COGNITIVE
SCIENCE

Cognitive Science 27 (2003) 453-489

http://www.elsevier.com/locate/cogsci

Inferring causal networks from observations
and interventions

Mark Steyver§*, Joshua B. Tenenbauh,
Eric-Jan WagenmakefsBen Blunf

aDepartment of Cognitive Sciences, University of California, 3151 Social Sciences Plaza,
Irvine, CA 92697-5100, USA
bMassachusetts Institute of Technology, Cambridge, MA, USA
®Northwestern University, Evanston, IL, USA
dStanford University, Stanford, CA, USA

Received 5 May 2002; accepted 31 July 2002

Abstract

Information about the structure of a causal system can come in the form of observational data—
random samples of the system’s autonomous behavior—or interventional data—samples conditione
on the particular values of one or more variables that have been experimentally manipulated. Here wi
study people’s ability to infer causal structure from both observation and intervention, and to choose
informative interventions on the basis of observational data. In three causal inference tasks, participant
were to some degree capable of distinguishing between competing causal hypotheses on the bas
of purely observational data. Performance improved substantially when participants were allowed to
observe the effects of interventions that they performed on the systems. We develop computationa
models of how people infer causal structure from data and how they plan intervention experiments,
based on the representational framework of causal graphical models and the inferential principles o
optimal Bayesian decision-making and maximizing expected information gain. These analyses sugges
that people can make rational causal inferences, subject to psychologically reasonable representation
assumptions and computationally reasonable processing constraints.
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1. Introduction

The ability to infer causal relationships is crucial for scientific reasoning and, more generally,
forms the basis for learning to act intelligently in the world. Knowledge of causal relationships,
as opposed to mere statistical associations, gives us a sense of deep understanding of a syste
and a sense of potential control over the system'’s states, stemming from the ability to predict
the consequences of actions that have not yet been perfoffeed (200D There has been
extensive study of how people make inferences about simple causal relationships, focusing on
learning the relationship between a single cause and effect federson, 1990Buehner,
Clifford, & Cheng, 2002Cheng, 1997; Griffiths & Tenenbaum, 2003; Jenkins & Ward, 1965
Lober & Shanks, 2000Shanks, 1995Tenenbaum & Griffiths, 20Q1see alsdHagmayer &
Waldmann, 2000White, 2000Q. In the present research, we are interested in how networks
involving multiple cause—effect relationships can be inferred. This question has recently re-
ceived much attention in philosophy and computer scie@tgnfour & Cooper, 1999; Pearl,

2000, 1988 Spirtes, Glymour, & Scheines, 2000ut has received relatively little attention

in psychology. The problem of inferring cause—effect relationships is difficult because causal
relations cannot be observed directly and instead have to be inferred from observable cues. In
addition, in order to infer the structure of a network of multiple cause—effect relationships, we
have to understand how individual cause—effect relationships interact.

We study people’s ability to infer the structure of causal networks on the basis of two kinds
of statistical data: pure observations and experimental manipulations. The former case involves
passive observation of random samples of a system’s autonomous behavior, while in the latter
case, the learner can actively control some variable in the system and observe the corresponding
effects on other variables in the system. The difference between passive and active learning
has also been compared to the difference between learning from watching and learning by
doing, or the difference between correlational (nhon-experimental) and controlled experimental
studies in sciencePearl, 200D We will refer to the data gathered from passive and active
learning as observational and interventional data, respectively.

Our studies of human causal learning are motivated by the computational framework of
learning in causal graphical models, or Bayesn@&tgrfiour, 2001; Glymour & Cooper, 1999;
Pearl, 2000, 1988Spirtes et al., 2000 The theory of learning in graphical models explains
how and when causal structure may be inferred from statistical data, either passive observa-
tions, interventions or a combination of the two. We propose computational models of human
causal learning in a rational framewowkr(derson, 1990; Oaksford & Chater, 199dased on
Bayesian inference over causal graphical model representations. Our models also adopt certair
representational and processing constraints, which are not intrinsic to the rational framework
but which lend added psychological or computational plausibility.

Our framework for modeling people’s intervention choices is inspired by work in statistical
machine learning on active learning of causal netwokksrphy, 2001; Tong & Koller, 20011
This work treats the task of intervention selection as an information maximization problem:
the goal is to pick the intervention for which, when we observe its effects, we can expect to
gain the maximum possible information about the underlying causal structure. Data selection
and hypothesis testing strategies have long been studied in scientific discovergléng&

Dunbar, 1988 concept learning (e.gBruner, Goodnow, & Austin, 1956nd the reasoning
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about rules\(Vason, 196§ including recent work from an information-maximization stand-
point (Oaksford & Chater, 199MNelson, Tenenbaum, & Movellan, 200Xet, to our knowl-
edge, this approach has not been pursued previously in the context of human causal learning
The plan of the paper is as follows. We first give a short overview of statistical approaches to
learning causal structure with graphical models. We then present a series of three experimen
with human subjects, along with computational models of each task and model-based analyse
of the experimental results. We close with a discussion of how this work relates to other studies
of human causal inference and some open questions.

2. Structurelearning in causal graphical models

This section is notintended as a general introduction to causal graphical models. Its purpos
is to explain how causal structure can be inferred on the basis of probabilistic relationships
between variables (c.fGlymour & Cooper, 1999; Pearl, 2000; Spirtes et al., 20@hd
to introduce the family of causal networks used in our empirical work. For complementary
perspectives on how the paradigm of graphical models may be brought to bear on questions c
human causal inference, $8/mour (2001)Gopnik et al. (in pressTenenbaum and Griffiths
(2001, in press)andGriffiths and Tenenbaum (2003)

Directed graphs provide us with an intuitive way to express causal knowledgEi¢s€g.

Nodes represent continuous or discrete state variables of a system and arrows represent dire
causal relations, pointing from causes to effects. The state of each variable is modeled as son
function of the states of its parents—its direct causes. The functions relating causes to thei
effects may be probabilistic or deterministic. These functions are assumed to be local anc
modular Reichenbach, 1956; Suppes, 1B7@perating independently for each “family” of

a state variable and its parents. The states of variables with no parents may be determine
exogenously or by some stochastic process with a particular prior probability distribution.
Together, these ingredients define a joint probability distribution oven athte variables

X1, ..., Xu:

P(X1, X, ..., X,) = [ [P(Xi|parentsX)). (1)
i=1

Common Effect Common Cause Chain

P(AP(B)P(C| A.B)  P(C)P(A|C)P(B|C) P(A)P(C|A)P(B|C)=
P(C)P(A|C)P(B|C)

Fig. 1. Three causal network structures, shown with the corresponding factorizations of the joint probability distribu-
tionsP(A, B, C). Dashed lines group together Markov-equivalent networks, which imply equivalent factorizations
of the joint probability distribution and thus are not in general statistically distinguishable based on pure observa-
tional data.
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where each terrR(X;|parentsX;)) defines the local causal process for one ngdas a func-
tion of the states of its parents, pareXi$( Any joint probability distribution can always be
expressed in the form @&gq. (1)in many different ways, by choosing any arbitrary ordering of
nodes and letting the parent set of nodelude all prior nodes,1 .., i —1inthe ordering. But
if the system does have a causal structure, then a causally based factorization will almost surely
provide a more compact representation of the joint probability distribution than an arbitrarily
chosen factorization.

The factorization oEg. (1)embodies whatis known as the causal Markov condition: the state
of any variable is probabilistically independent of its non-descendants given the states of its
parents. As a concrete example, consider the three-node chain network showurijmhere
the only direct causal links are froAito C andC to B. In this network, the variables at the two
ends of the chaimA andB, are marginally dependent: knowing nothing else about the system,
observations oA will carry information abouB, and vice versa. However, conditioned on the
observation of the intervening varialflge A has no further influence dd Thus, the probability
distributions ofA andB are conditionally independent givéh No other independencies exist
for this system; the pair§A, C} and{C, B} are always dependent because they are connected
by direct causal links. The Markov condition is itself an instance of a very general and useful
notion, that the causal structure of a system places constraints on the possible patterns of date
that can be observed. Causal inference exploits this principle to reason backward from observed
patterns of data to the causal structure(s) most likely to have generated that data.

2.1. Distinguishing networks by observations

The Markov condition directly forms the basis for many algorithms for causal inference
(Glymour & Cooper, 1999; Pearl, 2000; Spirtes et al., 200hese algorithms attempt to
estimate the statistical dependencies that hold in a given data set and then to construct the
set of causal graphs that, according to the Markov condition, are consistent with just those
dependency constraints. Such “constraint-based” algorithms are based on efficient and elegant
methods for searching the space of all possible causal structures, but their capacity for causal
inference is limited by the limited nature of the constraints they exploit. They look only at
whether two variables are statistically dependent, an empirical relationship that could derive
from many different underlying causal structures and that may take a fairly large sample size
to establish with confidence. They ignore more fine-grained but psychologically salient cues—
such as whether one variable is always present when the other is, or never occurs when the
other occurs, or always takes on the same value as another variable—which may support much
more rapid and confident structural inferences for particular kinds of causal systems.

We consider causal inference more broadly from a Bayesian point of viewper &
Herskovits, 1992; Friedman & Koller, 2002; Heckerman, 1,39%6ckerman, Meek, & Cooper,

1999 Tenenbaum & Griffiths, 2001, in prés#& Bayesian learner considers a set of hypotheses
corresponding to different graph structures or different choices of the local probability functions
relating causes to effects. Each hypothesis assigns some likelihood to the observed data, and i
also assigned a prior probability reflecting the learner’s prior knowledge or biases. The posterior
probability of each hypothesis—corresponding to the learner’s degree of belief thatit is the true
causal model responsible for generating the observed data—is then proportional to the product
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of prior probability and likelihood. While the Markovian learning algorithmdefarl (2000)
andSpirtes et al. (20003an often be interpreted as asymptotically correct approximations to
Bayesian inference, algorithms that directly exploit Bayesian computations may be able to
make much stronger inferences from more limited data. Because our experiments—Ilike man
situations in the real world—present learners with only a small number of observations, we
will base our models on the machinery of Bayesian inference. We save the mathematical detail
of our algorithms for later in the paper, but first we present an intuitive example of how such
reasoning works.

