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Sammanfattning

Den omfattande överrepresentationen av kvantitativa metoder i kri-

minologisk forskning diskuteras i relation till den frekventa feltolkning-

en av statistiska resultat och metoder. Studien inleds med en introduk-

tion till grundläggande sannolikhetslära tillsammans med en historisk

redogörelse över sannolikhetslärans samt statistikens framväxt. Ett an-

tal kriminologiska artiklar granskas sedan utifr̊an deras tillämpning och

tolkning av statistisk metod och resultat. Ett avslutande avsnitt sam-

manfattar resultaten och erbjuder förslag p̊a lösningar. Metafysiska

antaganden diskuteras kursivt genom texten.

Nyckelord: NHST, nollhypotes, signifikanstestning, sannolikhetslära, sta-

tistik, statistisk inferens.

Abstract

The comprehensive over-representation of quantitative methods in

criminological research is discussed in relation to the frequent misin-

terpretations of statistical results and methods. The study leads off

with an introduction to essential probability theory together with a

historical review of the rise of probability theory and statistics. A

number of criminological articles are then examined with respect to

their application and interpretation of statistical method and results.

A concluding section summarizes the results and offers suggestions for

solutions. Metaphysical considerations are discussed cursively through-

out the text.

Keywords: NHST, null hypothesis significance testing, probability the-

ory, statistics, statistical inference.
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1 Introduction

1 Introduction

W ithin the field of criminology, policy makers and criminal justice

researchers have begun to focus more attention on ‘what works’ when

it comes to preventing and controlling crime. Their attention has led to an

increased interest in so called ‘evidence-based’ theories about what kinds of

programs, policies and treatments are useful when developing crime preven-

tion strategies (MacKenzie, 2000; Sherman, Farrington, Welsh & MacKen-

zie, 2002).

In the midst of this search for ‘what works’ is a current and active

debate—a debate which nonetheless has been going on for quite a while—

regarding which methods should be used; qualitative or quantitative (Di-

Cristina, 1997; Draper, 2009). Tewksbury, DeMichele and Miller (2005),

who provide what they hold to be an unbiased review of which methods are

most frequently used in criminological research, conclude that the debate

places researchers on opposite ends of the methodological spectrum, with

little available ground in between. The results from Tewksbury, DeMichele

and Miller (2005) demonstrate that quantitative methods clearly dominate

the field, with only 11% of articles in the top tier criminological journals

employing qualitative methods. Thus, ‘evidence-based’ theories ‘that work’

seems to be generated primarily with the help of quantitative methods.

At the opposite side of the methodological spectrum, Tewksbury (2009)

bears the role of a seemingly avid supporter of qualitative research, claim-

ing that qualitative methods provide a depth of understanding far exceeding

that of detached, statistical analyses. Unfortunately, according to Tewks-

bury (2009), quantitative methods typically—in the eyes of the methods’

followers—represent the more scientific approach to doing social science. For

instance, Worrall (2000, p. 354) takes a defensive stance against DiCristina’s

(1997) critique directed towards quantitative methods, claiming the critique

overlooked the most prominent of quantitative outcomes:

Another reason for the seemingly “elevated” status of quantitat-

ive methodology lies in the predictive advantages this method of

inquiry possesses. Indeed, the ability to make correct predictions
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1 Introduction

is one of the more outstanding characteristics of quantitative

methodology.

Qualitative methods are seen as pseudoscience, providing at best an-

ecdotal, marginally interesting or valuable insights, despite the fact that

prediction, says Tewksbury (2009), is based on theoretical grounds; the

product of qualitative research. The issue is not one of merely methodo-

logical consequence, however; it originates from differences in ontological

and epistemological assumptions. Matthews (2010), in his polemic article

titled The construction of so what criminology, claims that the problem of

methodology in social sciences is centered around the opposition between

deductivism and inductivism and correspondingly, between realism and em-

piricism.

According to Matthews (2010, p. 131), empiricists—or positivists—are

mimicking the methods of natural sciences, believing that “facts speak for

themselves” and that theories can be constructed simply by collecting and

examining data. This is in sharp contrast with the realist view, in which

interpretation of human meaning, intentions and actions are necessary. Con-

sequently, the choice of method should be decided based on the object of

study and what knowledge the researcher hopes to gain, with a broad selec-

tion of methods available (Matthews, 2010). What are the reasons behind

this divide between realism and empiricism, deductivism and inductivism,

qualitative and quantitative? As Tewksbury, DeMichele and Miller (2005)

suggest, the divide appears to have more to do with personal, political and

social orientations in researchers themselves, rather than the actual qualtity

of the two particular approaches. In similar vein, Hanson (2004) claims the

divide to be political rather than intellectual.

Ultimately, and regardless of the reasons behind the methodological di-

vide, Matthews (2010, p. 131) is forced to conclude—as was Tewksbury,

DeMichele and Miller (2005)—that “empiricism and positivism remain pre-

valent in social science in general and criminology in particular.”

What are the consequences of the dominant position that empiricism,

positivism and quantitative methods hold in criminology? When introdu-

cing their readers to probability theory, Scheaffer and Young (2010, p. 2)
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1 Introduction

summarize the issue rather to the point, arguing that few results in either

the natural nor social sciences are known absoloutely, but are reported in

terms of chances or probabilities. Scheaffer and Young (2010) urge today’s

adults to obtain some knowledge of probability in order to understand both

science and the world around them.

Indeed, few results are known absolutely, and acknowledging the dom-

inant position of quantitative methods some essential knowledge of probab-

ility theory seems very much a reasonable request. Perhaps this knowledge

is already in place? Arguably, some criminological researchers (McDowall,

2010, p. 429) seem to think so:

Considerable evidence supports the view that quantitative crim-

inology is currently at a high point. Statistically sophisticated

studies regularly appear in all of the field’s major journals, and

authors take pride in the quality of their analytical efforts. [. . .]

Quantitative studies are presently numerous and of generally

high quality, and JQC has been a major force in influencing

this outcome.

They are numerous indeed, the quantitative studies, accounting for 89%

of the criminological studies reviewed by Tewksbury, DeMichele and Miller

(2005). As for qualtity, however, as Dienes (2008) explains, the news are not

that good. The underlying logic of most statistical methods is frequently

misunderstood, with different interpretations of probability and statistics

becoming mixed up. The end result, according to Dienes (2008), is that

significance tests—the very heart and soul of quantitative methods—are

often misinterpreted. So much for the predicitve capabilities of quantitative

methods that Worrall (2000, p. 360) defends: “Where prediction errs [. . .]

it is because of flawed theory, not method.”

Overall, in fact, researchers actually seem unaware of the proper prac-

tices when employing statistical methods, and misinterpretations related to

statistical inference is nothing new nor unusual. The issue has been ob-

served by several authors and in various fields over the years and it seems

as if a great deal of the misinterpretations stem out of pure ignorance or
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1 Introduction

a mindless, ritualistic approach to the subject (see, for instance, Hacking,

1965; Nix & Barnette, 1998; Hacking, 2001; Haller & Krauss, 2002; Gigeren-

zer, 2004; Dienes, 2008; Johansson, 2011). The issue, quite unsurprisingly,

appears to be most comprehensively explored in psychology; the ’heart-

land of significance testing’ (Hacking, 2001, p. 216). Oakes (1986) showed

that most psychologists—even those on an academic level—lack a thorough

understanding of what a statistically significant result means. When replic-

ating Oakes’ (1986) study, Haller and Krauss (2002) found that nothing had

changed during the sixteen years that had passed; their results showed that

all of the psychology students and almost 90% of scientists not involved in

teaching methodology did submit to at least one misinterpretation of signi-

ficant results. Haller and Krauss (2002, p. 7, authors’ emphasis) highlights

their most troublesome finding:

[. . .] our novel finding that even among the methodology instruct-

ors 80% share these misinterpretations is flabbergasting. Since

it can be assumed that the topic of “significance” is addressed

frequently during their lectures, this fact is difficult to believe.

Ignorance, it seems, is inherent when methodology is taught to students.

The ritualistic behaviour of using and interpreting statistics has, in recent

years, been labelled null hypothesis significance testing—NHST for short—

and is, according to Gigerenzer (2004), responsible for largely eliminating

statistical thinking in the social sciences. Criticism against NHST is chiefly

centered around the method’s dominance in social science coupled with its

underlying mathematical principle, ease of misinterpretation and mindless

use. Much of the critique is both substantial and largely uncontradicted,

Haller and Krauss (2002) conclude. Related to the increasing search for

‘evidence-based’ theories ‘that work’, the following passage from Gleener,

Leech and Morgan (2002, p. 86) should demonstrate the bothersome con-

sequences of null hypothesis significance testing:

A common misuse of NHST is the implication that statistical

significance means theoretical or practical significance. This mis-

conception involves interpreting a statistically significant differ-

ence as a difference that has practical or clinical implications.
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1 Introduction

When searching the databases for similar observations in relation to

criminological research, though, the issue appears less surveyed. Neverthe-

less, the problem has been pointed out as relevant in the few criminological

articles (Weisburd, Lum & Yang, 2003; Bushway, Sweeten & Wilson, 2006)

that were found, so further research indeed seems justified.

In summary, the vast dominance of quantitative methods coupled with

frequent misinterpretations of statistics and probability should be concern-

ing to criminologists. In the search for ‘what works’ and ‘evidence-based’

theories, a substantial amount of research risks being neglected and remain

unpublished due to researchers’ misguided interpretations and the public-

ation bias that exists for significant results (Begg, 1994; Nix & Barnette,

1998). Moreover, failing to understand what a significant result really means

puts policy makers at risk of being influenced by conclusions based on inco-

herent logic.

The purpose of this thesis, accordingly, is to investigate how researchers

are misinterpreting statistics and probability, why such misinterpretations

came to be, and if the problem still exists in criminological research (and if

so, offer suggestions for improvement). The purpose may be postulated in

three objectives:

1. Present a (brief) introduction to essential probability theory and the

history of probability theory and statistics. The introduction should be

exhaustive enough to clarify the root causes of misinterpretation, and

allow the reader to articulately follow and understand the subsequent

examination of articles.

2. Utilize the first part to review and examine the use of statistical meth-

ods and inferences in a selection of articles from a top tier criminolo-

gical journal.

3. Offer a discussion and suggestions for changes in future research in-

volving quantitative methods in criminology.
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1 Introduction

1.1 An Issue of Methodology?

The point of departure for this thesis will be a swift though, reasonably, a

very much relevant insight into the history of probability theory and stat-

istics; the latter at times converging with the rise of quantitative meth-

odology in criminological research. Prior, however, it should be acknow-

ledged that even though the debate on which method to use—quantitative

or qualitative—is very much a current topic, it is neither new nor separate

in its existence, but rather part of a wider debate on ontology and epistem-

ology.

More than a century ago, Lloyd (1905) was complaining about the resort

to statistics and psychological laws, the indifference of materialism to ethical

values, and the intrusion of what he calls mechanical arts into the pure sci-

ences of humanities and culture-studies. According to Lloyd (1905)—and in

beautifully poetic prose—materialism is the tendency of treating that which

is only a part, and possibly in all areas of existence, as if it in itself were an

indepentent, orignially constituted whole. Dysphoric lamenting aside, Lloyd

(1905) does bring to the table something which is equally current today, more

than one hundred years later; the expansion of materialistic assumptions in

much current quantitative research. How might these assumptions be ob-

served? For one thing, a clear link exists between an ontology of materialism

and an epistomology of empiricism, according to Armstrong (1978, p. 272):

The central methodological postulate of natural science is that

knowledge is not to be gained a priori. [. . .] Since contemporary

if not past Materialism claims to spring out of scientific results

and plausible speculations, it is committed to Empiricism.

Thus, says Armstrong (1978), while materialism in itself falls under

metaphysics, materialists are usually—and naturally—commited to the epi-

stemology of empiricism. Hence, materialists gain knowledge by way of

observation, leading back to Matthews’ (2010) claim that prevailing em-

piricist criminologists believe theories to be constructed by collecting and

examining data. Thus, it should stand to reason that quantitative methods
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1 Introduction

are at least in part based upon an ontology of materialism—not necessarily

a conscious choice in the mind of the researcher, but observable nonetheless.

Even though this thesis will primarily deal with methodological issues,

the reader is advised to keep in mind that these issues are just part of

a much larger whole. At times, ontological and epistemological influences

have greatly shaped the way statistical methods are used and how inferences

are drawn.

