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Abstract

This paper is intended as a simulus to discusson on the nature of causeeffect modes, and their role in
educationd research. It is clearly not intended to be definitive. Nor is it based on new evidence. It
consgders in turn models based on no causation a dl, models based on causation dongside other
explanatory processes, modds based solely on causation, and variations of the latter. Among these are
purportedly weaker forms of causation, including Granger causation, socid determinants, and so-cdled
fuzzy generdisation. Causeeffect modds have been based varioudy on tempora and spdid
conjunction, the impact of interventions, and theoretica explanations. The paper concludes that
causeeffect provides a powerful, persuasive and near-universal explanation for socia and psychologica
processes, despite our inability to detect it directly. Because of this inability, causeieffect modds are
more impressive if they have dl three of the characterigtics just noted. This conclusion, if accepted, has
implications for the nature of educationa research.

Introduction

Causzeffect models abound in educationa research. Other than in purely descriptive work (e.g. ‘the
achievement gap between boy and girlsin 1999 was 17%), a research report that did not at least imply
a causd model might look rather odd. Causes are centra to our notion of understanding why things
work as they do, but they are just as centra to the less sophisticated ‘what works approach (e.g.
'become an effective teacher/school by doing what effective teachers/schools do). Yet despite this
prevalence, socid science research methods courses and textbooks tend to overlook the discussion of
causa models completely, or else prepare the novice researcher smply with the negative advice that a
correlaion is not the same as causation. If, over time, the income of the Archbishop of Canterbury tends
to rise in line with the street price of cannabis this is not evidence that the Church of England makes
money from drug-dealing. In these standard books, everyone is reminded therefore what is not a cause,
and what a cause is not. In some methods books there is a section on the potentiad and limitations of
experiments which points to their unique sdlling point - the claim to be a direct test of cause and effect.



But thisis a scarce and recent phenomenon in socia science outside psychology. In general, the concept
remains untaught and undiscussed. It isthe 'skeleton in the cupboard of philosophy' (Samon 1998).

Descriptive and exploratory research

Some research is, and should be, solely descriptive. It is anyway an essentid first step to doing
exploratory work for 'before asking why we must be sure about the fact’ (De Vaus 2001, p.2). It is, in
my opinion, far too common that researchers set out to explain and explore a phenomenon that does not
actualy exist (Gorard 1998, as cited in Hillage et a. 1998). Recent examplesthat | have been involved
with include attempts to explain: the school-mix effect; the growing gender gep in atanment, and
increasing Socio-economic segregation in school compogtions. The fact that we can create a plausble
theory to explain imperfectly understood notions such as these is not evidence that they must exist. Such
research should, rather, routindy start from a re-anadyss of relevant existing datasets, and base the
ensuing exploration on the patterns uncovered in the preliminary work (Gorard 2001).

Even in the exploratory phase the role of 'unfettered' theory remains limited. Whatever methods of data
collection and andlys's are used, the subsequent theory is an attempt to reconcile empirica findings with
pre-existing ‘common ground'. This theory is, either explicitly or no, a causal theory (and for the present
| interpret the term 'cause in its widest possible sense), since it suggests how the empirica findings
arose. The underlying causal mode is perhaps clearest when the research is based on an experimenta
intervention (athough implicit even in the most complex designs). The mgor clam made for the use of
experimenta designs (Fisher 1935) is their ability, used correctly, to uncover and test causd
mechanisms (in Badger et d. 2000). Thisis not a moot point, since the difference between experimenta
and other forms of evidence can be crucid. It can save lives (Roberts 2000). This is not the place to
discuss the practicd/ethica merits and demerits of experimental approaches in educationa research,
which are covered elsawhere (e.g. Gorard 2001). Their advocacy by some commentators rests largely
on this notion of causation, which makesit timely, for a variety of reasons, to consder here the nature of
causal moddling in rather more detail than we usudly do.

The paper proceeds by consdering three positions in relation to causd models - that they exis, that
they do not exigt, and that they exist dongside non-causal phenomena. It shows that there is no logicdl
or empirica reason to regect any of these pogtions, but that educationa researchers, by the nature of
their remit, are committed to the firs. The paper continues by outlining some of the desrable
characterigtics of a'good' causal mode, and concludes with a brief discusson of the relevance for the
future of publicly-funded educationa research.

Are outcomes caused?
It is not possble to detect a cause empiricaly or prove that one exists philosophicaly. We can never

directly sense a cause. We merely induce their existence from our experience of the association of two
or more events, and this is nothing more than a habit of mind - immutable though it gppears (Hume



1962). A very smilar process is observed in both classca and operant conditioning, where the
association of two things leads the conditioned subject to behave in the presence of one thing as though
it implied the presence of the other. Yet unlike conditioning in dogs or pigeons, the process of induction
has been presented as the chief criterion of demarcation between what is consdered 'science and what
is not. This is why, despite important developments by Kuhn (1970) and then Lakatos (1978), it has
tended to remain the 'skeleton in the cupboard of philosophy' (Russdl, in Ayer 1972). Our notion of
cause is little more than a superdtition. Alternative criteria for the definition of scientific, as opposed to
non-scientific, endeavours have been suggested (e.g. by Popper, in Magee 1973). The problem with
these is that, despite the clams of their advocates, they do not remove the problem of shaky
philosophica foundation of induction.