Consider the three example networks showRig 1. common-effect, common-cause, and
chain models. To give an intuitive understanding of the different observations that might be
produced by these networks, assume that nodes in the network can be either on or off, the
causes are likely to turn their effects on, that in general effects cannot be produced without
cause, butthat a node without an explicitly modeled cause (i.e., with no parents in the graph) ca
turn on spontaneously under some exogenous influence. For example, in the common-effec
model ofFig. 1, two cause#\ andB have the effec€ in common. The nodes andB can turn
on spontaneously (and independently of each other), and if either is turned on, it is likely that
Cwill turn on as well. Under this model, likely observations include cases where no nodes turn
on,A andC but notB turn on,B andC but notA turn on, or all three nodes turn on. The relative
probabilities of these events depend on how likely it is that B are activated exogenously. If
these base rates are not high, the situation where all nodes turn on is relatively unlikely. In the
common-cause network, the arrows are reversed: two effeantslB now have one causgin
common. IfC turns on spontaneously, then it probably turns on Fo#mdB as well. Under
this model, likely observations include cases where no nodes turn on or where all nodes ar:
turned on. In other words, we expect to see a three-way correlation between all variables—
either all on or all off—under the common-cause model, but not under the common-effect
model.

Not all differences in causal structure lead to differences in the likelihood of observations.
The chain network ifrig. 1—A cause€, andC cause®8—has a different causal structure from
either the common-effect or the common-cause network. However, like the common-cause
network, it tends to produce observations in which either all the nodes are on—Aninas
been activated exogenously, and thus turnsCowhich turns onB—or all the nodes are
off—when A has not been activated. Thus, a causal chain may not be distinguishable from a
common-cause network based purely on passive observations, while either network may ir
general be distinguished from the common-effect network.

These intuitions can be made precise by manipuldiong1) which expresses the likelihood
of different patterns of observation under each causal model. For the common-cause networl
Eq. (1)expresses the joint probability distribution B$A, B, C) = P(C) P(A|C) P(B|C). For
the chain network shown ifig. 1, Eq. (1) gives P(A, B, C) = P(A)P(C|A) P(B|C). By
applying Bayes’ theorem, we can rewrite the chain network likelihod®{@sP(A|C) P(B|C),
equivalent to the distribution for the common-cause model. Thus, any statistical pattern of
observations consistent with one of these network structures can also be generated by the oth
structure. More formally, these network structuresMerkov equivalentmeaning that they
will in general produce data with the same set of conditional independence and dependenc
relationships. If two structures are Markov equivalent, then for any way of choosing the local
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Fig. 2. All three-node causal networks with one or two arrows. Solid lines group together networks of the same
topological type. Dashed lines delineate Markov equivalence classes.

probability functions relating causes to effects in one of the networks, there is some way
of choosing these functions in the other network that predicts exactly the same distribution
of data. Without further knowledge, observational data alone provide no way to distinguish
Markov-equivalent structures, such as the common-cause and chain networks.

Ifwe useEq. (1)to express the joint distribution for the common-effect structie, B, C)
= P(A) P(B) P(C|A, B), we can see that this structure is not Markov equivalent to either of the
other two structures. There is no way to apply the identities of probability theory, such as Bayes’
theorem, to express this joint distribution in the same form as the other two. Thus, we can make
precise the above intuition that the common-effect structure is in general distinguishable from
the other two structures based on purely observational data. We can also extend this analysis
to much broader classes of network structures.

Fig. 2shows all three-node causal networks with either one or two arrows, divided into nine
Markov equivalence classes. This set includes all common-cause, common-effect and chain
models, along with “one-link” models in which one node is causally disconnected from the
rest of the network. Given sufficient observational data, both constraint-based and Bayesian
approaches to causal inference can always distinguish between causal models in different
Markov classes. Constraint-based methods can never distinguish models in the same Markov
class. Bayesian approaches can do so only if they can exploit some patrticular structure for the
local probability functions that breaks the symmetries between cause and effect.

2.2. Distinguishing networks by intervention

When a set of variables comes under experimental control, making it possible to effectively
probe a network to test specific causal hypotheses, this is called an intervention. For exam-
ple, consider the three networks kig. 3A. These networks, one common-cause structure
and two chain structures, share the same undirected graph but differ from each other in the
direction of one or more arrows. These three networks are Markov equivalent, with identi-
cal patterns of statistical dependency under observation, but under intervention they become
distinguishable.
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Fig. 3. (A) A Markov equivalence class containing three networks which imply the same statistical dependencies
under passive observation. (B) An ideal interventid® épplied to the middle node, fixing its value to some
constant, screens off all other causes of that node. The effect of such an intervention can be modeled as removir
any incoming causal links to the target node. Note that the resulting structures on the three original nodes now
become distinguishable based on their statistical dependencies; they fall into different Markov classes, as depicte
in Fig. 2

Formally, an intervention on a single varial#lean be modeled by inserting an extraneous
variable into the causal network as an additional pareri.dh an ideal intervention, the
manipulated variablabecomes uniquely determined by the external influence; the intervention
screens off the influences any other causes. Graphically, this effect may be represented &
“surgery” on the networkFearl, 200D all other incoming arrows to the manipulated variable
A are deletedrig. 3Billustrates how this surgery may break the Markov equivalence between
networks that previously had the same patterns of statistical dependency, by rendering variable
independent that were previously dependent.

To generate some intuitions about the utility of interventions, let us assume a network that
functions as in the previous example, and that intervening on a node turns it on. If we intervene
on A, under the hypothesi€ < A — B, the likely result is that all nodes would turn on;
under the hypothesi€ —- A — B, only A andB would turn on; and under the hypothesis
C < A < B, only A andC would turn on. This intervention is maximally effective for
identifying the true causal structure, because it leads to different predictions for all three net-
works. If instead we intervene d) the most likely results are the same under the hypotheses
C <~ A— BorC - A — B—only Bwould turn on—but quite different under the hypoth-
esisC < A < B, where all nodes would probably turn on. This intervention is potentially
diagnostic but not ideal. Therefore, in this example, nadeems to be the most informative
target of an intervention. We will later discuss an active learning framewdukghy, 2001;

Tong & Koller, 200) that formalizes this strategy of choosing interventions based on how much
information they can be expected to provide about the underlying structure of the system.

3. Overview of experiments

We will focus on three empirical questions. First, to what extent can people learn causal
structure on the basis of purely passive observational data? Because observational data
essentially correlational in nature, this becomes a version of the classic question: to what exter
can we infer causation from correlation? Early statisticians famously argued that causation cal
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only be inferred from randomized experiments, never from correlatieisbér, 192} or that

there is no need for a notion of causality at 8&érson, 1901In parallel, some psychologists

have expressed skepticism about the possibility of causal learning based purely on statistical
data Ahn, Kalish, Medin, & Gelman, 1993VNaldmann & Martignon, 1998 while others

have argued against the need for specifically causal inference mechanisms as distinct from
more general predictive learning procedur@sders & McClelland, in press; Shanks, 1995
Wasserman, Kao, Van Hamme, Katagiri, & Young, 1p3ecent work in causal graphical
models Glymour & Cooper, 1999; Pearl, 2000; Spirtes et al., 200@vides a coherent
framework for defining causality and its relationship to probability, such that it is possible to
prove conditions under which certain causal hypotheses can be reliably discriminated based on
correlational data alone. Constraint-based algorithms turn this logic into an efficient inference
procedurelPearl, 2000; Spirtes et al., 2000ut there is no evidence yet that people do learn
causal structure using these purely bottom-up methwdkimann and Martignon (199@ite:

“In our view, itis unlikely that human learners are good at inducing the causal relations between
several interconnected events solely on the basis of covariation information.”

In ourinference tasks, we assess whether people can infer causal structure from covariational
data, but we also provide some additional sources of constraint that reflect the circumstances
of natural causal learning. Most importantly, we give people substantive information about
the nature of the causal mechanism that can help explain the observed covafiatiat @l.,

1995. Thus, if two variables are causally connected, our participants can expect not only that
their states will be statistically dependent, but more specifically how the state of the effect
will depend on the state of the cause. Our cover scenarios also constrain the space of causa
network hypotheses people might consider—quite strongly in Experiment 1, but only weakly
in Experiments 2 and 3. The Bayesian inference models we develop use these additional
sources of knowledge in combination with observed data patterns to choose among competing
hypotheses. Our models thus combine the strengths of covariation-based and mechanism-base
approaches to causal induction.

The second empirical question is how and to what extent learning from interventions can be
combined with, and hopefully improve upon, learning from observations. The advantages of
experiment over simple observation have long been recognized within the Western scientific
tradition (e.g.,Mill, 1874), and we expected that human causal learning would likewise be
more effective with interventions than with purely passive observations. Itis less clear whether
people can integrate interventional and observational data when both kinds of information
are available, in order to increase the statistical discriminability of different causal hypotheses.
Experiments 2 and 3 explored this question by first giving participants a round of observational
trials, followed by a round of intervention trials after which they could refine their hypotheses
about causal structure.