1.2 Disposition

Temporally, the two parts on theory and analysis were not written linearly.

The gathering of data (in both a theoretical and an empirical sense) ap-

peared more as a continuum spanning the entire process of writing the thesis,

and no predefined modus operandi was employed for the duration of work.

While such a way of working does entail a greater degree of freedom, it

also carries with it a set of difficulties, one of which is guiding the reader

through the research process in a clear and educated manner. A single sec-

tion on method detailing both the theoretical and analytical processes would

probably be confusing rather than clarifying for the reader. Consequently,

in order to facilitate the reading of this thesis it was necessary to bestow a

slightly different disposition than what is perhaps customary. The remainder

of this thesis will be divided into three parts:

Part I Quite suggestively labelled Theoretical Background, the first part

will cover the essentials of probability theory together with the his-

tory of both probability theory and statistics, converging in a sum-

mary of current issues in statistical inference. Leading off Part I is a

corresponding section on methodology.

Part II In an equally suggestive fashion labelled Analysis, the second part

will put theory into practice and actually examine a number of crim-

inological articles. The second part will be written in a more ’quant-

itative’ manner, while also starting out with a corresponding section

on methodology.
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2 Method

Part III In the final part—Conclusions—results and findings will be dis-

cussed in relation to the thesis’ purpose and initial questions. Sugges-

tions on how to ameliorate the situation are offered and the problem

is related yet again to issues in epistemology and ontology.

In the end, it is the author’s hope that the reader will have gained enough

knowledge and insight to form his or her own opinion on the matter at hand.

Theoretical Background

2 Method

While many texts on research methodology explain the process of research

as a linear one—going from theory to research or from research to theory—

this need not be the case, according to Berg (2009). Instead, Berg (2009)

proposes what is called the spiraling research approach. The approach allows

the researcher to start out with an idea, gather theoretical information, re-

consider and refine the idea, examine possible designs, refine the theoretical

assumptions, and so on, going back and forth. Berg (2009, p. 26) details

the procedure in graphical format, a version of which—though, of course,

adapted for this thesis—is reproduced in Figure 1.

Ideas Literature Review Theory Design Composing

Figure 1: An adapted version of the spiraling research approach.

The reviewing of literature was done using library resources and data-

bases (such as OneSearch, Google Scholar and PsychINFO) available through

the Linnæus University in Växjö, Sweden. Initially, the literature reviewed

served as a starting point, eventually crystallizing into a more defined area

of interest and subsequently led towards formulating the three objectives

seen in the introduction.

12



3 A History of Probability

In addition to the spiraling research approach was an ongoing process

of refining and rethinking both ideas, theory and design. Such a process

allowed for a more detailed search of literature in accordance to changes or

new findings.

Reminiscent of the snowball sampling technique detailed by Krippendorff

(2004, p. 118), various relevant textbooks, articles and papers were reviewed,

examining the works cited within. The goal, according to snowball sampling,

is to trace the subject back to its roots. The process terminates when

no new references are found, signalling the ‘origin’ of a specific theory or

idea. Krippendorff (2004) acknowledges the fact that snowball sampling

sometimes produces an exponentially growing amount of literature. Due to

limitations in time and space, such an approach was not possible. Instead,

the sampling technique merely made possible a more thorough review of

relevant literature. The main difficulty, possibly, lies in introducing the

reader to the history and theory of probabilty and statistics in a section as

brief yet adequate as possible; there exists a wealth of resources available

and discerning what was relevant or not was a daunting task. On the other

hand, the section on probability theory is on such a basic level that any

introductory textbook would probably offer the same information, albeit

perhaps in different form.

In the end, while what was reviewed most likely amounts to a small cross

section of what is actually available and the decision of what to include and

what to dismiss was a highly subjective one, it is hoped that the works cited

herein are both relevant, accurate and up to date.

3 A History of Probability

3.1 Introduction

It seems a fair assessment would be that the majority of researchers engaged

in statistical analysis and inference—who are not specifically in the field of

statistics or mathematics, but rather, say, the social sciences—lack a thor-

ough understanding probability and its underlying axiomatic rules. In order

to fully understand the implications of this thesis, a basic understanding of

13



3 A History of Probability

probability is recommended. With that said, the following sections by no

means attempt to map the field of probability theory in all its voluminos-

ity and detail, though the sections will be rather theoretical in nature and

thus may appear difficult for the untrained eye. However, most mathemat-

ical formulations and calculations are omitted; focus remain on larger scale

consequences rather than intrusive details. As such, what follows should

be viewed as a short-hand introductory text rather than a rigourous his-

torical and mathematical elaboration, in order to aid the reader in under-

standing subsequent sections more fully. The hope is to plant a seed of

understanding—not to grow an entire forest.

3.2 History Revisited

Since the oldest evidence of abstract, arithmetic thinking in homo sapiens

dates back to over 30 000 years ago (see Ifrah, 2000, for a complete survey

of arithmetic through history) it should come as no surprise that concepts

of chance and uncertainty have been around since the dawn of civilization.

The ancient Egyptians played games of chance with bone objects resembling

dice as early as 3500 B.C., and the use of cubical dice more or less identical

to modern ones date from around 2000 B.C (DeGroot & Schervish, 2012).

According to Fienberg (1992), the mathematical theory of probability

finds its roots with the French mathematicians Blaise Pascal (1623-1662)

and Pierre de Fermat (1601-1665). Between 1654 and 1665, there is cor-

respondence between Pascal and Fermat on various topics on probability,

games of chance using dice being one. Jacques Bernoulli (1654–1705) wrote

a seminal paper on probability and the law of large numbers—which would

prove instrumental to the field of statistics—published posthumously in 1713

(Fienberg, 1992).

In the eighteenth century, Abraham de Moivre (1667-1754) developed

the normal distribution. Since there were no calculators or computers at

the time, de Moivre’s computations became ever so more challenging as the

number of probabilities to be calculated grew. After noting the smoothness

of the probability distributions as numbers became larger, de Moivre derived

the equation for the distribution and published it in 1733. Carl Friedrich
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4 Essential Probability Theory

Gauss (1777-1855) subsequently refined de Moivre’s work in 1809, hence the

normal distribution sometimes appearing under the pseudonym Gaussian

distribution (Sheaffer & Young, 2010).

Reverend Thomas Bayes (1701-1761) constituted the foundations for

Bayesian statistics, rediscovered and further developed by Pierre Simon

Laplace (1749-1827), who also formulated the central limit theorem in 1810,

enabling the use of the normal distribution as a method of approximat-

ing the distribution of sums, or averages, from practically any probability

distribution (Fienberg, 1992).

The first modern axiomatic formulation of probability theory was worked

out by Soviet mathematician Andrey Kolmogorov (1903-1987) in his 1933

paper Grundbegriffe der Wahrscheinlichkeitsrechnung, roughly translating

into Basic Concepts of Probability Theory. Since much of the early interest

in probability theory was related to games of chance and gambling, the

church did not approve of any formal work done on the subject, explaining

the lack of a formal foundation for so many years (Sheaffer & Young, 2010).

In fact, a modern axiomatic formulation of probability was one of the issues

proposed by David Hilbert (1862-1943) on his famous 1900 list of mathem-

atical problems to be solved—some of which still remain unsolved to this

date (Barone & Novikoff, 1978). When published, Kolmogorov’s feat was

recognized as an astonishing accomplishment and his influence in the field

of statistics and probability was, in the words of McCall (2004, p. 196),

“swift, dramatic and fundamental.”

Before Kolmogorov’s axioms are detailed, however, a thing or two must

be straightened out. An introductory understanding of concepts such as

normal distribution, law of large numbers and central limit theorem, with an

introduction to the general syntax of probability theory, should be enough.

4 Essential Probability Theory

4.1 Introductory Syntax

Imagine you have a fair, unbiased coin. If you toss it, what is the chance it

will land heads up? Intuitively, you might say the probability is 0.5, 1/2,

15



4 Essential Probability Theory

or that there is a ‘fifty-fifty’ chance. Does that mean that if you toss it ten

times, five of those will be heads? And if you toss it ten thousand times, five

thousand of those will be tails? There are different interpretations of the

word probability. One interpretation is the subjective one, for instance, one’s

personal conviction that “it will probably rain tomorrow” (Dienes, 2008).

On the other hand, an objective interpretation sees probability as an

integral part of our world; that statistical laws apply regardless of our sub-

jective knowledge or convictions, and that probabilities are to be discovered

by examining the world, not by reflecting on our personal beliefs (Dienes,

2008). As proposed by Ludwig von Mises (1881-1973) in his 1928 paper

Wahrscheinlichkeit, Statistik und Wahrheit—the English translation would

be Probability, Statistics and Truth—the most influential and more or less

’industry standard’ interpretation of objective probability is the long run

relative frequency interpretation. A probability according to the von Mises

interpretation is a relative frequency, referring to a hypothetical infinite

number of events in a collective (Dienes, 2008). In the coin tossing thought

experiment above, the long run relative frequency refers to the collective

of an infinite number of tosses. As Dienes (2008) points out, the relative

freqency is a property of all the events in the collective, not of a single event.

So, if a coin is tossed, what is the chance it will land heads up? It cannot

be known. The toss, being a singular event, does not have a probability.

The implications amount to the follwing: As the number of coin tosses

approach infinity, the probability tends toward 0.5, or 1/2, or ‘fifty-fifty.’

One way to express it mathematically, according to Sheaffer and Young

(2010, p. 12), would be as follows:

P (E) = lim
x→∞

Number of times E occurs

n
.

The formula reads out something along the lines of “if n is the number

of trials of an experiment, such as tosses of a coin, the probability P of

an event E, such as observing the outcome heads, is the number of times

event E occurs, divided by n, as n approaches infinity” (paraphrased from

Scheaffer & Young, 2010, p. 12).

Having learned the basis of objective, long-run relative frequencies, a few
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4 Essential Probability Theory

more concepts call for attention. Some of them have already been mentioned

above and shall be further elaborated, others will be introduced as the text

proceeds.

The first concept that requires defintion is called a sample space, and

makes up the collection, or set, of all possible outcomes of an experiment.

Sample spaces are usually assigned the greek letter Ω, or simply S. The

outcomes in a sample space must be mutually exclusive (they cannot both

be true at the same time) and independent (the occuerence of one may not

infl does not. Each outcome can be thought of as an element in the sample

space. Furthermore, an event can be imagined as a subset of the sample

space. It follows that the sample space S of possible outcomes when tossing

a six sided die may be written as

S = {1, 2, 3, 4, 5, 6}.

If we are interested in the event A of, say, obtaining an odd number, we

represent the subset A = {1, 3, 5}. If we want to denote a large, or even

infinite sample space, we write

S = {x|x is a city with murder rates above national average},

which then would read out “S is the set of all x such that x is a city

with murder rates above national average.” A set can also be contained in

another set. For example, in the sample space S = {1, 2, 3, 4, 5, 6}, there

is subset A = {4, 5, 6} and subset B = {2, 3, 4, 5, 6}. Then A is contained

in B, since every element of A also belongs to set B. This is expressed as

A ⊂ B. In the same manner, we can say that B contains A, expressed as

B ⊃ A. Since there are events which are impossible, for instance, obtaining

a 7 on a die with six sides, a subset of S called the null set is necessary,

usually expressed with the symbol ∅, and which contains no outcomes. If

we want to say that a certain outcome is part of a set, for example, that 2

is a part of subset B, we would write 2 ∈ B.

Furthermore, we can denote an event A∪B, which is the union of A and

B, and consists of all elements of A, or B, or both. Thus, A∪B occurs when
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either A or B or both occur. In similar yet distinct fashion, the intersection

of two events, expressed as A ∩ B, consists of elements in both A and B.

Finally, there is the complement of an event. For instance, when considering

sample space S, the complement of A is denoted A and forms the set of all

outcomes not included in A. Table 1 provides a summary of the probability

concepts covered this far.

Table 1: Principal concepts of probability.

Symbol Forms Placement Reads

S Sample space S = {heads, tails} Possible outcomes of a coin toss

⊂ Subset A ⊂ B A is contained in B

⊃ Superset A ⊃ B A contains B

∅ Null set S ⊃ ∅ ∅ is a subset of S

∈ Outcome 2 ∈ A The outcome 2 is a part of subset A

∪ Union A ∪B The union of A and B

∩ Intersection A ∩B The intersection of A and B

A Complement A The class of all events not contained in A

What has been covered so far, of course, constitutes nothing more than

an introduction. There are more advanced concepts to be sure, in the area

of probability theory, but the reader should by now at least have gained a

basic understanding of how probability theory works, and looks, in practice.

