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An introduction to the smplerole of numbersin social science research

Stephen Gorard, Ken Prandy and Karen Roberts
Cardiff Univergity School of Socid Sciences
Gorard@cf.ac.uk

This paper arose as part of our work for the ESRC-funded Teaching and Learning Research
Programme Research Capacity Building Network (L139251106). Further information about the theme
entitled ‘' The smple role of numbers can be seen on our website www.cf.ac.uk/socsi/capacity, which
aso presents details of the other capacity building themes. Themes that may be of particular interest to
readers of this paper include the role of interventions in educationa research, complex datigtica
andyss, and combining data from different methods. These topics are not covered in this paper.

Introduction

Not everyone understands why prices are as they are in shops, but everyone can check their change in
a shop. A dmilar Stuation arises in research. Not al researchers will want, or be able, to conduct
complex datistical analyses. Indeed, there is no need for them to be able to do so. But this is very
different from an appreciation of the smple role of numbers in research. This paper isintended to show
that confidence in dealing with numbers can be improved, Smply by learning to think about them, and to
express them more naturdly. The paper dso shows that a variety of important Stuations, rdevant to
educational research, ae being routindy misunderstood (athough the examples themsdves are taken
from a variety of fields, especidly hedth research where there has been a sronger ‘quantitative

tradition in the UK). The ignorance of fase postives in diagnoss, the abuse known as the prosecutor
falacy, the politician’s error, missng comparators, pseudo-quantification and many other symptoms of
societal innumeracy have red and tragic consequences. They are part of the reason why no citizen, and

certainly no researcher, should be complacent enough to say ‘I don’t do numbers'.



The paper dso shows that much of ‘gatigtics, as traditiondly taught, is of limited use in much current
educational research. If research does not use a random sample then significance tests and the
probabilities they generate are rather meaningless. It is, therefore, pointless for al researchersto learn a
greet ded about such gatigtics. Thisis especidly so given that there is such genera misunderstanding of
the much ampler role of numbersin research. Papers are till being published using complex techniques,
such as multi-level modelling, to overcome limited biasin their sample, but expressing changes over time
using differences in percentage points (for example, see below). The latter is a more important problem,
but it appears as though the use of a complex technique becomes a kind of magic bullet for some.
Actudly, most of the data we generate in our research is approximate and rough, and even the most
elaborate Satidicd trestments cannot overcome this. Long term what we need, therefore, is to create
better datasests preferably through active approaches such as experiments, and to ensure that our
treatment of these datasats isfirgt of dl smple and robust. ‘ One of the most tempting pitfdls... isto use
over-sophidticated techniques' largely because the computer makes it so easy (Wrigley 1976, p.4). The
most complicated Statistical gpproaches cannot overcome irrationdity, lack of comparators, or pseudo-
quantification. Everyone needs to know more about numbers to overcome problems of reporting (such
as missing denominators, or unspecified averages). ‘I am not taking here about high leve datidticd

ills... [but] concerned more with data and data quality than endless dtatidtical tests' (Plewis 1997,
p.10). Perhaps it is time for some of those who use complex techniques somewhat mindlesdy to re
assess the ample role of numbers, as wel as time for those who refuse to use numbers a dl to find out
what they are missng. Educaion managers and practitioners ded with issues of risk assessment

routinely, and sometimes, perhaps, unconscioudy. It is certainly important thet practitioners and policy-

makers, who use the research evidence of others, have a better idea of its warrant (Schagen 2002).

With a good dataset, analysis is usudly rather easy. For example, given data for a population there are
no probabilisic caculations necessary, no tests of significance, confidence intervals, and so on.
Smilarly, running a smple experiment, for example, with two large randomly selected groups and one
outcome measure means that al you need to do is compare the scores of one group with the scores of
the other in order to produce an effect Sze. The key isto have the comparator to make the comparison
with — an obvious point perhaps but one that appears to have euded severd writers in the field of



educationd research. Without a comparison we must end up with an incomplete consideration of the
plausble dternatives. The danger of this has been seen in a number of areas, such as disaster anayses.
Component temperature analyses of the space shuttle flights in which problems occurred gave no clueto
the cause of the Chdlenger disaster, but when scientists looked instead at flights in which no problems
occurred the issue became clear (Dawes 2001).

Why we all need numbers?

On the one hand, both of the clams above (the smplicity of usng population data and comparison
groups) mean that the role of numbers in research can be fairly basic. On the other hand, thereis ill so
much misunderstanding of even this smple role of numbers that it seems a key place to sart our co-
operative venture of capacity building. This should not be taken to mean that only smple approaches
should be used, or indeed that only numbers should be used. No one method, or type of method, is
intringcaly superior to any other. Rather, different methods are differentialy suitable for answering
specific kinds of questions. Therefore we should not aways rule out Smple methods in favour of more
complex ones, nor rule out working with numbers. If you are redly trying to find out something then you
will use dl and any means available to you - and these will naturdly involve some numeric information.
Some people have suggested that there should be more statistical (‘quantitative) studiesin socia science
research because this form of evidence is intringcally preferable and of higher quality than other forms.
On the contrary, one reason to encourage a greater awareness of atigtica techniques among dl
researchersis that quantitative work is sometimes poor, but largely unchecked. But even thisis only one
of many reasons why all researchers should learn something about techniques for research involving

numbers.

So we won't get fooled again

The first and most obvious point is that the process of research involves some consderation of previous

work in the same fidd. All researchers read and use the research of others. Therefore we need to



develop what Brown and Dowling (1998) refer to as a 'mode of interrogation’ for reading and using
research results. If we do not have any understanding of research techniques involving numbers then we
must either accept dl such results without question, or ignore al such results. In practice, many
commentators attempt to create a middle-way of accepting some results and reecting others even
though they do not understand how the results were derived. This usudly means that results are
accepted on the bags of ideology, or of whether they agree with what the commentator wants to

believe. Thisis not asocid scientific gpproach to research.

Context is everything

Whatever your choice of primary method, there is a good chance that your research will involve
numbers, at least a the outset. Y ou may wish, for example, to document the experiences of the growing
number of homeess people from ethnic minority backgrounds. Whatever gpproach you intend to use
(participant observation, focus groups, anthropology, and so on) you should start fom a quantitative
bagis. In order to direct your search you would use as much information as is available to you from the
outset. You need to establish not only how many homeless people there are, but also where they are,
how the socio-economic and ethnic patterns of these groups change over time and space, and so on.
Such figures, termed 'secondary data, dready exist, and therefore a preiminary andysis of them is the
best place to gart any study. Only then can you sensbly sdect a smaler group (a ssmple) for more
detailed sudy. Exigting figures, whatever ther limitations, provide a context for any new study which is
asimportant as the 'literature review' and the 'theoretical background'.

Some techniques are common to all research

The choice and use of a sample, for example, is a common phenomenon in dl kinds of research usng
many different gpproaches to data collection and andlysis. It is not specific to what have traditiondly
been considered as quantitative designs. Similarly, once a discipline or fidd, like socid science, is
meature enough then some of its arguments can be converted into forma structures involving numbers
whatever their origind bass (Boudon 1974). This helps to reduce ambiguity, clarify reasoning and

reved errors.



Afalse dualism

It is actualy impossible to conduct purdly ‘quaitative or purdly ‘quantitative work. Both gpproaches
rely heavily on each other. Petterns are quantitative in nature, while measurements are of qudities, for
example (see below). We would be better off abandoning this false dualism, and its associated, and
wasteful, paradigmatic strife (Gorard 2002).

Because it is easy

Above dl, it is important to redise that what is termed ‘quantitative’ research is generdly very easy.
Much andyss in socid science involves nothing more complex than addition or multiplication - primary
school arithmetic in fact. Even this, dong with any more complex caculations, is generdly conducted by
a computer. There is no need for a paper and pencil. There is no need to practice any sums, or
memorise anything. The important thing is to think about the numbers you use, and the socid and
psychologica processes they are intended to represent.