The third empirical question is really a cluster of questions concerning the relations between
observational and interventional inference, and the principles which guide people’s choice of
interventions to probe causal structure. In laying out his approach to scientific disddilery,
(1874) noted that while only experiments can prove causation, pure observation still plays
an important role as the natural guide for experimentation. Entering a new domain, scientists
often do not know what questions are worth asking, and which experiments worth doing, until
they observe a surprising phenomenon along with some other correlated events that might be
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potential causes. Like scientists, people might use observations primarily to form hypothese:
and interventions primarily to test those hypotheses. In Experiments 2 and 3, we asked pat
ticipants to choose an intervention after they had indicated their beliefs about causal structurs
formed on the basis of pure observations alone. This method allows us to test the extent to whic
intervention choices effectively discriminated between people’s competing causal beliefs, anc
indirectly to assess what those beliefs might be. In Experiment 3 we allowed participants to
indicate multiple hypotheses if they were uncertain about the causal relations, and thus we
could test explicitly whether interventions were used effectively to reduce uncertainty.

Several criteria guided our choice of experimental tasks and scenarios. First, to test people’
ability to construct causal hypotheses for a novel system, many different structures should b
plausible, with the possibility of a causal link between any two nodes aagnori bias about
the directionality of those links. Second, to test people’s capacity for causal inference from
probabilistic information, noisy causal connections should be plausible. Third, to minimize the
role of low-level attention and memory bottlenecks, correlations should be readily detectable
based on only a small number of trials.

These requirements were met by a task of learning about the communication networks of ¢
triad of alien mind readers. On each trial, participants were shown one communication pattern
with each alien thinking of a three-letter non-sense word (consonant—vowel-consonant, e.g.
TUS) that appeared in athought balloon above his head~{ged). Participants were informed
about the mechanism of mind-reading: if alien A reads the mind of alien B, then A thinks of
whatever word B is thinking of. If an alien is reading more than one mind, on each trial he ran-
domly picks the contents of one mind to copy. Participants were also informed that the aliens
had a limited vocabulary, and that because of lapses of attention, mind-reading occasionall
fails. For example, if A and C are both reading B’s mind, a sequence of trials might go like this:

A: TUS JOF LIV RAH PIF TUS
B: TUS JOF LIV DEX PIF TUS
C: TUS JOF LIV DEX PIF KUL

Participants were shown the alien communications for several trials and their task was to leart
who was the reading the mind of whom. As desired, this copying mechanism could plausibly
connect any two nodes in the alien network, in either direction. Although the copying mech-
anism (like any process of information transmission) could be noisy, the use of categorical
variables with many possible states (words) made it possible to detect correlations over just :

few trials.

i A ﬁ{ €

Fig. 4. A sample screen shot from Experiment 1, showing the thoughts of three aliens with mind-reading abilities.
Participants have to infer whether the middle alien is reading the minds of the two outer aliens (a common-effect
structure) or the two outer aliens are reading the mind of the middle one (a common-cause structure).
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4. Experiment 1

The goal of Experiment 1 was to assess whether people can use purely observational data tc
distinguish between two three-node networks in different Markov equivalence clagges.
illustrates what a participant might see on a single trial. The data were generated from either
a common-cause structure, with the two outer aliens reading the mind of the middle alien, or
a common-effect structure, with the middle alien reading the minds of the two outer aliens.

The precise probabilistic models used to generate the observed communication patterns are
as follows. The aliens have afixed vocabularp dffferent words. In the common-cause model
(A < C — B), at each trial, a word for the middle no@sds first chosen at random from the
vocabulary ofn words. Then each outer nodeandB has an independent chance to copy the
content of nodeC. With probability«, this mind-reading succeeds; the remainder of the time
(probability 1— «), a word is picked randomly from the vocabulary (so tAatr B may still
matchC with probability 1h). In the common-effect modeA(— C <« B), random words are
selected independently for nod&andB, and nodeC has independent chances to successfully
read the minds of each of its two parents. Each of those mind-reading attempts succeeds with
probability«. If C successfully reads both minds, it randomly chooses the contents of one to
copy. If C fails to read either mind, which occurs with probability-{1x)?, a random word is
chosen from the vocabulary. In this experiment: 0.8 andn = 10. Mind-reading succeeds
most of the time, but occasional mistakes are made, and the aliens have a sufficiently large
vocabulary that the probability of getting a match purely by chance is small but not negligible.

Although there ar@® = 1,000 different communication patterns that could be observed,
it is useful to divide these into four qualitatively distinct sets. These qualitative patterns are
shown inTable 1, along with their probability of being observed under the common-cause and
common-effect models (witta = 0.8 andn = 10). A pattern in which all nodes have the same
content is most likely under the common-cause model, while a pattern in which two adjacent
nodes are equal and one is different is most likely under the common-effect model. Note that
the remaining patterns have equal probability under the common-cause and common-effect
models and therefore do not discriminate between these models.

Participants were never shown these probabilities, nor given any feedback during the ex-
periment that could allow them to learn these probabilities in a bottom-up fashion. Presenting
feedback might also have allowed people to solve this task as a probabilistic categorization
task Gluck & Bower, 1988, merely by associating the presence or absence of different data
patterns with the corresponding correct answers. Without such feedback, participants can only

Table 1
The four data patternsl and their probabilities under a common-caus€)and common-effect modeCE) with
a =0.8andn = 10

d (o) P(d|CE)
(1)A=B=C All same 0.67 0.096
(2)A=C,B#£CorB=C,A#C Two adjacent same 0.3 0.87
(3)A=B,A#£C Two outer same 0.0036 0.0036

4)A#£B,B#C,A#C All different 0.029 0.029
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solve the task by reasoning about the two causal networks and comparing the observed da
with the differential predictions made by these two hypotheses.

4.1. Method

4.1.1. Participants

Forty-seven undergraduate students at Indiana University participated in the experiment
An additional 116 subjects participated via the world-wide web. We will refer to these two
groups as lab participants and web participants, respectively. We will not go into detail about
the advantages and disadvantages of web experiments since these have been discussed v
elsewhere (e.gReips, 2002; Reips & Bosnjak, 2001

4.1.2. Procedure

Participants were informed that the alien communications could follow two patterns, one in
which the middle alien reads the minds of the outer aliens and one in which the outer aliens
read the mind of the middle alien. Instructions made no reference to causal structure or the
terms “common-effect” and “common-cause.” The values of the parametardn were not
given to participants, but they were told that the aliens have a limited vocabulary and that
mind-reading works most but not all of the time.

Trials were divided into blocks of eight, with a single structure (common-cause or common-
effect) generating all trials within a block. A new structure was chosen randomly for each block.
On each trial, participants indicated which structure they believed to be the correct generating
model, by clicking one of two response buttons. Each response button described one candida
structure in words and illustrated it using a directed graph drawn on top of the aliens (with
arrows pointing from the alien(s) that produced thoughts spontaneously to the alien(s) thal
copied their thoughts). Participants were given a pre-test to make sure that they understoo
how these directed graphs captured the directionality of mind-reading. The web experimen
and the lab experiment consisted of 20 and 40 blocks of trials, respectively, with each structure
occurring on half of these blocks. The common-cause and common-effect blocks occurred ir
pseudo-random order.

4.2. Results

Because there were many more web participants than lab participants, we first presen
the results of the web participants and then show how similar results were obtained with
the lab participants. In general, for all three experiments reported here, we found results fol
lab participants and web participants to be remarkably similar, with only one exception in
Experiment 3. This similarity attests both to the robustness of our results as well as to the
potential usefulness of web experiments.

For each patrticipant, we calculated a simple accuracy measure based on the probabilit
of making a correct response, averaged over all trials on all blocks. The accuracy distribu-
tion over all web participants is shown Fkig. 5, top left panel. This distribution clearly
shows two modes, one B{correc) = 50%, which is chance performance, and another near
P(correc) = 80%. This suggests that there are at least two groups of participants, some wha
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Fig. 5. Results of Experiment 1 analyzed with the model-based clustering method. Rows 1-4 show results for
one, two, and three clusters on the web data, and three clusters on the lab data, respectively. Left panels: Accuracy
distributions for participants in each cluster. Middle panels: Effects of trial number on mean accuracy in each cluster,
averaged over blocks. Right panels: Effects of block on mean accuracy in each cluster, averaged over trials within
each block. The legends show, for each cluster, the best-fitting parameter yalogst{e number of participants
covered by that clusten), and the degree of fitRf) between the parameterized model of each cluster and the
behavior of participants within that cluster (calculated at the level of individual trials). All panels show error bars

for participants’ data.

cannot distinguish these two causal models based on observational data and some who car
reason relatively accurately about them. The top-middle panEigpf5 shows accuracy as

a function of trial number within a block, averaged over blocks. A slight increase in perfor-
mance over the eight trials indicates that on average, participants are accumulating information
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over trials. The top-right panel dfig. 5 shows accuracy as a function of block, averaged
over trials within blocks, with no apparent increase in performance over the course of the
experiment.

Because the bimodal accuracy distribution strongly suggests different groups of participants
simply analyzing the average data might not give much insight into the actual causal inference
mechanisms used by any one person. Dividing participants into high- and low-accuracy groups
based on some arbitrary threshold, might come closer to revealing how individuals think about
this task but would not provide an explanation for these differences. Instead, we examine
individual differences in the context of fitting a theoretically based model of causal inference
to individual participants’ data.

