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Causal Inference

Nancy Cartwright

1. Problems for Causation

ion across the sciences, so much
frere hav ht?:elr? rigseirel; Z:;:se ik?ait:c)rrlnust be banished forelve;lr ti:
tﬁzrgaﬁ:; and the social sciences. Yet, whfattﬁveroicsi;?icci::acgtlzorf
i i t of the s - For
e Lo CauSS a:llc())c?l f)efrgggrllso?rtlitclzea;lflaliolitical Science (LSE) ) wh’i’c’h" o
e ?Or:rix?;t :ocial science institutions in the world, has as its motto
e o e causas: ‘To know the causes of thing's'. . i
Cogn%sceirs causality so central? Because, it is widely believed, i : l1
ofvt\;xeycauses of things that allows us to unde}rlstzng ;cl}llee vv\\rlgﬂ’,‘
the future, to build better socii} slzf?st];e;lz:,u :: tch eamg)tion facés
en, try to banish causation? 1C
Y:rgzlaild tl,lerz is no widespread agreemenf1 hov:l,e?i g;inht;il :
can be solved. The problems can be grouped un ;

method, and metaphysics.

1.1 Meaning

. . «d Hum
The eighteenth-century Scottish ph11059p1t<1§i ].)az;lecl I: -
i ion i t what we think it is .8
notion of causation is no o
claimed that all of our concepts (he c§lled thefcnm1a o
rience. They are copies of the impressmr'ls th'a e
. i ience of happenings in world
Where, then, in our experi el
i he argued. Look as ha |
of causation? Nowhere, . , . -
see shapes, and colours, and motions, never a makmg
?
So where does the concept come from?
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What we call causes are re
said Hume, Human beings,
So, having observed a regul

come to expect the second
selves,

gularly followed by what we label as their effects,
he believed, are deeply prone to forming habits,
ar association between two kinds of everts; we

first. Looking inwards at our:

derives from an impression of our own inter,

nal state,
Although no one nowadays subscribes to Hume's theory of concept forma-
tion, his conclusion still has 3 powerful gri

P, and it is not uncommon to find
contemporary thinkers who hold what is called a regularity theory of causality,
that all there is to causality is associatio

n, though many now would allow
that the association may be merely probabilistic, not one that holds with ful]
regularity,

Independent of the influence of thi

nking like Hume’s, there is good reason
to care about just what the conce

Pt of causation is if we are to employ it in
entral norms of science, whether it be natu-

that its claims be clear and unambiguous and
that the concepts employed in them be wel] defined an
When we talk in science,

ight the meaning of ‘cause’

- We shall review some of
the central recent attempts in section 2.

the meaning of the concepts it
explicit methods for determin-

Chapter 14 of this book stresses,
ning concepts, on the one hand,
vhen they obtain, on the other,
¢ geared to showing whether ¢

ds, so that we can be sure that oy
think we are learning about, You

the two endeavours of characterizing or
and of devising methods for determin-
must go hand-in-hand. The methods
he very concept that has been defined
r methods are teaching us about what
will not be surprised then that some of
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the characterizations of causation you will see are almost read directly off
from some of our favoured methods for establishing causal relations, and
vice versa.

1.3 Metaphysics

The problems under this heading concern the nature of the causal relations
themselves. Social science studies causal relations at two levels. The first is
the singular: what are the causes and effects of specific single events? Using an
example from Chapter 14, what caused the civil war in Angola in 1975? The
second is the general: what kind of features are generally connected as cause
and effect? For instance, ‘Ethnic diversity is among the causes of ethnic civil
war’, or ‘Skill loss during periods of unemployment causes persistence of high
levels of unemployment.’ Claims in social sciences about general causal rela-
tions are often called causal principles.

Probably the most central metaphysical problems facing singular causal
relations arise from questions about how they behave in time. Are they
instantaneous or extended in time? Is the cause temporally contiguous with
the effect or is there a gap between them? Bertrand Russell (1912-13) argued
that there cannot be a gap. Otherwise what would make the effect pop into
existence when the cause was no longer there to produce it? This implies,
he argued, that neither the cause nor the effect can be extended in time
because the earlier parts of the cause, if they were to matter, would have to
have an influence across a time gap; and so too with later parts of the effect.
So causes must be instantaneous and contiguous with their effects. But that
is impossible because time is continuous. Between any two instants there
are infinitely many more, no matter how close together those two instants
are. So, said Russell, the notion of one thing causing another does not make
sense. We can sensibly talk of what values quantities have at each instant
through continuous time, as when we use a line to represent the changing
locations or changing velocity of the centre of mass of an object; but not of
causality. That’s part of why the concept should be banned from both natu-
ral and social science.

