reader too much from the focus of the paper; but see the remarks given in
Sections 2 and 3 about to what extent such simplifications are needed on one hand, but to what
extent, on the other hand, they suppress potentially relevant details.

Assume that there are two different species of Acaciatrees, which | will call species A and B.
Biologists were interested in finding out whether colonies of ants have any preference for one of
the species. They cleared 28 treesfirst (15 of species A and 13 of species B), and then they
placed 16 ant coloniesin approximately equal distanceto all trees. Each of these coloniesthen
invaded atree (apparently it can be assumed that it does not happen that more than one colony
invades the same tree). The experiment resulted in the data shown in Table 1.

Acacia species invaded Not invaded Total
A 2 13

15
B 10 3

13
Total 12 16

28

Table 1: Antsdata (from Sokal and Rohlf 1981:740)

Obvioudly, not al ant colonies chose the same species, but many more colonies chose atree of
species B than one of species A. The number 16 of colonies does not look like alarge sample
size, so one may wonder how clear an indication this experiment gives that speciesB is
generally preferred. A statistician can quantify the strength of evidence, but unfortunately for
the biologists, most of whom would like to have a simple number with a clear interpretation, the
statisticians have several different methods to do this, which may lead to different results and
interpretations, and al methods are riddled with conceptud difficulties.

A constructivist may even wonder whether it makes sense to postul ate that there is any
(objective) truth regarding the general Acacia preferences of ant colonies, and therefore whether
itisasensible question at all to ask how strong the evidence in the data is about any
conceivable truth. The quantification of evidence as a general problem, aswell as the problem
of assuming a probability model on which a statistical analysis can be based, are instances of
the mathematical modelling of reality.

Statistical quantification of evidenceis applied in awide variety of situations. Hereisa
collection of further more or less typical applications:

Does better street lightning reduce crime?

Does Potassium make a breakfast cereal taste better?

Do the products of a company satisfy an industrial standard?

Can it be a coincidence that many patients died when a particular nurse was at
work? (The Dutch nurse Lucia de Berk was convicted of murder, but the decision



was later revised, both strongly based on statistical arguments, see Derksen 2007.)
Does homeopathy work againgt alergies?

Is anew teaching method/therapy/fertilizer better than the old one?

Is the spectrum of a certain celestial object compatible with a standard star type?
How strongly should evidence from DNA analysis be weighed in court?

In Hennig (2009), | have outlined a constructivist perspective of mathematical modelling, based
on theidea that mathematical modelling can be seen asatool to arrive at an agreement about
certain aspects of reality, and therefore to construct a stable and consensual reality. In Section 2,
| give abrief summary of the ideas in Hennig (2009), including my personal version of
constructivism, on which the present paper will be based as well. Even though | do not claim
any particular originality for “my” constructivism, which is strongly influenced by authors such
as Ernst von Glasersfeld, Heinz von Foerster, Ludwik Fleck, Niklas Luhmann, and Kenneth
Gergen, | regard it as amain consequence of constructivism that every constructivist constructs
his or her version of constructivism. So it cannot be taken for granted that a concept such as
“radical congtructivism” has an objective or at least a clearly defined meaning within a given
community. (My use of terms like “objective” and “realist” isexplained in Section 2.)

Even among those scientists, statisticians and philosophers of science who more or less adhere
to realism, the principles of statistical hypothesis testing are highly controversial. Furthermore,
the standard approaches of presenting and teaching statistics leave many intelligent and critical
beginners confused and frustrated. Apparent paradoxes such as the observation that most
professional statisticians on one hand do not believe that, except in the most el ementary and
exceptional situations, the statistical models are “really true”, but on the other hand insist that
any statistical method isonly valid if its model assumptions “hold”, are nowhere discussed in
the standard literature in a satisfactory way.

A constructivist view, as opposed to anaive reaist one, shifts the focus of attention away from
the question of “truth of the models’. Instead, the models and quantifications are regarded as
items of persona and socia construction of perception that may be adopted only temporarily in
order to make and communicate systematic observations, without forgetting that there may be
more relevant aspects, in persona or socia readlity, that are ignored in the model but may still
enter the discussion of the implications and results of modelling and quantification. It also
highlights that and where personal or consensual subjective decisions have to be made about
how to perceive and conceptualise reality in order to arrive at helpful quantifications.
Quantifications of evidence are produced by such decisions, and can therefore never be fully
objective. Accepting thisinstead of looking for the “best method” and the “correct number”
leads, in my opinion, to amuch clearer and less problematic view of what statistics can and
cannot do, what is required from the scientists in order to arrive at meaningful results and what
the price of quantification is. In this sense, | hope that a constructivist view of statistical
quantification of evidence also has to offer something helpful to the critical realist who
struggles, for good reason, with the confusing way in which the foundations behind the
statistical methodology are usually presented.

Based on the general ideas given in Section 2, Section 3 comes back to the example above and
introduces the problem of quantifying evidence in some more detail. Sections 4 and 5 are
devoted to the two magjor statistical approaches to quantify evidence, namely p-values connected
to the framework of frequentist hypothesis testing, and Bayesian posterior probabilities.
Frequentism, subjectivist and objectivist Bayesianism (as explained in Sections 4 and 5) are the
major schoolsin the more than 100 years old controversy about the interpretation of probability
and the foundations of statistics. Thereis still no agreement between these schools. Section 6
compares the schools from a constructivist point of view, focusing on the question which way

1 There are also further probability-based approaches not treated here such asinterval
probabilities (Walley 1991) or non-Bayesian versions of the likelihood principle (Edwards
1972).



of perceiving and constructing the world they (and the additional model assumptions that are
required for astatistical analysis) entail. This means that the choice between these approachesis
not a question of optimality or correctness, but should be guided by decisions of how the
scientist wants to think about reality in a given situation, based on personal and socia
perception of the subject matter prior to the data analysis and the research aims. Section 7
concludes the paper by some general considerations about the role of model assumptions and by
listing some questions that may serve to guide researchers when deciding about how to quantify
evidence in agiven situation.

2. Mathematical models and reality — a summary

Domains of reality

Before turning to mathematical models, | will give a general overview of my personal
interpretation of constructivism as applied here. In Hennig (2009) | distinguished different
domains of reality, namely “ observer-independent reality”, “persona reality” and “social
reality”. Personal reality isthe reality experienced by an individual. Thereis a personal redlity
for every individual. It comprises all sensua perceptions, thoughts and conceptions about the
world. The term “constructivism” refersto the idea that personal reality is constructed by the
individual, interpreted as a self-organising system. As a constructivist, | do not interpret the
personal reality as areflection or representation of an observer-independent reality outside the
individual, but as aresult of the self-organising activity of the person (see Foerster 1984 for a
condensed overview). Construction is not necessarily meant to be explicit and conscious here; a
construct can for example be regarded as made up of behaviour implying tacit assumptions etc.

Social reality isthe reality made up (constructed) by all acts of communication. This establishes
socia reality as something between communicating individuals, separated from the personal
reality within each individual. Thisis similar to, and inspired by, the distinction in Luhmann
(1995) between the psychological and the social self-organised systems. Having in mind that
there is a heated debated among constructivists about the relation between personal and social
construction (see, e.g., Glasersfeld 2008 and the many open peer commentaries of that paper),
some more reflections may be in place. Obviously, following the conception above, thisidea of
socia redlity (asall theideas | want to expressin this text) is my persona construct. It may be
shared or partly shared by other individuals. The text itself, as something that is meant to
convey ameaning, is part of social reality. As part of my personal reality, | distinguish between
my personal perception of the text (and of acts of communication in general) and the text itself
by means of the idea that the text may be outside of myself in away that it is possible that other
individuals may have a different perception of what | perceive to be the same text. This does not
claim that the text belongs to any observer-independent reality and “exists’ outside any personal
reality, but it does claim that the idea that there is something outside myself and that the text
and some potential readers belong to it is part of my personal redity. It does also mean that the
ideais part of my persona reality that other individuals have potentially different perspectives
onwhat | see as socid reality. | write this text hoping that some readers will make some sense
of it, and this probably requires some related personal constructs on their side.

Socid reality can be seen as a personal construct, but once the idea of social redity is part of a
personal reality, the idea of personal reality can be seen as a socia construct (a construct in
socia reality, made up by communication) as well. Communication (more precisaly, my
perception of it) isthe origin of me having language. It inspired me to al the ideasthat | outline
here, and to the very concepts of personal and social reality, with which | was confronted in
perhaps not identical but closely related form, before I made them explicitly my own personal
constructs. My whole attempt to make my ideas more precise here is communication. It is
intended to contribute to social reality, to have an effect outside my own personal reality.
Therefore at least among those individual s for whom something like my social redlity is part of
their personal reality, it makes sense to refer to and analyse socia reality and socia constructs
in their own right. By regarding persona and social reality as separated domains of redity and



by distinguishing personal and social construction as taking place in these separate domains, |
think that it is possible to embed radical constructivism (according to, e.g., Glasersfeld 1995,
focusing on personal construction) and social constructivism (according to, e.g., Gergen 2000,
focusing on socia construction) in acommon constructivist framework (some in my view
related ideas are for example outlined by Raskin, Krippendorff and Baecker in the peer
discussion of Glasersfeld 2008).