4.3. A Bayesian model for inferring causal structure

The intuition behind our model is as follows. By reasoning about the causal structure of the
two candidate networks, people can predict which qualitative data patterns are more or les
likely under each hypothesis. People then choose one or the other network in proportion to the
weight of this statistical evidence in the data they observe. We can formalize this computation
using the log odds form of Bayes’ rule:

P(CC|D) P(CC) P(D|CC)
¢ =log———— =log + log .
P(CE|D) P(CE) P(D|CE)
The log posterior oddsy; = log P(CCID)/P(CEJD), measures the learner’s relative belief in
the common-causeCC) model over the common-effed€E) model given the datd). The
prior odds,P(CC)/P(CE), expresses the relative degree of belief prior to observing any data.
In our experiment, the two networks are equally likalgriori, so we will drop the priors from
all further calculations. The dafa consist of the word patterrigly, . . ., dr } that have been
observed from Trial 1 to the current triéddl Assuming that each trial is an independent sample
from the true network, we can rewriteg. (2)in terms of a sum of single-trial log likelihood
ratios:

(2)

T T

P(d;|CC)
o= =S log—4>>) 3)
2= 2/ ce

We assume that the likelihood3(d;|CC) and P(d;|CE) are calculated based on the true
values of the causal parameterandn. Table 1gives the relevant probabilities. For example,
suppose that we have observed three samples from a causal model: on twa tdalB, =
C (“All same”), and on one trialA = C but B # C (“Two adjacent same”). Thep =
10g(0.67/0.096) + log(0.67/0.096) + 10g(0.3/0.87) = 2.82; because > 0, the evidence
favors theCC model.

To enable this optimal decision model to be compared quantitatively with a broad spectrum
of human behavior, and to increase the model’s psychological plausibility, we extend it with
two free parameters. First, we allow variability in the degree to which people apprehend the
diagnosticity of the data. For truly optimal causal inference, a decision of “common-cause”
should always follow if and only ifp > 0. We generalize this decision strategy to one that is
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based probabilistically on the odds ratio:

1

P(CC) = = 4)
Wheny = 1, Eq. (4)amounts to a probability matching strategy. If the odds ratio favors the
common-cause hypothesis by a 2-to-1 margin, then the odds of choosing the common-cause
structure over the common-effect structure would also equal 2-to-1. In the/ligito, Eq. (4)
becomes the optimal strategy of respondd@whenevery > 0, andCEwheng > 0. In the
other extremey = 0, decisions become random, with no relation to the observed data.

Second, we allow variability in the extent to which people integrate evidence over repeated

trials. More recent trials may be weighted more highly, either because people find it difficult
to remember earlier observations or because they believe that more recent trials carry more
reliable information about the current underlying structure. We thus relad@)with a sum
of log likelihood ratios weighted by an exponential decay function,

T

PWICOT v
Y= Z[ P(dICE)]e ’ ®)

where the parametércontrols the rate of information accumulation across trialg.isfclose

to 0, the decision on the current trial depends only on the likelihood ratio of the currently
presented data, independent of observations on previous trials within the blecis Hlso

high, this decision will be optimal with respect to the current data; we refer to this behavior as
“one-trial Bayesian.” If = oo, there is no deca¥q. (5)then simplifies tdeg. (3) and all data
patterns are weighted equally, as required for fully optimal Bayesian inference. Intermediate
values of§ yield decision behavior intermediate between these two extremes.

4.4. A model-based clustering technique

A common strategy for fitting a parameterized model to individual participant data is to
find the best-fitting parameter values for each individual's data. Here we adopt an alternative
fitting technique, in which participants are divided into clusters and a single setting of the free
parameters describes the behavior of all participants within a given cluster. This procedure
allows us to identify subgroups of participants who appear to employ qualitatively distinct
approaches to causal inference.

The clustering problem requires solving for two coupled sets of unknown quantities: the
assignment of participants to clusters and the best-fitting model parametesfor each
cluster. Our fitting algorithm is inspired b-means clustering (seeuda & Hart, 1973
Beginning with random assignments of participants to clusters, we repeat the following two
steps until no participant switches clusters:

1. Given the current assignments of participants to clusters, find the parameter settings that
best fit the performance of all participants within each cluster.

2. Given the current parameter settings, assign each participant to the cluster whose param-
eter values fit best.
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We assess the degree of fit for a particular parameter setting in a given cluster based on
sum-of-squared-error measure between the model’s decisions and each participant’s decisiol
(CCor CE), summed over all trials and all participants within the cluster. To make predictions
for a single individual within a cluster, the model was presented with the exact same sequenc
of data which that individual saw trial-by-trial during the experiment.

4.5. Model results

Fig. 5 shows the results of the model-based clustering method when one, two, or three
clusters were assumed for the web data, and also when three clusters were assumed for the |
data. The plots show accuracy distributions for all participants in each cluster, as well as how
mean accuracy depends on trial and block, respectively, separated for each cluster.

4.5.1. Web data, one cluster

When only one cluster is used, the model finds the best-fitting parameters for the whole grouy
of subjects. This parameter fit involves a small amount of décayd a scaling parameter
near one, suggesting that on average, people appear to accumulate some information over trie
and to weight likelihood ratios reasonably on this task.

4.5.2. Web data, two clusters

With two clusters, the model locks on to the two modes of the accuracy distribution. It
is not equivalent to a hard threshold on accuracy; rather, it divides participants into groups
with somewhat overlapping accuracy distributions. Looking at the effect of trial number shows
clearly the basis for the model’s clustering. One group of participants performs at chance due
to a lack of sensitivity to the observed contingencies (i.e., their scaling paramistexactly
zero). The other group of participants performs much better, due to a higher scaling paramete
and some accumulation of information across trials.

4.5.3. Web data, three clusters

With three clusters, the model splits the good performers of the two-cluster solution into
two subgroups. One group (upward pointing triangles) behave as “one-trial Bayesians™: they
perform relatively well but use only the current data pattern to make their decisions. The other
group (downward pointing triangles) approaches optimal Bayesian performance. Note that al
three groups are distinguished by qualitatively different parameter settings: the bottom grour:
shows both parameteysands equal to 0, the top group shows both parameters clearly much
greater than 1, while the middle (“one-trial Bayesian”) group shows a sensitigiynificantly
above 1 but a memory persistericequal to O.

4.5.4. Lab data, three clusters

By applying the clustering technique to a different group of participants tested under lab
conditions, we can check the robustness of both the experimental results and the model-bas
analysis. We analyzed only the first 20 (out of 40) blocks from the lab data, for direct com-
parability with the web data. The same three qualitatively distinct clusters of inference were
found, with very similar parameter values.
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4.6. Discussion

Through a model-based clustering analysis of participants’ data, we identified three distinct
causal inference strategies that people appear to use. The strategies may all be thought of ir
terms of rational inference, but under qualitatively different representational and processing
constraints. The best performers integrate information across #igts®) and reliably make
the optimal decision as dictated by the likelihood ragio$ 0). The worst performers have
both of these parameters at or near zero. An intermediate group—the one-trial Bayesians—
are reliably sensitive to the likelihood ratig (> 0) but do not integrate information across
trials (§ = 0). Thus, we can conclude that most people are to some degree able to distinguish
different causal structures on the basis of just a few observed data patterns, and that at leas
some untutored people are able to perform this task almost optimally. In the next experiment,
we will further probe people’s causal reasoning mechanisms with an expanded set of causal
networks.

The clustering analysis requires that the number of clusters be speciraati, raising the
question of how to choose the appropriate number of clusters for the analysis. The bimodality
of the overall accuracy distribution strongly suggests that at least two clusters are necessary. By
adding a third cluster, we were able to further distinguish between two groups of participants
that appeared to perform in qualitatively different ways. Regardless of the random initializa-
tion conditions, qualitatively similar results were obtained. However, when four clusters were
used, many different clustering solutions were obtained depending on the initialization, and
no additional qualitatively different patterns of performance emerged. Thus, a three-cluster
decomposition seems to provide the clearest insight into the different ways that people may
approach this task.

For the lab participants, there was some indication that performance improved during the
course of the experimenig. 5, bottom row). Such a learning effect is interesting because it
has occurred in the absence of feedback about the correct answer. This unsupervised learning
may be explained in terms of some kind of adaptation to the statistics of the data patterns,
or as a re-evaluation of the weight of evidence provided by different data patterns in favor
of alternative causal hypotheses. Without any unsupervised learning mechanism, the model
we described above does not predict this learning effect. We have developed extensions of
the model that do incorporate such learning mechanismes, but for reasons of space, we presen
here only the simplest version of the model that allows us to pick out individuals’ causal
inference mechanisms. These learning processes may be a crucial component of real-world
causal inference and should be explored more thoroughly in future work.

5. Experiment 2

Participants in Experiment 1 showed reasonable success at inferring causal structure from
purely passive observational data. Yet performance for many participants was far from optimal,
and the task was relatively simple, with only two possible causal models to consider. In Exper-
iment 2, we compared this passive mode of causal inference based on pure observations with
active learning, in which variables come under the learner’s experimental control. Participants
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reported their beliefs about causal structure twice for every network: once after seeing a roun
of passive observation trials, and then again after seeing a round of intervention trials, in whick
one variable that they chose was clamped to a distinctive value and they could observe th
effects on other variables in the system. This method enabled us to analyze both the relativ
efficiencies of inference under passive observation and active intervention conditions, as wel
as the specific impact of seeing the results of one’s own intervention on revising a causa
hypothesis.

We also enlarged the set of alternative causal models to include all 18 networks shown
in Fig. 2, and we allowed patrticipants to describe their causal hypotheses by a free respons
method—drawing a network with a mouse—rather than selecting from just two given choices.

Based on observational trials alone, it is impossible to distinguish networks within the
same Markov equivalence class (grouped by dashed linEgyir?). But when learners are
allowed to intervene, the networks within an equivalence class may become statistically distin-
guishable. As explained earlier, the degree to which an intervention allows one to distinguish
Markov-equivalent networks depends upon the choice of intervention. For all networks in
Fig. 2 a single intervention following a round of pure observation trials may be sufficient
to identify the true network generating the data, but only if that intervention is well chosen.
By allowing participants to choose only a single intervention, we could assess how well they
understood the informational value of different choices.

