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Causal Reasoning in Rats
Aaron P. Blaisdell,1* Kosuke Sawa,2 Kenneth J. Leising,1 Michael R. Waldmann3
Empirical research with nonhuman primates appears to support the view that causal reasoning is a
key cognitive faculty that divides humans from animals. The claim is that animals approximate
causal learning using associative processes. The present results cast doubt on that conclusion.
Rats made causal inferences in a basic task that taps into core features of causal reasoning without
requiring complex physical knowledge. They derived predictions of the outcomes of interventions
after passive observational learning of different kinds of causal models. These competencies cannot
be explained by current associative theories but are consistent with causal Bayes net theories.
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of basic causal reasoning. The capacity to derive
predictions for interventions after purely observational learning is a core competency that is
not reducible to associative learning (14).
Humans and animals can learn associations
between passively observed events (Pavlovian
conditioning) as well as between interventions
and outcomes (instrumental conditioning).
Moreover, these two learning modes may interact (15). An understanding of the interrelations between observations (Bseeing[) and
interventions (Bdoing[), however, requires more
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sophisticated representations. Simple transfer
from observational learning can lead to inadequate predictions for interventions. For example, barometer readings statistically predict the
weather, but at the same time, setting the barometer to an arbitrary reading does not influence
the weather. Both relations could be learned
with associative mechanisms in separate observational and instrumental learning trials, but
associative theories are incapable of deriving
correct predictions for interventions after observational learning when no prior instrumental
learning is available.
The causal model in Fig. 1A shows how
predictions for interventions can be derived from
observations. Imagine that an animal learns in an
observational Pavlovian learning phase that a
light cue (L) temporally precedes both a tone
stimulus (T) and food (F), thus learning a
common-cause model with two effects (top
panel). After learning this model, observing T
should, via L, lead to the predictive inference
that F should also be present. However, if the
animal learns in the test phase that a newly
introduced lever turns on T, it should be more

B

Fig. 1. (A) Causal model used in experiment 1.
Intervene
25
L
p = .50
L (light) is the common
Observe
cause of T (tone) and F
p < .05
20
(food); N (noise) is the
T
F
N
direct cause of F. (Top
15
panel) Observed causal
relations. (Bottom pan10
el) Model modified unIntervening
der the assumption of
5
L
an intervention in T and
0
N. (B) Experiment 1:
Common-Cause Direct-Cause
Mean nose pokes in
N
T
F
Training
response to test stimulus T (P G 0.05) in the
common-cause condition and to N (P 9 0.50) in the direct-cause condition after a lever press
(intervene) or no lever press (observe). Bars indicate SEM. Planned comparisons from a two-way mixed
analysis of variance (ANOVA) are shown. There was a main effect of causal model (common or direct),
F(1, 21) 0 6.01, P G 0.05, and an interaction between causal model and test condition (intervene or
observe), F(1, 21) 0 4.31, P 0 0.05.
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Observing