For example, when observation leads us to question a belief because it brings two beliefs into
contradiction we tend to gtick with the most familiar of the two concepts (Goodman 1973), which
suggests that Popper's notion of fagfication does not actudly diminate inductive logic. To use Popper's
own example. No number of observations of white swans can prove that dl swans are white, for even if
al white swans could be accounted there may be other swans that are not white. This, in essence, isthe
problem of induction and therefore of causation. However often two things appears together (whiteness
and 'swanness), they cannot prove alink. On the other hand, as Popper observes, only one observation
of non-white (black perhaps) swan is needed to fasfy the propostion that al swans are white. He
suggests therefore that scientists proceed not by trying to prove their propostions, but by fasfying
them. Thisis one basis for the purported difference between science and non-science. The problem with
thisis that Popper, and his advocates, are ignoring the crucid distinction between forma and red-world
(henceforth "Arigtotdian’) logic. In formd logic, a contradiction such as'A entalls B' and 'Hereisan A
which is not B' cannot be explored further. The contradiction shows that there is a flaw somewhere in
the prior logica chain, perhaps in one or more of assumptions, since both statements cannot be true.
Logic does not help us find the flaw (any more than mathematics can help us find a cause, see below).
Since A and B are ideal terms we do not attempt to tinker with them and overcome the contradiction.
Contrediction is not the same as faSfication.

However, in the real world, where A and B become swans and white and so refer to actual objects, at
least one of the terms could be misapplied to the red world object in question. Therefore, we can a
least condder the possibility that only one of the propostions is fasfied by the contradiction. This is
what Popper does without making this step explicit. He then states that it is clear which propogtion is
wrong, S0 clear that the dternative is usudly dismissed as merdly "playing with words (Thouless 1974).
But this darity is, like induction, actudly only a habit of mind as well. In the example, Popper proposes
that we change the definition of swan to include the possibility that some swans are black, and does not
even bother to argue againg the dternative. The other way out of the contradiction is equaly logical
(even if it gppears implausible because of our habit of mind). We could change the definition of black to
exclude the possibility of being gpplied to swans. Thus the thing that looks like a swan is actudly not
because it is black. The choice is between changing our definition of swan or of black. In this example
we tend to prefer changing the definition of the least familiar term, and swan is a much less generd term
than black. In fact the same istrue in every example of ‘fasfication’ that | can think of. What seemslike
alogicd argument for falsfication could actualy be an gpped to the same non-logical phenomenon of



familiarity that underlies induction, and therefore causation. Put like this the notion of causation sounds,
and indeed is, difficult to judtify. Whet are the dternatives?

What if outcomes wer e not caused?

Ancther possbility to be recognised and examined is that the concept of causation, on which the
gpparent pre-eminence of experimenta methods redts, is an illusion. It is possble to imagine and
describe socid life, and events more generaly, without reference to causes. Since this is so, and we
cannot see, smell, hear, measure or register causes directly it may be unwise to assume that they exig.
In fact, an argument could be advanced that this is the most parsmonious and therefore the most
scientific explanation of our observations.

A perfectly plausble dternative is one based purely on random events. A large table of pseudo-random
numbers can contain arithmetic sequences, and passages of repetition, without us denying their essential
randomness. The sequence'0 123456 7 8 9 is as likely to be generated randomly as any other
sequence of ten digits, suchas'32758 8451 9. Both are equaly 'random' in the sense that we
mean when describing such tables. In the same way perhaps the gpparent regularities and repetitions
that we observe more generaly would be expected in alarge (possibly infinitely large) universe. On this,
admittedly rather extreme view, dl scientific propositions are like the superdtitions of a gambler who
believes that stroking a rabbit foot improves their odds, or of a pigeon in a Skinner box repesting
pointless actions in face of an accidentd reinforcement schedule.

However, this view, while intelectualy coherent, means the end of scientific endeavour and, by
definition, is not one that can be logicaly espoused by anyone engaged in research on teaching and
learning. Similarly, an economigt believing that market indicators were actualy following a ‘random walk’
could not earn aliving as a predictor of these indicators, except as a charlatan.