As in Experiment 1, we used the alien mind-reading cover story. The interventions in this
experiment are ideal interventions—the manipulation screens off any other causal influences—
and were instantiated in the cover story by a special machine (the “mind zapper”) that could
control a single alien’s thoughts and force it to think the word “ZZFig. 6 illustrates the
experimental set-up: following a round of 10 passive observation trials, a participant hypothe-
sizes a certain causal structufag. 6A); then, the participant chooses one alien as the target
of the mind zapper and observes the results of 10 more trials while the mind zapper is in place
(Fig. 6B). The word “ZZZ” was chosen to be maximally distinct from the normal vocabulary

(A)

Fig. 6. lllustration of two phases in Experiment 2. (A) In Phase 2 (and then again in Phase 5), participants indicated
their hypothesized causal network by clicking arrows onscreen with the mouse. (B) On intervention trials (Phase
4) the “mind zapper” is applied to one alien chosen by participant, fixing the word “ZZZ” in its mind. Observing

how that thought propagates to other nodes of the network allows participants to infer the hidden causal structure
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of the aliens, to highlight its role in the observed communication patterns. Once an alien is
forced to think about “ZZZ,” the same rules for thought transmission apply as in Experiment
1. For instance, iffrig. 6B, the mind zapper is applied ®and the result is that both alieAs

andB are thinking about “ZZZ.” These data imply a causal connection fBamA, but do not

rule out other possible connections. The network structufégn6A is still a possibility—it

could be that failed to read the mind oA by chance. Additional trials might clarify whether

a connection exists betweémandC.

5.1. Modeling intervention choice by active learning

We modeled participants’ intervention choices within an active learning frameWanipgy,
2001; Tong & Koller, 200}, where learners choose interventions that are expected to provide
maximal information about the underlying causal structureglietiex the possible graphb,
denote all past observational data (on which the intervention decision will be baskstote
the intervention action, angdenote the possible outcomes that could be observed following
the intervention. An intervention that maximizes information gained about the true graph is
equivalent to one that minimizes the learner’s uncertaih&pout the true graph following the
interventiona,

H(a) = =) Pi(gly, a)log Ps(gly, a), (6)

8

whereP;(g|y, a) denotes the learner’s distribution of belief over possible graph struajures
after taking actiora and observing the resulting dataThe subscripsindicates that this is a
subjective distribution, reflecting the learner’s beliefs without making a commitment to how
they are derived. Since we do not know what outcgmall occur prior to choosing actioa,

we can only minimize the expected valuetbbver ally:

(H(@) ==Y P(yla))_Pi(gly, a)log Pi(gly, a). (7)
y 8

We computeP(y|a) as
Py(yla) =) P(ylg, @) Ps(gla) = Y _P(ylg, @) Ps(), (8)
8 8

where in the second step we have dropped the conditioniragroR;(g) because this quantity
reflects the learner’s beliefs prior to taking actmmnd we have dropped the subscefrtom

P(y|g, a) under the assumption that the learner uses the objective likelihoods (with knowledge
of the true values for parametexsandn). From Bayes’ rule, we then have (g|y,a) =
P(ylg, a)Ps(9)/Ps(y|a).

Under this analysis, intervention choice is determined strictly by the combination of objective
likelihoodsP(y|g, a), which are a fixed aspect of the task, d@\dg), the learner’s subjective
distribution of beliefs over graph structures prior to taking actompplying this analysis
requires making choices abdaf(g), because we do not observe this quantity directly in our
experimental task; we know only the one hypothesis that participants select (out of 18) as their
best guess after the passive observation phase of the task.
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The mostobvious choice f&; (g) isto setit equal to the Bayesian posteR¢g|D), reflecting
the ideal learner’s belief distribution given the dBtérom the passive observation phase. We
will refer to this version as theational identification modelbecause it picks the intervention
that is most likely to identify the true causal structure out of all logically possible structures,
based on the optimal integration of passive observation and active intervention data. In genera
the ideal posterioP(g|D) will be spread across all structures in the same Markov equivalence
class as the true structure. Thus, minimizit(a)) under the assumptioB,(g) = P(g|D)
will select an intervention that optimally discriminates members of the same Markov class, as
illustrated inFig. 3.

There are several reasons why a different choicB,¢f) might be more psychologically
plausible. First, it may not be computationally feasible for people—or any learning machine—
to compute the full Bayesian posterior over all logically possible hypotheses. Some approxima-
tion may be necessary. Second, once participants have chosen a single hypothesis based on tf
passive observations, their goal in choosing an active intervention may switch from identifying
the true structure to testing their chosen hypothesis. We will consider seatimahl test mod-
els in whichP;(g) is determined by assigning most of the probability mass to the participant’s
chosen hypothesis and the remainder to a small set of simpler alternatives. These strategi
may not always lead to the true structure, but they do test particular causal hypotheses in
rational way. They are also much more computationally tractable. Rather than summing ovel
all possible graph structureshus. (7) and (8)rational tests restrict those sums to only a small
number of structures that receive non-zero probability under the subjectively dEfifggd

The ideal learner always picks the interventianhat minimizes(H(a)). We generalize
this strategy to a psychologically more plausible choice rule, where aatisrthosen with
probability

P(a) = exp(—pB(H (a)))
Y eXp=B(H@))

andp is a scaling parameter. The sum in the denominatdmf(9)ranges over all possible

intervention actions. At one extremg & oo), choices always minimizéH(a)); at the other

extreme = 0), choices are random. In all our simulations, wefet 12, yielding almost
all-or-none behavior except when differenceghifa)) are very small.

(9)

5.2. Method

5.2.1. Participants
Twenty-one undergraduates from Indiana University participated. An additional 102 subjects
participated via the world-wide web.

5.2.2. Procedure

Instructions were similar to those in Experiment 1, only participants were now introduced to
all 18 causal structureskig. 2that could generate the data. Participants could view a schematic
of these 18 possible structures for reference at any time during the experiment. Participant
were given careful instructions on how to draw candidate network structures, how to interpret
the directionality of arrows, and how to use the mind zapper intervention tool. Pretests ensurec
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participants understood all these elements prior to the experiment. As in Experiment 1, the
probability« of copying correctly was set to 0.8, while vocabulary sizeas increased to 40
to enhance the discriminability of alternative networks.

The experiment consisted of 8 or 16 blocks of trials for web or lab participants, respectively.
On each block, one causal model generated the data. This causal model was randomly selecte
by first choosing from four types of networks showtrig. 2(common-effect, common-cause,
chain or one-link), and then choosing randomly within that type. Each network type occurred
equally often over the course of the experiment.

Each block consisted of six phases. In Phase 1, participants were shown 10 self-paced ob-
servational trials randomly generated by the causal model. The words were shown in thought
balloons and also listed in a separate text window that maintained a record of all trials, to
minimize memory demands. In Phase 2, participants chose the single causal network from
those shown irFig. 2 that best explained their observations. They indicated their hypothe-
sis by clicking arrows on screen with the mouség( 6A). In Phase 3, participants picked
a single node as the target of an intervention. In Phase 4, 10 randomly generated trials
were shown from the same causal model, with the mind zapper applied to the chosen alien
(Fig. 6B). In Phase 5, participants again drew a single causal network representing their best
guess following the intervention trials. In Phase 6, feedback was provided to motivate par-
ticipants. If they had drawn an incorrect network in Phase 5, the correct structure was now
given.

5.3. Results

5.3.1. Accuracy of causal inference

We classified a causal network hypothesis as correct only if it matched exactly the generating
causal network. Thus, an answer can still be scored as incorrect if it falls into the correct
equivalence class, and is therefore indistinguishable from the correct answer even to an ideal
learner. This scoring method was chosen in order to assess the accuracy of inferences before
intervention (Phase 2) and after intervention (Phase 5) on the same scale.

Before intervention, the mean frequency of correct causal inferences was 18% for both
web and lab participants. For comparison, the average score of an ideal learner (assuming
knowledge ofx andn) would be 50% correct. The distribution of scores over participants is
shown inFig. 7 (filled circles). Performance ranges widely, but overall people perform much
better than chance (5.6%), indicated by dashed lines. Even with just a few observations and
a large number of potential causal networks, people are still able to make meaningful causal
inferences.

After intervention, mean percent correct scores increased to 33% and 34% for the web
and lab participants, respectively. Séig. 7 (open circles) for the full distribution of scores.
Again, chance performance is 5.6%, but optimal performance can now be calculated in sev-
eral ways. An ideal learner who always chooses the most informative intervention and in-
tegrates data from all trials would obtain a score of 100%. However, people do not
always choose the most informative intervention, nor are they likely to remember the pas-
sive observation data (Phase 1) as well as the intervention data (Phase 4). Optimal per-
formance based on participants’ actual intervention choices would be 85% (on average), if
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Fig. 7. Distribution of participants’ probabilities of choosing the correct causal model in Experiment 2, both before
the opportunity to make an intervention (Phase 2) and after seeing the results of their interventions (Phase 5). Dashe
lines indicates chance performance (5.6%).

both passive observation and intervention trials are remembered perfectly and integrated, c
53% (on average), if only the intervention data are taken into account in making this final
decision.

An analysis of individual participants’ choices shows that most people’s causal inferences
improved following the opportunity to make an intervention relative to their inferences based
only on passive observation. Of the web participants, 63 improved in average accuracy follow-
ing the intervention, 10 became worse, and 29 showed no difference. Of the lab participants
15 improved, 3 became worse, and 3 showed no difference.

5.3.2. Choice of interventions

Fig. 8shows the distribution of intervention choices averaged over participants, for both web
and lab participants. Choices are conditioned on the type of network selected by the participan
after the observational trials, in the previous phase of the experiment. This conditioning allows
us to assess how people’s intervention choices relate to their hypotheses about causal structu
and the extent to which the interventions serve to test or refine those hypotheses. Choices a
classified according to the qualitatively distinct node types in each structure. Forinstance, giver
achain hypothesis — B — C,there are three qualitatively different choices for intervention:
the source nodd, the mediating nod®, or the sink nodeC. But given a common-effect
hypothesisA — B <« C, there are only two distinct choices: a source néd® C, or the
sink nodeB.