Bread-and-butter issues

Before continuing to look a some key issuesin the smple use of numbersin socid science research, the

paper first deds with afew basic ideas about numbers and measurement.

What is a measurement?

Everyone knows that measurement is about ‘ the assgnment of numbers . What we measure are

quantities and they are, wdl, quantitative, and that means they must involve numbers.

The idea in the statement above underlies much of what is taught and bdieved in the socid and
behavioural sciences. It has its roots in the work of the naturd sciences, ard in most everyday dedings



with the materid world. Unfortunately, it involves a basc misunderstanding of the idea of quantity and
leads to widespread practices that can only be described as pseudo- quantification (Prandy 2002). The
most notorious example of thisis 1Q and the daim that ‘intdligence is what 1Q tests measure. The
problem, though, is not, as is usudly argued, whether 1Q tests measure intelligence, but whether they
redly measure anything a dl, in the sense of establishing a quantity?

Fundamentdly, a quantity is based on rdaions defined by a quality, in the sense of a quditative
observation. Take the smple example of measuring length. This is centra to our understanding of the
materid world in which we exist. ‘Space’ and associated terms aso serve as a metaphor for much of
our conceptudisation of that world. For darity’s ske, let us imagine away dl we think we ‘know’

about length, distance and so on. We may, therefore, start with only the vaguest intuition, that we might
have as a result of experience (our ‘theory’), that objects have a property of ‘longness.. If we collect
together a set of objects — it iseader if these are rdlatively Smple objectsin ‘longness terms, like sticks
(and thisideaof ‘dmpl€ in relation to a putative quantity gives us aclue asto the rdative intractability of
the ‘objects of socid science) Our intuitive ‘theory’ suggests that ‘longness involves one object

projecting beyond another when they are placed sde-by-sde Thisis our quditative observation; and it
isimportant to noteits crucid relation to theory.

If we then compare dl of these objects pair-wise, in each case we can note which one projects beyond
the other. Remember, we must not make any assumptions. ‘Longness is dill only an idea. We cannat,
for example, decide which is ‘shortest’, compare it with the next ‘shortest’ and so on. Of course, in
redlity we know that would work, but that knowledge depends on our prior understanding of length and
an ability to make, at least crude, quantitative judgements. If we start (as we should) with the objectsin
a random order, then the result of al the pair-wise comparisons is an gpparently complex set of inter-
relaions, showing which objects stick out beyond which other objects. However, it is possible to sort
the objects in such away that a one end is the one that projects beyond dl the others, and at other the
one that is projected beyond by dl the others, while those in between have the property that they
project beyond al those to one side and are projected beyond by dl those to the other. Another useful
way of looking at this is that objects close together in the ordering are, with respect to the ‘projecting
beyond’ property, most dike to one another, while those further gpart are most unlike.



So, sarting from a quditative comparison and an gpparently complex set of relations we are able to
produce a smple relation of order. We have established a quantity. Of course this is only a beginning.
‘Longness is only a quantity with respect to this particular set of objects and we cannot be sure yet that
it would extend to others. Moving from this point to length involves additiond complications, as does
extending the concept to include distance. However, the procedure described so far is basic to the
measurement process. Quantities as smple as this are found even in the natural sciences, where the
Moh scde of the hardness of materiads, based on the quditative observation of scratching, is <till used. It
is true that the ordering of objects that is associated with a quantity has a pardld with the ordering of
numbers. This can be very useful, because it is usudly more convenient to work with numbers than with
objects (dividing Sx by two is esser than sawing a sx-foot length of log in haf). However, quantities
and number systems are two quite distinct structures; the utility derives from the fact of the paralle
between the two, their isomorphism. However, it is the establishment of a quantity that assures the
isomorphism not the assgnment of numbers, no amount of ‘quantification’ will, by itsdf, esablish a

quantity.

What are the lessons of this for measurement in socid science? Firdt, forget about numbers; with luck,
they will come back in, but only in thelr function as a parallel. Second, concentrate on testable theory as
the source of the qualitative observations that are at the heart of quantities. Third, look at the relations
between objects that are created by these quditative observations. A mgjor problem in socid scienceis
that, unlike sticks, human beings and their socia cregtions are extremely complex objects. Answering

yesto aquestion, being a member of a group, engaging in an activity and so on may well be e ements of
a putative quantity, but they are dso likely to be influenced by other individud characteridics. As a
result, these observations are subject to consderable variation or ‘error’. Nor is it usudly possble, as
with the natural world, to create objects like the standard metre that enable quantification to go far
beyond the smple ordering that we established. The fact that the objects of naturad and socia science
differ somewhat is an argument for being sceptical about atempts by the latter to gpe the form of

quantification found in the former, but thisisin no way the same as an argument for rgecting quantitative
thinking dtogether.



What kind of measurements are there?

The discussion continues by drawing a tentative but useful distinction between two types of numeric
data. Although too much is often made of fine didtinctions between numbering scales or leves of
measurement, the novice andys must learn to recognise the differences between descriptions of

categorica information and red numbers.

‘Red’ numbers are those that it makes sense to do arithmetic with. So a smple test of identification
would be - does it make sense for me to add or subtract these numbers? The number of years a
stedworker has been employed in a factory is a red number. To find the difference in experience
between two steedworkers we could subtract two numbers of years and find how many years more one
steelworker had been at the factory. We can do this because the scale we use to measure time with has
equd intervas dl the way adong. The difference between 99 years and 100 years is the same as that
between 1 and 2 years, for example. A year isayear wherever on the scale we look. In this respect our
quantification is rather like that of the natura sciences.

Categoricd information, on the other hand, relates to categories only, and individua cases therefore
cannot be subject to arithmetic operations. The sex of a doctor is a category, and we cannot subtract a
maeness of one doctor from the femaeness of another to find their difference in gender. Thisrestriction
applies even where the categories are expressed as numbers. Whereas the length of my foot is a red
number, my shoe Sze is a category (shoe sizes are not equd interva as childrens Szes increase in
smndler stages than adults). We could add two lengths but not two shoe sizes. Arithmetic operations
can, however, be conducted using the frequencies of categorica data We could for example find a
difference by subtraction between the number of male and femae stedworkers in a factory, or find the
tota number of people with ether of two shoe Szes. In fact, most socid scientific data has elements of
both types expressed as the number of things of a certain category.

Other authors give much greater attention to measurement theory and the issue of scaes (see for
example Segel 1956). However, the first and clearest distinction is the one just introduced between



numbers we can add together, and numbers used to label categories or types of things. On reading a
traditiona dtatistical textbook you will be introduced early on to measuring scaes cdled 'ratio), ‘interva’,
‘ordind’ and 'nomina’. But both ratio and interval measures are rel numbers and the difference between
them will not make any practicd difference. There are very few purey interva measures, and the kinds
of datistical procedures you would use, a least for the beginner, are identica to those for ratio
measures anyway. Both ordind and nomind scaes are categorical in nature, but in many practica

Stuations ordind values are treated in the same way asinterva data

Proportionate reasoning

A loca paper recently ran a front page story claming that Cardiff was the worst area in Wales for
unpaid televison licences - it had ‘topped the league of shame for the second year running. The
evidence for this propostion was that there were more people in Cardiff caught usng TV without a
licence than in any other 'aredl of Wales (and it is important for readers to know that Cardiff is the
largest city in Wales). Not surprisngly the next worst area in the league of shame was Swansea (the
second city of Wales), followed by Newport, and so on. Everyone who has heard this story laughs at
the absurdity of the clam, and points out that the claim would have to be proportionate © the
population of each area. Cardiff may then ill be the worst, but a present we would have to assume
that, as the most populous unitary authority in Wales, Cardiff would tend to have the most of any raw-
score indicator (including, presumably, the number of people using TV with a licence). Why does this
matter? It matters because very smilar propogtions are made routingly in socid science research, and
rather than being sfted out in peer review, they are publicised and often feted. Examples includedams
about the ‘underachievement’ of ethnic groups, and differences in atainment over time and between
regions (indeed al of the problems discussed in this paper are rdlevant to UK educationa research, see
Gorard 2001).

