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Abstract Method

A descriptive model for covariation detection, the dual fac- Tasks

tor heuristic (DFH), has been proposed. While observation .
based covariation detection is an important initial stage of Participants were asked to assess the strength of the causal

causal induction, intervention is indispensable to identify gen-  relationship between using a particular type of fertilizer and
uine causal links. An experiment examined DFH’s descrip- subsequent plant blooming. In tlibservation Taskpartici-
tive power in an environment where people manipulate causal pants only observed a sequence of scenes (a total of 12—15) in
events. DFH fit the data of the intervention task as well as the |\ 1.i-1 fertilizer (cause) and plant blooming (effect) are either
observation task. . /

present or absent. The cell frequencies of 2 contingency
tables used in this task are shown in Table 2 (left). Each par-

Acquiring causal knowledge is crucial for living adaptively in (gcipant was presented with 12 stimuli in a randomized order,

continuously changing environments because it brings the ags; -, corresponding to a line in the table.
vantage of predicting the future. Discovering candidates for |, he Intervention Tasktwo probabilities were assigned

cause from a vast number of irrelevant events is an importarBer stimulus, as shown in Table 2 (right): a probability that

initigl stage of causal in_duction. Assessing covariation inforhe plant bloomse) when fertilizer was usedt), P(€|c), and

mation based on a contingency table, as shown in Table 1, caliyropability that the plant blooms)(when fertilizer was not

be useful to screen out irrelevant events. used (), P(e|-c). Each participant inspected 30 cases for
Hattori (2003) proposedual factor heuristidDFH), ade-  gach stimulus. In each case, he or she chose to either use

scriptive model of covariation detection. Hattori and Oaks-,, not use fertilizer and observed plants bloom or not bloom.

ford (2006) evaluated 40 models including the DFH againsgjyen participant's choices, the plant bloomed according to
past data in the literature and showed that DFH best fit thg,o probabilities in Table 2 (right).

data. DFH is based on an index defined as follows:
H= Jl“m‘p* v P(elc)P(cle). @ The experiment was conducted on personal computers. Ev-
ery time a participant clicked the mouse, a new picture was
Correlation, however, does not generally imply causationdisplayed in a randomized order. After observing a series
To identify genuine causes, we haveitervenein corre-  of situations (i.e., pictures), participants rated the subjective
lated events (Pearl, 2000). For example, we must preverfirength of the causal relationship with a value between 0
the rooster from crowing (i.e., intervene on a causal candi{completely unrelated) and 100 (completely related). This cy-

date) to prove that its crow does not cause the sun to risgle was repeated for all stimuli shown in Table 2.
Recently, some researchers have suggested that the cognitive

processes involved in intervention differ from those of obserParticipants and Design

vation (e.g., Sloman & Lagnado, 2005). This distinction is A total of 39 undergraduate students from Ritsumeikan Uni-
directly related to the two different paradigms in causal judg~ersity participated in the experiment as unpaid volunteers.
ment experiments: theiscreteand thecontinuous paradigms  They were randomly assigned either to the Intervention Task

(Anderson & Sheu, 1995). . (n = 20) or to the Observation Task £ 19).
DFH may be concerned with an observation based process

because it approximates a well-known normative statistic
of correlation. On the other handP, defined as follows,

Procedure

may describe an intervention activity, although it was once . _ Table2 .
proven to be a poor predictor of covariation assessment (Hat-  >tmuflin Observation (Left) and Intervention (Right) Tasks
tori, 2003): ) No a b ¢ d AP H No P(ec)P(e]-c) AP
AP = P(elc) — P(e|-c). ) 1 2 8 1 4 00 37 1 .20 .20 .00
Thus the experiment detailed below was conducted to exam- % é g i 2 :gg :gg % :28 :gg :gg
ine this idea. 4 2 2 2 8 30 50 4 8 .20 .60
5 4 4 2 2 .00 .58 5 .80 .50 .30
6 2 2 4 4 .00 41 6 .80 .80 .00
. Table 1 . _ 7 8 2 1 4 60 84
A 2 x 2 Contingency Table Containing Covariation Information 8 4 1 2 8 60 .73
giiz8
Presentd) Absent (e) 1 8 2 4 1 00 .73
Present) a b 12 4 1 8 2 .00 .52
Cause Event Absent (-€) c d
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Figure 1. Participant ratings of causal strength in Observation (upper panels) and Intervention (lower panels) Tasks. Regression lines
drawn in the lower panels are for participants whose ratings significantly correlated with the index (p < .05).

Results the possible cause, while the second term is the probability

Figure 1 shows the relation between index values and particvhen she does nalo this action. In contrast, DFH is a so-
ipant ratings. Regarding the Observation Task where all paRhisticatedshortcutto detect covariation between events via
ticipants received exactly identical stimulus sets, stimulus-by9Pservation (Hattori & Oaksford, 2006). The results might be
stimulus mean ratings were calculated and shown as a piogaused by an individual difference strategy shifting Even

The correlation of mean ratings was much stronger With if a heuristic is useful in many situations, it may not be useful
(r = .96) than withAP (r = .71). in other situations. The degree of adherence to the heuristic

In the Intervention Task, each participant experienced difan be optimized at a different (meta)cognitive level.

ferent stimuli (i.e., cell configurations) according to her own

intervention frequencies and the randomness of the com- ACknOWIedgemen'ts )
puter’s responses to her actions. Consequently, every ratifgam grateful to Yuka @AKE and Miyuki TANAKA at Ritsu-
is plotted as a single point in the lower panels of Figure 1meikan University for their help in running the experiment.

Correlation coefficients were calculated by participants and

averaged based on the Fisher transformation. The results in- References

i i i i #fAnderson, J. R., & Sheu, C.-F. (1995). Causal inferences as percep-
z‘sa(lﬁ—e:thgé)psgmfﬁﬁt(:—ilng%have as much correlation wittf tual judgmentsMemory & Cognition23, 510-524.

Hattori, M. (2003). Adaptive heuristics of covariation detection:
Discussion A model of causal induction. IRroceedings of the ICCS 2003

_ . - (Vol. 1, pp. 163-168). University of New South Wales.
The results suggest differences in causal cognition betwe&fttori, M., & Oaksford, M. (2006). Adaptive non-interventional
situations where we only observe the occurrences of events heuristics in causal induction: Model comparison and rational
and situations where we ourselves intervene in the system. analysis. (Manuscript under review)
Nevertheless, DFH well described the data on the IntervenPearl, J. (2000)Causality: Models, reasoning, and inferen&am-
tion Task, as in the case withP. AP is a normative model bridge, UK: Cambridge University Press.
of the effect of intervention, as the first term of Equation 2 isSloman, S. A., & Lagnado, D. A. (2005). Do we “do”@ognitive
the probability of the effect being present when a pemdon Science29, 5-39.

106