Social scientists have not worried much about Russell’s problems. But
they do worry about similar ones. There is a general consensus that in the
single case there should be some continuous causal process connecting
cause and effect. But the causes represented in social science studies are
often aggregates, like GDP; they are often characteristics of institutions,
like the managerial structure of Enron; and they are often norms or prac-
tices, like tax evasion. For causes like these, it can be hard to identify a
causal process connecting cause and effect. What, for instance, might con-
nect the high ethnic diversity in Angola in the period before 1975 with
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the ethnic civil war there in 1975 that it is supposed to have helped cause?
Or suppose we want to argue that the GDP in a country in one quarter
caused the rise in consumer spending there next quarter. What temporally
continuous causal process connects these aggregate quantities? How even
should we think about GDP itself with respect to time? Suppose all the
production processes in a country are stopped for a day to mourn a dead
leader. Does GDP go to zero then? Although these are live questions from
social science, there has not been much headway on them recently and we
shall not discuss them further here.

The dominant questions at the general level have to do with, first, the rela-
tion between the singular and the general. Must every singular causing fall
under a general principle? We may say that the event reported in paragraph
three of the lead story in today’s New York Times caused the event reported
in the first paragraph on page five. Surely we do not think there is a general
principle that ‘Events reported in paragraph three of the lead story of the
New York Times cause events reported in the first paragraph of page five.’ But
must there be some feature of the event reported in the lead story—say, that
it involves a high level of ethnic diversity—and some feature of the event
reported in page five—say that it is an ethnic civil war—which are connected
by a general principle? This is an important question for how we approach
the understanding of singular events in the social sciences, which is the meat
of what is done in anthropology and in policy evaluation (did the policy
really produce the improved outcomes we observe?). Philosophers over the
last two and a half decades have tended to answer ‘yes’ to this question.
Although there was a lively debate about the question involving both phi-
losophers and social scientists in the 1960s (see e.g. Roberts 1995) concern-
ing historical explanation, social scientists have not had much to say about
it lately. The exception is the recent literature on evidence-based policy, to
which we will turn.

The second dominant question at the general level is one that confronts
all principles in science whether they are causal principles or some other
kind of law and whether they are in natural or in social science. What makes
a general truth a law? Don'’t some facts just happen to be true generally?
They hold by accident and we would not want to include them as princi-
ples in our scientific theories. For instance it is true that Venetian sea lev-
els rise and so do bread prices. But this general association does not seem
to be a law. Though this can be an important question, it is widely—and
well—addressed in texts on philosophy of science in general, so we shall
not pursue it here,

In what follows we shall discuss first general causation and then singular
and, because of the close connection between the two, we shall discus mean-
ing and method together.
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2. Meaning and Method

What does it mean to say, at the general level, ‘Ethnic diversity causes (or is..

among the causes of) ethnic civil war’? Or ‘Rising inflation causes decreases
in unemployment’? Or, as Chapter 1 discusses, that wives slimmer than their
husbands make for happy marriages? Most recent attempts to answer this
question are not reductive. They do not attempt to define causation in totally
non-causal terms. They suppose, to the contrary, that causation is a basic fa
of nature that cannot be properly characterized in totally non-causal tern
any more than central physics concepts, such as electron, can be characterize
without using other concepts from physics theory, like proton and electr
magnetic field. The view that causation cannot be characterized in entirel
non-causal language and correlatively that the validity of our methods
test causal claims will always rest on some specific causal assumptions
summed up in the slogan, ‘No causes in, no causes out.” Nevertheless,
if a reductive characterization is not possible, if the concept is to play a
in social science, it is still essential that it have clear unambiguous mea
and that our methods for testing for it be appropriate to the concep
understood. Four main ideas are used in recent attempts to characteri:
sation, which we address in turn: probabilistic association; manipul
intervention; mechanism; powers. £

How do these four different approaches to causation relate? Ate'th
ferent theories about the very same thing, perhaps a special kind o
that holds between events or a special kind of general truth ora s
of law of nature? If so which, if any, is correct; and might they all
more than one, be correct, perhaps by focusing on different aspec
one thing? If they are not about the same thing, are each of them.
some of them-—correct about something? Perhaps they focuso
different kinds of relations in the social world, though are similat
go under the same loose title ‘causal’? These are important qu
ing both philosophical and empirical input. We will not discu
but leave them as topics in a more advanced course since t
tackled till after we have a good idea what the different approach
we do aim to provide here. ;

We shall also not discuss the relation between causation an
on which there is a large philosophical literature (see e.g.‘Reis:

2.1 Probabilistic Association

When a cause is present there should be more of the effect than
absent. That is the root idea of the probabilistic theory of causa
events occurring at some arbitrary time t cause E type of