These errors and misunderstandings are crucid, because the risks and uncertain gains we work with in
practical educationd research are probabilistic and are usually expressed as percentages or proportions.
As the newspaper example revedls, thisis the correct gpproach. Yet it is dso surprisngly difficult to do
properly (see below). What we hope to do in this paper isto suggest a new way of explaining, teaching



and communicating the caculaion of probabilities with minima recourse to percentages. Insgght into
complex numeric dtuations can be encouraged smply by taking more care in the presentation of
probabilities. Almost anyone, however inexperienced, can cdculate conditiona probabilities of the kind
that would even confound some experienced mathematicians. To make this possible, we mostly need to
change the way we think about and represent probabilities, rather than smply improve our own
computationd ability.

As an andogy, consder this computational problem. In a standard knockout competition, such as a
sgnglestennis tournament, if there are four players then there will be three matches in total — two firs-
round matches and afind. If there are eight players there will be seven matches in total — four first round
matches, two second round matches and a find. Sixteen players leads to fifteen matches, and so on. It
seems that for any number (n), which is a power of two, there will be n-1 matchesin total. But if nisnot
apower of two, then unmatched players will have abyein the first round. How many matches would be

played in tota for atournament of 43 players? How could you prove your answer?

Before you gtart working this out with paper and pencil, consder the following. Each match has two
players and only one of them goes through. So each match eiminates one player. To have awinner we
need to diminate dl but one player. Therefore, however many players there are, the tournament needs
n-1 matches (42 matches for 43 players). Thisis a very smple proof of the genera solution, and most
people recognise it, bu in practice even professond mathematicians struggle to find it for themsdves
(Dawes 2001). Thisis because the initid problem is phrased in such a complex way that many readers
gart looking for a complex answer. Once the problem is phrased more smply, the solution is obvious.
We know that the socid world is complex (and appears even more complex when closgly examined).
That, in itsdf, is not an interesting discovery; nor does represent an increase in useful knowledge. Let us
take that for granted. The lesson from the knockout andogy is that, smilarly, when dedling with difficult
issues in our research we should try and represent them as smply as possible. This, initsdf, is not easy.
It takes hard mental work. But once done the smpler representation is easier to work with, easier to

communicate, and easer to teach.
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Wedon't always know what we think we know

In order to back up some of the clams made so far, we present here a number of areas which suggest
the need for a greater criticd awareness of the role of numbers in research. Many of them are dso

counter-intuitive.

Conditional probability 1

Imagine being faced with the following redigic problem. Around 1% of children have a particular
specific educationd need. If a child has that need, then they have a 90% probability of obtaining a
positive result from a diagnogstic test. Those without that specific need have only a 10% probability of
obtaining a pogtive result from the diagnogtic test. If dl children are tested, and a child you know has
just obtained a positive result from the test, then what is the probability that they have that specific need?
Faced with problems such as these, most people are unable to calculate avaid estimate of therisk. This
ingbility gpplies to reevat professonads such as physcians, teachers and counsdlors, as wel as
researchers (Gigerenzer 2002). Y et such a cdculation is fundamentd to the assessment of risk/gainin a
multipliaty of red-life Stuations. Many people who do offer a solution clam that the probability is
around 90%, and the most common justification for thisis that the test is * 90% accurate’ . These people
have confused the conditiona probability of someone having the need given a positive test result with the
conditional probability of a pogtive test given that someone has the need. The two vaues are completely
different.

Looked a another way, of 1,000 children chosen at random, on average 10 will have this specific
educationd need (1%). Of these 10 children with the need, around 9 will obtain a pogtive result in a
diagnogtic test (90%). Of the 990 without the need, around 99 will also obtain a pogitive test result
(10%). If dl 1,000 children are tested, and a child you know is one of the 108 obtaining a positive
result, whet is the probability that they have this need? This is the same problem, with the same
information as above. But by expressng it in frequencies for an imaginary 1,000 children we find that
much of the computation has dready been done for us. Many more people will now be able to see that

11



the probability of having the need given a positive test result is nothing like 90%. Rather, it is 9/108 or
around 8%. Re-expressng the problem has not, presumably, changed the computationd ability of
readers, but has, we hope, changed the capability of many readers to see the solution, and the need to

take the base rate (or comparator) into account.

The same gpproach of amplification can aso hep us to overcome what has been termed the
‘prosecutor fdlacy’. In judicia proceedings (and media reporting), forensc evidence (such as a
fingerprint or DNA profile) is used to make a match with a suspect. Prosecutors tend to use the
probability of such a match (eg. 1 in 10,000) as though it were the reverse of a probability of guilt
(9,999 in 10,000). However, they have to argue dso tha there is no human error in the matching
process, that the match signifies presence of the suspect at the crime scene, that presence at the scene
necessarily entails guilt, and so on. Above dl, they have to demondrate that the number of potentid

sugpects is 0 smal that a 1 in 10,000 chance is the equivdent of ‘beyond reasonable doubt’. If the
crime took place in a city of 1 million people, and if we make the favourable assumption that potentia
suspects are limited to resdents only, then 1/10000 means that 100 residents will have just such a
forensc match. Thus, the suspect actualy has a 1/100 probability of guilt (on this evidence done). This
is much higher then for an average resd ent of that city (and therefore germane to the case without being

conclusive) but much lower than 9999/10000. The importance of this error, and others like them, is
hard to overestimate in law, medicine and beyond. The same error occurs regularly in atistic testing
in educationa research, where researchers treat the inverse of the probability of their null hypothess
(see below) asidenticd to the probakility of their conclusions. The gravity of this error would be hard to
overestimate. But again, presenting the probabilities as frequencies makes the calculation much essier to
follow.

Conditional probability 2

Imagine a test to predict the sex of unborn children. Is it possble that the test is more accurate a
predicting boys than girls, but a the same time that predictions of girls are more likely to be correct?
Assume, for example, that the actud probability of boys and girls are equd, and that the predictor test is
better than chance for both sexes. Assume aso that the test is better for correctly deciding on aboy if

12



the child actudly isaboy, than it isfor correctly deciding on agirl if the child actudly isagirl. Suppose it
is 80% accurate for boys, but only 70% for girls, then there will be 20% misclassified boys and 30%
misclassfied girls. For smplicity the figuresin Table 1 are presented for a base figure of 100 cases.

Table 1 - Predicting sex of unborn child (from Dawes 2001)

Actud boy Actud girl
Predicted boy 80 30
Predicted girl 20 70
Tota 100 100

The table shows that 110 out of 200 cases will be predicted as boys (of whom 80 are boys) and only
90 cases as girls (of whom 70 are girls). Therefore, if the test predicts a boy then the probability that
this is correct is 80/(110) which is equd to 0.73 or 73%. If the test predicts a girl then the probatility
that this is correct is 70/(90) or 78%. Thus, predictions of girls are more accurate than predictions of
boys. Again, one point in this example is that expressing the problem in smple frequencies makes it
essier to follow and to compute the relevant odds. The main point, however, isthat the computation has
to be done because the discriminatory power of this test is counter-intuitive. We need to think carefully
about stlatements involving even smple numbers, because of the seductive nature of what we think we

know about the nature of the ‘ unexamined’ world.