Nevertheless, causes are seen by some respected commentators as pre-scientific. Pearson (in
Goldthorpe 2001) as early as 1892 was cdling the idea of causes a'mere fetish', which was holding up
the advance of corrdaiond techniques in statistics. Russdll (in McKim and Turner 1997) argued in
1968 that physics no longer seeks causes as they smply do not exist. Causdlity is perhgps ardic of a
bygone age, like the theory that infections were caused by demons invading the body perhaps. The best
we can gpparently hope for is the identification of 'relatively invariant functiona relationships among
measurable properties. So Russl, like Pearson, would argue that scientific laws are idedlised
corrdations. Mathematical statements or systems of equations can describe systems but they cannot
express ether intention or causdity. If we drop a bdl in around bowl it will come to rest in the centre.
We may predict this, and say that this was ‘caused’ by gravity, but we can see neither the cause nor the
gravity, and the cause could not be expressed mathematicaly. This becomes clearer if we drop two
bdls in the bowl. We can modd the find resting places of both balls mathematicaly but we cannot use
this to decide which ball is'causing' the other to be displaced from the centre of the bowl. The events
are mutualy determined and this system of mutua determination is what the equations express (Garrison
1993).



In economics as well as physics some commentators have moved away from causd explanations.
Wages and interest rates might be inversaly related over time, but rather than deciding that one causes
the other it might be more redlidic to describe them as mutudly determining. Mathematics (including
datigtics) is like forma logic (see above). It can be used to show that systems are, or are not, in
equilibrium, and to predict the actud change in the vaue of one variable(s) if ancother variable(s) is
changed. However, this prediction works both ways. If y=f(x) then there will be a complementary
function such that x=f'(y). Which variable is the dependent one (on the left-hand, predicted side) is
purely arbitrary. Nothing in mathematics can overcome this. Neverthdess, non-causa mutudity (or
concomitance) could be a perfectly reasonable and reasonably useful interpretation of many such sets of
events.

What if cause and non-cause co-exist?

Another pogtion worthy of consideration in relation to the existence of causesisthat they exist dongside
non-caused events. One version of this stance was taken by those advancing the teleological argument
for the existence of agod. Their argument was that everything has a cause, so it is possible to follow the
causal chain back to the first cause which was, for the want of a better term, god. Ignoring the smple
counter-argument that the existence of afirst cause actudly refutes the first premise (i.e. everything hasa
cause), it is clear that such advocates are alowing both causes and non-caused phenomenato exist in
the same universe. In practice, such an approach is now followed by economists who present evidence
for rationd choices as a causng agent. These choices, such as those involved in human capitd theory,
do not appear to work for individuals but only at aggregated levels. One interpretation therefore is that
individuas operate using idiosyncratic processes that only appear to be rationa when grouped. More
overtly, this position was taken in the twentieth century by physicists and others believing that events a
some levels are random (uncertain) while at higher levels of analysis they are patterned. In socid science
this belief gppears in models, both quantitative and qudlitative, in which the predictable components of
behaviour are seen as causd in nature, and the unpredicted (and unpredictable) parts are seen as
random error terms or individua whimsy (Potter and Blossfeld 2001).

My contention here is that dl of these pogtions, while logicaly possble, are currently as invaid for the
practisng socid scientist as the modd of entirely random events. The number of potentid explanations
for any finite st of observations is actudly infinite (created by smply adding more and more redundant
clauses to a propogition for example). We overcome this practica problem, and foster cumulation, by
concentrating only on the smplest explanations available. These are the most parsimonious, seeking to
explain the observations we make without using additiona propositions for which there is not aready
evidence. They are dso the easiest to test, and to fasfy in the Popperian modd. We have no direct
evidence for ether causes or random events (Arjas 2001), so to use ether one of them in an
explandaion involves making an assumption. To explain a sat of observations using both involves making
two assumptions, and is therefore unparsmonious. We have enough trouble establishing whether causes
exig or not. To dlow them to exig dongsde unrdaed phenomena makes most socia scientific
propositions completely untestable (for the falsfication of a purported cause can aways be gainsaid by



the ‘whimsy' element). Perhaps this is why the socia science of education shows so little progress over
time.

Uncertainty could aso be merely unpredictability, and it would be arrogant to assume that if we cannot
yet predict a set of events then there is no more predicting to be done. Chaos theory is clearly causal
but it dlows for unpredictability due to complications in computation from the initia dtates (Gleick
1988). This unpredictability could stem from our ingbility to predict causatory events, or from our
misunderstanding of the basic randomness of events (see above). Both explanations are plausible, but
currently untestable. Using both processes together is unnecessary, and trying to combine them into one
description often leads to logicd difficulties anyway. For example if sub-atlomic events are redly
random, but have an effect on larger processes which are themsalves causes, then following the causal
chain argument the larger 'causes are themsalves randomly determined and therefore random. And if
‘random’ events can have a cause then they are not random.

A more complex solution is to condruct a model that involves both causation and other competing
explanations of an non-determinist nature, such as intentiondity through persond choice. Gambetta
(1987) describes educationa decisons, for example, as a product of what is available to the individua,
what the individud wants and, indirectly, the socid conditions which shgpe the individuas' intentions.
However, explanations such as this are unparsmonious on two counts. Firgtly, within the causal mode,
if acause can be ether direct or indirect, an infinite number of possible intermediate steps can dways be
created between the observed direct 'cause’ and the hypothesised indirect one (Blaock 1964). If either
explanation fits the data, the smplest solution is the best and the smplest solution cannot be both
solutions &t the same time. Similarly, the problem with causation is not thet there are events that it cannot
explain, but that it is impossible to measure. Therefore, there is no vaue in mixing it up with amodd of
intention which is also perfectly capable of explaining decisons by itsdf but which is aso not open to
observation by socid scientists. Given that there is no way of deciding between them empiricdly, ether
causation or intention can be adopted (it makes little practica difference which at this stage). Thereisno
empirica judtification for working with both a the same time (any more than there is for working with
causation and randomness). Rather, in a causa explanation, an intention or an individua choice can be
an outcome (of socid or family background for example) and a cause. The argument is actualy about
the nature of the cause (or effect), not about whether it is a cause.