The concepts of intersections, unions, subsets, supersets and so on obey

certain laws, similar to algebraic ones. Table 2 offers a few examples, based

on Sheaffer and Young (2010, p. 17-18).

Table 2: Laws of probability operations.

Law Example

Commutative A ∪B = B ∪A and AB = BA

Associative (A ∪B) ∪ C = A ∪ (B ∪ C) and (AB)C = A(BC)

Distributive A(B ∪ C) = AB ∪AC and A ∪ (BC) = (A ∪B) ∩ (A ∪ C)

DeMorgan’s A ∪B = AB and A ∩B = A ∪B

Any introductory book in probability theory ought to provide further
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4 Essential Probability Theory

elaboration with examples and applications, should the reader be interested.

(A few suggestions will be provided at the end of this chapter.) Nevertheless,

a strict and absolute understanding is not necessary for the purposes if this

thesis. Having been introduced to the essentials of probability theory, it is

time to tackle Kolmogorov’s axioms. They are fairly straightforward and

elegant, so should be easily understood by now.

4.2 Kolmogorov’s Axioms

1. P (A) ≥ 0

2. P (Ω) = 1

3. If A1, · · · , Ai, is a sequence of mutually exclusive events, then

P

( ∞⋃
i=1

Ai

)
=
∞∑
i=1

P (Ai).

We may deduce from axiom 1 that the probability for any event A has

a real value between (and including) zero and one. Axiom 2 states that for

our entire sample space, at least one event must happen. The final one,

axiom 3, might seem a bit complicated at first. It follows from it, however,

that if A and B are mutually exclusive events, then

P (A ∪B) = P (A) + P (B),

which states we that the probability of the union A ∪ B is equal to the

sum of the probabilities of A and B. (At times, this is how axiom 3 is

presented.) Hacking (1965, pp. 18-19) explains a bit further, though for

an even more thorough account of Kolmogorov’s axioms, see Shafer & Vovk

(2006). What has been shown here should be sufficent for the purposes of

this thesis, as long as one thing is understood; Kolmogorov’s axioms are

part of the axiomatical definition of frequency in the long run, and they are

essential tools of statistics (Hacking, 1965, p. 8).

4.3 The Law(s) of Large Numbers

There are, in fact, several laws of large numbers. A hint of one of them was

seen in section 3.2, where the probability of coin tosses tended towards 0.5 as
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the number of tosses approached infinity. That was actually a good example

of the weak law of large numbers, which formally would be expressed as

1

n
(X1 + · · ·+Xn)

P−→ µ.

The formula would read out something along the lines of “if Xn is an

independent random variable, n ≥ 1, then in a sequence of Xn with the

same finite mean and variance as n → ∞, the probability approaches the

expected value of µ.” There is also a strong law of large numbers, the proof

of which is more complex. The law is expressed in similar fashion as the

weak law,

1

n
(X1 + · · ·+Xn)

a.s.−−→ µ.

The difference lies in a.s., short for almost surely. What it means is that

instead of “. . . the probability approaches the expected value of µ”, we get

“. . . the probability almost surely approaches the expected value of µ”.

We need not bother with respective proofs of and differences between

these laws. What should be understood is that the laws of large numbers

state how the observed mean, X̄n, approaches the theoretical mean, µ (Ver-

hoeff, 1993, p. 1). In other words, they show that, when calculating the

mean of a large number of random, independent variables, the result will

be close to the expected mean with a probability approaching 1 (Larsen,

2006, p. 41). Thus, a large random sample is most likely representative of

the population. Furthermore, these laws are a consequence of Kolmogorov’s

axioms and the operations of probability, and allows us to interpret probab-

ility according to von Mises’ long run relative frequency (Larsen, 2006, pp.

41-42).

4.4 The Central Limit Theorem

Following the laws of large numbers we now turn to the central limit theorem.

Underlying mathematics will be omitted, however, since interest lies in the

theorems’ implications rather than its proof, and the central limit theorem

is fairly complex. The theorem is the culmination of work done by several
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scholars and should the reader be interested, both Grinstead and Snell (1997)

and Sheaffer and Young (2010) provide proof, examples and discussion.

In essence, the central limit theorem boils down to the follwing. Re-

member how the law of large numbers stated how X̄n approaches µ, that is,

how the observed mean approaches the theoretical mean, as the number n

of observerations moves towards infinity? (In fact, they need not move to-

wards infinity, but the number of observations needs to be sufficiently large.)

Follwing this, it is possible to interpret the central limit theorem as stating

that for large n, the random variable X̄n approximates a normal distribution

with mean µ and standard deviation σ/
√
n (Verhoeff, 1993, p. 3). What

is a standard deviation, you ask? Put simply, the standard deviation is the

average amount that observations vary, or deviate, from the mean (Nolan

& Heinzen, 2008, p. 67). The concept will be further elaborated shortly.

Nolan and Heinzen (2008, p. 313) highlight two important principles

demonstrated by the central limit theorem:

1. Even when the original population is not normally distributed, re-

peated sampling will approximate a normal distribution.

2. A distribution of means will be less variable than a distribution of

individual observations.

Thus, if a large number n of independent observations is collected from

an arbitrary distribution, it is possible to approximate the mean as if it were

an observation from a normal distribution. As long as n is sufficiently large,

the approximation is satisfying. Sufficiently large, in this context, means

n ≥ 20 or n ≥ 30, depending on who you ask (Grinstead & Snell, 1997,

or Jonsson & Norell, 2007, respectively). Since the theorem gives rise to a

normal distribution, it allows for investigating how unusual or extreme an

observation is, and as such, the theorem underlies a great deal of statistical

processes (Nolan & Heinzen, 2008, p. 314).

4.5 The Normal Distribution

We have discovered how the central limit theorem—by way of the laws of

large numbers—gives rise to normal distributions. It might be interesting
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to find out exactly how the distribution of values shapes itself around an

expected value. It so happens that the normal distribution around the

expected value is symmetrical; the probability of getting a certain value

decreases as you move away from the expected value. Though focus lies not

primarily with mathematics, for the curious, the density function for any

stochastic variable X is defined by Weisstein (2012) as

fX(x) =
1

σ
√

2π
e−

(x−µ)2

2σ2 , −∞ < x <∞.

Figure 2 contains three functions graphed for visualization, using a dis-

tribution in the range 1−10, µ = 5, and σ = 1 for the filled line, σ = 1.5 for

the dashed, and σ = 2 for the dotted. The difference is quite noticable when

the standard deviation varies. (σ denotes the standard deviation. How

to calculate standard deviations will be covered shortly.) With the help

of normal distributions, the concept of the central limit theorem is easily

visualized, as evident in Figure 3.

5
x

y

Figure 2: Normal distributions with varying σ.

The normal distribution comes with several practical applications. As

a trivial example, consider you want to investigate fear of crime. You ask

a hundred individuals—which will serve as the observational data—to rank

the statement “I generally fear being the subject of a crime” on a scale of

1 to 7, with 7 implying greater fear. For the sake of simplicity, suppose a

mean of 4 is obtained. Now you need to know the standard deviation; the
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n = 5

y

n = 10

y
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y

Figure 3: Normal distributions with increasing n.

average deviation from the mean. The formula is simple:

s =

√√√√ 1

n− 1

n∑
i=1

(xi − x̄)2.

It should be noted that standard deviations are denoted s instead of σ

when a sample rather than an entire population is surveyed. For the fear

of crime thought experiment, s = 1 seems like a fair estimate. Study the

graph in Figure 4, what does it show?

The ’fear of crime’ variable graphed is, of course, an imagined scenario,

but the central limit theorem says that when a random and independent vari-

able is sampled from a population, the result will be distributed normally,

so the theoretical distribution graphed above still stands on firm ground in

respect to probability—granted enough subjects are surveyed. Herein lies

the geniality of the normal distribution. Let X be our fear of crime variable,

then (based on Hacking, 2001, p. 205) for every xn:

• The probability of xn being within s of the mean is ≈ 0.68.
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2 3 4 5 6
x

y

Figure 4: Normal distribution depicting fear of crime on a scale of 1 to 7

with x̄ = 4 and s = 1.

• The probability of xn being within 2s of the mean is ≈ 0.95.

• The probability of xn being within 3s of the mean is ≈ 0.99.

The probability values correspond to the percentage of the total area

covered under the curve, if the total area is set to be 1. If so, one standard

deviation from the mean in both directions cover 68 percent of the area,

hence the probability of any value xn being within one standard deviation

from the mean is 0.68. The coloured sections in the graph of Figure 4 depict

the areas for each probability value listed above, with yellow corresponding

to P = 0.95 and red to P = 0.99. The importance of this section is not

to be underestimated, as will be shown later on; the features of the normal

distribution have had profound consequences on statistical inference. For a

thorough account of normal distributions without bothering with mathem-

atics, see Hacking (2001).

4.6 Straightening Things Out

Perhaps it is time to clarify what has been mentioned so far, to make sure

everything is understood. The rolls of a six sided die will yet again serve as

an example. Imagine, then, that after each roll the obtained value is written

down and the mean calculated. The law of large numbers states that after
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n number of rolls, as n→∞, the obtained mean will approach the expected

mean, which is of course 3.5, since

1 + 2 + 3 + 4 + 5 + 6

6
= 3.5.

Now imagine a number of sample sets S are collected with a sample size

of, say, six. That is, each sample set consists of six rolls of a six sided die.

For instance, one sample set could be S = {1, 1, 3, 6, 5, 4}. This is repeated

for an arbitrary lenght of time until Sn is reached, while the mean for each

sample set is continiously calculated.

What the central limit theorem then states is that if the frequencies of

our obtained means are plotted after each sample set of rolls, as n → ∞,

the plot will form a normal distribution, as depicted in Figure 5. In short,

the laws of large numbers tell us that we will approach µ, and the central

limit theorem tells us that the distribution of means will be normal.

3.5
x

y

Figure 5: Normal distribution of obtained means from rolls of a six sided

die with x̄ = 3.5 and s = 0.5.

Even further, any random and independent variable sampled from a

population will approximate a normal distribution—not just rolls of dice.

This feature makes the normal distribution practically the only probability

distribution necessary for statistical inquiry.

In detailing the history of statistics, several of the concepts included in

this section are put in their historical context. As previously mentioned,
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5 A History of Statistics

familiarity with basic probability theory is essential in order to fully grasp

the contents of subsequent sections. While setting out the foundations of

probability theory in all its rigor and formality falls well beyond the scope

of this thesis, the essentials are there, in preceding sections, and the concept

of probability should hopefully seem a bit more accessible now. In fact,

the foundations presented in these few pages underlie a great deal of the

common statistical methods used today, and should be readily available in

any introductory textbook on probability theory.

One important thing to remember is that the laws of large numbers, the

central limit theorem and the normal distribution all relate to von Mises’

long run relative frequency interpretation of probability.

For further information, see, for instance, Hacking (2001); McCall (2004);

Scheaffer and Young (2010); DeGroot and Schervish (2012), all of whom ex-

pand the subject a lot further and have been valuable resources when writing

this section.

5 A History of Statistics

5.1 Introduction

The next logical step, after getting to grips with probability theory, is of

course to disentangle how the field of statistics rose to prominence. Some

of the introductory knowledge of statistical inference has been detailed in

the previous section, thus when concepts already elaborated return, it is

assumed the reader will understand their implications.

While calling for increased knowledge of quantitative methods within

criminological research in the United Kingdom, Humphreys and Francis

(2008, p. 51) conclude that:

Studying statistics is not traditionally popular within social sci-

ences. Students often choose academic routes which deliberately

avoid anything numerical, while others are numerically compet-

ent but dislike anything quantitative. However, there is an in-

creasing move to ensure that all students develop the skills of

dealing both with number and with data.
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While at first glance their conclusion might seem to be good news, there

is a discrepancy between teaching the orthodox methodology of statist-

ics, and teaching the underlying premises of orthodox methodology. (The

reader, having read this far, should have a fair hunch about such underly-

ing premises.) As will become evident throughout this section, it is per-

haps not too far fetched a guess that a lot of researchers within the field of

criminology, as elsewhere in the social sciences, are unaware of what their

statistical results really imply. Such a kind of ignorance is not surprising—

it requires some reading up on the history of statistics and foundations of

probability—but it is not unavoidable. Quite ironically, one of the founding

fathers of modern day statistical inference, Sir Ronald Fisher, objected to

the ’cookbook’ approach to statistics his entire career and yet, such is the

way statistics is usually taught to this day (see Hacking, 2001; Gierenzer,

2004).