Various different social realities can be defined as belonging to different social systems, but the
separation of these systems and realitiesis usually not as clear cut as the separation between
personal realities of different individuals. Different social realities are not necessarily digoint
(an exchange of letters discussing scientific ideas may be seen as belonging to afriendship and
to science at the same time). Note that these constructivist concepts are themsel ves constructs
that belong to certain social and personal redities. So how and how strongly certain different
social systems and socia realities are separated from each other depends on the degree
individuals perceive and communicate them as separated concepts. Whereas socia and personal
reality are conceptually separate domains, there exists strong feedback between them.
Individuals try to communicate personal constructs and these communications (to be
distinguished from the personal constructs themselves) enter socia reality. On the other hand,
the personal perception of socia interaction and communication isavery influential part of
personal reality, and many personal constructs can be interpreted as persona adaptations of
social constructs (this again refers to the distinction between personal perception of social
reality and the idea of social reality itself that is potentially perceived in a different way by
different individuals, both of which are part of my personal reality and of the personal redities
of those who make such a distinction themselves).

The observer-independent reality outside the individual observers (called “world outside” later
on) can be said to exist at least as apersona construct of those individuals who construct it, and
asasocial construct inthe socia readlitiesin which it is communicated. It is not directly
accessible. Regarding the ontological existence of a unique observer-independent redlity,
constructivism (by which | generally mean my personal interpretation of it) takes an agnostic
position.

This meansthat it is not incompatible with constructivism to believe that an observer-
independent reality exists and that my personal constructs and the social constructs | am aware
of have something to do with it. In this sense, constructivism is compatible with a quite weak
form of realism. Constructivists may want to built up stable and reliable personal and socia
ideas about the world outside, if they subscribe to this*world outside” construct (which as
constructivists they may or may not, and which also may or may not include the belief in the
ontological existence of a unique observer-independent redlity?). | interpret the “scientific
method” as aiming at an agreement about social constructs, which can also lead to stable and
reliable personal constructs. With thisinterpretation in mind, constructivists can take part in
science aswell as redlists and objectivists. It distinguishes constructivists from (my
interpretation of) objectivists that from a constructivist point of view, science can reasonably be
only about personal reality, and personal constructs of social reality and the world outside,
whereas for objectivistsit is about the observer-independent reality (usually calling something
“objective’ means “ observer-independent”?), and for them social agreement is merely avehicle
to achieve knowledge about it. Constructivists do not think that knowing anything objectively is
possible in the sense above, and to constructivist scientists, arguments that refer to the
uniqueness of (or any other objectivist assumption about) the observer-independent reality
should not be acceptable in order to enforce agreement.

2 | personally believe that many constructivists can find traces of realism in their own personal redlities,
but that contradicts constructivism by no means.

3 Weaker definitions of the term “objective” exist, for example related to observability and
reproducibility, which may be connected to social and personal realities.
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Mathematical reality and mathematical modelling

Mathematica reality isa particular and quite well delimited socia reality, made up by formal
communication involving mathematical objects. According to the formalist philosophy of
mathematics (see, e.g., Hilbert 20044), abstract mathematical objects, constructed formally by
axioms and definitions, evolved historically from the use of fingers and notches to count and the
use of idealised geometrical shapesto think and communicate about reality (see Hennig 2009
for more details and references). The emergence of abstract and well defined mathematical
objects can be attributed to the desire to construct a domain that enables absol ute agreement.
Thisis explicitly apparent, for example, in Euclid’ s axiomatic system. So the idea of absolute
truth in mathematics can be explained by a historical process of construction that made binding
agreement the essential aim of mathematical communication. In order to make such an
agreement possible, mathematical objects needed to be defined in an abstract way, which is
devoid of traces of individually different personal perception. Aswith other social constructs,
there is astrong feedback loop between the social mathematical reality and its personal
counterparts. There are strong personal adaptations of mathematical reality (strong in the sense
that the individual s holding them ascribe high authority to them), and on the other hand the
strength of socia mathematical agreement is based on individual contributions of intuition,
doubt, and convincing arguments. This process was very successful in the sense that almost al
people either agree with proved mathematical truths or regard themselves as unqualified. Within
mathematics, “truth” can be interpreted as aformal construct in the sense that (according to the
formalist philosophy) truth values are established through axioms and transmitted by
transparent and formalised logic and proof techniques. Therefore, the mathematical concept of
truth is much less problematic, in terms of social agreement, than informal objectivist truth
claims concerning the observer-independent redlity.

Mathematical modelling consists of assigning mathematical objectsto (personaly or socialy)
red entities®. Usually it is applied in order to interpret mathematical truths about the
mathematical objects asinformation about the modelled real entities (a standard exampleisthe
use of the mathematically derived physical laws in engineering). Quantification of evidence is
an instance of this; it assigns numbersto the social or personal construct of “the strength of
evidence that certain observations carry in favour or against something unobserved that may or
may not be true”. “Truth” hereisinformal and therefore potentially controversial, and may refer
to constructs of “existing aspects of the world outside unknown to the observer”, “uncertain
implications of a system of personal or social constructs’, or “ideas which to hold will be useful
in the future”.

But how do we arrive at mathematical objects in thefirst place? Thisisthe basic problem of
mathematical modelling, i.e., the impossibility to formally analyse the assignment of non-
abstract personal or social constructs to mathematical objects. Non-abstract constructs are, by
virtue of being non-abstract, essentially different from mathematical objects. Furthermore, it is
inherent in the process of abstraction that some properties of the constructs to be abstracted
have to be cleared. Many realists hope that mathematical models allow insights into observer-
independent reality, because mathematical truths seem to be observer-independent. But the
strong agreement about mathematical truths can be explained as aresult of the construction
process of mathematics. Formal truth about mathematical objectsis only informative about the
modelled non-abstract objectsto the extent that individuals and social systems treat the
modelled objectsin an abstract way. Thisinvolves suppressing all aspects of personal and social

4 | do not regard formalism as the “ correct” philosophy of mathematics, but as the currently still
strongest element in the — not necessarily consistent — social construct of the essence of mathematics
among mathematicians. Formalism may be legitimately criticised for example for not giving a proper
account of the intuitive aspects of mathematics, which according to the present terminology would be
located outside the clearly delimited social mathematical reality, but inside many personal mathematical
realities.
5 Note that thisuse of theterm “model” is different from the one in mathematical model theory, see,
e.g, Manzano (1999). The latter oneisfully formal and therefore belongs, according to the
terminology here, fully to mathematical reality.



reality that are lost in abstraction. In other words, mathematical modelling is away of thinking
about, and operating on, reality, which here may mean quite general aspects of persona and
socia reality including the world outside, but it is not away of getting closer to the observer-
independent reality. Quite often individuals and social systems attach more authority to the
results of mathematical modelling than these results deserve. The ideathat science aims at
agreement and stability makes the use of mathematical modelling as part of the scientific
method seem natural. However, general scienceis not restricted to what can be formalised, and
therefore it cannot rely on mathematical truth but has to deal with the basic problem of
modelling as well, which requires negotiation about and exchange of differences between
personal and social realities.

Regarding the history of mathematical modelling, the following pattern has been observed in
Hennig (2009): Abstract mathematics evolved from re-organising some practical operations.
First, mathematics and the practice from which it arose were not considered to be separated.
The Greeks started to consider mathematical objects as a different, more ideal domain of reality.
Only much later, starting with modern science, aready existing abstract mathematics was
deliberately used to model objects and operations that historically had not been connected to
mathematics. Mathematical modelling may therefore be considered as thinking about modelled
non-abstract constructs in terms of those operations that gave rise to the mathematical

structures. In this sense, it is metaphorica thinking.

Most discussions of mathematical modelling in scientific contexts focus on the question
whether the models “really hold”. From a constructivist point of view, this can never be decided
independent of the observing system. Hence a different set of questions becomes relevant.

¢ What isthe pragmatic aim of the model, and isit constructed in order to achieve
thisaim? In Hennig (2009), | list several aims and potential benefits of
mathematical modelling apart from * approximating objective reality” such as
improving mutual understanding, stimulating creativity, and decision support.

e Which aspects of the respective realities of involved individuals and social systems
are not captured by the model? What implications does this have? Asking this
question does not mean that all aspects should ever be included because thisis
generally impossible due to the nature of abstraction and the limited complexity that
can be handled mathematically. My impression isthat a major problem with the
objectivist way in which mathematical models are usually discussed in scientific
practice isthat differences between model and modelled reality tend to be swept
under the carpet because the existence of such differencesis usually regarded asa
weakness of the model.

e What are the implications of thinking about and communicating the concerned
reality in the way implied by the mathematical model? The feedback of
mathematical modelling to the persona and social realities of those involved should
be acknowledged. Is this desirable in the given situation?