:' need to be ironed out. For instance
,” to the population satisfying K. Wh
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later, t
hen we should expect Prob(E, | C) > Prob(E,, | =C). But that’s similar

to saying E, and C_are
" " correlated—they tend to ; ; it i
well-known mantra that correlation i 4 on, High cany, nd ie1s

Suppose you were able to control for
preventing E,.! Imagine you could look i
took some fixed value. So everyone is t
undergoing the same stress at work, has
In this population it seems reasonable
tion does cause low divorce rate,
probability will increase only if it
no other way to account for an i
formalily, let K, represent a popula
C, take some fixed value, where

causes can take. Then C, causes E
Prob(E,, | =C, +K).
This is the gist of the probabilist

all the other factors causing or
11 a population where all of these
he same age, the same religion, is
the same number of children, etc,
: to expect that if candy consump-
it will increase the probability; and the
does so since in this population there’s

e e alues these
, i i
. ; it and only if Prob(E, | C+K)>

ic theory of Causation, though more details
, note that this characterization is relative
atthen about a larger population that con-

of dispute. Some philosophers and social
ativization to the K

a.ins I‘<i? That is one of the points
cientists insist on keeping the rel

1
Except those on the causal Pathway between C,and E, if it exists,
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i tion
relations in explaining what is required for any glvenf ge’z[nere‘ll c;u;leisrteslztisfy "
i training. Each of the factors in K
to hold. It is, however, very cons th ! : ol
a similar for’mula with respect to C, and the remaining factors in K, since each

i th
of these is itself meant to be a cause of E,.. Althoughlthls ?a}; 3;)2 rﬁf& y
i ingle choice, it will rule out a
choice of causes for E, to a sing ot they ot
i i information about a few factors,
alternatives. And adding some in . v
etimes fix the set entire
indeed a cause of E, or that they are not, can som
iven the probabilities. . -
gl";‘his wa}II) of characterizing causality has the advantage tpe;t 1t'c01(1:21:§és tl;ltm
i i istical methods used in the social scien S1
diately with standard statistica ‘ -
i d in what are called ‘observa
causal relations. These methods are use : Observaton £
i i e from populations in thei ]
ies’, which means that the data com: : e
i ially selected populations enrolled in exp
tings and not from specially . S
i ial scientists measure correlatio
the populations under study, socia ‘ e o reen
i hether there is a causal conn: ’
between factors to begin to test w . o
i i eaker notions than conditiona
them in that population. These are w o
ilities, li Prob(E,, | =C,), but are closely re JIn
bilities, like Prob(E, | C) and Prob(E, o | . :
test t};ey measure partial correlations ot partial regresszor?s,.ho}(c.hn;oJ ftxed
varilables that they hope represent the other causes. This is a Kn)l sci)m‘ﬂ'
conditional probabilities Prob(E, | C, +X) and ProbE, | -C, + o .
of ideas are used in econometrics, in estimating the coefﬁc1er} S ap
economic equations that will hopefully represent causal relat1or1f;. .
The two assumptions of the probabilistic theory—t-hat' an efe;ce
probabilistically dependent on its cause and thatlthlstliiljczré :
held fixed—are also a !
disappears when other causes are : : ’
callepdp’Bayes nets methods’ for causal inference, for Wthh. comp
grammes can generate all sets of causal relations among.e? g}vz
ables that are possible, given information about pI‘Obabll-lSth,l",’(?
among the variables, supposing the fundamental assumptions lin
and probabilities are satisfied. :
ThP:ase two assumptions are also at the core of the reasomh
omized controlled trials (RCTs), which are hlghly touted ;s'tn :;go
for causal testing in medicine and, as we see in CI}apteF A
policy, and are being pushed throughout the social sciences
in development economics. The neat thmg.al?out RC}FL;S'
with one of the central problems that the statistical met ;)‘f‘
face: that we generally don’t know what the other causa

don’t know what to hold fixed.

ng beh
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In an RCT, the individuals in a population enrolled in the experiment-
which could be individuals, schools, countries, etc.—are randomly assigned
either to the treatment group, which will be subject to the cause (C), or to
the control group, which will not have the cause (-C), but may perhaps
receive a placebo. There should be as much masking as possible: the individu-
als in the experiment should not know which group they are in, nor should
anyone involved in further monitoring or treatment, or in reading out the
results to see if E, obtains or not, or in carrying out the statistical analysis.
This is to guard against conscious or unconscious bias that may influence
the results that are finally recorded. The aim is to ensure that both groups
have the same distribution for all the other causal factors influencing the
outcome, so that every arrangement of them—every K —has the same fre-
quency in both groups. This aim can very rarely be achieved and moreover,
we won’t know when it has been: statistics can tell us how often in the long
run random assignment will produce any particular imbalance but we do not
have even that kind of assessment when it comes to how well the masking
has succeeded. So, as always in scientific work, we must not place too much
confidence in the results of a single study, even one that has been very well
conducted.