As with the foundations of probability, statistical inference is really not

that complicated a subject—at least not in the shortened form presented

in this thesis. Before the why’s and why not’s of statistical inference are

detailed, though, a brief history of statistics is in order, to put the preceding

sections in context.

5.2 Where To Begin?

In an article titled Where shall the history of statistics begin? Kendall (1960,

p. 447) claims that “a history must start somewhere, but history has no

beginning.” The meaning of the word ‘statistics’ has changed over the course

of time, and even though we might be tempted to dig deep into its historical

roots we must, as Kendall (1960, p. 448) advise us to, “conclude, then, that

statistics in any sense akin to our own cannot be traced back before about

A.D. 1660.” The attentive reader will remember that this is also the time

when the mathematics of probability began to take shape. As we shall see,

the two go hand in hand.

While the history of probability and statistics more or less overlap dur-

ing the seventeenth and early eighteenth centuries, statistics diverged in

the mid eighteenth century and began to crystallize into a seperate method
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for applying probabilistic ideas to data. In 1750, German astronomer Jo-

hann Tobias Mayer (1723-1762) was among the first to formulate a general

statistical approach for combining observational data. It so happened that

problems in astronomy—such as planetary orbits and positions—were be-

hind most of the initial developments in statistics (Fienberg, 1992). As

Sheaffer and Young (2010) explain, one of the very early applications of the

normal distribution was to model the distributions of measurement erros

in astronomical research. In fact, it was Galileo Galilei (1564-1642) who

observed the symmetrical distribution of these errors.

5.3 Adolphe Quetelet

In 1835, Belgian astronomer and mathematician Adolphe Quetelet (1796-

1874) published a seminal work titled L’homme Moyen, or The Average

Man, greatly influencing the use of statistics in social sciences. Quetelet

was a gifted man, recieving his doctorate in astronomy at the age of 23. His

early achievements prepared him for his later work, says Beirne (1987), and

after being sent to Paris in 1823 with the mission of studying astronomical

apparatuses, Quetelet was introduced to the nascent statistical movement.

Upon Quetelet’s return to Belgium a year later he was already engaged in

a variety of projects.

The Average Man serves as the origins of statistics in the social sciences

over all, and in criminology in particular. For a short period, thus, crim-

inology was at the forefront when it came to blending statistics and social

science. The period during which Quetelet pusblished his book also sees—

for the first time—the normal distribution and standard deviation applied

to social science data (Beirne, 1987; Fienberg, 1992).

From this point on a surge in the use of statistical methods within the

social sciences is apparent. As Fienberg (1992) notices, a shift from the sub-

jective interpretation of probability into one closely resembling the objective

frequency interpretation—which, as the reader should remember, was not

fully formalized until the twentieth century—is also evident, in part due to

influence from positivist empiricists such as John Stuart Mill. (The reader

will also recall the difference between subjective and objective interpreta-
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tions of probability from previous sections.) Such a switch hints at the fact

that the subject at hand is just a part of the greater philosophical issues of

ontology and empistemology, detailed in section 1.2. Through the work of

Quetelet, says Beirne (1987), the epistemological core for the dominance of

biologism, mental hereditarianism and economism was established in posit-

ivist criminology.

While Quetelet received some contemporary praise from Karl Marx (1818-

1883) and Émile Durkheim (1858-1917), and in later years has been sug-

gested as the real father of sociology vis-à-vis Auguste Comte (1798-1857),

Beirne (1987) maintains that Quetelet’s contributions have largely been neg-

lected throughout history. Neglected or not, and while Quetelet soon was

overridden by the giant figures of Marx, Durkheim and Max Weber (1864-

1920), his contributions remain immense nonetheless; Quetelet served as

perhaps the leading figure in the emergant positivist criminology of nine-

teenth century France (Berine, 1987; Amatrudo, 2009). Beirne (1987) cites

the work of Foucault (1980) in which he claims the positivist criminology

as being a calculated response to the need for an official and comprehensive

discourse capable of justifying the newly formed penal strategies in post-

revolution France. Arguing against Foucault, though, Beirne (1987, p. 1144)

maintains that positivist criminology was the result of an intersection of two

previously unrelated domains of state activity:

From the domain of penality, criminology secured an institu-

tional position, a measure of financial support, and considerable

popular interest in its pronouncements. From the domain of the

statistical movement, criminology acquired its intellectual orient-

ation and recognition by the scientific community of its major

discursive techniques.

In the 1820s, application of numerical analysis to penality became an

accepted science, and the object of study was the ’structured order of ob-

servable facts’ (Beirne, 1987, p. 1147). Nevertheless, Quetelet did not whole-

heartedly resort to methodological individualism and adamantly defended

himself against accusations of determinism and materialism. Quetelet was

careful to point out that the laws said to be found via social mechanics were

29



5 A History of Statistics

impossible to verify in isolated individuals. Crime was an inevitable con-

sequence of social organization, so the blame was on society itself. What was

possible though, according to Quetelet, was indirect observation on a great

scale and with the help of statistics, patterns of criminal behaviour appear.

Society was not all to blame however; at the same time, Quetelet did yield

to notions about ‘biological defects’ and their heredity (Beirne, 1987).

In the end, as Beirne (1987, p. 1165) concludes, the structure of Quetelet’s

criminology was formed “by the relentless application of the methods of the

natural sciences to the moral phenomena reported in the official records of

crime.” It seems as if empiricism and the emergant quantitative methods of

social science met here for the first time.

5.4 The British Statisticians

Most modern day statistical formulations are rooted in the work done by

British statisticians during the twentieth century. In 1911 the Department

of Applied Statistics was established at University College of London. It

was established in an era—the name ‘Statistical Enlightenment’ is befitting,

according to Stigler (2012, p. 1)—of transformation in the field of statistics,

ranging in time from around 1885 to 1935. A great deal of the work was

done in England by three men—Francis Galton (1822-1911), Karl Pearson

(1857-1936), and Sir Ronald Fisher (1890-1962)—each playing complement-

ary roles in the transformation of statistics. Without them, says Stigler

(2012), the history of twentieth century science would not look the same.

Francis Galton presented the first statistical description of the regression

phenomenon and its relation to normal distributions in 1885, and a few years

later in 1888, Galton formulated the concept of correlation (Fienberg, 1992).

Karl Pearson is perhaps best known for the χ2-test, though a major accom-

plishment was the foundation—with financial support from Galton—of the

first independent, methodologically oriented statistics journal; the Biomet-

rika (Fienberg, 1992). Incidentally, an employee at the Guinness brewery by

the name of William Gossett (1876-1937) published an article in Biometrika

in 1908; in it was the first ever t-distribution (Fidler, 2005). The article was

written under the pseudonym ‘Student’, and the test accompanied by the
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t-distribution is often referred to as Student’s t-test—even to this day. (The

t-distribution was modelled on the assumption that the sampled distribution

was normal. See Hall & Wang, 2004, for recent developments in that area.)

Also rising to prominence during this period was the genious of Sir Ron-

ald Fisher. Fisher enrolled at Cambridge in 1912, accepted the position of

statistician at Rothamsted Experimental Station in 1919 and throughout his

career developed, amongst other things, the concepts of sufficency, likeli-

hood, randomization, tests of significance and experimental design (Fien-

berg, 1992).

Fisher published a paper on population genetics in 1918 containing the

concept of Analysis of Variance, ANOVA, a concept he refined a few years

later resulting in one of the most popular methods ever conceived. The

ANOVA procedure calculated an associated probability, says Fidler (2005, p.

8); more specifically, it calculated the probability of an observed result, or a

more extreme one, granted the ‘null hypothesis’ is true. (The concept of ‘null

hypothesis’ will be further elaborated as the text proceds.) The resultant

probability was the p-value; still the dominating basis of modern statistical

inference (Fidler, 2005). As will become evident, the misinterpretation of

p-values is one of the main sources of faulty statistical inference.

Having published 140 papers on genetics, 129 on statistics, as well as

papers and reviews on various other topics, Fisher is seen by many as the

greatest statistician of the twentieth century (Fienberg, 1992).

At the turn of the nineteenth century, Fienberg (1992) writes, theories

of statistical inference built upon probalistic notions began to rise. As with

the acceptance of statistical methods applied on social science data in post-

revolution France, Fienberg (1992, p. 218) cites Hacking (1990, p. 2) in

claiming that, by the end of the nineteenth century, “chance had attained

the respectability of a Victorian valet, ready to be the logical servant of the

natural, biological and social sciences.” (‘Chance’ is used by Hacking to

avoid possible misinterpretations of the word ‘probability’.)
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5.5 An American Detour

Harcourt (2006) observes that in the twentieth century, crime and punish-

ment still paved the road for probability—just as it had done in the case of

Quetelet some decades earlier—eventually establishing the foundations for

the individualization of crime and punishment. Emerging from the statist-

ical discoveries of positivist criminology, the American Institute of Criminal

Law and Criminology was founded in 1909 (Harcourt, 2006).

The first annual meeting was held in 1910, Devroye (2010) continues,

and central themes were the theories if positivism and degeneracy. Also, a

major project for the first year of business was the work of organizing the

publication of English language translations of, amongst others, the works of

Cesare Lombroso (1835-1909) and Enrico Ferri (1856-1929). Additionally,

Devroye (2010) explains, the Institute was particularly interested in two

other areas; operating ‘criminal laboratories’ and developing systems for

collecting and compliling criminal statistics.

The individualization movement was increasingly gaining foothold and

as Harcourt (2006, p. 45) concludes, the movement was based upon a prob-

abilistic model that “attempted to predict the likely success of different

treatment interventions [. . .].” The search for ‘what works’ in terms of crime

prevention strategies, policies and treatments, as detailed in the introduc-

tion, is perhaps tracable back to this point.

6 Modern Day Statistical Inference

While the contributions of Galton, Pearson and Fisher are undeniable and

undisputed, it was not until the 1920s and 1930s that a firm and consist-

ent logical basis for statistical inference and hypothesis testing was forged

(Dienes, 2008). It started with a series of papers published by Polish math-

ematician Jerzy Neyman (1894-1981) and British statistician Egon Pearson

(1895-1980; the son of Karl Pearson). Their work transformed into the

standard logic of statistical inference, Dienes (2008, p. 55) argues, aptly

titled the Neyman-Pearson–approach:

This is the logic underlying all the statistics you see in profes-
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sional journals of psychology and most other disciplines that re-

gurlarly use statistics. It is also the logic underlying the statistics

taught in almost all introductory statistics courses for social or

natural scientists.

The Neyman-Pearson–approach subscribes to an objective, long-run re-

lative frequency interpretation of probability, while Fisher’s interpretation

of probability was neither objective nor subjective; it was fiducial, a concept

few people could understand (see Hacking, 1965, chapter IX, for a detailed

discussion). Although Fishier initially accepted the early work done by Ney-

man and Egon Pearson, he later argued vehemently against their attempts

to correct what they perceived as flaws in Fisher’s work (Fienberg, 1992).

Fisher even went so far as to claim that, although the Neyman-Pearson–

approach might work well in testing long sequences of hypotheses, such as

in industrial quality control, it was irrelevent when it came to testing single

hypotheses valuable for the advancement of science (Hacking, 1965). Fisher

also strongly opposed a ‘universal’ theory of statistical inference. He thought

Bayesian statistics had its place, just as the Neyman-Pearson–approach in

quality control (Hacking, 2001).

The intellectual debate between Fisher and Neyman-Pearson saw no de-

cisive winner and was settled more for practial reasons, such as which ap-

proach was easier to apply and had the most well worked-out applications,

some time in the 1940s (Dienes, 2011).

6.1 Null Hypothesis Statistical Testing

One is mistaken, however, if one thinks of the Neyman-Pearson–approach as

a pure, unaltered approach to statistical inference in contemporary research.