Notions of causality

We have perhaps, as shown above, excessve confidence in the notion of causation in socid science,
but if we question it what is left? At one extreme if the events we observe in our fieldwork are random,
with the apparent patterns appearing by chance in an infinite universe or through sdf-delusion like the
figures observed by ancients in the night sky, then there is no socid science (and no need for research).
We would have to return our grant and RAE-derived funding to the tax-payer!

Even dlowing for the exisgence of genuindy random events dongsde cause and effect produces
problems. If the two sets of events do not interact, then our explanation is unparsmonious (why not



three types of mutudly exclusve events, or thirty?). If the types do interact then randomness ‘trumps
causation. A random event cannot be caused in any meaningful sense, and an event caused randomly is
random (and we are back to the first extreme). One conclusion is therefore that these unobservable
causes are not necessary in philosophica terms, but that they are fundamenta to socid science, and to
learning and understanding more generdly. It follows from that, if accepted, that most debate is about
what the nature of causation is rather than whether it is. When psychologists argue the nature/nurture
controversy, or sociologists debate the relative importance of structure and agency, for example, they
are Smply arguing about what the relevant causes are.

Excluding a middie-way on this issue leaves two generd gpproaches. Events are not caused (random,
unpredictable and inexplicable) and the apparent regularities are due to chance. Events are caused
(determined, potentidly predictable and explicable) and the gpparent exceptions are due to lack of
knowledge. The firs of these has been covered above. The second dlows severd different
interpretations, and it is important to recognise and examine some these as wel so that we can be
clearer when discussing/implying causdity in our research which of these interpretations is in operation.
The remainder of this section outlines a variety of characterigtics for causd models, and suggests the
current level of agreement about them.

Association and causation

One way of viewing causation is as a Stable association between two eements. Where one is present
the other is adso, and when one is absent the other is aso. It is the congtant conjunction that suggests
that al posshble futures will be like dl pasts (Hume 1962). This view of causation has two man
problems: we know that it opens us to supergtition, and it does not alow for intermittent association (see
above). Skinner's accidentd reinforcement schedule is a powerful reminder of the dangers of alowing
causad models to be based only on association. Skinner's intermittent reinforcement schedule shows us
how difficult it might be to shake such causal modes once they have been accepted.

We can be easly fooled by association (hence the common caveets about correlations in standard
textbooks), especidly where these associations involve large numbers and are backed by expertise or
gpparent authority (Brighton 2000). A case in point gppeared in one of the first Programme seminars for
the ESRC Teaching and Learning Programme, where the leaders of two projects made the same
argument. They accepted that correlation was not the same as causation, but suggested that multi-level
multi-variable linear regresson was able to detect causes. But linear regresson however complex is il
based on corrdation, having dl of the same limitations with the added disadvantages of being harder to
understand, and not producing individua-level predictions and resduas. A smilar point was made
recently by Johnson (2001) about the fase digtinction in the US between 'causa-comparative’ studies
usng andyss of variance techniques, and 'correationd’ studies. Even though comparative modds
involve comparison between two or more groups (and like corrdationa techniques are becoming
increasingly complex), they do not provide postive evidence of causation in non-experimental designs.
It is, perhaps, smply their complexity and the apparent authority of statisticians who understand them
that makes others prepared to accept the falsehood. Techniques such as analysis of variance were
anyway developed for use in experimentd trids, in which there was little or no measurement error



(agriculturd gpplications). It is not immediady clear that they have a vdue in non-experimenta
Stuations, especidly in socid science where the measurement error is high (Field and Wilkinson 2001).

Despite al of these cavedts, purported causa models based only on association gppear throughout the
research literature, sometimes dominating entire fields of endeavour (see Gorard et a. 1998). Where
economigts talk about causation they often mean something much wesker, like Granger-causation or
tempord relaionships, which takes the post hoc ergo propter hoc falacy of logic and convertsit viaa
little flourish and an empirica test of 'causdity’ to a seemingly respectable principle. Granger-causation
In economics assumes that we are working with auniverse of information. If avariable is diminated from
this univers model, and this produces no change in a second varigble then the first variable cannot be
the cause of the second (Hendry and Mizon 1999). Otherwise it can be said to 'Granger-cause' it. The
practical problem with this empirica approach to causation is that a Granger-cause and a cause are not
the same thing but they sound confusingly smilar, and anyway no one actudly works in the 'universe of
information’. Economist use regresson modds very far from universd in naure, sometimes even
bivariate, and till claim Granger-causation which becomes; in essence, afancy term for a correlation. A
amilar gpproach is often usad in partidling variance in school effectiveness work. Here the argument is
for robust dependence. A variable is not a cause if its influence (regression coefficient) is iminated by
the addition of new variables to the system. But this is clearly nonsense (Goldthorpe 2001). A causal
path analyss may show that education leads to a higher income but this is very far from showing that
education causes income. Robust dependence is not enough. Only a prediction from theory, or atest via
intervention, can take us any further than a purely descriptive mathematical relaionship.

