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How	
  do	
  different	
  resampling	
  schemes	
  affect	
  the	
  

predicDons	
  of	
  order	
  effects?	
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Frequency	
  of	
  judgment	
  difference	
  in	
  the	
  
experimental	
  setup	
  	
  
	
  
•  only	
  at	
  end	
  of	
  trial	
  –	
  primacy	
  
•  every	
  10	
  trials	
  –	
  recency	
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Conclusions	
  

•  Different	
  resampling	
  methods	
  in	
  a	
  parDcle	
  
filter	
  can	
  produce	
  different	
  order	
  effects	
  in	
  a	
  
causal	
  learning	
  task	
  

•  Provides	
  a	
  more	
  consistent	
  explanaDon	
  of	
  
observed	
  order	
  effects	
  in	
  behavioral	
  data	
  



Conclusions	
  

Two	
  key	
  elements	
  interacDng:	
  
•  Filtering	
  –	
  in	
  which	
  we	
  observe	
  one	
  data	
  point	
  
at	
  a	
  Dme	
  

•  RejuvenaDon	
  –	
  in	
  which	
  we	
  consider	
  all	
  
previously	
  observed	
  data	
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joshua.abbo4@berkeley.edu	
  
	
  
h4p://cocosci.berkeley.edu/josh/	
  



Bayesian	
  model	
  of	
  causal	
  learning	
  

What	
  is	
  the	
  probability	
  of	
  the	
  observed	
  data	
  	
  
given	
  the	
  strength	
  esDmates?	
  

noisy-­‐OR	
   noisy-­‐AND-­‐NOT	
  data	
  



ΔP	
  

ΔP	
  =	
  P(E/C)	
  –	
  P(E/~C)	
  