In order to see the logic of the causal inference, let us suppose, though,
that the other causal factors have the same frequency in the treatment and
control groups. The Prob(E,) in the treatment group will then be an average
across the probability of E, given C, in each of the subpopulations in it—i.e,
each of the K. So it will be an average over Prob(E,, | C, + K). Similarly, the
Prob(E,) in the control is the average of the probability of E, given -C, in each
of the subpopulations represented there—each of the K. So it is an average
over Prob(E, | -C, + K). By our hypothesis that the other causal factors have
the same distribution in the two groups, the frequency of each K, subpopula-

tion is the same in both. So if the probability of E, is greater in the treatment
group than in the control group, that implies that for one of the K, subpopu-
lations, Prob(E, | C, + K) > Prob(E, | =C, + K). It follows that there is at least
one subpopulation—one K,—of the experimental population in which *
causes E, in K’ is true, or at least is true under the probabilistic theory’s way
of characterizing causality.

Can we conclude from the experiment ‘C, causes E, in the experimental
population’? That depends on the decision referred to earlier about what to

y about ‘C, causes E. in a population given that C, causes E, in one of its
bpopulations. What matters is that, however this decision is made, those
ing the claim should understand it and not read more out of it than the
udy supports. In particular, the higher probability in the treatment over the
ntrol group shows only that C_causes E, in some subpopulation of the pop-
ulation enrolled in the experiment. It may hold in specific other populations
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i , in
ven across most. But C, may have exactly the opposite effecth Oil'sE{tue
ggnie subpopulations than it does in others. Finding out whether that i

requires a great deal more social science work.

2.2 Intervention and Manipulation

i causes -
The manipulation view of causation revolves around the idea ‘rcll‘zz s
give us effective strategies for producing effects we want, or preve g ‘,

. . ro
do not; by manipulating the cause we can manipulate the effelct 13; gon
X'e table V\;ay So manipulation theories characterize genetal-le\:ie tc; i
r(;flghly this way, where again there is a dispute about .the .exaito neS e; e
formulation: for any two times t and t’, ‘C, ca}lses E. in smlxa i o
iust in case manipulating C at t—making it bigger or. smaller, o - Egelt ]
1n or taking it away—is regularly followed by appropna‘te cltll:iréie;sare o
i be careful how these manipu ‘
or this to be true, we must \ at .
Ic:)ut ‘Reducing cla’ss sizes causes improved readmghscorese ;15 nt,reu; o
' i lity at the sam ;
i t not if you lower teacher qua ¢
D e, Alten i i £ factor may be followe
i i ulation of one fa
lass size. Alternatively the manip ! : ™
icmprovement in another without any causal comzlelc)tl(?bn.t fczrr;r;iltia; B 1
i i followed by bette ‘
teaching reading may be ‘
D the but because the te
use better scores ‘
ot because the programmes ca b
:dopting them are regularly the better teachers or they become more ¢
i mes. ‘
iastic when trying out new programme: o -
Sl%ls“his is wherZ the concept of intervention comes in. Inte.};v:rl;c:;)r?t e?ven
iti basicidea is thata e
i i f formal definitions, but the
D o iuindc i 1 ’ to make the causal rel;
i i i is done in the ‘right way
is a manipulation that is . e e e
i ight way will be one in whi {
orlack of it, apparent. The rig . N
i the effect change, an idea wea Vi
nor other preventatives of e ot
ilisti Nor can any causal relation
the probabilistic theory. ’ laf P
i i tion. That’s because it is no )
change during the interven A
jion i lot of new causal relations p ed
relation if suddenly there are a o D
hat were not causes before. ud
the effect and other factors t ca o et e
i relati test. One familiar way in w
in the very relation under e
that causal relations involving the effect not C}{angehdﬁlgitggtha
i i ipulation of the cause is so ham-fisted the
violated is when the manipu . ar =
up the causal relation we are trying to te.st. One farmha; e; t;p,
we wind up the toy soldier to see if that will make it march, but
tightly and break the mechanism that makes it V\tork. i
Nobel-prize-winning Chicago School economist Ro e.r o
is frequently true with attempts to mamp'ulate econ(')mm"‘rs"’n
about desired change. For instance, inflation, when it occu
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in the short run cause reductions in unemployment. That’s because, so the
story goes, entrepreneurs mistakenly see the universal rise in prices as:a real
rise in prices in their sector and so hire more workers to produce more goods
to meet increased demand, If, though, the government manipulates inflation
to improve unemployment, entrepreneurs will recognize the rise in prices for
what it is—just inflation—and will not open new jobs. The government’s vety
attempt to use the causal relation between inflation and unemployment will
break it. Or at least so says Lucas’s model,

As with probabilistic theory, the characterization of general causation
using the concept of manipulation is not reductive since the definition of an
intervention, however the details are worked out, will have to refer to other
general causal relations.