Given the difficulty of identifying causes, perhaps the best that can be hoped for isto identify only wesk
causes or 'determinants. These could be the producers of the observed effects, or they could be smply
the indicators, or sgn pods, of a future outcome. In fact, socid scientists outside structural equation
modelling use many forms of determination which are not grictly causd, and | include here historica and
sructura analyses (Potter and Blossfeld 2001). We should aso accept a causd modd which is
probabiligic rather than determinist in nature (Goldthorpe 2001), dthough we would be unable to
decide whether this worked because the world is actually non-determinist, or because it is too
complicated to explain fully and so we alow for error. "The teacher may give what gppears to be the
same lesson in exactly the same way in a second classroom, but the outcome of the second lesson may
be quite different because some un-noted variables of the setting, or the class, or the individuas within
the class, are sufficiently different to affect the outcomes (Bassey 2001, p.7). However, rather than see
this as something peculiar to education or socid science we should recognise that this is the common
form of causa moddling. Smple deterministic causation is rare in redity, where even physical laws are
actualy generaisations from many differing observations. Water tendsto boil at 100 degrees centigrade,
but it depends on the atmosphere and the purity of water. | doubt if I, or any readers, have actualy
witnessed water boiling at precisely 100 degrees. The best we will have done is observed a tendency
for what we cal water to boil a near that point, and to have created a list of exceptions and conditions.
Even such a ample law appears probabiligtic, rather more than like the constant conjunction of drict
determinism.

Time and causation



‘It can be said to be axiomatic to any notion of causdity that it only acts forward, that is, a cause must
precede its effects in time' (Arjas 2001, p.60). In research, asin life, an easy assumption is sometimes
made about the direction of causation that does not really stand up to scrutiny. This assumption is that
one event can only be considered a cause of another if it occurs fird, therefore if two varigbles are
related then their tempora sequence defines which is the cause. For example, an andlyss by Dolton et
d. (1994) of data from the longitudina Y outh Cohort Study explained the labour market postion of
esch participant in terms of their postion in previous sweeps. Similarly, Gershuny and Marsh (1994)
explained each participants current employment position, as described by employment status, sector
and occupdtiond levd, in terms of two main determinants, both preceding the current employment
postion - ther initid characterigics and the accumulation of previous employment. They therefore
adopted a 'recursve determination modd', which was based on the causa chain approach advocated
by Blau and Duncan (1967). Technicd literature generaly suggests methods for andysis of event
histories, such as Proportiond Hazard modelling, which try and explain occurrence variables in terms of
prior events. In fact, a mgority of studies use these unidirectiona recursve modes, such that the
predictors or independent variables are themselves unaffected by the outcomes or dependent variables
(Berry 1984). The approach was summed up in one study thus, ‘what we do now becomes what we
are, and what we are in part determines what we do next' (Gershuny and Marsh 1994, p. 69). In their
andyss of the determinants of unemployment, variables were entered into the modd in the order that
they occurred higoricaly, from parents occupationa class through initid education to the work detalls.
The 'effect’ of the earlier episodes was assumed to be present throughout the analysis but was found to
diminish over time. In this way, the past is seen as affecting the present while both can affect the future,
but the future cannot affect the present and the present cannot affect the past.

However, in many respects the assumption of unidirectionad causation is unredigtic (Berry 1984).
Causdity is merely assumed to be time-determined (Hume 1962). The rel ationships between data which
are seemingly in a tempord sequence are often reciproca (Hagenaars 1990). Many educationd
decisons may be made in the expectation of a fairly remote future outcome, for example a decison to
stay on at school at age 16 in order to become a barrister. Even as early a stage as picking courses of
study for GCSE can be dependent on fina career intentions (Roker 1991). Rationa choices can dlow
people to jump towards attractive options rather than being ‘pushed from behind' (Gambetta 1987). In
addition, the direction of the arrow of causation isnot at al clear even in well-established links between
variables. For example, does a higher family income lead to a better education for the children, or can
dress laid on future educationd plans also lead to a need for a higher level of income? Does grester
investment in training lead to company growth, or are richer companies more likely to spend money on
training? Anayses using only a single equation model, such that A is predicted by B and C separatdy
assume no relationship between the predictors. Regresson models are now becoming more complex,
with multi-equation rether than single equation modes, which alow the predictors to influence each
other, so that athough A may be caused by B, both A and B may be caused by C. However, in theory
a leadt, if two variables can be reciprocaly related or even if their error terms are related, then a non-
recursve model must be used, but this is seldom seen in socia science outside econometrics (Berry
1984). One reason for thisisthat asit is not possible to deduce the direction of causation from asmple
association, some non-recursive models cannot be meaningfully described.
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Teeology is not a respected phenomenon, and intentions are usualy seen as being causes from the
future. An opinion poll of researchers would probably discover very little support for the notion of
'backwards causation. However, a variety of Stuations and puzzles have been devised which expose
how common the teleological explanation of events actudly is.