3. Quantification of evidence

Quantification of evidenceis an instance of mathematical modelling. It connects direct
perceptions to (more or less) general statements or theories such as “ant colonies do not prefer
any particular Acaciaspecies’. Quantitative or categorica data are the perceptions with which
statistics deals. Measurements are general operations of transformation of socially real items
into mathematical objects. They produce data. For example, acount is a (rather basic)
measurement.

Theterm “direct perception” requires some clarification. | treat it as awidely held social
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construct that it is possible to distinguish between what is directly, “materialy” observable and
what is not directly observable, but may still bereal (in a certain domain of reality, see above).
This construct is based on the (usually) strong agreement about what is directly observablein a
given situation. It depends, however, on observer-dependent constructs such as the delimitation
of Acaciaspecies. Thedatain Table 1 were directly observable at the time of the experiment,
assuming a clear definition of the categories. In some instances, not only the definition of the
measured values is observer-dependent in anon-trivial way, but also how they are related to the
issue of interest. For example, there are various personal and socia constructs of intelligence
around, and depending on these constructs the 1Q may be seen as a measurement of “general
intelligence”, certain aspects of intelligence, or inappropriate for any reasonable measurement
of intelligence (but possibly still appropriate for measuring another potentially interesting
property of the test person such as fitness for certain jobs).

When quantifying evidence, the extent to which data support a statement like “ant colonies do
not prefer any particular Acacia species’, which does not refer to direct perceptions, is
expressed by a hopefully easily interpretable and comparable number.s This obviously assumes
that it makes sense to believe, or at least to act asif, ant colonies either do or do not prefer a
particular Acacia species, so it assumes a construct of a*not directly observable reality, about
which observations are informative though not necessarily conclusive’. | do not see problems
with this from a constructivist point of view, but it is probably helpful to acknowledge it,
because constructivism does not take the objective existence of such areality for granted —
personally and socially, it exists only if it is constructed.

In many cases, the pragmatic aim of the quantification of evidence is decision support, as
illustrated in the following example. Table 2 shows the results of a study on coffee consumption
and coronary heart disease in men aged 40-55 employed by the Western Electric Co., Chicago,
after eight years of follow-up. One obviously observer-dependent element of these countsisthe
class definition of “heavy coffee drinking” with a cutoff value of 100 cups/month. The reader
may wonder whether more precise information, namely the number of cups/month for every
single observed person, should be used, but it is conceivable that the actual measurement
procedure for this would seem to be much less reliable than the given assignment to just one of
two classes.

Coffee> = 100cu Coffee<100 Total

ps/month cups/month

CHD 38 39
77

Non-CHD 752 889
1641

Total 790 928
1718

Table 2: coffee consume and coronary heart disease. Data taken from Greenland
& Mickey (1988:338), original study by Paul (1968).

The question of interest is whether, speaking in constructivist terms, it is sensible to construct
coffee consumption as a cause for coronary heart disease.7 The results of this study may for
example be used for deciding whether people should be advised to limit their coffee consume or
whether it makes senseto try to produce less harmful coffee. But it is not only relevant whether
people should limit their coffee consumption or not, but also to have an idea of how conclusive

6 Note that in some cases evidence is evaluated concerning statements that refer to eventsthat are
constructed as “directly observable in principle, but not actually observed by those who evaluate the
evidence” such as“MrsB isamurderer”.

7 Note that much more comprehensive evidence concerning this question is available in the
literature, which | omit here to keep things ssimple; furthermore | disregard the question of “ effect size”
that would be relevant in practice.



the evidence actually is. Should more observations be made before any recommendation is
given? If further observations are made, what weight should the present study have compared to
others? In order to address these practical questions transparently and to support general
agreement, a number quantifying the strength of evidence would be hel pful.

The ant preferences data do not seem to address an immediate practical decision problem. A
number quantifying the strength of evidence could be used for communicating the “ message” of
the table regarding the question of interest more efficiently, contributing to alarger body of
scientifically agreed knowledge in the field that at some point can be used for decision support
or other aims. Thereis aclear difference between “ constructivistically valid” aims, concerning
decisions, behaviour, and personal and social construction processes and the aim to “find out
whether the statement isreally true”.

“Strength of evidence” is an abstract construct. It is not directly connected to operations that
initiated mathematical objects, and therefore it cannot be expected to be quantifiablein a
straightforward way. A possible starting point is to analyse how people assess the strength of
evidence informally. If considerations can be restricted to 2* 2 contingency tables, it will be
possible to start with some — for reasons of simplicity somewhat imprecise — axioms such as
“assuming that the marginal totals remain constant, evidence against independence of rows and
columnsisthe stronger, the more the row-wise relative frequencies for the columns deviate
from the marginal relative frequencies for the columns” or “assuming that the row-wise relative
frequencies for columns deviate from the marginal relative frequencies for the columns, and all
of these are constant, evidence against independence is the stronger, the larger the overall
number of observationsis.” Using such axiomsis an attempt to formalise the way how “rational
people”’ think about a construct. In some cases they may lead to a exhaustively specified
mathematical model. (Aswill beillustrated later, a scientific discussion about what “rational”
denotes in this respect is necessary asit is by no means straightforward.)

Statistical evidence in general is concerned with al kinds of different types of data (for
simplicity, the examplesin the present paper only concern 2x2 tables), and therefore a direct
axiomatic approach would be quite cumbersome. However, the problem of quantifying the
tendency of certain events to happen under uncertainty is closely related, and thisis modelled
by the probability calculus, which itself is based on axiomatic considerations about relative
frequencies and has been applied to very general types of events and data. Therefore, most
approaches of the quantification of evidence use probabilities. However, thereis no scientific
agreement about the interpretation of the probability calculus, and it can be used in different
ways to apparently rationally formalise the strength of evidence (as discussed in Sections 4-6).

Most of the remainder of the paper deals with the evaluation of evidence from data based on
probability models®. In this regard, it isimportant to keep in mind that by virtue of being
mathematical objects, the data as well as the probability models differ from the personal and
social constructs that are really of interest. Knowledge about how precisaly the ant preference
experiment was carried out, for example whether and how interaction between ant colonies was
prevented, is relevant to decide whether the data could be seen as a reliable source of evidence.
For the coronary heart disease data, one problem isthat it cannot be taken for granted that
statistical dependence between rows and columns can be interpreted as indicating causality. It is
for example conceivable that an unobserved confounding factor causes the desire to drink alot
of coffee and susceptibility to coronary heart disease. There are scientific principlesto back up a
scientist’ s decision to regard some problems as irrelevant, such as controlled randomised trias
for confounding factors. However, differences between model and personal and socid realities
can never be completely removed (data from a controlled randomised trial are obviously
observed under circumstances that deviate from the uncontrolled realities to which the results
are to be applied) and are ignored by the statistical method. Thisis an important factor when

8  Generaly, probability models are defined as [0,1]-valued functions on certain systems of sets,
interpreted as “events’, that obey Kolmogorov’s (1933) axioms such as additivity.
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interpreting statistical results.

An essential aspect of the statistical approaches discussed here is that they attempt to quantify
evidence in aunified way regardless of the subject matter. Computations are only based on the
data, cleaned of their meaning, and the probability models under examination. Thiskind of
unification may be seen asan aimin itself, and it may also support communication between
disciplines. However, it is not clear, and a matter of case-wise negotiation, whether it is
appropriate to treat very different subject matters in the same way. For example, the application
of probability models may be assessed differently depending on whether situations are treated
that can be interpreted as repetitions of more or lessidentical conditions such as routine tests of
the quality of products produced under very similar conditions, or singular situations such as
somebody being suspected of murder. Animplication of the unification isthat it tempts
researchers to separate the statistical work from the subject matter expertise. Very often, when
statisticians collaborate with subject matter researchers (or when the researchers use statistical
software), subject matter expertise is used for deciding whether the data properly reflect the
issue of interest, setting up the model, and deciding whether the model assumptions are
regarded as sufficiently fulfilled (see Section 7 about a constructivist view of the role of model
assumptions), but apart from this, statistical calculations are carried out in an abstract way
without making reference to the meaning of the data, and the researcher does not worry about
not understanding them. Statisticsis often expected to come up with some kind of “ objective
result” for which the researcher does not have to assume responsibility. But the actual way data
are statistically processed implies certain ways of thinking about the subject matter and
therefore reveals certain ways of congtructing it. If computations are treated as separated from
meaning, it remains opagque what they imply and how they transform meaning. Therefore it
seems to be desirabl e that the statistician and the subject matter researcher attempt to have a
joint understanding by using knowledge of both areas.s The constructivist way of discussing the
quantification of evidence may even be useful for realists because it explicitly emphasizes
where observer-dependent decisions have to be made. Its focus on the question of agreement
between observers makes it more transparent where and why stronger or weaker agreement can
be expected (related to what is constructed as “directly observable™), what has to be negotiated,
and to what extent disagreement cannot be expected to disappear. | think that one does not need
to be a constructivist to see the benefit of this. Furthermore | also think that the realist focus on
objectivity encourages researchers to ignore the problems of observer-dependence and
differences between personal and socid realities, and that thisignorance is responsible for much
of the confusion about statistics.