Mean nose pokes

T

he ability to acquire and reason with
causal knowledge is among our most
central human cognitive competences
(1). Causal knowledge serves two important
functions: It allows us to predict outcomes on
the basis of observations, and it underlies our
ability to control events in the world. We investigated whether animals understand the relation between observations and interventions,
which some philosophers regard as a core
feature of causal reasoning (2–4).
Although a number of psychologists have
claimed that both humans and animals use basic
associative mechanisms to learn about causal
relations (5), human studies have demonstrated
a deeper understanding of causal relations that
cannot be reduced to associative learning (6–8).
In contrast, research on the cognitive competencies of nonhuman primates concludes that
they demonstrate a superficial understanding
of the association between tool use and its
effects but fail to comprehend the unobservable
physical mechanisms underlying these relations
E(9–11), but see (12, 13)^. It may well be, however, that nonhuman animals lack knowledge
about physical mechanisms but still are capable
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reluctant to predict F (bottom panel). Generating
T by means of an alternative cause—the lever—
does not predict F because the manipulation of
an effect does not influence its cause (L). A
dissociation between seeing and doing would be
remarkable, because in the observational learning phase T is positively correlated with L.
The only theoretical model that derives
correct predictions for interventions from observational learning data is causal Bayes nets
(2–4). Predictions for observations make use of
the full causal model acquired during observational learning (top panel). Predictions for
interventions, however, are based on a modified
graph (bottom panel); the insight that generating T in the common-cause model happens
independently of its usual cause L is modeled
by removing the causal arrow that leads into the
manipulated effect: a manipulation called graph
surgery (3). Because the manipulated T is unrelated to L, the likelihood of L_s other effect
F should not be altered by T_s presence.
A possible alternative associationist explanation of the failure to expect F after an intervention in T may be that the animal does not
expect F because it lacks prior instrumental
learning experiences relating lever presses to F.
This alternative theory, however, erroneously
also predicts a failure to expect F in the presence of noise (N), after these events had been
paired during observational learning (Fig. 1A).
Because of the direct causal link between N
and F, causal Bayes nets predict that animals
should equally expect F, regardless of whether
N is observed or generated by an intervention.
Recent research with similar tasks has shown
(14) that human participants are capable of
deriving correct predictions for interventions on
the basis of observational data (16).
In experiment 1, 32 rats were trained on the
causal model shown in Fig. 1A, using an
observational Pavlovian procedure (17). Training consisted of three types of trials interspersed within each session. The first type of
trial was presentations of stimulus L (a 10-s
flashing light or click train) forward-paired with
Fig. 2. Common-cause
and causal chain models from experiment 2.
(Left) Observed causal
relations. (Right) Model modified under the
assumption of an intervention in T.

stimulus T (a 10-s tone or noise); the second
was presentations of stimulus L forward-paired
with stimulus F (a 10-s delivery of sucrose
solution); the third was simultaneous presentations of stimulus N (a 10-s noise or tone) and
10 s of F. We trained each causal link in the
common-cause model separately to make it
more likely that subjects did not induce a direct
link between effects T and F.
Why did the rats not induce that the alternative effect is always absent when the cause
and one effect are present (that is, conditioned
inhibition)? With few learning trials, rats tend
to integrate individual learning relations into a
coherent integrated model. Only after many
trials do rats encode the explicit absence of the
nonpresented cues (18). Supporting these findings, the results of all our experiments show
that rats induced second-order excitatory rather
than inhibitory relations (19). Apparently, in the
initial phases of learning, rats tend to conservatively treat the absent but expected events as
possibly present but missed. A similar ability to
combine individually learned causal links into
complex causal models has been demonstrated
in humans (20).
Do rats treat L as a common cause of both T
and F, and do they correctly differentiate between seeing and doing with respect to T and
N? Rats were allocated to one of four test
conditions and were placed in the conditioning
chamber with a lever present. This lever had
not been present in the observational learning
phase, so that no prior instrumental knowledge
was available. Rats in condition intervene-T
received a 10-s presentation of T each time they
pressed the lever. Rats in condition observe-T
merely observed presentations of T independently of any emitted lever presses. Conditions
intervene-N and observe-N were conducted in
an identical fashion, except that N was either
the product of an intervention by lever pressing
or was observed. We recorded the number of
nose pokes into the magazine where F had been
delivered during the training phase, to assess
the rats_ expectation of F.