To help interpret the behavioral results, the third rowr@f. 8 shows the predictions of a
random choice model, in which nodes are chosen completely at random. Note that becaus
the common-effect network has two source nodes and one sink node, a random choice stra
egy would generate twice as many interventions on source nodes as on sink nodes give
this hypothesis. That random pattern is close to the average choices of participants given |
common-effect hypothesis. For all other hypothesis types, people’s intervention choices were
significantly different from random, with a clear preference for source nodes over sink nodes.
Next, we investigate whether this non-random pattern of results can be predicted by rationa
choice models for active learning of causal structure.
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5.3.3. Active learning—rational identification model
The fourth row ofFig. 8 shows the predicted results of the rational choice model where
the probability distributionP;(g) = P(g|D), the full Bayesian posterior calculated based
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Fig. 8. Distributions of intervention targets chosen in Experiment 2. Intervention choices are conditioned on the
type of network selected by a participant in the previous phase, based on passive observations, and classified
into topologically distinct node types (source, sink, mediator, or disconnected). The bottom four rows show the
predictions of various models explained in the main text. Error bars reflect standard errors.
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on all observational trials and assuming perfect knowledge afdn. This model chooses
interventions that, when combined with the passive observation data, are most likely to identify
the true causal structufePredictions are similar to people’s choices for common-cause and
common-effect networks but are significantly different for the chain and one-link models.
There is a crucial difference between these last two cases. People’s preference to interver
on the source node given a chain hypothesis is clearly sub-optimal. As illustrafegl. iB
choosing the mediating node would be more effective for distinguishing the true structure from
alternatives in the same Markov equivalence class. In contrast, people’s source preference give
a one-link hypothesis is not sub-optimal. It is a kind of bias, because in this case either a sourc
or sink intervention would be equally diagnostic from the standpoint of rational identification.
But it is in no way detrimental to successful inference, and in fact represents the most usefu
intervention people could make here.

In sum, people’s source preferences for intervention generally serve the purposes of ra
tional causal inference in this domain, although they are not always predicted by the ideal
active learning model, and they can lead to sub-optimal tests in the case of chain-structure
hypotheses. We next looked at whether people’s intervention choices might be better explaine
in terms of active learning with a subjective belief distributi®yig), defined in terms of the
hypotheses that participants report in the previous phase of the experiment based on the passi
observation data. Thesational testmodels test the current best hypothesis against a small
set of alternatives—in contrast to the ideal learner’s choice of intervention which attempts to
identify the true causal structure from amongst all logically possible structures.

5.3.4. Active learning—rational test model (1)

Perhaps the most basic kind of rational test model assumes that participants aim to test the
hypothesized network structure against a “null hypothesis” of complete independence, or nc
causal structureA — B — C. While this independence structure never actually occurs in
our experiments, it certainly occurs in many real-world situations and may be plausible as
a general-purpose null hypothesis for causal learning. To simulate this model, we assignet
all of the probability mass ifP,(g) to just two structures: the netwoflk that a participant
chose after seeing the passive observation data (Phase 2) and the rigtwiikno causal
connections. The ratig of probability assigned tb* versushy was set t@ = 20, indicating a
much stronger causal belief in the selected network over the hypothesis of complete indeper
dence. The model was simulated once for each participant and each block of trials, using th
appropriate hypotheslks’ chosen by that participant on that block. Thus, we can compare the
distribution of participants’ choices$-{g. 8 directly to the distribution of model choices for
each network type (aggregated across simulated participants and blocks).

In a further step towards psychological plausibility, we assume that subjects attend only to
whether each node shows the distinctive output of the mind zapper, “ZZZ,” rather than to the
precise pattern of words across all three alien minds. For instance, if a subject intervenes o
nodeA, there would be four distinct kinds of observations possible, depending on wigther
C, neither, or both also show the word “ZZZ.”

The predictions of this active learning model come much closer to the distributions of
people’s choicedHig. 8, fifth row). The model predicts a source preference for testing common-
effect, common-cause, and one-link hypotheses. It also predicts a source preference for testir
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chain hypotheses, although the numerical effect is not large. This model's source preference
can be explained intuitively. If the null hypothesis of complete independenietrue, any
intervention should have the same effect: the target alien will think “ZZZ” and most likely no
other alien will. The more aliens who think “ZZZ” in a data pattern, the lower the likelihood

of seeing that pattern undhbg. If the hypothesized causal structureis true, intervening on

a source node would (for all structures in our task) be most likely to force as many aliens as
possible to think “ZZZ"—thereby producing a data pattern which is maximally unexpected
under the alternative hypothesis and most diagnostic of the causal striaicture

5.3.5. Active learning—rational test model (2)

The final model we explore provides a compromise between considering all logically possi-
ble hypotheses and considering only a single null hypothesis of complete independence. Here
we assume that learners test their currently favored network hypotiieagainst all of its
sub-networks—those networks with strictly less causal structure. For example, if the learner’s
current hypothesis corresponds to the chain> B — C, that hypothesis would be con-
trasted withA — B C, A B — C, as well as the hypothesis of complete independence,

A B C. Intuitively, this strategy may be seen as attempt to test simultaneously the efficacy
of all hypothesized causal links, without worrying about whether additional causal structure
might exist. The same parameter setiing: 20 now controls the relative probability assigned

in Py(g) to the current hypotheskg versus the union of all alternative (sub-network) hypothe-
ses, each weighted equally. As shown in the bottom rokigf8, this model comes closest to
explaining the preference gradient observed for the chain model, with a substantial preference
for the source node over the mediating node, as well as a preference for the mediating node
over the sink node.

5.3.6. Model fits

The random, rational identification, rational test (1), and rational test (2) models explain
3%, 11%, 93%, and 93%, respectively, of the variance in the web data, calculated at the level
of individual trials. Similarly, these models capture 14%, 11%, 96%, and 85%, respectively,
of the variance for the lab data. We do not have sufficient data to quantitatively distinguish the
two rational test models.

5.4. Discussion

Our results directly support two conclusions about the role of interventions in causal infer-
ence. First, people are more successful at inferring the structure of causal networks after they
have had the opportunity to intervene actively on the system and observe the effects, relative to
when they have just been exposed passively to pure observations. Second, people’s interven:
tion choices can be understood within a rational information-theoretic framework for active
learning, in which targets are chosen in proportion to how much information about network
structure they can be expected to yield.

The extent to which people’s causal inferences approach optimality is a more complex
issue. The ideal causal learner, who makes intervention choices by considering all logically
possible causal structures and final decisions by integrating all observational and interventional
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data according to Bayes’ rule, would obtain substantially higher accuracy rates and qualita-
tively different intervention choices than participants in our study. Yet there is evidence that
people do integrate knowledge gained across both observation and intervention trials. Any
learner who integrates information from both rounds of data within a block should improve in

accuracy—for the ideal learner, from 50% based on passive observation trials alone to 85%
based on a combination of observation and intervention trials—while even an ideal learner
who did not integrate across both rounds—who approached the intervention trials as if they
were a new block of trials—would show no such improvement based on the interventions
participants chose. Average performance on our task improved by almost 80% between pre
and post-intervention responses, consistent with substantial integration of knowledge gaine
from both passive observations and active interventions.

Modeling people’s intervention choices clarifies the ways in which these two sources of
knowledge might be integrated. Different models of intervention choice differ in the assump-
tions they make about people’s inferential goals and representational constraints. In the ratione
identification model, the learner’s beliefs about the underlying graph struet(gereflect the
full Bayesian posterior, and consequently interventions are optimal with respect to discriminat-
ing among members of the Markov equivalence class consistent with the passive observatio
data. Under this model, data from passive observation and active interventions are integrate
on equal terms. However, people’s choices appear more consistent with one of the rationa
test models, in whiclP;(g) concentrates on the single favorite hypothesis indicated by a par-
ticipant, with some small weight allocated to alternative hypotheses with strictly less causal
structure. Under these models, passive observation and active intervention play different role
in learning: observation suggests hypotheses, which are then tested through intervention.

The different goals of rational test and rational identification models—testing whether all
links in a hypothesized causal structure actually exist, versus attempting to pick out the full
causal structure from the sea of all logically possible alternatives—are not ultimately incompat-
ible. Adopting the “test” strategy as a tractable heuristic for causal identification is reminiscent
of an approach adopted by many scientists. First, based on observations of a system, mal
the best possible guess at a strong hypothesis about how that system works. Then, throug
deliberately chosen interventions, test that strong theory against “less interesting” alternative:
in which one or more causal components of the favored hypothesis do not exist, to see if eac
hypothesized causal component is in fact necessary to explain the system’s behavior. Unlik
most scientists, participants in this experiment only had the opportunity to try a single inter-
vention. In future work, our active learning paradigm could be extended to study the more
general problem of how people plan a “program of research’—a series of interventions, in
which the choice of which intervention to perform next depends on the outcomes of previous
interventions.

6. Experiment 3
In the previous experiment, participants could indicate their causal beliefs by selecting

only a single hypothesis from the set of all possible causal networks. Experiment 3 used the
same procedures but allowed participants to select multiple hypotheses if they were uncertair
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This change allows us to test directly people’s sensitivity to Markov equivalence classes, by
measuring the extent to which people select all and only those networks within an equivalence
class when the data lend equal support to the whole class. It also gives us more information
about people’s subjective distribution over graph structu?gg), allowing us to investigate

the extent to which people choose interventions that optimally discriminate among multiple
hypotheses they have in mind.

6.1. Method

6.1.1. Participants
Twenty-nine undergraduate students from Indiana University participated. An additional 74
subjects participated via the world-wide web.