Also, as with the probabilistic theory, the characterization of causality in
terms of manipulation is closely linked with familiar methods for testing, in
this case with real non-statistical experiments where other causes are held
fixed and only the cause under test is varied. Here too we are often stymied
by our lack of knowledge of what these other causes are. This is the problem
that plagues standard before-and-afier studies. In before-and-after studies the
cause is administered and we look to see if the effect changes. But, are we sure
that nothing else changed at the same time as the cause? One of the tricks of

social science is to find situations where we can have reasonable confidence
that nothing else that could influence the effect has changed even if we do
not have a catalogue of what all the other influences might be to check on
them. This is the strategy that is used in what are called ‘instrumental vari-
ables’ models in economics. For instance Joshua Angrist in a classic paper uses

_ on the basis of a randomly assigned number, we can be fairly confident that

factors that affect earnings, like education, were equally distributed between
the group of individuals wh

_ The manipulation theory of general-level causation is closely akin to the
ounterfactual theory of singular causation, which is based on the idea that one
pecific event, c, is a cause of a later event, e, just in case e would not have
ccurred unless ¢ had. You can see immediately that this kind of claim will
e hard to test since c and e are specific events that either occur or donot; so
can never observe what would have happened had things been different,
ere are also huge problems of formulation, There is a vast literature avail-
blein philosophy on counterfactuals and causes in which you can read more
out these (see e.g. Paul 2009 and references therein).
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Similar counterfactuals have come to the fore in social science lately because
of the rise of the evaluation industry for social policy. As Chapter 3 explains,
there is a great demand to know whether the policies we have implemented
have ‘worked’: Has the policy genuinely produced the change intended? To
answer that, it helps to know what would have happened otherwise. RCTs
are often employed to this end. But of course they cannot tell us of a specific
case whether the policy brought about the effect there, since they only look
at groups. If an RCT shows more positive results in the treatment group, the
group in which the policy was implemented, than in the group where it was
not, we can conclude that in some of the cases in the treatment group the
policy produced the effect. But we do not know which; we have no way to
sort cases where the policy brought about the effect from those where some-
thing else was responsible. So for reliable evaluation of the single case, some

different way of reasoning is required. This often involves process tracing

which we shall discuss in the next section.
Not only do we not know from the RCT for which individuals the policy

worked. We do not know what sets of characteristics matter. We know tha
there is at least one arrangement of characteristics that individuals might
have—one K —for which the policy promotes the desired outcome. We call
these ‘support factors’. But we do not know which it is. This matters when
comes to putting the claims established in RCTs to use in predicting what w.
happen if the policy were to be implemented elsewhere. If the population els
where has no individuals with just the right arrangement of support facto
(no individuals desctibed by the successful Ks), or not enough to make it
the policy will not produce the desired outcomes in the new setting. Gi
good reason to think that the new setting does have enough individuals
the right arrangements, we have good reason to suppose the policy will w
for some individuals there. But without good reason to suppose this, the
results will not be much use in predicting results in the new setting.
Consider for instance Oportunidades, a Mexican programme for p

reduction. Because Oportunidades was itself designed as an RCT, theré
good evidence that it did contribute to reducing poverty where it was
mented. Does the success of Oportunidades provide evidence su
predictions regarding what would happen were a similar programm
mented in some other population? Only if enough individuals in thi
population have the right arrangement of support factors. And on

assume without evidence that this will be so. This point is illustra

case of Opportunity NYC, a poverty reduction programme m

named—after Oportunidades which was implemented in Ne

in 2007 but discontinued in 2010 because it failed to produce t

effects. The success of Oportunidades in Mexico did not, by

sufficient evidence to support the prediction that Opportunit
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2.3 Mechanisms

There ~
causatiagz t.hreehs;enses of the term ‘mechanism’ in play currently in work on
in philosophy and in the soci i
social and in the bj i ;
These in : ' € biomedical sciences.
clude notions of causal process, invariance, and underlying structure