The approach is instilled with both Fisherian and Bayesian influence, result-

ing in vast number of seemingly incoherent methods and interpretations (Nix

& Barnette, 1998; Hacking, 2001). As noted by Nix and Barnette (1998),

there are at least four different schools of thought in contemporary stat-

istical inference; the Fisherian approach, the Neyman-Pearson–approach,

Bayesian inference and Likelihood inference. The most prevalent method in
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today’s social science research is not the pure, unaltered version of Neyman-

Pearson, but rather the null hypothesis statistical testing–approach already

mentioned in the introduction. When dissected, NHST actually appears as

a mix of both Fisherian, Bayesian and Neyman-Pearson methods, concepts,

ideas and interpretations (Nix & Barnette, 1998).

In a review of statistical textbooks, Huberty (1993, in Nix & Barnette,

1998) details how the NHST hybrid rose to prominence. The two separate

theories of Fisher and Neyman-Pearson began to appear unified in text-

books in the 1950s—without the agreement or consent of either of their

originators—and by the 1960s, the unified though very much inconsistent

theory became accepted in a number of disciplines, such as economics, mar-

keting and occupational theory, psychology, sociology and social research

(Huberty, 1993; Gigerenzer, 2004). Nix and Barnette (1998) cite Loftus

(1991) in claiming that by the 1980s, NHST in its unified form had become

so conventional that over 90% of psychology articles utilized it to justify

conclusions based on data analysis; a procedure that continued to spread to

other areas of social science.

Criticism against NHST appeared almost at the same time as the hybrid

gained foothold in the 1950s, with the approach having been subject to

substantial scrutiny ever since (Nix & Barnette, 1998). Bushway, Sweeten

and Wilson (2006) examplifies with a quote from Rozeboom (1997, p. 335):

(n)ull hypothesis testing is surely the most bone-headedly mis-

guided procedure ever institutionalized in the rote training of

science students.

Likewise, Weisburd, Lum and Yang (2003, p. 43, emphasis removed) are

concerned about the way NHST is used as a way to determine what theories

and polices of crime prevention ‘that work’:

The general form of null hypothesis statistical testing presently

employed by criminal justice evaluation researchers does not al-

low a clear method for coming to a conclusion that an interven-

tion “does not work.”
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In conclusion, Weisburd, Lum and Yang (2003) say their study shows

that crimnal justice evaluators often make formal errors when reporting

non-significant findings. It is incorrect, the authors claim, to accept the null

hypothesis and state that an intervention did not work or had no impact

simply on the basis of a non-significant result.

Similar critique appeared in an article titled Mindless statistics by Giger-

enzer (2004), in which the author denounces the ritualistic procedure of

NHST that both teachers, researchers and editors adhere to. Gigerenzer

(2004, quoted in its entirety from p. 588) expediently sums the ritual up in

three steps:

1. Set up a statistical null hypothesis of “no mean difference” or “zero

correlation.” Don’t specify the predictions of your research hypothesis

or of any alternative substantive hypotheses.

2. Use 5% as a convention for rejecting the null. If significant, accept

your research hypothesis. Report the result as p < 0.05, p < 0.01, or

p < 0.001 (whichever comes next to the obtained p-value).

3. Always perform this procedure.

Gigerenzer (2004) also calls to the reader’s attention that both Fisher,

Neyman and the Pearsons would have rejected the null ritual as bad stat-

istics. As Gigerenzer (2004) concludes, realizing that NHST is used neither

in the natural sciences nor statistics proper, and that there actually exists

a toolbox of methods rather than just a hammer, would certify its end.

Still, NHST remains the prevailing method of choice, which seems rather

confusing. In order to understand why there is so much confusion, it seems

necessary to disentagle how Fisher and Neyman-Pearson interpreted the

concept of ’significance’ in null hypothesis significance testing.

6.2 The Fisherian Interpretation of Significance

When testing a hypothesis, for example that men are more prone to crim-

inal activity than women, researchers set up a null hypothesis (H0), which
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is usually the hypothesis of no differences. In the case of male versus fe-

male proneness to criminality, H0 would be the hypothesis that there is

no difference in criminal activity between men and women. When testing

for significance within the Fisherian interpretation, or at least within one

of his interpretations, H0 is the only thing that matters for calculations.

The researcher obtains a p-value, corresponding to the probability of the

obtained data or more extreme data, assuming the null hypothesis is true

(Johansson, 2011). Fisher formulated the idea of significance testing think-

ing of it as a property of the sample it was calculated from, a property that

carried evidential value (Johansson, 2011). From the Fisherian perspective,

the product of a significance test, the p-value, provides a variable degree of

evidence against the null hypothesis. In his own words (Fisher, 1955, quoted

in Gigerenzer, 1993, p. 318), the p-value is “a genuine measure of the confid-

ence with which any particular opinion may be held.” From Fisher’s point of

view, then, a p-value of less than 1% counts as very strong evidence against

the null hypothesis, while a value between 1 and 5% counts as moderate

evidence, and so on (Dienes, 2008). Johansson (2011, p. 115-117) reviews

four problems with using p-values as a measure of evidence:

1. First of all, p-values cannot be used as evidence for the null. Because

of the way they work, should the null hypothesis be true, then all p-

values are equally probable, indicating that the largeness of p-values

does not constitute evidence for the null. Moreover, any p-value is

obtainable even if the null hypothesis is true; the researcher just has

to keep adding more subjects!

2. Since p-values depend on the null hypothesis only, a problem occurs

when interpreting p-values as evidence, because evidence is a relative

concept. The obtained data constitute evidence for or against a hy-

pothesis relative to another hypothesis. Computing a p-value requires

nothing but a null hypothesis, and as such, lacks a relative hypothesis.

3. Usually, p-values are taken as a measure of strength for a hypothesis,

that is, p = .05 and p = .01 indicate different strengths of evidence.

This is confusing, since p-values designate the probability of obtained
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data, not strength. Since there is no alternative probability to compare

with, it may not be translated into strength.

4. Finally, p-values are dependent upon unobserved data, because p-

values are defined as the integral (that is, the area under the curve, as

illustrated in Figure 6) of a certain region in a sampling distribution,

with varying data and a fixed hypothesis.

x

y

Figure 6: Normally distributed sample of data. The red area depicts a

certain area corresponding to the p-value.

When calculating a p-value the researcher takes into account not only

the observed data, but all values that extend beyond the observed

data. (In Figure 6, the red area corresponds to all values beyond and

including 5.5 on a 1-8 scale.) When p-values are taken as a measure

of evidence, the evidence depends on things that did not happen, but

could have! As Johansson (2011) concludes, it is not in any way obvi-

ous why this should be the case, and this property of p-values is seldom

discussed or justified. If only the data actually observed should mat-

ter for the strength of evidence then, says Johansson (2011), p-values

are not valid measures of evidence. According to Dienes (2008), what

could have happened depends on subjective factors such as the inten-

tions of the researcher. For instance, if an experiment is run with 30

subjects and p is reported as .06 at this point is, the experimenter

might be tempted to run another 30 subjects. Perhaps running an
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additional 30 subjects would push p down to .04, which would count

as significant. This would be incorrect, because having tested once

at the α = .05 level, the significance can never be below .05 (Dienes,

2008).

Johansson (2011) produces quite a compelling case. It appears as if the

Fisherian view of significance suffers from a set of severe inconsistencies if

misinterpreted, which often is the case. Some of these inconsistencies may

be avoided by strictly adhering to the Neyman-Pearson–approach, though

not all of them.

6.3 The Neyman-Pearson Interpretation of Significance

In the Neyman-Pearson–approach, the interpretation of probability is an ob-

jective, frequentist, long-run one. Neyman and Pearson also did not endorse

the term ‘significance’, which was Fisher’s idea, but rather preferred ‘size of

the test’ instead. ‘Size’ never stuck with the research community, so signific-

ance is universally used (Dienes, 2008). Nonetheless, within this approach

an alternative hypothesis (H1) is required, and depending on the subsequent

p-value either H1 or H0 is rejected (Johansson, 2011). This prompts the

researcher to engange in a certain behaviour, says Dienes (2008), in which

one of the hypotheses is either accepted or rejected according to a set of

decision rules determined pre-test. In doing so, researchers are aware that

in the long run, they will be wrong to some extent, but decision rules allow

for calculating the error rates. Dienes (2008, p. 60-69) details the process

of setting up decision rules, and what follows in the below is in large part

based upon Dienes’s text.

First, two alternative hypotheses are formulated, H1 and H0. (The null

hypothesis need not be the hypothesis of zero differences, correlation, et

cetera. The null hypothesis should simply be the one which is most costly

to reject falsely.) The two hypotheses should be about population values;

the sample is used to make inferences about the population.

Next, a collective or reference class is necessary in order to calculate

probabilities. This is done by assuming H0 and imagining an infinite number

of experiments, each calculating the desired test statistic (such as t or F ).
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Then each resultant test statistic is an event in the collective. Plotting the

infinite number of resultant test statistics forms a normal distribution, due

to the central limit theorem. Dienes (2008) does not go into more detail than

this. The reader, though, having gone through the introductory probability

theory covered in previous sections, surely understands why this is!

Subsequently a rejection region specified at a certain value α must be

determined. If α is set to .05—and it usually is—then it corresponds to

the area covering 5% of the outermost tails in the imagined probability

distribution of infinite test statistics. Thus, the probability for a test statistic

value to be as extreme, or more extreme, as α, is .05, assuming the null

hypothesis is true. If a researcher settles on α = .05 and obtains a test

statistic (such as t or F ) with a value as extreme or more extreme than as

defined by the rejection region, then H0 is rejected. Follwing this is that,

assuming the null hypothesis is true, it will be falsely rejected in 5% of the

experiments, should they be run indefinitely. Hence, α is called the long-

term error rate. Falsely rejecting H0 is called making a Type I error, which

will be done in α proportion of decisions, when following the decison rules.

When specifying α it is important to keep in mind that, all things being

equal, the lower the probability of a Type I error, the lower the power, a

concept towards which we now shall direct our focus.

After settling on α, it is time to turn towards specifying β. To falsely

accept the null hypothesis is making a Type II error which, in the long run,

happens in β proportion of decisions. While α = P (rejecting H0|H0), that

is, the probability of rejecting H0 given that H0 is true, β is the probability

of accepting H0 given that H0 is false. That is, β = P (accepting H0|H0). A

term related to β is power, defined as 1− β. As with α, β is to be decided

pre-test. If one thinks of β as equally important as α, then it should be kept

at an equal level, such as .05. There are good reasons for treating β equally

to α, as Dienes (2008, p. 64) points out: “Ignoring the systematic control

of Type-II errors leads to inappropriate judgments about what results mean

and what research should be done next.” More on this later on.

Controlling β is done in two steps. First up is estimating what size

of effect (such as mean difference between groups) should be considered

interesting, assuming the underlying theory is true. In general, the larger
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the size of effect wanted, the more power is necessary. Second, an estimate

of noise has to be done. For instance, in between-subjects design, Dienes

(2008) explains, noise is the within-group variance. Greater variance leads

to less power. Systematically reviewing previous studies within the field may

guide the researcher towards correct estimations. Having decided upon size

of effect and noise, standard statistics textbooks often contain information

on how many participants are necessary in order to keep β at the desired

level.

Keeping an eye on β (or power) is of major importance, Dienes (2008)

concludes: If a study has low power, a non-significant result is worth noth-

ing in itself; it would be expected wheter or not the null hypothesis was

true. Only when β is kept at a low level (and power is high), researchers are

entitled to accept the null hypothesis, should they obtain a non-significant

result (Dienes, 2008). This is a major problem within criminological re-

search, and will be discussed further on.

The final item on the list of decision rules is specifying a stopping rule. If

adhering to the Neyman-Pearson–approach, this is done by using power cal-

culations and sticking to the suggested number of participants. Commonly,

says Dienes (2008), researchers run as many participants as is customary in

their respective field, which omits controlling power. Another approach is

to just keep adding participants until the test is significant. The problem

here—as mentioned previously—is that collecting enough participants will

guarantee a significant result eventually. Additionally, after conducting a

significance test one cannot just keep adding subjects and then treating the

data as if all the subjects were there all along. Consider an example where

two researchers collect data from 50 subjects:

Researcher A collects data from 25 subjects, but the test is not quite

significant, and so collects 25 more. Researcher B collects the same data

from 50 subjects and runs her test, which is significant. Researcher A cannot

reject the null hypothesis, because having tested the data once, the prob-

ability of two events occuring cannot be less than the probability of one of

them. Researcher B can, however, despite the two working with the same

data! The example given here is based on a similar one offered by Dienes

(2008, p. 77-79) who also goes into more detail.
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In summary, the decision rules specified above should always be de-

termined pre-test. If α is set to .05 then the only meaningful claim about

the p-value one can make is that it is either less than .05 or not. Neyman-

Pearson-statistics do not tell us how confident we should be in an hypothesis,

it do not reveal any strength of evidence for different hypotheses. It just tell

us that if we keep repeating the same experiment over and over, in the long

run we will be wrong at a predetermined rate.