Smpson’s paradox

This is made even dearer in the following example. Imagine measuring the frequency of a characteridtic,
and finding that it is more prevaent in one group of people than another. Imagine then dividing the two
groups by sex, and finding that for both sexes this characterigtic is more prevaent in the opposite group
to when they were combined. Is this possible? Put another way, could men in group A have more of this
characterigtic than in group B, and women in group A have more of this characterigtic than in group B,

while group B overdl has more of this characteristic than group A? The answer is‘yes.

13



Suppose an education authority monitors 2000 students in terms of the way they are taught for a
particular school subject. Of these, 1000 are given an experimenta ‘treatment’, perhaps a new method
of mentoring or curriculum materia. The other 1000 are taught using the previous traditiond methods for
this subject. In a post-test, 600 of Group A (experimental) pass a particular test of achievement in this
subject, while only 500 of Group B (control) pass. If the design of the experiment is adequate, then this
isprime facie evidence that the new treatment leads to better results (Table 2).

Table 2 — Passrates of experimental and control groups

Group A B Overdl|

Pass 600/1000 (60%) 500/1000 (50%) 1100/2000 (55%)

Suppose the researcher then considers pass rates in terms of student background characteristics such as
sex (Table 3). The observed pass rate was higher for female cases (67%) than for mae (43%). But
when disaggregated by sex and group the results lead to a kind of 'paradox’ (attributed to Simpson
1951, but probably much older). The pass rate for Group A (60%) is higher than for Group B (50%),
yet femaesin Group B (75%) do better than femaesin Group A (65%) while maesin Group B (44%)
aso do better than maesin Group A (40%).

Table 3 - Passrates by sex of patient and experimental group

Group A B Overdl

Femde 520/800 (65%) 150/200 (75%) 670/1000 (67%)
Mde 80/200 (40%) 350/800 (44%) 430/1000 (43%)
Overal pass 600/1000 (60%) 500/1000 (50%) 1100/2000 (55%)

This seems impossible. It is one reason why investigations & one level of detall (aggregetion) can only
produce autométicaly safe results at the same level. Put another way, results should not be mindlesdy
aggregated up (or especialy down). Just as an investigation at the school leve, for example, may
produce mideading results for the individud leve, so an invedigation & the individud leve could
produce quite different results a the school level. The safest course is to use the unit of sampling
(whether schoal or individud, for example) as the unit of andyssand thelevel a which condusions are

14



warranted. What this means is that the prior selection of the appropriate unit of andyssisakey sep in
the research process, and involves careful consideration of the reationship between any sub-groups and
the subject of the investigation.

[ll-conditioning

Isit possble that atiny error in measurement, of the kind that routinely occursin socia science, can lead
to atotaly mideading result? For example, if we take a measurement containing an error of one part in
one thousand, and then do some andysis with this figure, could our result have an error larger than the
result itself?

We have to assume that any measurements we make contain some error. These could be caused by
inaccuracy in measuremernt, corruption of stored data, transcription (copying) errors, or restricting our
working to a certain number of decimd places or sgnificant figures. To a large extent we behave as
though the error component in our analysi's remains congtant, so that if we start with figuresat a certain
level of accuracy, we will end up with results a gpproximately the same leve of accuracy. In some
cases, known in extreme form as 'ill-conditioned' problems, this assumption is far from judtified. Unless
we track the potentia propagation of these errorsit is possible for our answer effectively to ‘cancel out’
the estimates we gtarted with, and so contain a much larger proportion of error component than we

sarted with. Consider the smultaneous equations.

400 = 200x + 200y
201 = 101x +100y

Their solution is that x=1 and y=1. If a measurement in the second equeation is incorrect by less than haf
of one percent, then the true vaue of the first figure could be 200 (rather than 201), making the

equations:

400 = 200x + 200y
200 = 101x +100y
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The solution now is that x=0 and y=2. This is a totdly different solution 'caused’ by a smadl
proportionate error in one term. Imagine the practica implications if x and y were the hypothesised
components of an effective school, or a successful lesson. For some problems the introduction of an
error component makes a large difference, and for some problems the error makes all of the difference.
Certainly, the size and propagation of measurement error is a problem of a far greater importance for
research than issues such as sampling variation, heteroskedadticity, or auto-correation that are given far
more attention in traditional methodologica treatises. Mogt of the latter issues only reduce the * power’
of the andyss and can be remedied smply by using alarger sample. But if the measurements we make
are inaccurate (or worse, meaningless) then no amount of satistica jiggery-pokery will lead to safe
conclusons by itsdf. And the measurements we make in socid science research are nearly dways

inaccurate.

The palitician's error

Imagine a country of 100 million adults, of whom 50 million are mae and 50 million are femde. There
are 1000 members of parliament (MPs or eected representatives), and dl of these are mde. The
employed workforce is 50 million of whom 25.5 million are mae. No great andyticd sKill isrequired to
see that thisimaginary country has a congderable political bias towards mdes. Smilarly, it is easy to see
that the country adso has a dight employment bias towards maes but that the politica bias is much
gregter than the employment bias. None of the femde hdf of the populaion are MPs, while 49% of
women are in employment. Of the male population 0.001% are MPs, and 51% are in employment. We
repeat, because of the importance of this point, that the ratio of mae to femae MPs is 1000:0
(equivdent to an infinity) wheress the ratio of mae to femae employed is 25.5:24.5 (equivaent to
1.04). Therefore the inequity among MPs is far greeter than among the general employed workforce.
Why emphasise this point? Because the most common 'method’ used to analyse such data comes to the
opposite, and wrong, conclusion. This purported method is used very widedly in areas of socid science
research, in the media, and mog frighteningly of dl in policy documents and policy-making. It is the
method of differences between percentages.
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The argument goes like this. The percentage of mae MPs is 0.001% and the percentage of femde MPs
is 0%, so the difference between them is 0.001%. The percentage of males in employment is 51% and
the percentage of femdes is 49%, so the difference between them is 2%. Since 2% is much larger than
0.001% the lack of equity in general employment is greater than among MPs. Thisis a weak argumert
making severd related arithmetic mistakes, yet many readers will have accepted thiskind of 'analyss at
face vaue on many previous occasions. Thisis precisay the kind of example that leads us to argue that
dl researchers, indeed dl good citizens, require some knowledge of what are termed quantitative
research skills. So we won't get fooled again. Perhaps you do not believe that people get away with it.
Consider another imaginary example, thistime written as the start of a newspaper story.

Girlsleave boysin ther trail!

The new GCSE results for England and Wales have just been released and they do not
make pretty reading for the families of boys. While general levels of qualification continue
to rise, the difference between the performance of girls and boys is growing to crisis
proportions. Five years ago 35% of girls obtained the government benchmark of five good
GCSE passes while only 25% of boys did. This year 63% of girls got five good GCSEs and
only 50% of boys did. The gender gap has grown from 10% five years ago to 13% this
year, reflecting the increasing problem of boys underachievement which faces the
education system. In fact, the minister for schools was quoted last night as saying that the
growing underachievement of boys at school was one of the most serious problems faced by

our society today....

Such gories, using precisaly these type of figures, are commonplace in the media (see Gorard et d.
1999 for afuller list of examples). The logic isthe same asin the example of the MPs above. In order to
decide what is happening we cannot Smply subtract two sets of percentages and compare the results.
One of the main reasons for this is that the difference between two percentages is not itsef a
percentage. In the newspaper example girls are not doing 13% better than boys this year; rather they
scored 13 percentage points higher than boys. The digtinction is crucid. If we look a the figures as
ratios, as we did for the MPs, we see that the proportion of girls to boys with five good GCSE passes
five years ago was 35:25 (equivadent to 1.4, or a 40% gap in favour of girls). This year the proportion
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was 63:50 (equivaent to 1.26, or a 26% gap in favour of girls). What the newspaper figures actudly
show is that the proportionate gap between girls and boys has falen over time. Put another way, the

scores for boys have doubled over five years (100% increase), while the scores for girls have only
increased by 80%.