CAUSAL PROCESSES

For si S
itcs)resflfrelili:; Causation it is widely held that a cause must be connected with
Some spatio-temporally continuous
tracing the causal process b oo g o e . S0
etween them can be a d
two events are related as ca ey 1F o know naas?
use and effect, a good
o ' way IF we know how t
Sequae Icl:i:s(;afl proc:sshwhen we see one. So what distinguishes a continuou(s)
events that constitutes a causal
One popular perat process from one that does not?
phical account answers that in

( causal
: . processes ener

_transferred at each step in between. But this is not of much help i ‘gy
science (see e.g. Dowe 2009). P socl

A . : ;
o Sséandard Procedure in social science and in policy evaluation is to break
Wheth(iu.etr‘lce into ‘small steps where it is easier to determine for each ste;
ponet ritisagenuine cause of the next. For instance, the Global Environmenlz
o W}llty Iievaluated the effectiveness of one of its programmes, the end-goal

i $ ’ ]
Ich was to ‘establish a long-term conservation finance rnechanisrrgl to

_support biodiversity conservation’ in the Bwindi national park (Uganda), by

determini -
a Heizxsn(l:lgn% lxléithgf tll;ls programme had an effect on four intermediate out
.g. ablishment of a Bwindi Trust) which i -
: : lst n turn were su
0 Pcr(:r;ter;;)l::: t‘o achieving the end-goal of the program (GEF 2007: 6) pposed
¢ing necessarily focuses on singular i it ez
ool for general causation as w in situats Kind S, an evens i 2
ell. If in situations of kind S i
at t is regularly followed b i gty b
y an event of kind Eat t’ and
» . nd it regularly happen
Nat the same kind of causal process connects the individual eventz thle)zll) weS
’ t4
ral level that ‘In S-type situations, C, causes E /. This
ificant role in the biomedi i
‘ : cal sciences.
L nce, ;racmg the: process by which the chemicals in cigarette smoke
g cancer provided a central piece of the evidence that showed that

p;zserev;rzloliser;e that in a particular kind of situation S one kind of fea
. arly changes after another, F1, cha i -
. » cnanges. That is mere correlation
we know that correlation does not equal causation. But suppose that F1
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to.ugderstand the underlying mechanism that make th
prz;;lgp.leslthat hold for a given popﬁlation possibleaff' "
isis i i ’ v el
o prg ngsoii ceﬁjclral 1rnporta.1nce in social planning and policy.Considér
on cataal oroeme cW 1h d welfare. inthe UK, where attentiontendéd‘tdfocus
ol P inquir. ten'fa traglcfchilc.i death occurs, ‘The standard respdnse
that enden 1 Zm.l.dfymg to get a picture of the causal Ssequence of evénts
Hme 1o wdee s fieath...We are tracing a chain of events back in
author of Clraptr s & o(;v it happened.’ So says Eileen Munro (2005; 377)
fom, Mg et 3 n dof the 2012 UK government report on child protec:
on the o 1E€0 enhs 1r.15tead a ‘systems’ approach. That means focusin
b posgilbl eg mechanism or social structure that makes these kinds o%
eort o posibl 3 orf even probable. As a US National Academy of Science
b indivmuglsaf er health systems explains, ‘The focus must shift from
oeamin 1als 10r past errors to a focus on preventing futu
Sogilpg slafety into the system’ (Kohn et al. 2000: 5) ° o by
o ‘ 0 the . : 5).
e W; ;tei? ntéltazllet 1s_1mportar?t to study social mechanisms in social sci-
o, yhat is ar is Yvhat kinds of concepts should be used to describ
nisms and their operation, nor what tool kit of methods will 1::121;

us to understand them. This j
. - 11115 1s one of the central t i i
philosophy and social science intersect, ok gt now on which

changes by intervention. If F1 causes F2 we expect that F2 will change fol-
lowing the intervention in the way that it always has; but not, if F1 does not.
Changing levels of candy consumption may be regularly followed by chang-
ing probabilities of divorce. But this relationship is not invariant under inter-
vention. If we intervene to change candy consumption—'intervene’, so the
only change is in the amount of candy consumed—the divorce rate will not
change in tandem. This observation has given rise to the invariance account
of causality now in fashion in philosophy of science. The basic idea is that,
supposing C, and E, are regularly associated in S, then ‘C, causes E, in §' just in
case the association between C, and E,, is invariant under interventions on C,.
This account is clearly closely connected with the manipulation account,
and it shares one major drawback with that account that we have not yet
discussed. The manipulation account is grounded in the idea that causes pr
vide strategies for changing the world. Suppose we do characterize causatio
as invariance under intervention. Then changing C, will be a good way t
change E,—but that follows only if C, is changed by intervention. But inte
ventions are hard to come by. We are in a far more powerful position to predi
what will happen and to engineer what we want if we know about a regul
association that is invariant under the method of implementation tha
will in fact employ. This gives rise to another, different characterization
general-level causation, one that we can find in contemporary econo
(see e.g. Hoover 2001: ch. 2). Roughly, if C, and E, are regularly associat
S, then C, causes E,in$ relative to ¢ just in case the association betw
and E,, is invariant when C, is changed by ¢, where ¢ can then represe
method by which we will in fact change C,. Knowing that C, causes E,
this characterization of causation immediately provides an effective str:
for changing E at t'.
Notice that these different versions of the invariance account ca
ferent verdicts about whether C, causes E, in any given situation.
lines the importance of being clear exactly what we mean when

causal claims in social science.