4. Frequentist p-values

How p-values work

In order to quantify the evidence against an independence hypothesisin a 2x2 table — such as
the hypothesisin Table 1 that ants do not prefer any of the two Acacia species —statisticians use
a standard probability-based method, namely a p-value from Fisher’s exact test of independence
(Fisher 1935).

The general idea behind p-values and statistical significancetestsisto address the question
“could the given data have occurred by chance?’ Depending on the problem at hand, “ by
chance” may have different meanings. When testing independence in a 2x2 table, “by chance’
refers to a situation in which the row and column variable (Acacia species and ant invasion) are
independent. In other situations it may mean: “application of homeopathy does, on average, not
change an alergy indicator” or “all nurses have the same probability to see patients dying”.

9 Since, however, this paper focuses on statistical aspects, much potentially relevant subject
matter knowledge about the example data will have to be ignored here.



More complex constructs are aso possible: “al nurses’ probabilities to see patients dying
depend only, and in the same way, on how their work shifts are organised.”

It isthen required to set up a probability model for “by chance”, so that the probability can be
evaluated that something that is as“far away” as the given data from what would be expected
under the model could have occurred in case that this model holds. Under the not unproblematic
but standard additional assumption that what the ant colonies do is independent of each other, it
is straightforward to set up such amodel for the situation in Table 1. Table 3 shows the
expected frequencies under such amodel, given the marginal totals.1o

Acacia species invaded Not invaded Total
A 6.4 8.6

15
B 5.6 7.4

13
Total 12 16

28

Table 3: Expected frequencies given the marginals under the independence model

Given the fixed marginal totals, Table 1 can be entirely reconstructed from the value of asingle
cell. Therefore it sufficesto ask whether the fact that only two trees of species A were invaded
by antsis compatible with the model that expects, on average, 6.4 inthiscell. Thisleadsto the
so-called “ hypergeometrical distribution,” which was originaly developed for urn problems.
The situation is equivalent to computing the distribution of the number of black balls when
drawing 12 balls (invaded trees) from an urn with 15 black (speciesA) and 13 white (species B)
balls. Therefore, it can be said that using this model amounts to thinking about the ant colonies
asif they were balls from such an urn.

The probahility that two or fewer black balls are drawn in this situation is 0.001. Thisisthe
“one-sided p-value”. It is obviously avery small value and can be interpreted by saying that the
observed data are quite incompatible with the model, or, in terms of quantification of evidence,
that the data provide strong evidence against the hypothesis that the ants do not prefer any
species, and not species B in particular.

The corresponding computation for the datain Table 2 yields a probability of 0.31 for having 38
or more CHD cases among 790 heavy coffee drinkers if these are drawn out of a population of
77 CHD and 1641 non-CHD under independence. p = 0.31 is not very small and it istherefore
well conceivable that such adistribution is observed if the model holds. In other words, thereis
no evidence against independence.

Two things are worth being noted. Firstly, the method depends on probabilities for events that

10 Fisher’ s approach treats the marginal sums as fixed, as opposed to the famous approach of
Neyman & Pearson (1933), which in the given situation would make things much more complicated, and
will therefore be omitted in the present paper. In general, however, it is based on the same underlying
principle, only using an additional optimality criterion.
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did not actually happen. Not only the probability for 2 invaded A treesis computed, but the sum
of the probabilitiesfor 0, 1 and 2 invaded A trees. In the coffee example, the probability for the
precise result 38 is 0.07, which is much smaller than the p-value above. But this probability is
not useful under the logic discussed here because if there are many possible outcomes the
probability for any precise outcome will be small. Thisin itself, however, cannot be reasonably
interpreted as evidence against the model. Therefore, the p-value is the probability that under
the model something happensthat is asfar or farther away from what is expected than what
was actually observed. Some statisticians find it counter-intuitive that under this conception for
example the result of 2 in the ants example would be defined to provide weaker evidence
against amodel under which 2 had the same probability as before, but the unobserved values O
and 1 had higher probabilities. A controversial discussion about thisis going on anong
statisticians and philosophers of statistics, and asfar as| know, almost all protagonists hold that
thisintuition is either “correct” or “wrong”. From a constructivist point of view, it can be
observed that the inclusion of probabilities of unobserved events entails a certain way of
looking at the situation, in which rather “the observation is much smaller than expected” than
“the observation is 2" counts. It is certainly legitimate to point out that this view may have odd
consequences. Unfortunately, the opposite view based on the so-called “likelihood principle’,
which holds for Bayesian statistics as treated in Section 5, may have similarly odd
consequences in other situations (see, for example, Mayo & Kruse 2001, Davies 2008). Thereis
no objective way to decide the issue. It seems much more helpful to accept that different
intuitions exist and to explore what they imply in order to negotiate case-wise decisions.

Secondly, a decision is needed whether the p-value should be evaluated in a one-sided or atwo-
sided way. Above, one-sided probabilities were computed; it was only taken into account
whether the number of colonies A trees under the model could have been 2 or smaller. But the
outcomes 11 and 12 are farther away than 2 from the expected value of 6.4 aswell; only they
are not smaller, but larger. Adding these probabilities yields atwo-sided p = 0.0018, whichis
till very small, but situations are conceivable where different conclusions would be drawn from
one- and two-sided p-values. The decision whether a one- or atwo-sided p-val ue should be used
depends on the focus of interest. |s the research question rather whether the ants prefer species
B (one-sided question). If the data indicate that rather speciesA is preferred, thiswould not
count as evidence against the model because independence and preference for A areidentified in
terms of interpretation), or whether they prefer any of the two species (two-sided question)?
Generaly, significance tests and p-values do not only depend on the null (“chance”) hypothesis,
but also on an alternative hypothesis of interest — even though in practice it may happen that
data may be neither compatible with the null hypothesis nor with the alternative.

To summarise, the quantification of evidence based on p-values has four requirements:

e A*null model” formalising “chance’ or *“no effect”,

e An aternative model formalising the direction of deviation of interest from the null
model,

o A statistic to measure how far away the observed data are from what is expected under
the model in the direction (or directions) of the alternative, and

e The mathematical derivation of the distribution of this statistic under the null model.
The p-value is the probability under this distribution that the statistic is as far or farther away

from the expected value under the null model than is observed value. The smaller the p-value,
the stronger the evidence against the null model. Large p-values do not provide evidence against



the null model. p-values are “large’ if they do not make the observed value of the statistics seem
very unlikely; normally any value above 0.1 isinterpreted to be “large”.

Itiscrucid that alarge p-value by no means indicates that the null model istrue. This does not
have anything particular to do with constructivist philosophy. Even assuming that thereis atrue
model, it hasto be accepted that data that are perfectly compatible with the null model are also
compatible with many other models. p = 0.31 in the coffee exampl e excludes by no means the
possibility that strong coffee drinking increases the risk for CHD alittle bit, weakly enough that
this cannot clearly be seen from the data at hand. Furthermore, p-values may be affected by
violations of the model assumptions that do not have to do with the intended interpretation — for
example, the dependence between ant colonies or a common unobserved factor behind both
coffee consume and CHD. This means that self-critical thinking about conceivable effects of
real aspectsignored in the model and a careful experimental design are required.

The concept of p-values is based on an interpretation of probabilities as something that governs
the observed phenomena. Probabilities are constructed as modelling an aspect of the “world
outside” the observer (which may mean an objective world outside to a realist, or a personaly
and socially constructed one to a constructivist). The most prominent interpretation of
probabilities referring to the world outside is frequentism, and p-values are usually interpreted
in afrequentist way. However, asillustrated in Section 5, not all interpretations of probability
refer to the “world outside.”

Thefrequentist interpretation of probability

As all interpretations of probability, frequentism is away to connect the probability calculus to
reality.11 The basic idea of al frequentist approachesto interpret the probability P(A) of aset A
is as follows. Imagine that there is an experiment that can be repeated in an identical and
independent way. The outcomes of the experiment are measurements. Let A be a subset of the
set of possible outcomes. Imagine that the experiment is carried out n times, n converging to
infinity. Imagine further that the frequency of outcomesin A, divided by n, convergesto alimit.
Thislimit isinterpreted to be P(A).