Of course, part of what is seductive about the percentage difference approach & that one can
gpparently see the gap changing over time on a graph. In Figure 1 the distance between the two barsis
greater for the current score than for the previous score. This gpproach is used quite widely in some
respected research reports, books and journd aticles Of course, an equivdent graph for our
hypothetical example of eected and employed men and women (0.001 to O, and 51 to 49) would show
an even more extreme difference in distance, but till sgnifying nothing. Since al of the numbers change
in sSze from one case to another, the question is not whether any percentage point difference has grown
but whether it has grown more or less than the numbers between which it is the difference. Or, put more
elegantly, ‘the drawback with using the dsolute difference in proportions to evauate socia reforms,
however, isthat the measureis largely driven by changesin the overal totals (Heeth 2000, p. 318).

Figure 1 - The'growing gap between girlsand boys

18



70

60

50

40

30

20

10

Percentage passing 5 A-C

Five years ago Today

Dawes (2001) makes a smilar complaint concerning the use of symptomsin medical diagnoss Imagine
an illness that occurs in 20% of the population, and has two frequent symptoms. Symptom A occursin
18% of the cases with this disease, and in 2% of cases without the disease. Symptom B occursin 58%
of the cases with the disease, and in 22% of cases otherwise. Which symptom is the better predictor?
Many practitioners would argue that symptom B is the more useful asit ismore ‘typicd’ of the disease.
There is a 16% gap (18-2) between having and not having the disease with symptom A, wheress the
gap is 36% (58-22) with symptom B. Symptom B, they will conclude, is the better predictor. But while
it seems counter-intuitive to say o, this analysis is quite wrong because it ignores the base rate of the

actud frequency of the disease in the population.

In agroup of 1,000 people, on average 200 people would have the disease and 800 would not. Of the
200 with the disease, 36 (18%) would have symptom A and 116 (58%) symptom B. Of the 800
without the disease, 16 (2%) would have symptom A, while 176 (22%) would have symptom B. Thus,
if we take a person at random from the 1,000 then someone with symptom A is 2.25 times as likely to
have the disease as not (36/16), whereas someone with symptom B is only 0.66 times aslikely to have
the disease as not (116/176). Put another way, someone with symptom A is more likely to have the

disease than not. Someone with symptom B, on the other hand, is most likely not to have the disease.
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Wha we need for diagnods are discriminators, rather than typica, symptoms. The more generd
conclusion is therefore the same as in the example of MPs, and of boys and girls. Smple differences

between percentages give mideading, and potentidly extremdy harmful, results.

The importance of distribution

Another reason why smple comparisons, such as those in the last section, do not work is that the
figures they are based on may not have a straight line relationship with their underlying varigbles (Fleiss
1973). The percentage points used in the examples above are not rea numbers (see above). To be red
numbers, the interva between 10% and 20% (10 points) would have to equd the interva between 20%
and 30% (10 poaints), for example. This is not aways so, S0 the kind of arithmetic used to create the
politician's error is wrong. Rather than being a straight line many paiterns, trends and relationships in
socid science follow atraditional S shape. This conggts of a threshold, below which any change in the
x-axis produces little or no change in the corresponding value for the y-axis, then aline, where changes
in x are linked to changes in y, and findly saturation, above which any change in the xaxisagan
produces little or no change in the corresponding vaue for the y-axis. A practica example, of saturation,
is a difference of 50 percentage points between 40% and 90%. If the lower figure grows to 60% then
the difference between it and the higher figure cannot be 50 points any longer, however much the higher

figure grows. 100% intervenes as alimiting factor.

A smilar logic applies a the other end of the percentage scde. The frequency of any population
charecterigtic, such as the number of GCSEs per student, in any sSzesble group is likely to be
goproximatedy normdly distributed (i.e. to follow the traditiond bell-shape). In Figure 2 representing a
hypothetica school, exactly 50 of 100 students gain five or more GCSEs. If dl of these students had
gained one more GCSE then every bar on the graph would shift one place to the right, and the
benchmark figure for the school would rise to 70%.

Figure 2 - Digribution of GCSEs among candidates (high score)
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In Figure 3 representing a lower attaining school, only 4 of 100 students gain five of more GCSEs.
However, the actud pattern of frequencies for Figure 3 is the same as Figure 2 but moved three places
towards the origin of the x axis and therefore ‘ squashed’ up by the limit of zero. In this case, even if all
sudents gained one more GCSE each, then the benchmark figure for the school would only rise to
12%. Increases in terms of absolute percentage scores are clearly much more difficult for low-ataning

schoals (but this phenomenon is never acknowledged by policy-makers or school ‘improvers).

Figure 3 - Didribution of GCSEs among candidates (low score)
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These problems give the GCSE benchmark score the typical S shape rather than a straight line growth.
Many other socid science phenomena are smilar in having the 'threshold' and 'saturation’ phase crested
by the limits of O and 100%, which means that they must be handled with care. At the 50% mark,
where the digribution is taler, a smal movement dong the x-axis (representing a change in the number
of GCSEs per student, for example) would produce a disproportionately large change in the percentage
attaining the benchmark. At either end (near 0 and 100%), a much larger change on the x-axiswould be
needed to produce the same effect. A more technica way of summarisng this whole section is that
'method’ of differences between percentagesis not ‘composition invariant'.

Compodtion invariance

Congder the following example. A researcher collects secondary data from a government department
about the number of sudents from each ethnic group a universties in the UK over the last five years
The researcher is ds0 given access to the tota number of students attending universities over the past
five years. The intention of the research is to decide whether universities have widened participation
rates for sudents from ethnic groups other than those classfied as ‘white. The researcher caculates the
percentage of the total student population who are in each ethnic group for each of the five years. The
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researcher finds that the percentages at university of al ethnic groups other than white have increased,
while the percentage classed as white has declined in each of the five years. These findings are published
as dating that participation by ethnic minorities has widened, such that the sudent population is now a
better reflection of the total population of the UK. But this concluson is unsafe.

The researcher in the example above should actudly be tracking two trends over time. The firgt is the
proportion of ethnic groups in universities, and the second is the proportion of the same groups in the
total population. It is, of course, possible for the proportion of ethnic minority students a university to
increase but for the proportion of ethnic minority members d the population to increase even fadter,
meaning that univergties are actudly increasing ther over-representation of the white population. What
is needed is a way of comparing the number of ethnic minority students (€), the number of ethnic
minarity members of the population (E), the total number of students (t) and the total number of people
in the population (T). One formula (for the segregation ratio, see Gorard and Fitz 2000) is. SR = (eft) /
(E/T). If SR equds one then the group in question is perfectly represented. If it is less than one the
group is under-represented, so that 0.5 means that the group has only half the expected representation.
If the ratio is greater than one the group is over-represented, and so on. Once you have grasped this
useful proportionate approach you can see that you could subdtitute maes and femdes (or any
categories you want) for white and ethnic minority. You could subgtitute owning a house or requiring
heart surgery (or again any measure you want) for attendance at university. In practice, you may prefer
to use the logarithm of the ratio, S0 that divergence from one becomes an equd-interva vaue. The
segregation ratio is a general measure of unequa representation, which can be used to make safer
comparisons over time, place and other categories because it takes into account changes in both of the

proportionsinvolved.

In our example, the segregation ratio has a key problem however, which is that it can only tell us about
the overdl figures. It might be the case that the number of white and ethnic minority (or maleffemde or
whatever) students was a perfect reflection of the population composition (where 80% of the population
and 80% of students are white for example). The segregation rétio is, therefore, one. But there could
dill be consderable inequality in the system if the two groups were disproportionately represented in
different universties (in the old and the post- 1992 universities for example). What is dso needed is a
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measure of how evenly digtributed the two groups are across dl inditutions. One formula (for the
segregation index, see Gorard and Fitz 2000) is S=?[|e/E - n/N]||/2. Here we are consdering the
pattern of digtribution between the universties, rather than smply comparing the population of al
univergties with the total population. The vaue g is the number of ethnic minority sudentsin University
i, E is the totd number of ethnic minority students in al universities, n is the number of sudents in
University i, and N is the tota number of sudents in al universities. The | | symbols mean that we ae
interested only in the absolute difference between ¢/E and n/N (termed the residud), ignoring negetive
sgns The ? symbol represents the sum of this difference for dl cases.