A smple example, from awhole range, of our habit of usng backwards causation is as follows. You are
appearing in a TV quiz, and are presented with three closed boxes. One box contains a prize and the
other two are empty. You are dlowed a free guess. If you pick the box with the prize, you win it. You
select one of the boxes (box A for example). The compere, who knows the contents of each box, then
deliberately opens an empty box (box C for example) and shows it to you. The compere then gives you
a chance to change your mind. Do you now have any reason to pick another box (box B in this
example) or to gtick with your origind choice? Put another way, what have you learnt from the opening
of box C?

Many reaeders will argue that they have no reason to change their mind, but that they now have an
improved chance of winning whether they stick or pick box B. People tend to claim that whereas they
had started with odds of 1 in 3, they now face odds of 1 in 2. But even being tempted by this 'andyss
displays a bdief in backwards causation. Nothing that the compere has done in opening the box can
change the position of the prize or, therefore, the odds of winning. When the game started you had odds
of success of 1in 3 (with box A). The prize was twice as likely to be in one of the other two boxes,
even though one of the other two boxes must be empty. The fact that you now know which of the other
two boxes is empty changes little. The prize is dill one third likely to be in box A, and two thirds likely
to be in one of the other two (which is smplified now to box B). Picking box B is twice as likely to be
successful as picking box A. To consider otherwise implies that opening box C can have an effect on
the actud position of the prize (cf. the problem of Schrédinger's cat).

Since the entire notion of causation has no solid evidence-base, but is chiefly a habit of mind according
to Hume and others, the fact that reverse time causation is aso a habit of mind gives it a very smilar
philosophical and scientific status as the more usua causal modds. In fact, in afull determinist mode of
events it makes as much sense for time to run backwards as forwards (it would, presumably, not be
possibleto tdl the difference anyway).

Plaushility

In evauating whether a possible theory makes sense, De Vaus (2001) suggests in addition to explaining
the co-variation and time sequence, and being plausible, that the proposed dependent variable must be
cgpable of change. While the sex of the student could affect the outcome of an assessment, the reverse
could not be true. Sex would be unchanged by the assessment. In fact, we can go further than saying the
dependent variable must be capable of change to it can be changed by the independent variable. If there
isardationship between the level of poverty among sixteen-year-olds and their examination results, then
the only causd modd that makes sense in the short-term is one where poverty leads to examination
results.
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A possible characteristic of a good causal modd is an explanatory process or theory that takes these
redrictions on plaushility into account. If causdion is a generative process then something must be
added to the datistical association between an intervention and an outcome for the mode to be
convincing. The cause must be tied to some process that generates the effect. The sandard example is
the clear relationship between smoking and lung cancer. The statistical conjunction and the observetions
from laboratory trids were eucidated by the isolation of carcinogens in the smoke, the pathological
evidence from diseased lungs and so on. From this complex interplay of studies and datasets emerges
an explanatory theory - the kind of theory that generates further testable propositions. This is the key
role for theory-building in educationd research.

Interventions

Another way of viewing causation is via the effect of an intervention. If causes are not susceptible to
direct observation, but what they 'cause’ is effects, then at least those effects must be observable. We
therefore follow the principle of 'no causation without manipulation’, and attempt to mimic the dassc
Fisher experiment. This is the gpproach used by Pavlov in so far as classica conditioning involved a
causd modd of learning and extinction. Koch used a very smilar approach of intervening and remova
to show causation in infections (Cox and Wermuth 2001). Unfortunately in a socid science where the
subject of study is people we cannot usualy expose the same people both to the treatment and not, as
might be possible by using two near identical cases in Physics for example. We therefore use Satistical
approaches (including random alocation to groups) to overcome this limitation. And this, of course, may
be why probabilistic modds of causation emerge. They may reflect, not the redity of the study, but the
limitation of the experimenta design.

These same datistical procedures are now more widdly used where an intervention is not even
attempted but is replaced by further Satistica controls such as weighting. There remains fundamenta
disagreement over the validity of these approaches (McKim and Turner 1997). Prediction, based on
correlation aone, does not depend on a causd relationship, nor does it necessarily exhibit causation.
This is true however impressve the prediction is - we may accuratdy predict the severity of a fire from
the number of fire engines atending without atributing the cause of the fire to the engines (De Vaus
2001). Day aways precedes night and so could explain 100% of the variance in aregresson modd, but
that would not make it the cause. What we need to do is be cregtive in the consideration of aternative
explanations (and then test these if practicd). In fact, it is common to encounter the ‘falacy of affirming
the consequent’ in socid science (and | plead occasiondly guilty to this one). The falacy argues that if A
is true then B will follow. Then if B gppears it meansthat A is true. While seductive there is no logic to
this argument unless it starts more strongly with ‘only if'. Otherwise exactly the same argument can be
made with Z (or anything else) subgtituted for A.