Common-Cause model
Intervening

Observing

L

L

T

T

F

Causal Chain

Observing

Intervening

L

T

F

L

F
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Causal Bayes nets predict that observing T
in condition observe-T should lead the rats to
reason that the temporally prior cause L was
probably present (but missed), and to consequently expect that F should also be present;
therefore, they should emit many nose pokes. In
contrast, rats in condition intervene-T should
attribute T to their intervention and therefore
expect L and consequently its effect, F, to occur
with the probability corresponding to the base
rate of its cause L. Consequently, we should
observe a lower rate of nose poking in condition intervene-T than in condition observe-T.
There should not be any difference in rates of
nose poking, however, between conditions
intervene-N and observe-N. The direct causal
relationship should lead the rats to expect F
regardless of whether N was observed or intervened on at test. Unlike causal Bayes nets,
associationist theories predict equivalent nose
poking in the presence of T in both the observe
and intervene conditions.
Figure 1B shows the mean rate of nose
poking per 10-s presentation of stimuli T and N
as a function of test condition (with a maximum
rate of 100 nose pokes per presentation). As
predicted by causal Bayes nets, rats that
produced T through a lever-press intervention
(condition intervene-T) made fewer nose pokes
than rats that merely observed T (condition
observe-T). However, rats that intervened in N
(condition Intervene-N), which was trained as a
direct predictor of F, did not nose poke less
than rats that merely observed N (condition
observe-N). EAn analysis of the lever press data
ruled out selective interference between lever
pressing and nose poking (17).^
In experiment 1, we observed a dissociation
between seeing and doing within the commoncause model, whereas both tasks led to identical
expectations with the direct causal link, which
is consistent with causal Bayes nets. A critic
might point out that we found a dissociation
within a complex causal model with two separately learned links (the common-cause model), whereas we found similar responses to the
less complex direct link. To rule out complexity
or second-order learning as the basis of our
dissociation, we compared a common-cause
condition with an equally complex causal chain
in which the individual causal links were also
presented separately (that is, second-order
conditioning) (Fig. 2). Whereas causal Bayes
nets predict a dissociation between seeing and
doing in the common-cause model, no such
dissociation is expected for the causal chain.
Regardless of whether the initial cause (T) of
the chain is observed or generated by means of
an intervention, the intermediate (L) and final
effect (F) should equally be expected.
In experiment 2a, rats received either
common-cause training, as in experiment 1, or
causal-chain training, which was identical
except that T preceded L during observational learning (17). In the test phase, groups
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Fig. 3. Experiment 2a
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the type of causal model
40
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training. Bars indicate
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p = .82
30
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are shown. Experiment
20
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nose pokes during test
10
stimulus T (top panel) or
4
10 s after the termination of T (bottom panel)
0
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after a lever press (interChain
Unpaired
vene) or no lever press
(observe). Chain and unpaired indicate the type of causal model training. Bars indicate SEM. P 0 0.09
and 0.01 in top and bottom panels, respectively, for the main effect of training.