Using the hypothetical values in Table 4, the segregation index is hdf the sum of the resduds (ignoring
their sgns). 100/600 minus 20/300 equals 0.1 and so on. Thetota of these resdualsis 0.33 (one third)
and hdf of that is around 0.17. This is a measure of how segregated this imaginary university sysem is.
Strictly speeking it is the 'exchange proportion', which is the proportion of the ethnic minority sudents
who would have to be exchanged with white students in order to achieve a perfectly baanced
digribution in dl universities. In this example, hadf of dl sudents are dassfied as ethnic minority. If these
were evenly distributed then Univerdity 1 would have 50 ethnic minority students (not 20), University 2
would have 100 (not 80), and University 3 would have 150 (not 200). If the 50 ‘extra ethnic minority
udents in Universty 3 were exchanged with 30 white students from Universty 1 and 20 from
University 2, then there would be an even digtribution of both white and ethnic minority sudents. Since
50/300 is equd to 0.17, which is our caculated vaue for the segregation index, this tells us that the
overd| system is 17% segregated (or that 17% of ethnic minority students would have to be moved to
eiminate dl segregation). As with the segregetion retio, this gpproach can be used with other categories
(maeffemde, passfal etc.), other organisationd units (hospitals or occupations instead of universities
for example), and any number of cases. It is a generd measure of unevenness, which can be used
reasonably safely for comparisons of inequality across time, place and other categories. It is, unlike most
other approaches, strongly composition invariant (Gorard and Taylor 2002).

Table4 - Worked example of segregation index
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Ethnic minority sudents | Totdl students Resdua
Universty 1 20 100 100/600 - 20/300
Universty 2 80 200 200/600 - 80/300
Universty 3 200 300 200/300 - 300/600
Total 300 600 0.33

As can be seen both of the indices described so far are based on a comparison between the proportion
of one group and the proportion of the total population in each unit of andyss. These are seen to be the
closest to what we mean when we tak about segregation or inequaity. However, other indices have
been proposed and some of these are in more common use (such as the dissmilarity index which
compares the proportion of one group with the proportion of its inverse group). Since the 1930s many
socid scientigts have been involved in index wars, fighting over the relative merits of each gpproach.
Even measuring the strength of association in a Smple two-by-two table gives rise to controversies that
span gererations, and dill fascinate sociologists of science today (MacKenzie 1999). Pioneers in
datistics, such as Pearson and Yule, could not agree how to perform this (gpparently) smplest of

cdculations. The importance of thisis that the precise nature of our findings is often dependent on our
selection of an appropriate technique, which requires a deeper consderation of what precisdly we are
trying to measure. Unfortunately, dl too often, this lack of agreement on how to present numeric findings
isused to bamboozle readers, for work involving numbers often has consderable rhetoricad power —a

power that we submit to unless we are prepared to get involved in critique oursalves.

Therhetorical power of numbers

According to Gigerenzer (2002) the Mexican government once increased a four-lane motorway to six
narrower ones, and announced this as a 50% increase in cgpacity. When this led to more accidents,
they reduced the lanes back to four, which was a 33% reduction in capacity. Thus, they clamed they
were gill 17% up on the ded! Thisis smilar to the story of a company that loses busness (eg. from a
base of 100 to 50), and then regains some of it (to 75). Their shareholders are told that the first period
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led to a 50% decrease but that the second to a50% increase. So, the company is back where it
garted. Of course, both of these examples are dlly, but they show the potentia for mideading others
with numbers. There are two lessons. We should make our use of numbers as transparent as possible,
and we should al be prepared to make the effort to understand and, if necessary, critique the work of
others involving numbers

Figuresfor the USA in 1999 suggest that around 25% of adults smoke, and that around 1 in 10 of these
develops lung cancer compared to around 1 in 200 of non-smokers. What is the strength of the
relationship between smoking and lung cancer? If we were to sample 800 adults we might get 200
smokers (25%) of whom 10% get lung cancer (Table 5)

Table5—relationship between smoking and lung cancer 1

cancer not totdl
smoker 20 180 200
non-smoker 3 597 600
total 23 777 800

If, on the other hand, we sample 400 smokers and 400 nortsmokers, we might get the figuresin Table

6.

Table 6 — relationship between smoking and lung cancer 2

cancer not total
smoker 40 360 400
non-smoker 2 398 400
total 42 758 800

Findly, if we sample 400 people with lung cancer and 400 without, then we might get the figures in

Table7.

26




Table 7 — relationship between smoking and lung cancer 3

cancer not total
smoker 348 93 441
non-smoker 52 307 359
total 400 400 800

Note that each of these tables, quite properly, has the same row and column headings. The figures
within them are based on the same frequencies. But each gives an entirely different impression. Most
notably, the first two tables gppear to suggest that smoking is congderably more benign than the third.
The relaionship (diagond) appears stronger after the event (working back from cancer) than before
(working forward from smoking). Which verson is used might depend on the prgudice of the

researcher, or their funder.

A sudy of 280,000 women in Sweden assessed the impact of a screening programme for breast
cancer. Over ten years, there were 4 deaths per 1,000 among the over 40s without screening, and 3
degths per 1,000 with screening. There are severd different ways the gain from screening could be
expressed. The absolute risk reduction is 1 in 1,000 or 0.1%. The number needed to treet (to save one
life) is 1,000. The increase in average life expectancy is 12 days. And the relative risk reduction is 25%.
It isthe last that is routinely used by advocates and those standing to gain from screening programmes,
perhaps because it sounds like a saving of 25 lives per 100. All versions are correct — but the relative
risk is more likely to get funding and heedlines. Information legflets about the screening procedure
mostly do not discuss fdse pogtives or other cods. Some even give the illuson that screening can
reduce the incidence of the cancer. But to achieve even the levd of success above requires about 9 in
10 fase pogitives, and the distress and unnecessary operations that these entail. To these we must add
the danger of cancer from the screening itsdlf, and the financia cost of the programme (and therefore the
lost opportunity to spend this money on reducing the risk in some other way). So viewed
dispassionatdy, and with dternative ways of looking at the same data, a /1000 risk reduction may not
seem worth it for this group. A Smilar issue of risk reduction, and the opportunity cost that it entalled,

arose in the UK in 2002 concerning security checks on adults working with children. We cannot do the
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risk reduction calculation for this yet since no figures have been published for the rumber of problem

cases uncovered compared to the number of cases examined.

We routingly face scares about hedlth, food, pesticides, the environment, and education of course, with
the figures presented by their peddlers in the most rhetoricadly convincing way possible. Media reports
of epidemiological studies tend to use the rhetorica power of numbers to make research reports appear
more darming or more flattering. We are unlikely to be able to change this directly. But our ability to see
beyond the presentation, and to congder other equaly valid presentations is under our control.
Improving the ability of the consumer is our best defence, and will harm only those for whom the
ideology is more important than the evidence (or who stand to benefit in some way from confusion).
This improvement will be most marked in the gpparently smple kinds of problems discussed so far. The
lessons could perhaps be summarised as be aware of the potential weakness of the measurements
themsalves, demand a base rate or comparison group for any claim, and be prepared to re-work the

figures yoursdlf in different waysto lessen their rhetorical power.

What is a statistical test?