Obvioudly thisideais an idealisation. It requires ignoring conceivable sources for dependence
and non-identity — actually whenever two executions of the experiment can be distinguished,
strictly speaking they cannot be identical. Furthermore, infinitely many repetitions cannot be
observed and therefore probabilities cannot be observed. Thisimplies particularly that, even
under an objectivist idea of materia existence, it is not observable whether probabilities exist.
Relative frequencies for finite repetitions of experiments perceived to be sufficiently identical
and independent are observable and can be interpreted as “ approximations” of probabilities.
From a mathematical point of view, however, thisis not valid, because alimit point of a
mathematical sequenceisinvariant against arbitrary alterations of any finitely long
subseguence. Frequentism has often been criticised for these problems (Finetti 1970, Howson &
Urbach 2006). Its defence, usually carried by readlists, led to several variants of frequentism, but
most arguments about the (approximately observable) existence of frequentist probabilities
involve the law of large numbers and are open to charges of circularity. The law of large
numbersis afundamental theorem of the probability calculus and states that, assuming
independence and identity of repetition of an experiment, the relative frequency of the
observation of A converges in a probabilistic senseto P(A).12 It even gives bounds for the

1 See Section 6 for a historical note on the idea of separating the probability calculus from its
interpretation.
12 Actually there is more than a single such law in probability theory but | avoid here the subtleties
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difference between P(A) and ardative frequency for fixed n that can only be exceeded with
very small probability, so that it can make the connection between probabilities and relative
frequencies for finite repetitions precise in some sense. However, the law isitself formulated in
terms of probabilitie. “Independence” and “identity” enter in their probability theoretical formal
meanings, and thus are not identical to their intuitive meanings, but rather mathematical models
of them.13 As a consequence, its interpretation needs to assume a probability interpretation
aready.

| maintain that, when attempting to make the connection between mathematical models of
relative frequencies of experimental outcomes under uncertainty and reality precise, circularities
cannot be avoided, because if the outcome of an experiment is uncertain, it is uncertain as well
how close the corresponding relative frequencies under repetition will match any conceivable
value of a probability. Whatever is observed cannot prove or disprove any limiting value for
relative frequencies, but the implications of the law of large numbers for finite n can be tested —
using the probabilistic methods for quantification of evidence.

From a constructivist point of view, the objections against frequentism are not severe, because
constructivists are not concerned with the most critical issue, i.e., to establish the observer-
independent existence of probabilities. For a constructivist, adopting a frequentist interpretation
of probability means to treat a Situation — at least temporarily — asif it were arealisation of an
experiment that can be repeated infinitely many times in identically independent ways obeying
the rules of probability theory. Following von Foerster’s (1984) ideas about stable constructs as
eigenvalues of self-referential behaviour, constructivists can accept that they have to live with
the kind of circularities encountered above if they want to establish concepts like quantitative
values for uncertainty and evidence. Frequentism becomes a particular way to perceive and
analyse situations in which uncertainty arises. It can be temporarily adopted but is not right or
wrong or good or bad in any objective sense. What needs to be decided is whether it servesthe
aim of the data analysisin the given situation properly or not. Assuming that the model holds,
the constructive power of frequentist modelsisthat it can be mathematically described what
pattern of outcome can be expected, and this can always be compared with some observed
reality. In order to learn from such models, it is not necessary to assume it to be the “true” one.

Frequentist inter pretation of p-values

Interpreting p-values in afrequentist way means that the whole experiment (observing all 28 ant
colonies, or dl theindividualsin the coffee dataset) is constructed as repeatable. In the ant
example, the p-value then gives the expected rel ative frequency, under infinite identical and
independent repetition, of observing 2 or fewer invaded A speciestrees under the null model. It
is up to decide for the researcher (and her audience) whether thisis a reasonabl e construct. Such
an experiment can certainly be repeated, though it depends on the precise conditions whether it
is convincing to model these repetitions as independent and identical. The model-implicit
treatment of the ant colonies asindependent of each other seems more critically to me, but such
things can more convincingly be assessed by the subject matter experts.

A very frequent misinterpretation of p-valuesisthat they give the probability of the null
hypothesis to be true (“the probability of the occurrence of CHD to be unaffected by heavy
coffee drinking is 0.31"). It has been argued particularly by Bayesians, see Section 5, that the
researchers really should beinterested in thislatter probability, because this would be a direct
measurement of whether the model should be believed or not, given the available evidence. The
p-valueisonly arather indirect indication of the strength of evidence, because the information
how likely the observed outcome is under the model does not tell the researcher directly how
valid the model is. Under the frequentist interpretation, however, a probability for the model to
hold does not make sense except under the rather curious construct of a repeatable devel opment

of discussing their differences.

13 In the probably most well known reference for the foundations of frequentism, Mises (1928),
avoided the terms “independence” and “identity” as basic concepts for his version of frequentism in order
to avoid circularity. However, his own suggestion attempted to formalise the same intuition, was riddled
with difficulties as well and did not gain general acceptance.



of the observable world so that the null model istrue in a constant limiting relative frequency of
cases. The frequentist idea is that the model either holds or not, unknown to the researchers, and
that probabilities describe what the model does, but not how the researchers should think about
it. Assaid before, even an arbitrarily high p-value cannot exclude the possibility that many
other models are compatible with the observed data as well. This also impliesthat p-values are
not unigue as a frequentist way to measure strength of evidence, though they are by far the most
popular one.

5. The Bayesian approach

Bayesian inter pretations of probability

Bayesian posterior probabilities are the most widespread statistical aternative to p-values. Their
adherents claim that they have two major advantages over p-values. Firstly, they deliver avalue
P(Ho), Ho being the null hypothesis, which apparently allows direct interpretation as the
“probability that the null hypothesisistrue”, as opposed to p-values. However, to some extent
thisisamisinterpretation as well, see below. Secondly, their computation does not involve
probabilities of unobserved events.

Before carrying out Bayesian computations, it makes sense to discuss how Bayesian
probabilities are interpreted. Bayesian statistics is named after Thomas Bayes's (1763)
Theorem. Omitting some formal details and assuming that Hoand H, together cover al
possibilities, Bayes's Theorem roughly states that

P(data|H,)P(H, | p.i.)
P(data|H,)P(H, | pi.) + P(data|H,)P(H, | p.i.)

P(H, | data) =

“p.i.” standsfor “prior information”, “|" stands for “conditionally on”. Note that all probabilities
areinterpreted in Bayesian statistics as conditional probabilities “ P(A|some information)” but
some conditions are usually omitted by “lazy notation”. P(Hc|data) would be more precisely
denoted by P(Ho|data & p.i.) and P(A) as| will useit below implies conditioning on the state of
information in the given situation, whatever it is. In the context of objective Bayes, the case of
“no prior information available” istreated later, which in the formula above can be interpreted
as aspecia case of p.i.

Bayes's work was only published after his death, and it is quite brief about the interpretation of
probability. Therefore there is no agreement about Bayes's own interpretation, and his nameis
nowadays used for different interpretations. In this paper, | concentrate on the two most popular
ones, often branded “ subjectivism” and “ objective Bayes’. Both of them have in common that,
as opposed to frequentism, probabilities do not model aworld outside, but a“rational strength
of belief” of anindividual in the occurrence of a certain event. In the objective Bayes approach
theindividual isidealised to be unbiased by any prejudice and to have accessto all available
information, and the resulting probability value should be unique. In subjectivism the
probability value is allowed to depend on the individual .

Not knowing whether A will occur (or has occurred) or not, the probability value P(A) can be
15



interpreted as the fair “betting” rate in a gamble where the individual gets 1 unit back if A
occurs but nothing if A does not occur. Assuming that the individual can be forced to bet either
onor against A, operationally this means that the individual will bet on A if arate below P(A) is
offered to her, and against A with one minus the offered rate otherwise. In thisway, at least the
subjectivist Bayesian interpretation can be linked to the individual’s behaviour.

The problem with the expression P(Ho) isthat such an approach does not alow regarding Ho as
afrequentist probability model that could be true or false in the world outside the individual.
P(Ho) therefore cannot exactly be the “probability that He istrue” under Bayesian interpretations
either (but is often misinterpreted in this way). The most important proponent of an
operationally subjectivist interpretation was Bruno de Finetti (1970), who stressed that the
expression P(A) only makes sense for events A for which it is possible to decide later, by future
observations, whether A has occurred or not. This does not apply for probability hypothesesin
the sense discussed above. Finetti’ sinterpretation of P(Ho) isindirect. When assigning
probabilities to events A of which the occurrence can be observed in the future, they can be
computed by P(A) = P(A[Ho) P(Ho) + P(A|H1) P(H.), so that P(Hg) and P(H,) become technical
devicesto compute P(A). A more careful direct interpretation of P(Ho) isthat with probability
P(Ho) it makes sense to compute Bayesian probabilities for events observable in the future asif
they were generated by a frequentist model Ho. Thisis still not fully operationally
understandable, because it still assigns a probability to something unobservable, but many
Bayesians do not find operational definitions asimportant as Finetti.