common-cause–intervene and chain-intervene
received presentations of T each time the lever
was pressed. Groups common-cause–observe
and chain-observe merely observed T. We report the number of nose pokes during the 10-s
presentation of T and during the 10-s period
beginning 10 s after the termination of T (post-T
interval 2) for all subjects. In the chain condition, F should rationally be expected between
10 and 20 s after delivery of T (19). In contrast,
the expected time of delivery of F for rats that
received common-cause training is during T
itself.
Figure 3 shows the mean rate of nose
poking on test trials with T. Group commoncause–intervene nose poked less than group
common-cause–observe, which replicates the
pattern of experiment 1. In contrast, no difference was found between groups chain-intervene
and chain-observe, as predicted by causal Bayes
nets.
Rats in group chain-intervene did not nose
poke more than did rats in group commoncause–intervene. This low level of responding
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does not reflect a failure to learn a causal chain,
however. Experiment 2b replicated the chain
condition and added groups for which T and L
were unpaired during observational learning
(17). Figure 3 reveals no difference between
seeing and doing, as predicted by causal Bayes
nets. Moreover, responding in the causal-chain
groups was higher than in the unpaired groups,
which signifies that the rats had indeed learned
the second-order chain relations.
A number of researchers have recently concluded that causal reasoning is a faculty that
divides humans from animals (7, 9–11). The
present results cast doubt on that conclusion.
With tasks that did not require complex physical knowledge, the experiments have shown
that rats grasp the relationship between seeing
and doing. Rats made correct inferences for
instrumental actions on the basis of purely
observational learning, and they correctly differentiated between common-cause models,
causal chains, and direct causal links. These
results contradict the view that causal learning in rats is solely driven by associative learn-
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ing mechanisms, but they are consistent with
causal Bayes net theories. The core competency of reasoning with causal models seems
to be already in place in animals, even when
elaborate physical knowledge may not yet be
available.
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LETTERS
To carry out their trust responsibilities,
governments can and should exercise authority to apply the principles of ecosystem-based
management (EBM). Before approving a new
generation of ocean industrial facilities, governments should employ ocean zoning as a
scientifically based platform for resolving
conflicts among new uses as well as ongoing
activities like fishing and maritime commerce.
Governments have created certain limited
private rights or quasi-rights to marine resources.
Some people see the solution to problems of
ocean governance in wholesale privatization
(9), but we disagree. Privatization strategies
are significantly more problematic in the seas
than they are on land.
We should continue to treat marine systems
as common property rather than as private
or public property. Understanding that the
authority of the government over common
property does not include the right to permanently dispose of (sell, grant, or transfer) ocean
space to private owners is key to protecting the
rights of the common property owners (i.e.,
the people). As demands for ocean resources
(including exclusive access) multiply, we need
management systems that protect the public
interest and at the same time provide security
of investment for existing and new ocean
industries. The needs of private investors can
be met while protecting the public trust by contracts (leases, easements, rights of way, and
concessions) that ensure periodic review of
performance and updating of contract terms to
take into account new knowledge (regarding
ecosystems and technology) (5).
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CORRECTIONS AND CLARIFICATIONS
2006 Visualization Challenge (22 Sept., p. 1729). The
affiliation of one of the judges, Felice Frankel, was incorrect. It should be Senior Research Fellow, FAS, Harvard
University, Initiative in Innovative Computing, IIC, Cambridge, Massachusetts. In the winning entry for the Interactive Media category, “Cerebral Vasculature of Craniopagus Conjoined Twins,” the name of credited contributor
Kenneth Salyer was misspelled. In the text for the secondplace winner, “A Real-Time Audio and Video Sound
Visualization Tool,” videos were said to be available in
“most” cases. In fact, they are available in “many” cases.

Reports: “Causal reasoning in rats” by A. P. Blaisdell et al.
(17 Feb., p. 1020). The wrong input data were used to generate Fig. 1B. The corrected figure is shown here. The error
does not change the conclusions of the paper.
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COMMENT ON “Preindustrial to
Modern Interdecadal Variability
in Coral Reef pH”
Richard J. Matear and Ben I. McNeil
Based on the boron isotopic composition of coral from the
southwestern Pacific, Pelejero et al. (Reports, 30 September
2005, p. 2204) suggested that natural variations in pH can
modulate the impact of ocean acidification on coral reef
ecosystems. We show that this claim cannot be reconciled
with other marine carbon chemistry constraints and highlight problems with the authors’ interpretation of the paleontologic data.
Full text at www.sciencemag.org/cgi/content/full/314/
5799/595b

RESPONSE TO COMMENT ON
“Preindustrial to Modern
Interdecadal Variability in Coral
Reef pH”
Carles Pelejero, Eva Calvo, Malcolm T.
McCulloch, John F. Marshall, Michael K.
Gagan, Janice M. Lough, Bradley N. Opdyke
Coral reefs are exceptional environments where changes in
calcification, photosynthesis, and respiration induce large
temporal variations of pH. We argue that boron isotopic
variations in corals provide a robust proxy for paleo-pH
which, together with the likely concomitant changes in the
reconstructed partial pressure of CO2 (PCO2) calculated by
Matear and McNeil, fall within ranges that are typical of
modern coral reef ecosystems.
Full text at www.sciencemag.org/cgi/content/full/314/
5799/595c
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