In short, the Neyman-Pearson interpretation of significance leaves no

room for variable degrees of belief or evidence. Fidler (2005, p. 9) concretely

asserts that the “notion of probability as degrees of belief is not tolerated at

all by this school.” It is a method for ‘all or nothing’ decisions, controlled

at a known rate in the realm of long-run objective probability.

6.4 Collective Illusions

The term ‘collective illusions’ from Gigerenzer’s (2004) article rather well

captivates the core issues that this thesis tries to bring forward. As with

the misinterpretations of significance, Gigerenzer (2004) notes that when

follwing the ‘null ritual’, researchers rarely set up any decision rules pre-

test. The reasons behind such singled-tracked behaviour are to be found in

what the author calls collective illusions.

Gigerenzer (2004, p. 592) examplifies the dilemma in a rather amusing

section about the ficticious—yet strikingly realistic—researcher named Dr.

Publish-Perish, whose superego tells him to set the significance level before

an experiment is executed. Yet, since Dr. Publish-Perish does not want

to risk reporting a non-significant result due to his pre-experiment decision

(and thus perish rather than be published, to stretch the analogy a bit),

he cheats a little—as does everyone else—and waits until the results are in

before reporting the most fitting p-value. Dr. Publish-Perish is left with

feelings of guilt, trying to trying to satisfy both Fisherian and Neyman-

Pearson interpretations, yet fails to follow any of them.

The collective illusion, says Gigerenzer (2004), serves to make a ‘signi-

ficant result’ appear highly informative yet, it seems, few understand what

it really means.
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6.5 Confidence Intervals

As a remedy to the seemingly blind reliance on specific p-values—and over-

all misinterpretation of p-values and significance—it has been highly recom-

mended that researchers include confidence intervals when reporting their

results (APA Task Force on Statistical Inference, 1996; APA, 2001). Nolan

and Heinzen (2008, p. 535) provide a short definition: “a confidence inter-

val is a calculated interval estimate that surrounds the point estimate.” In

slightly less technical terms, if a 95% confidence interval is reported, then

95% of the times the study is repeated the population mean is expected to

be in the specified range of that confidence interval.

In addition to what has previously been mentioned about normal distri-

butions, the reader should also know that ≈ 0.95% of the sampled data will

fall within 1.96 standard deviations from the mean, assuming a standardized

distribution. The formula for calculating confidence intervals is provided by

McCluskey and Lalkhen (2007, p. 168):

x̄ = −1.96(
σ√
n

) ≤ µ ≤ x̄ = +1.96(
σ√
n

).

Due to the central limit theorem, confidence intervals approach a nor-

mal distribution, as examplified in Figure 7. Using a standardized normal

distribution of µ = 0 and σ = 1, the 95% confidence interval in Figure 7

spans from −1.96 to 1.96, corresponding to 95% of the area under the curve,

shown in red. In 95% of indefinitely repeated trials, the mean (x̄ = 0) would

be contained within this range.

Unfortunately, confidence intervals have yet to be in widespread use

within criminological research (though are very much advocated in statistics

and psychology) according to Bushway, Sweeten and Wilson (2006), who

showed that a mere 3 out of the 82 criminological articles examined reported

confidence intervals. This neglect is confusing.

Nix and Barnette (1998, p. 9), for instance, stressed the advantages of

confidence intervals well over a decade ago:

Point estimates of differences, surrounded by confidence inter-

vals, provide all the information that NHST does, but addition-

42



7 Intermission
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Figure 7: 95% confidence interval (µ = 0, σ = 1).

ally they provide the degree of precision observed, while requiring

no more data than NHST.

7 Intermission

Perhaps it is appropriate to take a moment to clarfiy a thing or two. After

all, what has been presented so far has been relatively theory-laden and

conceptual. At a glance, all this might seem as if relevant only in the domains

mathematics and mathematical statistics, or perhaps on a theoretical level

at best. Has not the hybrid theory known as NHST worked well so far?

Why should criminologists all of a sudden bother with the weird signs and

symbols of probability theory, abstract mathematical theorems and laws?

Why should criminologists bother with the history of statistics and different

interpretations of probability and significance?

For one thing, in one of few articles addressing the NHST problem in

criminological research, Bushway, Sweeten and Wilson (2006, p. 3) claim

poor use of NHST as having “negative consequences for knowledge building

in all areas of the field.” Furthermore, ignorance or slackness concerning

the correct use of α and β levels and their inherent meaning is highly inap-

propriate. Nix and Barnette (1998) review a number of power studies and

come to the following conclusion:

One can only speculate on the damage to cumulative knowledge
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that has been cast upon the social sciences when study authors

have only approximately a 50% chance of rejecting the null hy-

pothesis and getting significant results.

When researchers fail to understand the concepts of α and β, they risk

accepting the null hypothesis on questionable grounds. As observed by Nix

and Barnette (1998), half of the reviewed studies were at risk of having

wrongly accepted the null hypothesis. Consequently their results count as

non-significant and due to the publication bias that exists for significant

studies, they are not published (Begg, 1994, in Nix & Barnette, 1998). Mis-

takenly accepting the null hypothesis and—errantly—claiming to disprove

a certain intervention unfortunately often seems to be the case in crimino-

logical research (Weisburd, Lum & Yang, 2003).

7.1 A Summary of Issues With NHST

What has been detailed so far might seem as an overwhelming heap of cri-

ticism. While different authors focus on different aspects of the critique

against NHST, the core of criticism remains the same. Based on the lit-

erature detailed so far, what follows is a summary of the faulty reasoning,

interpretation and failures in methodology often associated with the NHST–

approach.

7.1.1 The Misinterpretation of Long Runs

First of all, it should be appreciated by now that the foundations of prob-

ability detailed in previous sections, such as the laws of large numbers, the

central limit theorem, and the normal distribution function—the basis for

much of statistical testing overall and the NHST approach in particular—are

all to be understood within the long-run objective frequency interpretation

of probability. A very important lesson to come from this is that object-

ive probabilities do not apply to single cases, and they can not tell us the

probability of a hypothesis. A hypothesis within the NHST approach, also

based on the long-run objective frequency interpretation, is either true or

false, just as a single event either occurs or not; it does not have an objective

44



7 Intermission

probability. The best a researcher can hope for is that in the long run, he

or she will not be wrong too many times (Dienes, 2008; 2011; Johansson,

2011). In Dienes’ (2011, p. 275) own words:

Long-run relative frequencies do not apply to the truth of indi-

vidual theories because theories are not collectives—theories are

just true or false.

Dienes (2008, p. 59) examplifies the above in a simple and understand-

able way: Imagine you have obtained some data D and have an hypo-

thesis H. You may then talk about the probability P of obtaining data

D given hypothesis H, expressed as P (D|H). For example, the probability

P (‘obtaining five heads in twenty tosses of a coin’|‘I have an unbiased coin’).

One event then consists of tossing the coin twenty times and scribbling down

the number of obtained heads. We proceed by imagining an inifinite number

of such events, enabling us to determine the proportion of events in which

we obtain five heads. The opposite, P (H|D), would read out P (‘I have an

unbiased coin’|‘obtaining ten heads in twenty tosses of a coin’. We cannot

talk about P (H|D), since there is no collective; the hypothesis is either true

or false. Even if we know P (D|H) it does not mean we know the inverse,

P (H|D).

7.1.2 The Misinterpretation of p

Just as the meaning of long runs have confounded many a researcher, Hack-

ing (2001, p. 217) makes a similar observation in discussing significance

testing. At first, he notes the ’accidental’ nature of how p-values are used

in contemporary research; for any phenomenon modeled on the normal dis-

tribution it is unusually easy to calculate 95% and 99% accuracy prob-

abilities. Before calculations were done by machines, using 95% and 99%

became standards for comparison, just because they were easily calculated.

Nowadays, Hacking (2001) continues, p-values corresponding to 95% and

99% accuracy probabilities (that is, p = .05 and p = .01, respectively) are

sometimes mindlessly calcuculated and presented in studies without under-

standing why.
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Hacking (2001) finds support in Nix and Barnette (1998), who assert that

easy access to p-values via statistical software has led to misunderstanding

and misuse of the information, and confusion about the meaning is often

reasserted in the litterature. Their statement is made painfully obvious when

accounting for Oakes’ (1986) and Haller and Krauss’s (2002) studies about

teacher’s, scientist’s and student’s understanding of significance. Hacking

(2001, p. 217) insists that researchers must keep in mind that getting a

p = .01 means nothing more than:

Either the null hypothesis is true, in which case something un-

usual happened by chance (probability 1%), or the null hypo-

thesis is false.

Yet reliance on p = .05 and p = .01 is the standard way to go. Hacking

(2001) notices how articles in both psychology, psychiatry, sociology, eco-

nomic geography, history and political science cling to the .05 and .01 levels

when reporting significance. Of course, strict adherence to the Neyman-

Pearson–approach would eliminate this, because even though α and β levels

are to be determined pre-test, they are not predetermined per se; it is up to

the researcher to estimate the proper α and β levels, preferably in relation

to previous theory. Adhering to decision rules does not appear to be com-

mon practice as evident by the popularity of the NHST hybrid which, as

mentioned earlier, leads to an increased risk of drawing unfitting inferences.

As a remedy—partial at least—reporting confidence intervals is highly re-

commended (APA, 2001).

7.1.3 The Neglect of β

While in the previous section focus was on the problem with p and the

related α, perhaps even worse is the neglect of β and power. In the Bush-

way, Sweeten and Wilson (2006) study, the authors examined a total of 82

criminological articles. In terms of Type II error control, their results are

worrying:

In the articles examined, there was virtually no consideration of

Type II error (falsely accepting the null hypothesis). Less than
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a third of the authors mentioned the issue of power, and only

two out of 82 articles included a power test. (p. 12)

Bushway, Sweeten and Wilson (2006) note that none of the examined

articles from Justice Quarterly nor from Criminology conducted a power

test, and are forced to conclude that authors simply do not provide an

analytic discussion in terms of their ability to find meaningful differences.

Nix and Barnette (1998) credits the neglect of β and power due to the

emphasis on Type I error control (that is, emphasis on α and p), which is a

concept much easier to teach—and still, so many get it wrong!

7.1.4 The Problem of Null Hypotheses

In similar vein as β neglect, the disregard of decision rules and thus utilizing

null hypothesis testing encourages weak theorizing. Dienes (2008) cites this

as the most important criticism of signifiance testing, referring to an article

by Meehl (1967). In the article, Meehl (1967) compares how theories are

tested in psychology and physics; a ‘soft science’ compared to a ‘hard sci-

ence’. One of the major concerns reported by Meehl (1967) is that, unlike

in physics, psychologists tend to use point-null hypothesis rather than dir-

ectional null hypothesis. The former is the traditional null hypthesis of zero

differences, zero correlation, and so on. The latter is directional in the sense

of theorizing that, for instance, the differences between men and women in

fear of crime is that women are so-and-so much more fearful than men. The

predicted difference could be, perhaps, what women report µ = 6 and men

µ = 3 on a 1 − 7 point scale, that is, a mean difference of x̄ = 3. This

is how it is done in physics, and also how it should be done in psychology,

according to Meehl (1967). Granted a bit of extrapolation, that is also how

it should be done in criminology.

Meehl’s (1967) article is interesting, because as quoted in the introduc-

tion, Hacking (2001, p. 216) calls psychology the “heartland of significance

testing.” So why are they still stuck in old ways? Because, says Hacking

(2001), in a deep, theoretical way, we understand nothing about human psy-

chology, hence the reliance on lots and lots of purely empirical experiments.

Experimentation without theory is not going to do much good, though, and
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that point-null hypotheses are (quasi-) always false in biological and social

science is a universal agreement, according to Meehl (1967, p. 108). Meehl

(1967) claims that any dependent variable of interest mainly depends on

what he calls “strong” variables, the accumulated results of the subjects’

genetic makeup and learning histories, in addition to influences due to the

experimenter. Acknowleding the above, what good is assuming a null hypo-

thesis of zero differences? It makes no sense.