The next section of the paper moves beyond issues of measuring, counting and proportions to consder
that bugbear of many ‘quantitative methods courses — statistical tests. We try to show that the logic of
these tests is, in redlity, quite smple and within the capacity of al novice researchers to grasp. Thereis
often actudly little need for such tests, but in current practice and due to generd ignorance of their
limitations they retain consderable rhetorica power.

Suppose that one of the background questions in a survey using a random sample of 100 adult residents
in one city asked for the sex of the respondent. The results might be presented asin Table 8.

Table 8 - Frequency by sex in our achieved sample
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Number

Mde 41
Femde 59
Totd 100

Suppose that one of the subgtantive questions in the same survey asked the respondents whether they
had received any work-based training in the past two years. The results might be presented asin Table

0.

Table9 - Frequency of training in our achieved sample

Number
Training past two years 53
No training past two years 47
Total 100

We know, therefore, that our achieved sample contained more women than men, and that dightly more
than haf reported receiving training in the past two years. Both of these might be important findings
given a good-qudity sample of a dearly defined population. In many cases, however, our chief concern
as socid scientids is to go beyond these smple patterns and answer questions such as 'Are men or
women more likely to report receiving training?. In this case we need to consder the two variables
smultaneoudy, and we can present our summary as a cross-tabulation usng different rows for one

variable, and different columns for the other (Table 10).

Table 10 - Crosstabulation of sex by receiving training

Traning No training Totd
Mde 24 17 41
Femde 29 30 59
Tota 53 47 100
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Note that the 'margind’ totals are the same as in the Smpler tables above. There are till 100 cases of
whom: 41 are mae; 53 recelved training; and so on. The table dso now shows that dightly more than
haf of the men recaived training (24/41 or around 59%), while fewer than haf of the women did (29/59
or 49%). For our sample, therefore, we can draw safe conclusions about the relative prevaence of
reported training in the two sex categories. The men in our sample are more ikely to have received
traning. However, our main motive for using probability sampling was that we could then generdise
from our sample to the larger population for the study. If the population in thisexampleis all residents of
the aty from which the sample was taken, can we generdise from our sample finding about the
relationship between sex and recelving training? Put ancther way, isit likely that men in the city (and not

just in the sample) were more likely to receive training than women?

In order to answer the question for the population (and not just for the people we asked by sdecting
them at random) it is very useful to imagine that the answer is'no’ and start our consideration from there
(this is known as our ‘null hypothess). If the answer were actudly no, and men and women were
equaly likely to report training, then what would we expect the figures in Table 10 to look like? The
number of each sex remains as defined in Table 8, and the number of people receiving training remains
as defined in Table 9. In other words our table of what we would expect to find starts with the partidly
completed Table 11.

Table 11 - Themarginal totals of sex by training

Traning No training Totd
Mde 41
Femde 59
Tota 53 47 100

From this outline we can caculate exactly what we expect the numbers in the blank cdlls to be. We
know that 41% of cases are male, and that 53% of cases received training. We would therefore expect
41% of 53% of the overdl total to be both mae and have received training. This works out a around
22%, or 22 cases as shown in Table 12.
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Table 12 - The expected value for malesreceiving training

Traning No training Totd
Mde 22 41
Femde 59
Totd 53 47 100

We can do the same calculation for each cell of the table. For example, as 59% of the cases are femade
and 53% of the cases received training, we would expect 59% of 53% of the overdl tota to be femaes
and have received training. This works out a around 31%, or 31 cases. But then we dready knew that
this must be so, since 53 people in our survey received training, of whom we expected 22 to be male,
50 by definition we expected the other 31 to be femde. Smilarly, 41 cases are male and we expected
22 of these to have received training, so we expected that the other 19 did not. In technicd terms, this
means that the ‘ degrees of freedom’ in the table are one. We can now complete the table (Table 13).
Note that in practice al of these calculations would be generated automaticaly by a computer.

Table13 - The expected valuesfor sex by recelving training

Traning No training Totd
Mde 22 19 41
Femde 31 28 59
Tota 53 47 100

To recap, we obtained the figures in Table 10 from our survey (our 'observed' figures) and wanted to
know whether the apparent difference in training rates for men and women was d<o likely to be true of
the city as a whole. To work this out, we caculated how many men and women we expect to have
received training assuming that there was actualy no difference, and obtained the figures in Table 13
(our 'expected’ figures). For convenience both sets of figures are repeated in Table 14 with the
observed figures in each cdll followed by the expected figure in brackets.
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Table 14 - Observed and expected valuesfor sex by receiving training

Traning No training Totd
Mde 24 (22) 17 (19) 41
Femde 29 (31) 30 (28) 59
Totd 53 47 100

If there were no difference in the city as a whole between the rates of receiving training for men and
women then we would expect 22 of 41 maes to have received training, but we actudly found 24 of
them. In each cell of the table there is a discrepancy of two cases between the observed and expected
figures. Is this convincing evidence that men are more likely than women in this city to report recaiving
training? Hardly. In sdlecting a sample of 100 cases a random it would be easy for us to have
inadvertently introduced a bias equivalent to those two cases. We should therefore conclude that we

have no evidence of differentid training rates for men and women in this city.

The argument traced in Tables 10 to 14 contains just about everything that you need to know about the
logic of sgnificance-testing in Satistical andyss. It is aform of logic that al socid science researchers
should be adle to follow. If you can follow the logic, and are happy with the concluson, then you have
completed a datigica andyss. There is, therefore, no reason why anyone should not read and
understand datigtica evidence of this sort. Everything about traditiond statigtics is built on this rather
ample foundation, and yet nothing in gatigtics is more complicated than this. Much of what appearsin
traditiona texts is Smply the introduction of a technica shorthand for the concepts and techniques used
inthisintroductory argument (see Gorard 2003). The key thing a atigtica test does for usisto estimate
how unlikdly it is that what we observed would happen, assuming, for the sake of caculation, that the
null hypothesis is true. The more unlikey our observation is then the less likdy it is that the null

hypothesisis true, and therefore the more likely that we need to look for an dternative explanation. The
result is usudly expressed as a probability (the probability of the null hypothess being true is around
30% in this example), but as in the earlier examples we believe that the underlying logic is easier for

beginners to see when expressed as frequencies as they are here.
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Do we need statistical tests?

Thisform of atistica testing has many historica roots, dthough many of the testsin common use today,
such as those dtributable to Fisher, were derived from agriculturd studies (Porter 1986). They were
developed for one-off use, in Stuations where the measurement error was negligible, in order to dlow
researchers to estimate the probability that two random samples drawn from the same population would
have divergent measurements (men and women in the example above). In a roundabout way, this
probability was then used to help decide whether the two samples actudly come from two different
populations. For example, vegetative reproduction could be used to create two colonies of what is
effectivey the same plant. One colony could be given an agriculturd trestment, and the results (in terms
of surviva rates for example) compared between the two colonies. Statistics would help us estimate the
probability that a sample of scores from each colony would diverge by the amount we actualy observe,
assuming that the treatment given to one colony was ineffective. If this probability is very smdl,

therefore, we might conclude that the treatment gppeared to have an effect. As we have seen, that, in a
nutshell, is what sgnificance tests are, and what they can do for us.

