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Exp 1: Causes & Counterfactuals
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Exp 3: Eye-tracking causality
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We make causal judgments, by...

• Causal judgments are determined by our subjective degree of belief that 
 the candidate cause made a di�erence to the outcome.
• We use our intuitive theory of the domain to simulate what the relevant 
 counterfactual outcome would have been.

Exp 2: Counterfactuals are necessary
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• People’s causal judgments 
 cannot be explained without 
 counterfactuals.
• Causal judgments di�er 
 strongly between clips where 
 what actually happened was 
 identical.
• Strong coupling between 
 counterfactual and causal 
 judgments (r = .97).

Fixations before collision

Hidden Markov Model of people’s �xations

more looks in causal condition
more looks in observation condition

Di�erences in �xations between conditions

Fixations over time
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Causal Counterfactual Observation

Did          prevent          from 
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Causal Counterfactual Observation

clip 4

• Many more �xations to where B would have gone in the causal and 
 counterfactual condition.

• Looking patterns between causal and counterfactual condition are very 
 similar. Most counterfactual looks when uncertain.
• People spontaneously engage in counterfactual simulation but only in the 
 causal condition not in the observation condition.

The complex story

more looks in causal condition
more looks in counterfactual condition
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•   Unifying theory of causal judgment that 
captures di�erent aspects of causation in 
terms of counterfactual contrasts 
operating on a generative domain theory.

•   Explains people’s graded causal judgments 
to a high degree of quantitative accuracy.

•   Provides the tools to better understand 
causal language (cause vs. enable).

This project is supported by the Center for Minds, Brains and Machines 
(CBMM), funded by NSF STC award CCF-1231216.
Gerstenberg, T., Goodman, N. D., Lagnado, D. A., & Tenenbaum, J. B. (2012). Noisy Newtons: Unifying pro-

cess and dependency accounts of causal attribution. 34th CogSci Proceedings.
Gerstenberg, T., Goodman, N. D., Lagnado, D. A., & Tenenbaum, J. B. (2014). From counterfactual simula-

tion to causal judgment. 36th CogSci Proceedings.
Gerstenberg, T., Goodman, N. D., Lagnado, D. A., & Tenenbaum, J. B. (2015). How, whether, why: Causal 

judgments as counterfactual contrasts. 37th CogSci Proceedings.
Wol�, P. (2007). Representing causation. Journal of Experimental Psychology: General, 136(1), 82-111. 
Wol�, P., Barbey, A. K., & Hausknecht, M. (2010). For want of a nail: How absences cause events. Journal of 

Experimental Psychology: General, 139(2), 191--221. 

whether 

how

su�cient

robust

fixation