particular catisal

2.4 Powers

John Stua i
and imagi;;tl\igll ;rillled that women have the same powers of leadership
dom displayed. Give mommen the e LLES€ POWeIS ever should they be sel
opportunities as men o I;le}rll the .sam‘e education, upbringing, situation, and
And he used this Claimnt they will display these qualities equally with men
and practices in play at tho argue for dramatic changes in the socal POliCieS.
As with all co Ifceytzsi o eh time regarding the role of women in society.

his in social sciencg o; I the C onceP tpower is to play an important role like
is meant by it. This is a b ocial policy deliberation, we should be clear what
UNDERLYING STRUCTURES ’ xtent, in philosoph af 15 topic in metaphysics nowadays and, to a lesser
Different causal relations hold in different social, cultural, and econ least £ Py of sclence (see e.g. Mumford 2009). It is usual

. : . : : NG cast tour assumptions about powers, First - 0 make
tings. What is a required politeness in one culture can cause inst 1ti ninstitution—can have a power wi IS ’ a system—an object, a person,
Why? What causal relations hold in a social setting depends:on ill be displayed if the co 1(31 owWer Wltho.ut displaying it. Second, the power
ing system, the underlying social, economic, and cultural stru nditions are
standard in philosophy of biology to call the structures thatu
relations there ‘mechanisms’, and sometimes this usage i
social sciences as well. Though there is no widely used mec
terization of causation, there is widespread sense that, if we
injunction of the LSE motto, to know the causes of things,

Ly W i
hzn :r;olzf;c(t)l or addr.essmg Par%iament or tending her children. Fourth
: intenigiblepvt\e,rates ina mfuatlon, what happens there will depend in'
jéct ruel ay on the display of the power (as when a heavy metal
{ not fall to the ground because the powerofa magnet is di:yplay::dé)i
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The most typical characterizations of powers ‘back’ define them from their
displays. Roughly, A has the power to o just in case when properly enabled
and failing something stopping it doing so (which we sometimes express
as ‘nothing interferes with the display’), A does o. This characterization is
dramatically non-reductive because of the concepts of enablement and inter-
ference. Contrast this with an alternative: ‘A has the power to o just in case
there are some circumstances Co such thatitis a law of nature that in Co,
A does o', where Co:is to be filled in by some possibly very long list of features
that can be characterized without any powet-related notions, like ‘is schooled
at Eton’, ‘learns Latin’, ‘does not play with dolls’, etc. Many powers advo-
cates do not adopt this alternative because, they argue, there is never a list
that does the job. In each actual situation there is a fact of the matter about
whether the circumstances that obtain there constitute an interference an
whether they are enabling, but there is nothing these facts share in commo
that we could fill in for Co other than that they are enabling ot they interfer
This is taken by many to be particulatly problematic since philosophers ha
not succeeded in having much enlightening to say about interferences.an
enablers at the general level. ,

Why then take powers seriously? Philosophers offer a panoply of m
physical arguments. But for social science the answer seems to lie in th
fulness of the concept, as with Mill, who argued for the centrality .0
related notion of tendency in political economy. Another word used for.
the same idea is ‘capacity’. In order to link it with our contempor:
course, I shall use the word ‘power’ throughout for all these related n
Mill’s model for powers comes from Newtonian mechanics. The sun h
power to attract the planets. Nothing ever interferes with it so the sun
stantly displays this power (called ‘gravity’). What happens when i
it? The planets move around itin elliptical orbits. By contrast, when

displays its power to attract a cannonball shot at an enemy ship,
nonball moves along a parabola. What actually happens when the
gravitational attraction is displayed (i.e. when the sun or earth at
objects) depends on the setting. To make a link with our immedi:
ous discussion, we may think of the earth-cannonball pair asa m
in the sense of an underlying structure, giving rise to the causa
‘The earth displaying its power of gravitational attraction causes can
to move along parabolas’; and the planetary system as a mechan
rise to the causal principle ‘The sun displaying its power 0 gt
attraction causes the planets to move along ellipses around it’,
How do we know what happens when a power is displayed
ting? That’s easy, at least in principle, in Newtonian mecha
relevant to how a power affects motions is what other powers '
the situation. The display of the power is represented by wha