6.1.2. Procedure

The procedure used in this experiment was identical to Experiment 2, except for the following
differences. Both web and lab participants received 16 blocks of trials. In Phases 2 and 5 of
each block, instead of being asked to draw a single causal network, participants were shown a
grid of all 18 possible causal networks and instructed to check one or more networks that they
believed were consistent with the data seen up to that point. The final feedback phase of each
block was omitted.

6.2. Results

6.2.1. Accuracy of causal inference

We computed accuracy scores just as in Experiment 2, with the exception thatmwhen
networks were chosen and the correct generating network was among them, we controlled for
guessing by counting the score as only a fractian 4f a correct answer. Average percent
correct prior to intervention was 21% and 18% for web and lab participants, respectively, rising
to 36% and 30%, respectively, after the intervention triglg. 9 shows the full distributions
of scores. As in Experiment 2, the majority of participants improved after being given the
opportunity to intervene actively on the system.
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Fig. 9. Distribution of participants’ probabilities of choosing the correct causal model in Experiment 3, both before
the opportunity to make an intervention (Phase 2) and after seeing the results of their interventions (Phase 5). Dashed
lines indicates chance performance (5.6%).
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6.2.2. Knowledge of equivalence classes

The matrices inFig. 10 show P(j|i)—the conditional probability of selecting a network
from Markov equivalence clagsgiven that a network was also selected from Markov class
i—for all blocks on which a participant chose more than one hypothesis. Diagonal entries show
the probabilities of pairing a network with another from the same Markov class; off-diagonal
entries correspond to pairings across classes. Both web and lab participants appear to ul
derstand the one-link Markov equivalence classes: networks within those classes are ofte
grouped together and rarely grouped with networks in other classes. The singleton Markov
classes involving common-effect structures are also understood to some extent, althoug
this cannot be seen by comparing diagonal with off-diagonal entridsign 10, because
the diagonal entries are zero by definition for these singleton classes. Crucially, the proba
bility of selecting multiple networks when one network had a common-effect structure was
only 20%, which is almost half the analogous probability (36%) for the other network types
taken together. This significant differenge & .01, two-tailedt-test) suggests some under-
standing of the fact that each common-effect network belongs to its own equivalence class
Participants have greater difficulty in distinguishing between the Markov classes involving
both common-cause and chain networks (columns 4-6). When one network was selecte
within one of these classes, the other choice was just as likely to fall into any of these three
classes.
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Fig. 10. Conditional probability of participants in Experiment 3 choosing a network from Markov equivalence class
j, given that they also chose a network from claéand that they indicated more than one hypothesis). (A) Web
participants. (B) Lab participants. (C) Optimal Bayesian inference, as described in main text.
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6.2.3. Analyzing intervention choice

Fig. 11 compares the intervention choices of participants with the predictions of the two
rational test models. The data are split into two conditipost ho¢ based on whether single
(m = 1) or multiple ¢z > 1) networks were selected after the observational trials. 60% of all
subjects chose multiple networks on at least one block. For those subjects, 53% of all blocks
resulted in a choice of multiple networks.

Results in the single-choice condition can be compared directly to Experiment 2 and show
essentially the same pattern. In the multiple-choice condition, we divided the counts over all the
different types of networks that were selected by participants. For example, if on a particular
block a participant selected both a common-cause hypothesis and a chain hypothesis, half of
the count for that participant’s subsequent intervention choice would go to the appropriate
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Fig. 11. Distributions of intervention targets chosen by participants in Experiment 3, along with the two rational
test models. Results are analyzed separately for trials on which participants chose only a single network hypothesis
and trials on which they indicated multiple hypotheses.
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type of node (source, mediator, sink) in the common-cause distribution, and the other half
to the appropriate type of node (source, sink, unconnected) in the chain distribution. For
the rational test models, instead of a single peak in the probability distribution at a single
chosen network, the subjective distributiBy(g) was constructed witim equal peaks in the
distribution corresponding to tha chosen networks. The paramefer 20 again controlled

the relative probability assigned to thestavored hypothesis versus the hypothesis of complete
independence (Model 1) or the union of all sub-networks ataklected networks (Model 2).
These two models explained 88% and 91% of the variance, respectively, for web participants
and 82% and 92% of the variance for lab participants, respectively, calculated at the level of
individual trials.

6.3. Discussion

Two principal findings emerged from the multiple-choice paradigm used in this experiment.
First, causal inference from observational data shows more sensitivity to Markov equivalence
classes based on one-link and common-effect structures than to those based on common-cat
and chain structures. An analysis of the statistical structure of our task suggests one possibl
explanation for this difference. For all nine networks in the three Markov classes involving
common-cause and chain structures (columns 4-f68gn10, a single data pattern—where
all three aliens think of the same word—is far more common than any alternative observation.
Thus, although these three Markov classes are in principle distinguishable purely from passive
observations, they are highly confusable given the particular causal mechanisms and the sme
number of trials used in our task. In contrast, each of the other six Markov classes is clearly anc
uniquely distinguishable based on its most common one or two data patfEnisargument
can be formalized by comparing people’s choice probabilities with those of an optimal Bayesian
causal learner constrained to choose the same number of hypotheses that participants d
(Fig. 100.2 Like people, this ideal learner often selects multiple networks across Markov
class boundaries when hypothesizing common-cause and chain structures, but rarely whe
hypothesizing one-link structures.

Our second finding was that when people indicate multiple hypotheses reflecting some
uncertainty about causal structure, they often choose subsequent interventions in an attem
to maximally reduce that uncertainty. The close correspondence between human and mod
choicesinthis experiment, using the same parameter values as in Experiment 2, further suppor
the notion that people’s intervention choices may be explained as rational tests given their owr
subjective beliefs about causal structure formed on the basis of passive observation.

Qualitatively, the rational test models appear to fit the data from web participants better
than the data from lab participants (except forahe- 1 case with common-effect structures,
where choices of both people and models are essentially random). Both web participants and th
rational test models showed a source preference in every case except one: when attempting
discriminate among multiple hypotheses containing at least one chain structure, both people an
the models preferred to intervene on mediating nodes. This exception suggests that the sourt
preference may not be fundamental, but rather may be a consequence of seeking out maximal
informative hypothesis tests. We are currently testing this proposal using more complex cause
networks in which the source preference and the predictions of rational test models may diverge
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Lab participants did not show this reversal of the source preference, perhaps because they
employed less sophisticated strategies. Future work might profitably explore variations in
individual strategy on this task, as we did for the simpler two-alternative forced choice task of
Experiment 1.

7. General discussion

We have argued that the paradigm of rational statistical inference over graphical models
provides insight into multiple aspects of human causal learning: inference from purely ob-
servational data, active learning through interventions, as well as the link between these two
settings—how passive observations are used to guide interventions toward maximally infor-
mative targets. Previous research has investigated Bayesian models of causal inference in more
constrained settings\aderson, 1990; Anderson & Sheu, 1995; Tenenbaum & Griffiths, 2001
and other researchers have recently begun to study empirically people’s ability to learn causal
networks from observational and interventional dagghado & Sloman, 2002; Schulz, 2001
Sobel, 2003 but we believe our work is the first to draw together all these theoretical and
experimental threads.

7.1. Autonomous causal inference in adults

Lagnado and Sloman (2002nd Sobel (2003)oth studied observational and interven-
tional learning, focusing on the differences between these two mddegmado and
Sloman (2002used networks of three variables connected via a chain structure and real-
istic cover scenarios. Participants completed 50 trials of either passive observation or ac-
tive intervention, in which they could freely choose a new intervention on each trial. As in
our studies, Lagnado and Sloman found an advantage for intervention over passive obser-
vation, but their participants’ overall accuracy scores were much lower. 30% of participants
in their intervention condition chose the correct structure out of five alternatives—not sig-
nificantly different from chance. In their observation condition, participants typically (over
60% of the time) chose an incorrect common-effect structure; fewer than 20% chose cor-
rectly. This poor performance was likely influenced by prior knowledge evoked by the realistic
cover scenarios, which suggested that there might be two potential causes for a common
effect.

In our experiments, the cover scenario was specifically chosen to avoid instilling any expec-
tations about the underlying causal structure. This design left our participants free to engage
data-driven learning mechanisms, which led to mean accuracy scores significantly higher than
chance in both our observation and intervention conditions—as much as six times higher in the
best intervention conditions. It also allowed us to model learning processes in detail without
the additional complexities of representing prior knowledge. More generally, human causal
inference often makes essential use of richly structured prior knowledgenasbaum and
Griffiths (in presshave shown for several cases of inference from passive observations. Ex-
ploring the role of prior knowledge in guiding active learning from interventions is an important
area for future work.
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Sobel (2003rlso adopted a cover scenario that did not favor any particular causal struc-
ture, and he also obtained accuracy scores substantially better than chance. Participants
his intervention condition (Experiment 1) obtained an average of 66% correct when learn-
ing probabilistic structures. This score was more than three times the chance level (in &
five-alternative-forced-choice task), and much higher than the average score of 35% for partic
ipants in his observation condition. Sobel’s studies differed from ours in several respects. He
allowed participants to make as many interventions as they desired—an average of approxi
mately 40 per network (Sobel, personal communication)—while we allowed only one distinct
intervention, in order to study the mechanisms of intervention choice, and the interaction of
observational and interventional learning. Sobel did not address these issues; his focus was ¢
the relative accuracy of learning given identical data obtained by different means: intervention,
observation, or observation of another agent’s interventions.