12



Causation and the law

It is interesting as0 to congder the legd postion of causation. Evidence for causation has been
presented in many lega cases - a common theme in occupational medicine for example (Rom 1992).
Bradford-Hill's criteria for identifying causation are widely applied (Bradford-Hill 1996). These are a
tempora relationship, pecificity, biologicd [i.e. mechanica] plaushbility, and coherence. When these
have been put to the test in law, the US Supreme Court has ruled (e.g. in Daubert versus Merrill Dow,
1993) that experts seeking to prove causation (of the toxic effect of a chemical) have to establish a
greater than 50% probability based on common ground, generdly agreed techniques and evidence from
peer-reviewed publications. The expert does not therefore need to rely on scientific proof or certainty,
or even intervention triads necessarily. Helpful, but not al essentid, characteridics of the purported
causd relaionship are:

. confirmation of association in different sudies, researchers, populations, and methods;

. frequency of association compared to frequency of ether alone;

. exposure to the factor (for the individua or the population) before the onset of the disease;
. predictive relationship between the factor and frequency (biologica gradient);

. isolation of factor and use asintervention to create disease;

. coherence with previous knowledge, and plausihility;

. workable previoudy agreed anadogy;

. reduction in disease after removal of factor.

Conclusion

Causss are paticularly relevant in a climate of evidence-informed policy-making and practice for a

least two reasons. Causes are redly only susceptible to testing by intervening and measuring, the
technique of randomised controlled trids and related designs which form the basis for the
Camphbell/Cochrane syntheses. In addition, in order to determine what works in any given Stuation the
intervention must be proposed firg (for there are an infinite number of potentia interventions). While this
cregtive phase of a study can be, and has been, inspired or serendipitous, the closest we have to a
technique for generating such idessis to try and understand why things work. Thisisthe role of theory -

not banner-waving grand theory, but attempts to provide explanations for observed phenomenain ways
that are fruitful and actudly testable. Thus, | would argue that a useful cause would have the
characterigtics of al of the models proposed above. It would involve conjunction (rdlatively stable
associaion), a measurable effect from the intervention, and at least a tentative theoretica explanation.

However, the more standard notions (Potter and Blossfeld 2001) of cause and effect having spatia and

tempora contiguity, constant conjunction, and tempora successon have al been brought into doubt in
this discusson. Causation is a difficult concept for use in socid science for a variety of ressons. It is
difficult to define, requiring some form of agency or productive force to be meaningful, athough this
force is never observed and merely induced from patterns of ordered events (Blaock 1964). Some
models may allow causes to operate a a distance, or even require causes to come after effects, and

some may wish causes to be only probabilistically associated with effects. All of these are possible, and

none of them disturb the conclusionsjust drawn.
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Having resolved this, in practical terms cause/effect is till difficult to isolate. Given the design bias, and

sampling and measurement errorsin al our work we may end up with estimates, cataysts, determinants,

or even ‘fuzzy generdisations rather than smple, amost mechanicd, cause and effect models. While
perhaps disappointing to some, thisis actualy inevitable. Our role as researchersis to minimise the bias
and the sampling and measurement errors. Stetigtics, as popularly conceived, can only help with the
least important of these - the sampling error (and while satistical procedures describe ided situations,

socia scientists conduct their studies in, and are influenced by, redl-life socid settings, Gephart 1988).

Overcoming the rest of the error, the bulk of it in any design, isto do with rigour (and whatever thet is
will have to be the subject of a further paper). Rigour would transcend any specific gpproach or
method. It is certainly not the prerogetive of experiments (whose importance lies in the intervention
only). The current paucity of experiments in socid science is therefore not an excuse to evade the need
for rigour. The same Situation is faced in many fields such as archaeology, paaeontology and astronomy,

and for more solidly practical reasons perhaps. Even cutting-edge sciences such as molecular genetics
use rlaively few genuine experimenta designs (dthough the routine benchwork creates controls as a
matter of course). The same Stuation appliesin arange of scientific and quas-scientific settings (Collins
and Pinch 1993). 'Physics envy' among socid scientists is misplaced, and there remain many useful

Srategies of a non-experimental nature that enable us to increase our confidence in perceived causal

relationships (such as sdection moddling, or longitudind studies combined with triangulation of methods,

see Johnson 2001). Further ideas about the design of research to test causa models will dso have to be
the subject of afurther paper.

Notes

The work involved in preparing this paper was undertaken as part of a project funded by the ESRC
(grant number L139251106), and a draft was presented a the first internal Teaching and Learning
Programme Conference, London 24th May 2001, and Sheffield 7th June 2001.