For most models, the use of P(Ho) to specify probabilities of observable future eventsinvolves
the concept of “exchangeability”, which is the Bayesian formulation of independent
(conditionally under a probability model which itself is uncertain) and identical (in terms of
probabilities assigned to future events) repetition. Whereas the Bayesians do not assume
independence and identity to hold in the reality outside the observer, the Bayesian application of
the probability calculus requires the individual to assign probabilities that follow similar
assumptions to make learning from experience (inference from past data to future data)
possible.

Instead of using the probability calculus for obtaining probabilities from amodel that is
assumed to be located in the outside world and may be “true” or not, in Bayesian statistics the
calculus governs how prior beliefs should be modified in a supposedly rational way in the light
of the data. Bayes's Theorem requires the knowledge P(datalHo) and P(datajH,), which are
obtained from the cal culus as in the frequentist approach given Hg and Hs, but it also requires
the prior probability P(Holp.i.). The prior probability distribution isthe key ingredient that
makes the computation of P(Ho|data) possible in the Bayesian approach, and the dependence of
Bayesian inference on the prior distribution is a standard frequentist criticism. It isalso the
major difference between subjectivists and objective Bayesians. According to the subjectivists,
the prior distribution reflects the prior state of belief of the subjective individua, and they allow
in principle any distribution as a prior distribution, although there are some suggestionsin the
literature about which principles to apply when designing it in agiven practical situation.
According to the objective Bayesians, however, the prior distribution should be unigue. In case
that thereis no prior information, it should be a distribution modelling the absence of any
information, and in case of existing prior information, it can itself be adistribution resulting
from Bayes's Theorem, starting at some point from absence of information and updating the
information by data that had been collected and evaluated before the study for which then a
prior distribution is required. However, there is no agreement about how an “ objective” non-
informative prior distribution should look like, which will beillustrated in the following section;
see Kass and Wasserman (1996) for an overview of problems with selecting non-informative
priors.

Apart from the selection of prior probabilities, another issue with the Bayesian approach is
whether Bayes's Theorem and the probability calculusreally provide “rationa” updates of
probabilitiesin the light of the data. Thisis again a question of the connection between
mathematical modelling and reality. The Bayesian approach models rationality in particular



way. Thisis based on the idea of “ coherence”. Coherent betting in a Bayesian sense means that
betting rates (and therefore probabilities) have to be chosen by the betting individual in away
that no opponent can apply a betting system based on the individual’s betting rates so that the
individual loses money regardless of the outcomes of the statistical experiments. It can be
shown mathematically that this demand (properly modelled) entails the axioms of probability
theory for betting rates. Here is an illustration of this. Assume that an individual D specifies
probabilities for the outcome of rolling asingle (not necessarily fair) die. Assume that D
specifies P({ 1})=P({ 2} )=0.2 (there is nothing to stop a subjectivist Bayesian from doing this,
and objective Bayesians may do so in certain situations if indicated by prior information).
Assume further that D violates the axiom of additivity (for digoint events) by setting the
probability for rolling a1 or a2, namely P({1,2})=0.3 (instead of 0.4). Assume now that a
betting opponent E offers arate of 0.18<0.2 to | for betting on 1 and 2 separately, and 0.32>0.3
for betting on { 1,2} . According to the operational definition of Bayesian probabilities, D will
pay twice 0.18 to bet on each 1 and 2, and 1-0.32=0.68 to bet against {(1,2)} . This means that D
pays E 1.04 overdl, but will only win 1, whatever the outcome of theroll is (either 1 or 2 or any
other number, i.e., “non-{1,2}"). So D loses 0.04 in each case. It can be shown that such a
situation is not possibleif D obeys the probability axioms.

A crucial assumption of thisresult is that the individual can always be forced to bet either in
favour or againgt an outcome according to her specified betting rates. Several aspects could be
controversia (see, e.g., Dawid 1982, Walley 1991):

e Doesit make sense to think about any given situation in which evidence should be
quantified in terms of bets and betting rates? Even if thisis accepted for the situation of
interest, itisstill not clear that al available prior information can be properly
formalised in terms of betting rates /probabilities.

¢ Should the assumption be accepted that the individual isforced to bet? Thereisan
alternative concept of “imprecise probabilities’ in which the individual is allowed to
leave some room between the highest rate with which to bet in favour of A and one
minus the highest rate with which to bet against A, leading to probabilities that are
intervals rather than single numbers (see Walley 1991), in which case the individual
would not be assumed to be forced to bet if the offered rateisin theinterval.

o Does Bayesian coherence model what is meant by “rationality” in every situation?
Exceptional situations involving real betting may be constructed in which the
individuals, on average, could be better off even allowing the opponent to win
something regardless of the outcome than if they strictly adhere to the probability
calculus. Such examples particularly concern situations in which individual s change
their opinion about the situation after having observed some data, but where they had
specified a prior distribution that does not allow for radical enough changes. Some
Bayesians accept that it is sometimes necessary to adapt the prior distribution
retrospectively to information that comesin later even if thisleadsto incoherence (Box
1980, Dawid 1982). Apart from that, it cannot generally be taken for granted that
rationality should always be interpreted in terms of gains and losses of money (see
Habermas 1984 for a completely different perspective of rationality).

e  Should another implicit assumption be accepted, namely that what happens later is
independent of the behaviour of the betting indivuduals? Thisis obvioudy problematic
for setups like the stock market, but even more so from a constructivist point of view
that treats the future observations as personal and/or socid constructs. It can often be
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observed as well in scientific setups that the way experiments are carried out and data
are gathered is indeed designed dependent on edlier assessments of evidence.

To these questions again the general remarks about mathematical modelling apply. Idealisations
like assuming the individual to be forced to bet, or aformalisation of rationality in terms of
money are necessary to set up any formal model in the first place, but there is no objective
answer to the questions whether these particul ar idealisations are the ones to be adopted, and
whether the benefits of formal modelling outweigh its problems. A constructivist way to decide
in favour or againgt such idealisations anal yses the implications of them on the world view and
decides whether they are desired (which includes, if social acceptanceis desired, whether they
can be convincingly communicated). Here is an example. A university decides about
applications for a certain programme and wants to use Bayesian posterior probabilities for later
success in the programme as decision criterion. Applicants come from two different regions.
The applicants have to carry out atest. Assume that the information that the university hasto
base its decision on isonly the region and the test result of an applicant. Assume that past
experience suggests that the probability is higher that applicants from region A are eventually
successful in the programme than applicants from region B. It is known that the test result is
associated positively with the probability of later success in the programme, modelled by
assuming that thereis an underlying “true’ ability of every applicant of which the distribution
of the test results and the probability of later success are monotone functions that do not depend
on theregion (but abilities distributions are allowed to differ between regions). Applying
Bayes's Theorem then yields (without proof here) that the posterior probability of success of an
applicant from region A is higher than that of an applicant from region B with the same test
result .This means that the university, if it selects the applicants according to their success
probabilities, commits itself to discriminating against equally qualified applicants from region
B. Mathematically there is nothing wrong with this. However, the university cannot pass the
responsibility for its discriminating behaviour on to Bayes's Theorem. It is actually aresult of
the university’s decision (implied by the way the model was set up) to reduce the admission
problem to atemporary betting rate problem, ignoring completely the effect that the admission
policy of the university may have on future abilities (for example by denying potential
applicants from region B “role models’; note that the term “underlying ability” isan
interpretative wrapper for al kinds of factors that influence the success probability of an
applicant, not just pure personal ability) and any possibility that the bad past success rate of
region B students may have been caused by some issues in the university’s education about
which it could actually do something™.

There are various attempts in the philosophy of statistics to come up with “solutions” for these
issues (such asinterval probabilities), and they may lead to improvements in certain situations,
but they still have to deal with the basic problem of modelling. They come with their own
implications, which can be analysed and criticised in asimilar way, depending on the situation
and the aims of those who model it or are involved..

Bayesians often criticise the frequentists for making supposedly objective assumptions about
the world outside that cannot be verified. Constructivists may feel attracted to Bayesian
subjectivism in particular, because of the explicit allowance for individua differences, and
many frequentists (and some objective Bayesians) certainly appear to be philosophically naive
by using this as amajor objection against subjectivism. However, in the light of the discussion
about mathematical models and reality, the frequentist assumptions about the world outside

] got this example from Deborah G. Mayo by personal communication. Mayo used it to
illustrate what she thinksto be a general flaw in Bayesian reasoning, but | rather think that it
demonstrates that in some situations the implications of modelling run counter to personal and
socia congtructs, and that the modellers should therefore try to be aware of these implications.



seem to stand on arather equal footing with the Bayesian ones about rational reasoning. They
are idedisations that are not made because they are believed to be abjectively true, but that are
necessary in order to take advantage of the benefits of mathematical modelling. Only the
modelled domains to which they are applied are different for frequentists and Bayesians.