_We predict what happens when a

+Causal Inference

Iepr d
thz esented by a vector. When several forces are dis
se vectors, call the result ‘the total force
24

of any object in the situati
Ituation by the famili
mass of the obj ; iliar formula F. = ma, where m i
how a pin wi(i)lb tl)izt,;l That is what we do, for instance, Wilen w,e w}elaixrte tIcr)l 11<S o
it downward, or ho‘vf;’:’]h:;;;magnet attracts it upward and the earth att;;g::
! ron in an at i It
both t om behaves wh i ‘
ha tlf,lsealllllasrs1 of the nucleus and the charge on the prdtoilr; i;les attracted by
physics. Life is not so easy i C re.
knowledge of . asy in social science, which ma
what hapgpens ilzlog;rs but l 1tt1e‘ knowledge of methods for calc};?a?e S(?me
literent situations when the powers are displayed Cmg just
. Consider

an economics example alre
ady mentioned, th i i i
unemployment. Earlier I suggested that e onomics entertats b loss ey

iy played at once, we add
+rand calculate the acceleration

impfoving levels of employment
al pn.nc1p1e. A better way to put it
continuing high unemployment’.

cqntrary to what is suggested by this caus
]Ile'ght tl)le ‘Skill loss has the power to cause
iswilln
o it éiii ;155 t};)uixpect that skill loss actually produces unemployment
that actually o ,W honly that, to understand the levels of employm 0
ozt » we shall have to take the downward push of ski : i o
. skill loss into

hapter 14 in this book teaches us that the

’ meani . .
ot T g boo eaning we assign a scientific

gfapaired with our methods for finding out whether
ve good arguments to show that the methods we
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supported by what those claims actually say; and what they say that supports
our inference should in turn be supported by our methods for deciding that
what they say is true. It is no good making a very broad claim whose first half
is well supported by the evidence but then draw our inferences from the sec-
ond half, which is unsupported.

We have looked at a number of accounts of what causal claims say. The
claims say different things because they employ different concepts of causa-
tion. These concepts may all go under the same title, ‘general causal relation’,
but they require different conditions to be met in order to obtain. So differ-
ent methods must be used to find out about them and different uses made of
them. So, of what use is knowledge of the causes of things? Knowing causes
helps us to understand how things work. But it is also supposed to be of prac-
tical value. Knowing the causes of things should help us to change the worlc

Here we must be cautious though. There is a tendency to too much hasts
to try to read off directly from our causal claims just what we must do to brin
about the change we desire. That will work with some kinds of causal know
edge but not most. Consider the manipulation concept of causation foun
in economics that I mentioned in discussing invariance: C, causes E, relatiy:
to ¢ just in case manipulating C, by ¢ is followed by E,,, where ¢ is one o th
methods available to us to change C at t. Suppose we know that. Then w
in a powerful position to change Eat t’.

But suppose we have established instead a different causal claim
a manipulationist claim of the kind favoured in philosophy—C, cau"k
just in case if C, changes by intervention E, changes—or in invarianc
claim—C, causes E, just in case the association between them is inva
when C, changes by intervention. That too can be of immediate us
have an intervention to hand, which we usually do not. We have se
same kind of problem with knowledge of powers. Knowing aboutwha
ers a system has will not by itself tell us what to expect to happeninp
circumstances nor how to build circumstances to get what we want
knowing the causal relations, on the probabilistic theory, that ho
population, perhaps the population enrolled in an RCT, give us :
guidance about how to bring about changeina different popul
This does not, however, in any way make causal knowledge in S
useless. It just puts it more on a par with similar knowledge in the
ences, where strategies are built by splinting together a very grea
ferent pieces of knowledge and often undertaking designated ney
and developing new theory to fill in gaps. The great ninete
physicist Lord Kelvin laid the first Atlantic cable in 1866. Hi
causes in physics was essential to his success but it definitely ¢
just what to do. Similarly, the large team of physicists, engine
cians, and technicians who developed the US Second Woﬂ_"

: Reiss, J. (2013). Philosophy of"
Roberts, C, (1995). The Logi

Russell, B. (1912-13),

Causal'Inference

many months to do so, des
team members brought to
causal knowledge we work
immense use, But there is

social science knowledge t
sciences.

pite thg vast repository of causal knowledge the
the project. The conclusion I propose is-that the
so hard to gain in the social sciences can be of
no reason to think it should be easier to putou

0 use than it is to use our knowledge in the naturai
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