In light of current practice, it isimportant to emphasi se what significance tests are not, and cannot do for
us. Most smply, they cannot make a decision for us. The probabilities they generate are only estimates,
and they are, after dl, only probabilities. Standard limits for retaining or rgecting our null hypothesis of
no difference between the two colonies, such as 5%, have no mathematica or empirica rdevance. They
are only arbitrary. A hogt of factors might affect our confidence in the probability estimate, or the
dangers of deciding wrongly in one way or another. Therefore there can, and should, be no universd
standard. Each case must be judged on its merits. However, it is also often the case that we do not need
adgnificance test to help us decide this (as in the training example above). In the agricultural example, if
al of the treated plants died and al of the others survived (or vice versa) then we do not need a
sgnificance test to tell usthat the probability is very low (and precisaly how low depends on the number
of plants involved) that the trestment had no effect. If there were 1,000 plants in the sample for each
colony, and one survived in the treasted group, and one died in the other group, then again a significance
test would be superfluous (and so on). All that the test is doing is formalising the estimates of rdaive
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probability that we make anyway in everyday Stuations. They are redly only needed when the decison
is not clear-cut (for example where 600/2000 survived in the treated group but only 550/1000 survived
in the control), and since they do not make the decision for us, they are of limited practicd use even
then. Above dl, sgnificance tests give no idea about the red importance of the difference we observe.
A large enough sample can be used to rgect dmost any null hypothesis on the basis of a very smal
‘effect’ (see below).

It is aso important to re-emphasise that the probabilities generated by significance tests are based on
random samples. If the researcher does not use a random sample then inferentid datistics are of little
use since the probabilities become meaningless. Researchers using significance tests with convenience,
quota or snowbdl samples, for example, are making a key category mistake. Similarly, researchers
usng dgnificance tests on populaions (from officid datigics perhaps) are generating meaningless
probahilities. It is possible that atrawl of education journas would reved very few, technically, correct
uses of sgnificance tests. Added to thisis the problem that socia scientists are not generdly deding with
variables, such as plant survivd rates, with minima measurement error. In fact, many studies are based
on latent variables, such as attitudes, of whose existence we cannot even be certain, let lone how to
measure them (see section above on measuring length). Added to this are the problems of non-response
and participant dropout in socid investigations, that dso do not occur in the same way in agricultura
goplications. All of this means that the variation in observed measurements due to the chance factor of
sampling (which is al that sgnificance tegs take into account) is generdly far less than the potentid
variance due to other factors (see section aove on ill-conditioning). The probability from atest contains
the unwritten proviso - assuming that the sample is random with full response, no dropout, and no
measurement error. The number of socid science studies meeting this proviso is very smdl indeed. To
this must be added the caution that probahilities interact, and that most analyses in the IT age are no
longer one-off. Mogt andysts start each probability cdculation as though nothing prior is known,
wheress it may be more redidic and cumulative to build the results of previous work into new
caculations (Roberts 2002).

Sgnificance tests have a specific vauable role to play in a limited range of research gStuations.

Therefore, while it isimportant for novice socid scientists to be taught about the use of sgnificance tests,
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it is equdly important that they are taught about the limitations as wdl (and derted to possble
dternatives, such as confidence intervals, effect szes, and graphica approaches). But even these
dternative gatistics cannot be used post hoc to overcome design problems or deficienciesin datasets. If
al of the treated plants in our example were placed on the lighter Sde of the greenhouse, with the
control group on the other side, then the most sophigticated satistica andysis in the world could not
overcome that bias. It is worth stating this because of the current push for more complex methods of
probability-based andyss when a more fruitful avenue for long-term progress would be the generation
of better data, open to ingpection through smpler and more transparent methods of accounting. Without
adequate empiricd information 'to attempt to caculate chances is to convert mere ignorance into
dangerous error by clothing it in the garb of knowledge (Mills 1843, in Porter 1986, p.82-83). Null
hypothes's sgnificance tests (NHSTS) may therefore be a hindrance to scientific progress (Harlow et d.
1997).

Statistics is not, and should not be, reduced to a set of mechanica dichotomous decisions around a
'sacred’ value such as 5%. Suggested aternatives to reporting NHST's have been the use of more non
sampled work, effect sizes (FitzGibbon 1985), meta anayses, parameter estimation (Howard et d.
2000), or standard confidence intervas for results instead, or the use of more subjective judgements of
the worth of resuts. In the US there has been a debate over whether the reporting of significance tests
should be banned from journals to encourage the growth of these dternatives (Thompson 2002). Both
the American Psychologica Society and the American Psychologica Association have recommended
reporting effect szes and confidence intervals, and advocated the grester use of graphica approachesto
examine data. Whereas a Sgnificance tet is used to rgject a null hypothesis, an effect Sze is an etimate
of the scale of divergence from the null hypothess. The larger the effect Sze, the more important the
result. A confidence interval may be defined by a high and low limit between which we can be 95%
confident (for example) that the ‘true value of our population estimate lies. The smaller the confidence
interval the better quaity the estimateis (de Vaus 2002).

Of course, severd of the proposed replacements, including confidence intervals, are based on the same
sort of probability caculaions as sgnificance tests. Therefore, they are dtill largely inappropriate for use

with populatiions and nortrandom samples, and like significance tests they do nothing to overcome

35



design bias or non-response. Mogt of the dternatives require considerable subjective judgement in
interpretation anyway. For example, a tandard effect size from a smple experiment might be calculated
as the difference between the mean scores of the treatment and control groups proportiond to the
variance (or the standard deviation) for that score among the population. This sounds fine in principle,
but in practice we will not know the population variance. If we had the population figures then we would
not need to be doing this kind of caculation anyway! We could estimate the population variance in
some way from the figures for the two groups, but this introduces a new source of error, and the cost
may therefore over-ride the benefit on severd occasions. Thereis at present no clear agreement, other

than the need for the continued use of intelligent judgement.

Recent UK initiatives, perhgps most prominently the new funding arrangements for ESRC PhD students,
have been designed to encourage a wider awareness of datistica techniques among socid scientigts.
While these moves are welcome, the lack of agreement about the dternatives, the absence of textbooks
deding with them (Curtis and Araki 2002), and their need for greater kill and judgement meansthereis
a consequent danger of smply re-visiting al of the debates about statistics that have taken plece in other
disciplines since a least 1994 (Howard et d. 2000). Although there are suggestions to replace
probability values with standard errors or confidence intervas (e.g. Altman et d. 2000), many of the
same problems would continue to apply. It is not clear why we should use standard errors anyway.
They are not usad in business reports, or examination grades, for example, where they might be just as
appropriate. In red-life the best estimate is our current score for any measurement (while we should
treat al such scores with caution).

Conclusion

Part of what this paper tries to do is show that standard gpproaches to significance testing, currently the
cornerstone of many ‘quantitative’ methods courses, should no longer have automatic pride of place.
There is a pressng need for more generad awareness of the rdaively smple role of numbers in those
common socid scientific Stuations for which probabilities are not relevant. The importance of this

ongoing debate about tests is that it suggests that we need to move away from aformulaic approach to

36



research. However, we need to replace empty formulae for reporting results, not with an ‘anything goes
philosophy, but with dmost anything goes aslong asit can be described, justified and replicated. Above
al, we need to remember that Setigtica andyssis not our find objective, but the starting point of the
more interesting socia science that follows. A 'ggnificant’ result is worth very little in red terms, and
certainly does not enable us to generdise safely beyond a poor sample. The key issue in research is not
about sgnificance but about the quadity of the research design.

More generdly, much of what we know about the socid world is uncertain. Our knowledge, such asiit
is is commonly expressed in terms of probabilities. The same stuation applies to hedth research,
engineering, judicia proceedings and dl the other fields represented in the examples used above. Al
professonas have their own craft knowledge, which is at least partidly derived from research evidence.
However, in a number of practical Stuations, more explicit use of research findings has been shown to
lead to more beneficid outcomes than relying solely on professiond experience. The practical problem
is that these research findings are generally expressed in terms of risk reduction and uncertainty. If the
probatilities are misunderstood by the professionas, as they have been in severd of the examplesin this
paper, then it is difficult for the professonals to nake their own judgements in practice, and the use of
research findings could, in this stuation, have far from beneficid outcomes. In building the capacity to
generate and use research evidence relevant to teaching and learning in the UK, it might not be an
exaggeration to say that what we need above dl ese is a more generd willingness and ability among
interested parties to think about the nature of uncertainty.
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