Computation of Bayesian posterior probabilities

The computation of the Bayesian measure of evidence, the posterior probability P(Ho|data) for
the null hypothesis that the ants do not prefer any of the Acacia species or for CHD being
independent of strong coffee drinking, requires the specification of a prior distribution first.
Following the subjectivist approach, the individual researcher (or a group of researchers; it
would certainly make sense to involve at least one subject matter expert and one statistician)
would need to think carefully about the situation to come up with a quantification of her prior
belief, and also with convincing reasons for this to enable others to accept aresult that depends
on her choices.

An objective Bayesian, or a subjectivist without clear prior information and opinions, needs a
prior probability distribution that models the absence of information. 2x2 tables are no standard
case for Bayesian statistics and are not treated in every introductory book. | found two
surprisingly different approaches how to do this.

The first approach was suggested by Jim Albert (2009:194-196). It is assumed (as in the second
approach below) that the behaviour of the ant coloniesis exchangeable. Under Ho, the
probability for an A tree to be invaded is the same as the probability for a B tree to be invaded.
Under H,, these probabilities are assumed to differ. Non-informativity entersin two ways.
Firstly, P(Ho|p.i.) = P(H4|p.i.) = 0.5. Thisis based on the * principle of insufficient reason” to
give any of the hypotheses more probability than the other one. Secondly, in order to compute
P(data]H.), it is necessary to specify a distribution of probabilities for colonising species A and
B trees within Hy, which is chosen to be the uniform distribution. Based on these choices,
P(Ho|data) = 0.005. A straightforward subjectivist way to use this approach of specifying the
prior distribution isjust to change P(Ho|p.i.). Even if for some reason (which may just be
senditivity analysis), P(Holp.i.) = 0.95, P(Ho|data) is still as small as 0.09, so that the evidence
clearly seemsto indicate that the ants prefer species B (it can be computed that almost all the
remaining probability is assigned to a preference for species B and almost nothing of it to
preference for speciesA). Note that 0.09 till isasmall value for a posterior probability, it till
clearly points against Ho, whereas a p-value of 0.09 would rather be a borderline case. For the
CHD data, this yields P(Ho|data) = 0.959 (non-informative prior) or P(Ho|data) = 0.528 for
P(Ho|p.i.) as small as 0.05, to illustrate ancther potentialy extreme subjective choice.

Choosing P(Help.i.) = 0.5 (or even any number larger than zero) means that positive probability
is assigned to the idea of precise independence, and it can be argued that it is not realistic to
believe in precise independence and the researcher should rather be interested in “ practical
independence” meaning very weak dependence (but keep in mind that the precise independence
discussed hereis not frequentist, and therefore it does not entail believing in precise
independence in the world outside — though it is often carelessly interpreted in this way).
Though assigning a nonzero to precise independence can be interpreted as approximating thisin
some sense, it can also be formalised in an aternative way, which is suggested by Peter Lee
(2009: 152-153). Lee's approach starts by assuming a non-informative distribution for the two
probabilities p and g, modelled as independent of each other, for a strong, and aweak or no
coffee drinker to get CHD considering the CHD example (uniform distributions could be used
for this but Lee suggests the so-called “Haldane prior”). The HO of “practical independence”

19



p( - p)

qd-0q)
are about the same. So H, could for example be taken as“0.99 <r < 1/0.99". Thisyields
P(Ho|data) = 0.029, which istotally different from the value of 0.959 following Albert's
approach with non-informative priors. Note that Lee's approach involves a subjective decision
about how closer hasto beto 1 in order to speak of “practical independence” (though the
posterior distribution as awhole does not depend on subjective decisions apart from the not-so-
objective choice of an “objective prior”). If Hg istaken as“0.8 <r < 1/0.8", P(Ho|data) = 0.528,
till much lower than Albert’s value. Analysing the posterior distribution further, it can be seen
that the data still leave a strong uncertainty about p and q with large or at |east non-negligible
probabilities for both r < 0.8 and r > 1/0.8. Choosing a positive probability such as 0.5 for
precise independence in Albert’s approach has the effect that much of this uncertainty collapses
into P(Ho|data). Interpreting the Lee prior, it can be seen that prior independence of pand qisa
quite strong form of non-informativity, because it entails that a very small rate of CHD cases
among strong coffee drinkersis by no means informative about the CHD rate among weak or no
coffee drinkers— it is not taken into account that CHD may be arare disease overal (in Albert’'s
approach, similar rates are more likely a priori through P(Ho)). This leaves the researcher with
strong uncertainty even after having observed more than 1700 workers. Thinking it over, |
realised that p and g should probably be restricted to be quite small and potentialy similar a
priori, and then the odds ratio approach would probably give more sensible results. It isa quite
frequent phenomenon in statistics as well asin sciencein general that striving for objectivity
basically implies that some standard approaches are chosen that cannot take into account the
peculiarities of the given situation in a sensible way, whereas subjectivism allows for non-
standard choices that may adapt better.

can then be chosen by looking at the “odds ratio” ' = ,whichiscloseto 1if gand p

For the ants data, Le€'s prior points even stronger against Ho than Albert’s one, so that the
practical conclusions would probably be the same.

ThereisaBayesian result stating that, under some assumptions, enough data eventually swamp
the prior distribution, so that even if starting with different prior distributions, posterior
distributions become more and more similar if more data are coll ected. However, this does not
apply to asituation like the one above, where different principles of modelling were applied
(nonzero vs. zero prior probability for precise independence). The computations show that
different priors can lead to quite different posterior probabilities for Ho, and that it is not easy to
understand all the implications of a chosen prior distribution, but thisis needed in order to
design it in a useful way.

6. Differences and connections between inter pretations

Keeping in mind the idea that science aims at agreement, how problematic isit that there are
several different approaches around to quantify evidence, sometimes leading to quite different
results? Many practitioners are not very happy with this state of affairs, and in the statistical
literature there are often attempts to “reconcile” the different approaches (see for example
Berger 2003). However, another more or less explicit value of the scientific method (or, rather,
my personal rather benevolent construct of it with which the reader may or may not agree) is
that agreement should not be enforced artificialy, and an agreement that isreached in an
arbitrary way just because agreement is desired is not scientifically valid. Such attempts of
reconciliation usually suppress some aspects of the original concepts that some people find
worthwhile to keep visible, and they therefore rarely satisfy everyone (see for example Mayo's
comment in the discussion following Berger’s 2003 paper). In such a situation, there may be
better chances of agreement accepting that different approaches have different merits and fulfil
different aims. Destroying the myth of the “ objectivity and unity of statistics’ may be more
worthwhile than looking for ways to pretend it more efficiently. It becomes more interesting to
find guidelines about what to use when, and where irreducible elements of subjective decision



cannot be removed.

As explained before, a major difference between the frequentist and the Bayesian interpretations
of probahility isthat the frequentist interpretation is about modelling mechanismsin the world
outside whereas the Bayesian interpretations are about modelling rational reasoning. This alone
is not of great help because in many situations researchers are interested in rational reasoning
about the world outside. However, | can outline some guidelines for deciding between
frequentist and Bayesian approaches:

The Bayesian approach delivers a probability for Ho given the data at the price that
P(Ho|p.i.) hasto be specified first. If thereis prior information or prior belief that can be
convincingly formalised as such a prior distribution, and the researcher is happy that the
outcome will depend on this, the Bayesian approach suggests itself. (Typicaly it is not
“objective Bayes’ then, because the prior distribution is actually informative.)

On the other hand, there are decision problemsin which it is explicitly not desirable to
have an outcome that depends on prior beliefs, in which case obviously subjectivism
cannot be used (though there are still irreducibl e subjective elements in model and prior
specification and selection of cutoff values for p-values and posterior probabilitiesin
the less explicitly subjective approaches). Thisisfor example the caseif fair and
impartial decisions are desired about issues that affect people with opposing interests
such asin court.

p-values are about assessing the compatibility of datawith certain idealised models for
relative frequencies under repetition. A small p-value allows a statement of the kind
“under the null model it would be almost inconceivable to happen what actually
happened”. This kind of statement may often be of interest, for example when checking
the plausibility of certain scientific hypotheses about the world outside (without
actually attempting to make the statement that they are “true”) that can be formalised
properly as such models™. Note that the evidence collected in this way can never bein
favour, but only against the hypothesis, though evidence may be observed that is not
against the null hypothesis of interest but against certain alternatives, so that at least
some competitors of the Hy could be discarded.

In some situations the aim is prediction and potential future benefits can be properly
quantified, for exampleif it is about financia issues, or (involving some more
complexities) something like drilling for oil. In such situations, the betting rate
metaphor for Bayesian probabilities can be seen as quite directly related.