I would like to thank Harry Collins, Rob Evans, Laurence Moore and James Tooley for their helpful
Suggestions.

14



References

Arjas, E. (2001) Causal andlyss and statistics: asocid sciences perspective, European
Sociologica Review, 17, 1, 59-64

Ayer, A. (1972) Russl, London: Fontana

Badger, D., Nurgten, J., Williams, P. and Woodward, M. (2000) Should all literature reviews be
systematic?, Evaluation and Research in Education, 14, 3&4, 220-230

Bassey, M. (2001) A solution to the problem of generadisation in educational research: fuzzy
prediction, Oxford Review of Education, 27, 1, 5-22

Berry, W. (1984) Nonrecursive Causa Models, London: Sage

Blalock, H. (1964) Causd Inferences in Nonexperimental Research, Chapel Hill: University of
North Carolina Press

Blau, P. and Duncan, O. (1967) The American Occupationad Structure, London: John Wiley

Bradford-Hill, A. (1966) The environment and disease: association or causation?, Proceedings of
the Royal Society of Medicine, 58, 285

Brighton, M. (2000) Making our measurements count, Evaluation and Research in Education, 14,
3&4, 124-135

Callins, H. and Pinch, T. (1993) The Golem: what you should know about science, Cambridge:
Cambridge Universty Press

Cox, D. and Wermuth, N. (2001) Some dtatistica aspects of causdity, European Sociologica
Review, 17, 1, 65-74

Daubert versus Merrill Dow (1993) 509 US 579, 113 S. Ct 2786

DeVaus, D. (2001) Research design in socid research, London: Sage

Dolton, P., Makepeace, G. and Treble, J. (1994) Measuring the effects of training in the Y outh
Cohort Study, in McNabb, R. and Whitfidd, K. (Eds)) The Market for Training,
Aldershot: Avebury, p. 195

Field, A. and Wilkinson, L. (2001) Getting your numbers wrong, The Psychologist, 14, 6, 316

Fisher, R. (1935) The design of experiments, Edinburgh: Oliver and Boyd

Gambetta, D. (1987) Were they pushed or did they jump? Individua decison mechanismsin
education, London: Cambridge University Press

Garrison, R. (1993) Mises and his methods, pp.102-117 in Herbener, J. (Ed.) The meaning of
Ludwig von Mises contributions in economics, sociology, epistemology, and politica
philosophy, Boston: Kluwer Academic Publishers

Gershuny, J. and Marsh, C. (1994) Unemployment in Work Histories, p.66, in Galie, D., Marsh,
C. and Vogler, C. (Eds.) Socid Change and the Experience of Unemployment, Oxford:
Oxford Universty Press

Gleick, J. (1988) Chaos, London: Heinemann

Goldthorpe, J. (2001) Causation, dtatigtics, and sociology, European Sociologica Review, 17, 1,
1-20

Goodman, N. (1973) Fact, fiction and forecast, New Y ork: Bobs-Merrill

Gorard, S. (1998) The middlie way, BERA Internet Conference, www.scre.ac.uk/bera
/debatefindex.html

Gorard, S. (2001) Quantitative methods in educationd research: the role of numbers made easy,

15



London: Continuum

Gorard, S., Rees, G. and Jephcote, M. (1998) The role of contour lines in school improvement,
Research Intelligence, 66, 30-31

Hagenaars, J. (1990) Categorica Longitudina Data: Log-linear, pand, trend and cohort analyss,
London: Sage

Hendry, D. and Mizon, G. (1999) The pervasiveness of Granger causdity in econometrics,
Nuffidd College Oxford, (mimeo)

Hillage, J., Pearson, R., Anderson, A. and Tamkin, P. (1998) Excellence in research on schools,
Sudbury, DfEE Publications

Hume, D. (1962) On Human Nature and the Understanding, New Y ork: Collier

Johnson, B. (2001) Towards a new classification of nonexperimenta quantitative research,
Educational Researcher, 30, 2, 3-14

Kuhn, T. (1970) The structure of scientific revolutions, Chicago: Universty of Chicago Press

Lakatos, 1. (1978) The methodology of scientific research programmes, Cambridge: Cambridge
University Press

Magee, B. (1972) Popper, London: Fontana

McKim, V. and Turner, S. (1997) Causdity in criss? Statistical methods and the search for
causa knowledge in the socid sciences, Indiana University of Notre Dame Press

Potter, U. and Blossfeld, H. (2001) Causal inference from series of events, European
Sociological Review, 17, 1, 21-32

Roberts, 1. (2000) Randomised trids or the test of time?: The story of human abumin
adminigtration, Evaluation and Research in Education, 14, 3&4, 231-236

Roker, D. (1991) Gaining the Edge: The education, training and employment of young peoplein
private school, London: City University

Rom, W. (1992) Causation, in Textbook of Environmenta and Occupational Medicine

Samon, W. (1998) Causdlity and explanation, New Y ork: Oxford University Press

Thouless, R. (1974) Straight and crooked thinking, London: Pan

16