Comparing final accuracy scores between our studiagnado and Sloman (2002nd
Sobel (2003)s complicated by the fact that our participants were allowed to make only one
intervention per network, while participants in the latter two studies made far more distinct
interventions—enough to test each possible causal link multiple times. This constraint, com-
bined with our larger number of choice alternatives (18 vs. 5), may have accounted for the lowel
absolute accuracy scores in our studies relative to Sobel’s. An alternative possibility is that out
task and scenario somehow present an unnatural domain for causal inference, which woul
undermine our claim to have discovered something about how people learn successfully abot
the structure of real-world systems. To rule out this possibility, we conducted two small-scale
studies identical to Experiment 2, except that participants could now choose a different targe
for the mind zapper on each intervention trial. In one follow-up, 19 web participants were
given 10 distinct intervention trials on each block, obtaining an average final accuracy of 55%
correct. In another follow-up, 22 web participants were given 25 intervention trials on each
block, obtaining an average final accuracy of 72% correct. This performance, at least as stron
as that observed in other studies which presented participants with more data trials and fewe
choice alternatives, suggests that our task domain provides a reasonable model system fi
studying the mechanisms of successful causal inference.

7.2. Children’s understanding of causal structure and the impact of interventions

Recent work of Gopnik and colleagues has shown that even young children can successfull
engage in causal learning, making inferences that appear normative from the standpoint c
causal graphical model&ppnik & Sobel, 2000Gopnik, Sobel, Schulz, & Glymour, 2001
Gopnik et al., in pregsMost relevantlySchulz (2001 summarized in Gopnik et al., in press)
has shown that children and adults can infer causal structure by observing the interventions ¢
an experimenter. As in our studies and thosBatfel (2003)Schulz and Gopnik used a causally
neutral cover scenario, with the specific goal of removing temporal cues to causal order. An
important difference is that their participants did not choose which interventions to make, but
merely watched the experimenter as she demonstrated one or more interventions. Thus, the
results demonstrate people’s appreciation of the inferential relations between intervention an
causal structure, but they do not directly address the processes by which people often lear
about causal systems in the real world, through autonomous observation and intervention.
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7.3. Bayesian models of causal inference

None of the above studies of active causal inference has attempted to explicitly model
people’s inference processes, as we do here. There has been previous work on Bayesian model
of human causal inferencAijderson, 1990; Anderson & Sheu, 1995; Tenenbaum & Griffiths,
2001 in more constrained settings. Those models focused on inferences about individual
cause—effect relations, where it is clegpriori which variables are potential causes or effects
(see alsBuehner et al., 200Zheng, 1997; Jenkins & Ward, 19685ber & Shanks, 2000
Shanks, 1996 The task is typically to estimate the strength of these given causal connections,
or the probability that a given connection exists in a particular instance, rather than to infer
the structure of a network of interacting causes, as in our experiments, avpgggi any two
variables may be related as cause and effect. Also, previous Bayesian models have focusec
on passive inferences from pure observation data, rather than inferences from a combination
of observation and intervention data, or the processes of selecting informative targets for
intervention, as we consider here. Establishing the applicability of rational statistical inference
models in these more complex and more general settings is an important step towards bringing
theories of human causal learning closer to the cases of greatest real-world interest.

7.4. Related work in other cognitive domains

Human inferences about causal networks have also been studied in the context of categoriza-
tion tasks Rehder, 2002Rehder & Hastie, 200MWaldmann & Martignon, 1998Naldmann,
Holyoak, & Fratianne, 1995 That work was also inspired by the framework of causal graphi-
cal models, but differs from our project in several ways. In the categorization literature, causal
relations are typically thought of as connecting static features of concepts, whereas in our
studies—as well as those bgnado and Sloman (200Bobel (2003)and Schulz and Gop-
nik (2001; Gopnik et al., in pregs—causal relations connect events or state variables of a
dynamical system. Applications of graphical models in the categorization literature have pri-
marily focused on how knowledge of causal structure is used in categorization, rather than how
it is acquired—our focus here.

It is an open question whether the mechanisms for inferring causal structure in dynamical
systems that we and others have studied may also be engaged in learning the causal structure ¢
categories. One important difference is that the opportunity to make interventions is probably
not available in most natural settings of category learning. Given that interventional data can
be much more useful than purely passive observations in inferring the structure of a complex
network, we would expect that data-driven learning should not be an easy or typical route to
acquiring knowledge of causal category structure. In support of this prediction, a consistent
finding in the causal categorization studies of Rehder, Waldmann, and their colleagues is that
successful learning of causal structure depends crucially on explicitly providing learners with
the appropriate causal schema. Bottom-up inference of causal category structure with no prior
knowledge and only passive observations appears to be quite rare.

The goal of maximizing expected information gain, which drives our active learning model,
has also beeninvoked in rational explanations of active learning outside the domain of causality.
The first that we know of wa®aksford and Chater’s (1994jodel ofWason'’s (19683%election
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task, involving reasoning about conditional rules. More recent areas of applications include
concept learning\elson et al., 2001 eye movementd.€e & Yu, 2000, and the development

of gaze following Movellan & Watson, 200R Those applications—with the exception of the
last, which has a causal underpinning—differ in an important way from ours. The role of active
inference in non-causal domains is typically restricted to selecting data; the goal is to make
inference more rapid or efficient by choosing which aspects of a problem to gather information
about first. Intervening on a causal system, in contrast, actually alters the data patterns the
can be observed. Not only does this have the potential to speed up learning, but it also allow
inferences to be made that would be impossible otherwise, such as distinguishing betwee
structures within the same Markov equivalence class.

One intriguing similarity between our active inference models and thoS&akéford and
Chater (1994is that both involve choosing tests that optimally discriminate between a currently
favored hypothesis and a small set of “less interesting” alternatives—as opposed to the mucl|
larger and computationally intractable space of all logically possible alternativesKsford
and Chater’s (1994nodel, rules of the form “Ip theng” are tested against the null hypothesis
thatp andq are independent. Similarly, in our rational test models, causal networks are tested
against the null hypothesis that all variables are independent, or against their sub-networks—
networks with strictly less causal structure. As discussed under Experiment 2, this strategy doe
not always support optimally efficient identification of the true causal structure, but it appears
to perform well in practice. It also mirrors the most common approach to empirical discovery
followed in many scientific fields that deal with complex causal networks, such as psychology
or biology. It would be of great interest to establish more precisely the relation between the
intuitive and scientific versions of this strategy, and to analyze rigorously its efficiency as a
method for discovering the structure of complex systems.

7.5. Psychological correlates of rational causal inference

One final open question concerns the manner in which statistical algorithms for causal in-
ference might actually find their expression in human minds. Our models attempt to explain
people’s behavior in terms of approximations to rational statistical inference, but this account
does not require that people actually carry out these computations in their conscious thinking
or even in some unconscious but explicit format. A plausible alternative is that people follow
simple heuristic strategies, which effectively compute similar outputs as our rational models
without the need for any sophisticated statistical calculations. For instance, in our first exper-
iment, one such heuristic would be to count the number of trials on which the three aliens all
think of the same word, and then to choose the common-cause model if and only if the aliens
agree on a majority of trials. This strategy comes close to optimal Bayesian performance, an
distinguishing between the two would not be easy. A similar heuristic for success in our later
experiments might select hypotheses on the basis of how well the observed data match u
with the one or two data patterns most commonly generated by each candidate network. As ex
plained inthe discussion of Experiment 3, such a strategy applied to our task would generally be
successful for inferring common-effect and one-link structures, but given small samples would
tend to confuse common-cause and chain structures across Markov class boundaries—just
participants do in our experiments.
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For several reasons, we have focused our first efforts on analyses at the level of rational
computation rather than these questions of psychological implementation. Most importantly, a
rational analysis is necessary to explain how and when people can reliably infer causal structure
from different sources of data: pure observation, active interventions, or a combination of
the two. Also, the rational framework allows us to study the effects of various processing
constraints on the success of causal inference, and to motivate reasonable heuristic models. |
remains a priority for future work on causal inference to establish more explicit links between
the computational and psychological levels of analysis.

8. Conclusion

Faced with the challenge of inferring the structure of a complex causal network, and given
no prior expectations of what causes what, people bring to bear inferential techniques not
so different from those common in scientific practice. Given only passive observational data,
people attempt to infer a system’s underlying structure by comparing what data they see to
what they would expect to see most typically under alternative causal hypotheses. Given the
opportunity to learn actively from observing the effects of their own interventions on the system,
they make more accurate inferences. When constrained in the number of interventions they
can make, they choose targets that can be expected to provide the most diagnostic test of the
hypotheses they initially formed through passive observation.

The causal basis of this correlation between scientific and intuitive causal inference is not so
clear. Does science follow certain norms because itis essentially intuitive causal inference made
systematic and rigorous? Or do educated adults adopt more or less scientific ways of thinking
because they are explicitly or implicitly taught these norms in our culture? Temporal priority
favors the former, because even young children show an appreciation of the proper relations
between causal structure and observed datp(ik et al., in pregsyet influences of culture
on causal reasoning are also well documentéidlfett, Peng, Choi, & Norenzayan, 2001
Perhaps, in addition, there is a hidden common cause. Scientists and everyday learners adop
similar inferential techniques because these techniques provide computationally efficient and
effective means for learning about the structure of the world, and the selection pressures favoring
rapid and successful causal inference in both science and everyday life are too great to ignore.

Notes

1. For this rational identification model, intervention choices are shown conditional on the
type of network that received maximum posterior probab{g|D) after the passive
observation phase. If multiple network types attained the maximum, the cour{gjor
were calculated for each network separately and divided by the number of networks.

2. For each one-link class, almost all trials show the same thought for the two connected
aliens but a different thought for the third alien. For each common-effect class, almost
all trials show a thought shared by the sink (effect) node and either one or the other
source (cause) nodes, but not both.
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3. In order to compare this model directly with people’s choices, its selection process was
yoked to the choices of web participants. Whenever a participant sefacietivorks on
a particular trial, the model selected tmeetworks to which it assigned highest proba-
bility. Thus, the model was sometimes forced to select more networks that it otherwise
would with a maximum probability rule, crossing Markov class boundaries that would
otherwise not be crossed.
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