Generally the social system to which the researchers belong or want to communicate
their results plays arole aswell, particularly if and how it can be expected that
agreement can be reached about the involved choices of amodel, prior distributions and
decision rules.

Up to now the focus was on the differences between interpretations. On the other hand, they use
the same label (probability) and the same cal culus, and the connection between them is not only
mathematical. The perception of a separation between the two interpretations of probabilities as
degrees of belief on one hand and related to randomness in the world outside on the other hand
came up around the middle of the 19th century (Gillies 2000:19 traces it back to aremark by
Poisson in 1837), more than 100 years after the beginnings of the probability calculus. In
response to the formalist ideas that Hilbert started to present around 1900 (see Hilbert 2004),

1> The connected Neyman-Pearson approach to hypothesis testing (Neyman & Pearson 1933), which does
not exactly deliver a*“quantification of evidence” but rather a binary decision, utilises the frequentist
interpretation to give “error probabilities’ for making wrong decisions, which may be of interest as
well, based on the model assumptions.
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Kolmogorow (1933) axiomatised probability mathematically in away compatible with both
betting rates and relative frequencies, which separated the calculus explicitly from its various
interpretations. In the very early works (for example Bernoulli 1713) probabilities were defined
asratios of numbers of favourable and existing events (for example 1/6 for adieto roll a“2”;
note that because Bernoulli did not yet separate the mathematical formalism explicitly fromits
real world interpretation, the word “definition” is chosen hereinstead of “interpretation”). These
were treated as identical with fair betting rates and expected rel ative frequencies under
repetition. A difference between these ideas was not yet constructed. Applying the probability
calculus to new problems and wider areas (biased dice, death probabilitiesin age classes,
reliability of astronomical observations etc.) required some extensions from which the
differentiation of the interpretations emerged. My interpretation of thisisthat using probability
calculus for many phenomenainvolved treating them in terms of a dice/gambling metaphor, but
for some of the phenomena, the “fair betting rate” aspect of this metaphor worked better
whereas for othersthe “relative frequency” aspect became dominant. At some point some
people realised that, unless cases such asfair dice are treated, these aspects may have quite
different implications, but instead of accepting them as essentialy different views both of which
have their merits, most probabilists (if they were interested in theissue at all) started to
advocate either of these points of view asthe “best” or “correct” one. The use of the same word
“probability” for them and the genera myth of “objectivity of science” suggested that there
should only be one correct meaning. To some extent, these views still persist today.

Despite the pluralist position that | take in most parts of the present paper, | find it helpful to
acknowledge the deep historical connection between the different approaches in order to
understand why they are still so often perceived as directly competing and why thereis such a
big amount of statistical literature that uses frequentist and Bayesian approachesin avery
eclectic way without bothering about differencesin interpretation.

Thereisavast literature comparing Bayesian and frequentist interpretations of probability
including some further interesting aspects that could also be relevant for deciding in agiven
situation between approaches, see for example Finetti (1970), Fine (1973), Bernardo and Smith
(1994), Mayo (1996), Gillies (2000). Most of these authors highlight issues with the
interpretations as reasons to attack or defend one of them for use in more or less general
situations. A constructivist way of reading these arguments would be different; they can
illustrate what kind of “ideal” world view is entailed by these interpretations, and therefore they
help with the casewi se decision between the approaches, but also with keeping in mind what
aspects of reality are suppressed when adopting one of them. Obviously, thereis no need for a
constructivist to adopt one of the interpretations exclusively. However, given that
constructivists aim at understanding how their construction processes work, it seems
unsatisfactory as well to follow the kind of eclectic approach that is often found in the scientific
literature and that ignores the deep philosophical issues of interpretation. In a given situation, it
seems sensible to adopt an interpretation explicitly and to discuss honestly its implications and
the restrictions and ignored aspects involved by it, making it clear that thisis always a matter of
choice, even though good case-dependent arguments may exist.

7. Conclusion

Asfar as| seeit, applying constructivism in statistics does neither necessarily lead to new
methodology, nor to discarding old ones. It israther about considering the methodology and its
underlying assumptionsin a particular way. For a constructivist, the following questions could
be of major importance:

¢ How do we (the researchers) see our topic, which aspects do we want to model, which
aspects do we want to ignore, considering our aim of modelling?

e What apoint of view is entailed by the models that we use and our interpretation of
them, and how does thisrelate to what we think about our topic?

e What isthe communicative value of the model and the quantification of evidence,



how can it help to support understanding and agreement, to make decisions, draw
conclusions, and to give others the chance to disagree in a constructive way?

e Do wereally want and/or need to measure evidence by a single value in the given
situation?

These questions emphasise the responsibility of the researchers, and are far too often ignored by
an attitude that the data should decide “ objectively” what the correct model is and what the
evidence suggests. Much of the discussion in the previous sections was about exploring the
points of view implied by various ways to quantify evidence. Such considerations are hopefully
useful when addressing the questions above.

In particular, the role of model assumptions changes when adopting a constructivist point of
view. By interpretation, model assumptions transate into ways of thinking about a situation.
Frequentist models mean that the researchers think of the modelled phenomena using a
metaphor of repetitive result-generating mechanisms. Bayesian models mean that the
researchers think about the way how they should rationally learn from data using a metaphor of
betting rates. Note that in Bayesian as well as frequentist statistics assumptions interpreted as
regarding situations asin some sense identical repetitions are required in order to get the
calculus going, regardless of whether it is believed that these are “true” or “rationa”. Gillies
(2000:77-81) demonstrated that Bayesian exchangeability has interpretational implications that
are not weaker than frequentist independence. In Hennig (2007) | showed that attempts to test
frequentist independence necessarily lead to a paradox. Probability is aways about what could
have happened apart from what actually happened. In this sense, it always involveswhat is
essentially unobservable. Probahility statements, and therefore quantifications of evidence, can
never be checked by observation alone

Much more detailed analyses of the models are possible, giving the frequentist for example
probabilities of observing low p-valuesif the Hy iswrong in certain ways (power analyses), and
giving the Bayesians predictive probabilities for all kinds of conceivable future events. To the
constructivist, these analyses show what her constructions imply, and therefore they enable a
very precise understanding of the implications of the modelled ways of thinking. Thisis amajor
benefit of probability modelling. The role of the model assumptions (and to compare their
expected implications with the data at hand, which can be interpreted as a constructivist version
of “model checking”) is then rather to assist the researcher in finding out whether the chosen
data analytic method may lead to undesired or misleading results for the given data.
Unfortunately thisis often totally obscured by the usual way to communicate results from
probability modelling such as p-values and posterior probabilities that attempts to hide the
responsibility of the researchers. Thisis particularly obviousin the teaching of statistics, which
regularly leaves many intelligent students confused about the contrast between the apparent
necessity to check whether model assumptions “really” hold and the striking impossibility to do
thisin any satisfactory way. The result isthat many of them lose any interest in statistics
whereas others adapt to the “usual scientific rituals’ and start to apply the formal calculusin an
unreflected and uncritical way.

The subjectivist Bayesian approach could be a positive exception in this respect, but
unfortunately many researchers who follow this approach shy away from assuming
responsibility openly for their prior choices. From a constructivist perspective, however, all
interpretations share the general problems and merits of mathematical modelling, and each of
them could be applied with a constructivist attitude.

There are many potential practical implications of the view outlined in the present paper. | have
most personal experience with itsinfluence on my approach and my way of communicating as a
statistical consultant or collaborator of non-statisticians. Dealing with models in terms of
decisions how to see a problem makes the statistical modelling process seem much less
mysterious, and it makes the connection of the researcher’ s decisions to the chosen models and
the results much clearer. It also gives the researchers clearer ideas about the existing
possibilities to see the problem in a different way.
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It seems to me to be more difficult to me, up to now, to give these ideas a stronger influence on
my teaching. | try to do so, and they certainly have an influence on some of my students. But in
teaching there isalways limited time and the constructivist view runs counter to what most
students expect and are told in other courses. Thereis certainly alot of potential here for
innovative teaching ideas. How much constructivist attitude can and should students learn (and
how) in their statistics courses?

The use and presentation of statistics and quantification of evidencein the general publicis
another interesting issue. Although the presented ideas imply a quite optimistic view of the
potential of science and the value of statistical modelling, to some extent they undermine the
way people perceive the authority of scientific results that are based on such quantifications.
Will it be possible to communicate their potential value along with the view that “finding out
how the world really is” is not exactly what this value is? Quite often | have experienced that in
discussions in which quantifications of evidence played arole less objectivigtically (and
probably more constructivistically) minded persons were generally very sceptical toward the
use of statistics and statistical models. The way these models are often used gives good reasons
for such a sceptica attitude. But | think that they can be used in many situationsin a
constructive and helpful way, if often with a more modest attitude that is more open to criticism
than the one that dominates currently.
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