7.2 The Next Step

A few things should have been achieved this far. The reader should have

aquired a novel yet for current purposes adequate knowledge of the history

and foundations of elementary probability theory and statistics. The reader

should understand how investigations into probability and chance during the

seventeenth century subsequently led to advancements in statistics, and that

the prevailing methods of statistics have changed over the past centuries,

leading up to the point of NHST dominance—a hybrid method filled with

inconsistencies, leading to ritualistic behaviour. Furthermore, the reader

should be aware of some of the main concerns frequently encountered when

researchers apply the NHST method; the misinterpretation of long runs, the

misinterpretation of p, the neglect of β and the problems associated with

null hypotheses.

Assuming the above is accomplished, the reader is well prepared for part

two of this thesis—applying what have been covered so far in an analysis

of criminological articles, similar to the study by Bushway, Sweeten and

Wilson (2006).
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Analysis

8 Method

The method applied in this part of the thesis would perhaps be most ad-

equately described as content analysis. The term ’content analysis’ itself

dates back around sixty years, says Krippendorff (2004), who claims the

term first appearing in English in 1941, subsequently being included in the

1961 edition of Webster’s Dictionary of the English Language. From a histor-

ical standpoint, the first well-documented usage of the method dates back

to eighteenth century Sweden and the analysis of religious hymns (Krip-

pendorff, 2004). In any case, there are perhaps as many definitions of the

method as there are textbooks who teach it. Krippendorff (2004, p. 18,

emphasis removed) offers one:

Content analysis is a research technique for making replicable

and valid inferences from texts (or other meaningful matter) to

the contexts of their use.

Julien (2004, p. 121) provides an alternative:

Content analysis is the intellectual process of categorizing qual-

itative textual data into clusters of similar entities, or concep-

tual categories, to identify consistent patterns and relationships

between variables or themes.

While an exact definition is not required for the purposes of this section,

it should be acknowledged that content analysis originated as a quantitative

method, Julien (2004) explains, employed in a deductive fashion to generate

frequencies of predetermined categories or values related to certain variables.

Such a way of working largely coincides with how the method of analysis

was envisioned in the thesis’ planning stages.
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Taking advantage of the fact that content analysis is, according to Julien

(2004), a very flexible method, modelling the approach used in this thesis

on the Bushway, Sweeten and Wilson (2006) article seemed appropriate.

Ergo, two items require definition; a sampling frame deciding which articles

to include in the analysis and a coding protocol dictating the operational

procedure of content analysis.

8.1 Sampling Frame

The articles were chosen for examination based on two criteria. First of all,

they were to originate from a prominent journal in criminological research

while being published within a defined time-frame. Second, they should meet

the eligibility demands of the coding protocol; be “quantitative in nature”,

utilize some sort of NHST method, and report some kind of significance test.

The journal of choice was Criminology, the offical publication of the The

American Society of Criminology. The journal is interdisciplinary in nature

and according to its description, emphasis is on empirical research and sci-

entific methodology (The American Society of Criminology, 2012), rendering

it ideal for the purposes of this thesis. Criminology is also identified as a

leading professional journal in the field of criminology, ranking second out

of 50 in its field with a JCR impact factor of 2.467 (JCR Social Science

Edition, 2011).

Due to time constraints, only articles published in the four issues of

Criminology ’s 2012 volume 50 were included. Volume 50 consists of 32

articles in total, 9 out of which did not meed the eligibility demands. The

total number of articles included was N = 23. As with Bushway, Sweeten

and Wilson (2006), it is properly acknowledged that the articles included

represent more of a snapshot rather than an overview, though it would be

surprising if the articles included differ substantially from those published

in surrounding volumes.

8.2 Coding Protocol

The coding protocol was created based on the theoretical overview detailed

in Part I and is primarily adapted from the conlusions and suggestions
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found in Nix and Barnette (1998), Gigerenzer (2004), Bushway, Sweeten

and Wilson (2006), Dienes (2008; 2011) and Johansson (2011). Utilizing the

authors’ recommendations and based on their results a set of questions were

formed:

1. Did the article avoid interpreting results as confirmation of individual

theories or hypotheses? When utilizing the NHST approach, it should

be obvious that the results do not determine truth of individual hypo-

theses or theories. If researchers equate ‘significant’ with ‘true’ then

something has gone wrong. Methodologically, this question was in-

deed difficult to evauluate and should perhaps be viewed as the most

subjective. Nonetheless, articles were judged based on post-results

discussion. An example would be that if words or sentences such as

‘clear evidence’, ‘truth’ or ‘fact’ were used in relation to hypothesis

testing or theory, the article would score a ‘0’.

2. Did the article mention a specific α level pre-test, instead of relying

on the conventional α = .05 or α = .01 levels? The .05 and .01 levels

may be convenient, but α should always be determined pre-test and

in accordance to theory. When evaluating this question, focus was

primarily centered on the article’s methodological section.

3. Did the article mention a specific β level pre-test, in order to avoid

Type II errors? As with α, determination of β should always be done

pre-test, in accordance to theory. As with previous item, focus was

centered on the article’s methodological section.

4. Did the article avoid interpreting p as strength of evidence? An ex-

ample of this would be that “p = .04 approached signifiance”, or that

“p ≤ .01 was highly significant”. Since the only inference a researcher

may draw from p is that it is either above or below α, it has nothing to

do with strength. Evaluation of this item was done by text searches for

relevant words, such as ’significance’ and ’significant’, and examining

the context in which they appeared. Only one misinterpretation was

required to score a zero on this item. It might be argued that simply

relying on the conventional α = .05 or α = .01 levels of significance
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suggest an interpretation of strength. While this of course could be

the case, it is possible that authors understand the concept of p but

adhere to conventional levels out of habit or editor’s demands. The

reader should have this in mind when results are presented.

5. Did the article make use of confidence intervals when reporting results?

Reporting confidence intervals has been highly recommended as an

addition to NHST to complement its shortcomings, especially when

reporting null findings.

6. Did the article perform a pre-test power analysis in order to determine

sample size? Keeping power up by including a sufficient amount of

subjects is vital to avoid Type II errors. Conversely, including too

many subjects will render any test significant. A proper study duly

runs its power analysis pre-test, then sticks to the appropriate number

of subjects. Evaluation of this item was done by text searches for

relevant words, such as ‘power’ and ‘sample size’, and examing the

context in which they appeared, granted they appeared at all.

7. Did the article include a post-test discussion of power? Even though

pre-test power analysis might not be included, some researchers do per-

form a post-test power analysis, or at least discuss the study’s power

post-test. Whie it is not the optimal procecdure and does not allow

for altering the number of subjects included, a post-test discussion of

power might offer useful information.

8. Did the article specify proper null hypotheses, instead of relying on

point null hypotheses? Considering the arguments given by Meehl

(1967) detailed above, a hypothesis of zero differences makes no sense.

The null hypothesis should both be directional and include an estimate

of necessary effect for considering a result significant.

The instrument developed by Bushway, Sweeten and Wilson (2006) con-

tained 15 questions in total. Such a number, unfortunately, would make

the analysis too time consuming when considering this thesis’ limits in time

and space. Nevertheless, the Bushway, Sweeten and Wilson (2006) article
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did show that in the 82 articles examined in their study, there was vir-

tually no consideration of Type II error, less than a third of the articles

mentioned power and only two articles included a power test. What is

more, only slightly more than a third of the articles examined by Bushway,

Sweeten and Wilson (2006) managed to avoid using the word ‘significance’

in ambiguous ways, and as mentioned earlier, just three articles reported

confidence intervals. The instrument developed for this thesis have focused

on those issues.

The content analysis was done by examining each article and answering

the questions. Answers were coded 1 for ‘yes’ and 0 for ‘no’, resulting in a

minimum score of 0 and a maximum of 8. A higher score indicates a more

sound usage and interpretation of probability and statistics.

9 Results

All in all, the articles examined did not score very high on the coding pro-

tocol, as demonstrated in Table 3.

Table 3: Descriptive statistics for the number of correct answers (N = 23).

Mean Median Mode Minimum Maximum Std. Dev.

1.39 1 1 0 4 1.03

By far the most correctly answered question was number four; avoid-

ing intepretation of p as a measure of strength. It should be noted here

that every article included relied on the conventional α = .05, α = .01 or

α = .001 levels of significance, as evident by the absence of correct answers

for question two. As previously mentioned, such reliance might count as in-

terpreting p as a measure of strength, although not necessarily so; the reader

is encouraged to make his or her own subjective judgement. Ranking second

for most correct answers was question one; avoiding interpreting results as

confirmation of individual theories or hypotheses. Judging question one was

highly subjective—a problem already addressed—and so the results should

be interpreted with caution.
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Table 4: Overview of correct answers. Blank space indicates ’0’.

Question

Article 1 2 3 4 5 6 7 8 Σ

1 1 1 2

2 1 1

3 0

4 1 1

5 1 1

6 0

7 1 1

8 1 0

9 0

10 0

11 1 0

12 1 1 2

13 1 1

14 1 1 2

15 1 1

16 1 1

17 1 1 1 3

18 1 1

19 1 1 1 3

20 1 1 2

21 1 1 2

22 1 1 1 3

23 1 1 2

Σ 8 14 3 6
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What is worse is that none of the examined articles determined α and β

levels pre-test, nor did any of the articles formulate directional, effect estim-

ated null hypotheses. A mere three articles reported confidence intervals,

and just six articles included some kind of post-test power discussion. (One

article did include a pre-test discussion of power, although no result was

presented.) Table 4 offers a more complete overview of how the articles

were judged on each question.

Conclusions

10 Analysis Discussion

The objective of Part II was to review a selection of criminological articles

and examine their application of and inferences drawn from statistical meth-

ods. Results showed that overall, the articles examined did very poorly when

judged according to the coding protocol.

What is most distressing is probably be the complete lack of properly

specified null hypotheses, as requested by Meehl (1967), in addition to the

neglect of decision rules demanding α and β to be determined pre-test.

Although perhaps a case of old habits, adherence to the decision rules puts

pressure on the researcher to do a more thorough analysis of previous studies

and theory, so that α, β and the directional, effect estimated null hypothesis

are all set at appropriate levels. The same goes for power analysis and sample

size; as mentioned, any test will reach significance if enough participants are

included and specific effect sizes are ignored.

While confidence intervals serve to ameliorate the shortcomings of NHST,

all but three articles failed to include them. If NHST is to be the method

of choice, researchers should at least try to make the results as informat-

ive as possible—that includes the use of confidence intervals. Reporting

confidence intervals around an effect—complete with a discussion about the

relative power of the test to identify such an effect—is, as Bushway, Sweeten

and Wilson (2006) emphasize, essential for a sound evalutation of a study’s
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value. Likewise, Weisburd, Lum and Yang (2003) urge criminological re-

searchers to adopt better defined and more rigorous standards for reporting

statistical results.

The scores from question one, relating to the interpretation of results

as confirmation of individual theories or hypotheses, might—even though

judging was highly subjective—be regarded as the most central question

when actual policy making is considered. Indeed, eight articles were judged

as avoiding such interpretation. However, fifteen articles remain whose ques-

tionable interpretation of results may influence policy makers’ decisions in,

as Weisburd, Lum and Yang (2003) accentuate, their quest for programs,

policies and treatments ‘that work.’ Ultimately, Weisburd, Lum and Yang

(2003, p. 45) remain hesitative about NHST in general:

Irrespective of the quality of reporting practices, the general

form of null hypothesis statistical testing does not allow a clear

method for coming to a conclusion that an intervention does not

work.

Once again an effect estimated null hypothesis is suggested by the au-

thors, acting as a minimal threshold for the effictiveness of a program. Yet

during the near decade that has passed between the publishing of Weisburd,

Lum and Yang’s (2003) article and the writing of this thesis, there is no sign

of such null hypotheses appearing.

11 The Key Issue

As hopefully has been made clear and simple from the results of this thesis’

analysis in combination with previous research, the key, discernable issue

is the improper way statistical methods are employed and subsequently,

how results are interpreted. Assuming that—as their discription claims—

Criminology is focused on empirical research and scientific methodology, the

results presented in Part II should unhesitatingly be concerning to crimin-

ological researchers. It gets worse; Weisburd and Piquero (2008) examined

empricial tests of criminological theory published in Criminology between
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1968 and 2005. The authors discovered that the explained variance was very

low—between 80 and 90 percent was left unexplained—and that there has

been no improvement over time.

Call it ‘collective illusions’, ‘the null ritual’, old habits, strict obedience to

editors’ demands, or quite simply ignorance or lacklustre teaching; however

labelled, the preceding analysis showed that the statistical methods and

interpretations employed in articles from a top tier criminological research

journal still leave a great deal to desire. No pre-test determination of α

and β, no pre-test power analysis, no directional and effect estimated null

hypotheses, and just three articles reporting confidence intervals. While

obviously manifest in various forms and to different degrees, the ‘collective

illusions’ about how to perform statistical tests and how to interpret and

infer meaning to results are still observable, thus still may influence policy

makers in search of ‘what works’, and thus still may affect the lives of others.

Researchers employing quantitative methods believe they are mimicking

the natural sciences, says Matthews (2010), and quantitative methods are

adorned for their ’predictive abilities’ (Worrall, 2000). Meanwhile, Giger-

enzer (2004) asserts that the method of NHST is not how it is done in

the natural sciences, nor would NHST be accepted as appropriate usage

of statistics by Fisher nor Neyman-Pearson. Any predictive qualities that

quantitative methods may have are—without a doubt—lost if the researcher

fails in the correct implementation of method and interpretation of results.

In fact, as far as predictions go, the only predictive qualities that arise from

NHST is that should the test be repeated indefinitely and under the same

circumstances, then researchers will be wrong at a predetermined rate.

Furthermore, within the long-run, objective frequentist interpretation

of probability on which NHST is based, to confirm individual theories or

hypotheses is out-and-out wrong. Nix and Barnette (1998) even goes as

far as to claim that NHST have hindered rather than advanced the social

sciences in its quest for verisimilitude and increased knowledge.

Nevertheless, it should be remembered that NHST has acquired a dom-

inant status to say the least, with some solid adherents (McDowall, 2010, p.

430): “No reason exists to doubt that quantitative criminology will continue

to grow and develop in the future.”
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12 Towards Statistical Enlightenment

It is perhaps wise to acknowledge the fact that NHST is likely to remain

prevalent, at least for the foreseeable future. What, then, might be done to

improve the current situation? Change is perhaps best sought in a long-term

perspective. Thus drawing upon the conclusions, discussions and results in

articles and studies so far reviewed—not to forget the results from Part

II—there seems to be two, not necessarily incompatible paths away from

collective illusions and towards statistical enlightenment:

12.1 Thoughtful Application and Interpretation

Bushway, Sweeten and Wilson (2006) argue not for abandonment of NHST

but for more thoughtful application—an approach also endorsed by Weis-

burd, Lum and Yang (2003) who suggest clear, precise descriptions of results

followed by cautious conclusions.

Students should be made aware of the decision procedure of determining

α and β pre-test, as well as make a habit out of conducting pre-test power

analyses to determine sample sizes and aiding in formulating directional,

effect estimated null hypotheses. Furthermore students should also make

sure to include effect sizes and confidence intervals, in order to render NHST

results as vindicated as possible.

Moreover, teaching students the essentials of probability theory and the

history behind probability and statistics—for instance, in a way that has

been attempted in this thesis—would hopefully rid them of any preconcep-

tions they might have. Realizing how the NHST hybrid rose to prominence

might serve as an eye-opener and hopefully result in more thoughtful ap-

plication of its methods. Furthermore a novel understanding of probability

theory might ameliorate student’s understanding of the long-term, objective

frequency interpretation that so many statistical methods are based upon.

In the end, students should be able to correctly interpret p-values and not

fall in the trap of interpreting results as confirmation of single hypotheses

or theories.
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12.2 Realization of Alternatives

Gierenzer (2004) reminds us that inductive inference has no single solution,

no uniformly most powerful test nor any method that works for every prob-

lem. What we have—by way of statistical theory—is a toolbox of different

instruments. If students gain knowledge about the wealth of alternatives

that exist they will also learn how to make judgements, says Gigerenzer

(2004), and not before long students will realize that a competent, trans-

parent descriptive analysis of data often is all that is necessary. Such an ap-

proach is very much preferable to the routine choice of complex and opaque

statistical methods, according to Gigerenzer (2004).

As for alternatives, Dienes (2008) provides an excellent introduction—

relieved of mathematics—to Bayesian statistics and Likelihood inference. In-

troductory texts on Bayesian statistics are also available from Dienes (2011)

and Kruschke (2011). Both Bayesian statistics and Likelihood inference sub-

scribe to a subjective interpretation of probability and thereof puts more

pressure on the researcher in formulating relevant hypotheses and research

questions.

Rouder, Morey, Speckman and Province (2012) cite Bayesian statistics,

or more correctly Bayes factors, as intellectually more appealing than the

conventional and ubiquitous p-values. The upshot of Bayes factors is that

they provide a way of measuring data generated evidence from different

theoretical positions, thus allowing for accumulating evidence for the null

hypothesis. Rouder et al. (2012) admit that the adoption of Bayes factors

has been slow, chiefly because there has been little practical development

of ready-to-use formulas and algorithms, and researchers typically do not

possess the skills to develop their own. Fortunately, the Rouder et al. (2012)

article was written to rectify this problem and offer—though quite heavy

on the mathematics—an objective approach to the problem, complete with

associated algorithms for Bayes factor computation.

Still, there are more alternatives beyond Bayesian statistics or likelihood

inference. Nix and Barnette (1998) note that in the past, the shortcom-

ings of NHST were tolerated because of sheer lack of alternatives. Such is

not the case anymore, the authors claim; effect magnitude measures, replic-
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ation measures and meta-analytic studies have left their embryonic stages

and evolved to maturity, thus ripe for scientific application. For instance,

both Rosenthal and DiMatteo (2001) and Field and Gillet (2010) provide

clear-cut instructions on how to do a meta-analysis. When assessing the

impact of a specific theory or intervention that previously has shown incon-

sistent outcomes, a meta-analysis allows researchers to arrive at conclusions

more accurately than possible when reviewing single articles. Moreover,

meta-analysis prevents exaggerative reliance on the significance of single

tests, instead allowing small and non-significant effects to accumulate to-

wards generating an overall picture, Rosenthal and DiMatteo (2010) claim.

It stands to reason that if researchers admit the shortcomings of NHST

and are open for alternatives, perhaps the advancement of social science no

longer will be hindered. To aid us in this endavour, we are left with some

comforting words from Gigerenzer (2004, p. 604) . . .

We need some pounds of courage to cease playing along in this

embarrassing game. This may cause friction with editors and

colleagues, but it will in the end help them to enter the dawn of

statistical thinking.

. . . and from Nix and Barnette (1998, p. 13):

The loss of NHST techniques will not mean that older studies

are meaningless. In fact, many studies that have failed to pass

the NHST test and were not published or presented can be re-

surrected and updated with effect size measures. As a result, the

loss of NHST will not retard the growth of scientific knowledge

but will, ironically, advance scientific knowledge.

13 Metaphysical Considerations

Whether NHST should be abandoned or not, whether focus should be dir-

ected towards more thoughtful application or the realization of statistical

alternatives, it must be acknowledged once again that the dominant posi-

tion of quantitative methods in criminological research seems to have less
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to do with researchers’ thoughts on which method is best suited for a given

problem, and more to do with both personal, political and social orientations

(Hanson, 2004; Tewksbury, DeMichele & Miller, 2005).

The main problem within the social sciences is, according to Matthews

(2010), centered around the opposition between realism and empiricism and

at present dominated by positivist and empiricist forces. Kincaid (1996) ar-

gues that much of contemporary social science actually sees methodological

individualism as its official methodology. However, how to define methodo-

logical individualism is a contested subject, says Jepperson and Meyer (2011,

p. 57), with interpretations ranging from “an all-purpose and self-sufficient

matrix for social theory” to “only one of a set of various complementary-

and-competing theoretic imageries.”

From here on, things get a bit more complicated, and though not the

primary focus of this thesis, the interrelated nature of methodological choices

and empistemological and ontological assumptions is important to acknow-

ledge. Hopefully, the reader have seen hints of such interrelatedness through-

out the text, most evidently in the section on the history of statistics: Ad-

olphe Quetelet’s work provided the core of postitivist epistemology in crim-

inology under influence of, for instance, John Stuart Mill (Fienberg, 1992).

When positivist criminology spread to the United States in early twentieth

century it continued to energize what Harcourt (2006) calls the ‘individual-

ization movement’ in crimnological theory, further instilled with positivist

influence from Lombroso and Ferri. The consequences of individualization

and the impact reflected onto criminological research is further clarified by

Hogeveen and Woolford (2006, p. 688), alluding yet again to the fact that

the question of methodology is but part of a set of broader issues:

The experience of living in a transient, unsettled, neo-liberal

world of globalization, deregulation, and individualization provides

the ontological context in which the criminological enterprise is

located.

Armstrong (1978) maintains that materialistic assumptions leads to em-

piricism in practice; an observation already made by Lloyd (1905) over a

century ago.
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With this in mind, the suggested route towards statistical enlightenment

depends, perhaps, first and foremost on the preservation or abandonment of

materialistic assumptions—be they explicit or not. Weisburd and Piquero

(2008) creatively compare the causes of criminality to the causes of changes

in weather; chaos, randomness, and difficult—some would say impossible—

long-range forecasts. Criminality is as any social behaviour, and just like the

weather, an unhesitatingly complex phenomenon. Reducing such complex

phenomena to statistical methods may be an impossible aspiration. Katz

(2002, p. 260) argues that crime is a form of social interaction, manifested

in itself through other forms of social interaction, and not produced by

other ‘orders of being’ such as economics, psychological factors or power

structures:

Close description of what actually goes on in the moments of

committing a wide range of common crimes will show the inad-

equacies of rationalist, economic, materialist, and demographic

explanations of crime.

In derating the lack of theoretical approaches, Weisburd and Piquero

(2008) direct attention towards the development of theory. Instead of inex-

haustibly keep trying to statistically explain variance, Weisburd and Piquero

(2008) suggest that the low levels of variance explained in criminological

theories perhaps are related to poor methodology or measurement, not to

limitations in theory. Unfortunately, Katz (2002) indicates that theories in

social sciences usually are structured only implicitly while focus still remains

on the manipulation of data.

Situated in middle ground, Feilzer (2010) advocates a rationale of prag-

matism as a response to the ‘paradigm wars’ and the quantitative versus

qualitative debate. Feilzer (2010) suggests mixed methods; an integration

of quantitative and qualitative methods that does not fall comfortably within

either of the inherent ontologies at each end of the methodological spectrum.

Unfortunately, if one adopts a pragmatic approach then the philosophy of

science is perhaps best left for others to worry about. Then again, Worrall

(2000, p. 357-359) argues that while both quantitative and qualitative meth-

ods are instrumental in the proccess of generating knowledge, “their goals
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and strategies are worlds apart, and the knowledge each seeks to produce

differs significantly”, rendering a pragmatic approach difficult. In conclu-

sion, Worrall (2000, p. 359) does admit to the adoption of positivism in

quantitative research while also acknowledging the ‘qualitative search’ for

Weber’s verstehen, or empathetic understanding. Yet still, Worrall (2000,

p. 359) fails to realize the ‘bigger picture’ when he states the quantitative

versus qualitative debate to be a fruitless endeavour, since “research goals

ultimately determine which methodology is employed.”

In the end, one might conjure two overarching solutions:

1. The low success rates of statistical methods are due to misinterpret-

ations and faulty implementation of statistical methods, as has been

the focus of this thesis. In order to rectify the situation, the statistical

methods should be altered, refined or dropped in favor of alternatives.

Alternatives may also (at least partially) be quantiative in nature, thus

preserving the ontological and epistemological assumptions already in

place.

2. Statistical methods are not the way to go and the materialist, empir-

icist, positivist and individualist assumptions need to be abandoned.

Focus should turn towards a holistic ontology, encompassing qualitat-

ive methods and theory building.

The decision of which route seems more promising is left for the reader

to make. In any case, to completely disentangle the intricate web of quant-

itative methods in relation to larger issues of ontology and epistemology is

left as a suggestion for further research. It should be a promising endeav-

our! As this thesis moves towards its end, the reader is left with the issue

of ontology poetically manifested in the following century old passage from

Lloyd (1905, p. 727):

Is history losing its human character and interest? Is it becoming

more and more a natural science, a mere record of natural causes

and effects, less and less a story, artistic and dramatic, of what

men and nations by dint of the will and might and coursing blood

within them have now and again achieved?
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