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• Language to quantitatively describe social 
interactions

Game Theory
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• Language to describe social interactions	



• Precise, falsifiable predictions

Game Theory
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• Reinforcement learning 
through trial and error	



• Belief learning through 
anticipating and responding 
to action of others

Camerer and Ho (1999)



Computational Predictions

With Lusha Zhu



Reward Prediction Errors

Zhu L, Mathewson KE, Hsu M. PNAS (2012)
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Dopaminergic 
Pathway Genes

• Differential expression	



• Functional differences

With Eric Set, Ignacio Saez, and B2ESS

• Causal Mechanisms	



• Frontostriatal circuits

With Lusha Zhu, Bob Knight
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A Puzzle

• MPFC (OFC) damage:  

• “striking defects in social emotion but generally intact 
intellect and normal baseline mood”

• BG damage:

• “ We did not encounter a clinical description of the 
puerile, profane, slovenly, facetious, irresponsible, 
grandiose and irascible individual following basal ganglia 
damage. Nor was there clear description of erosion of 
foresight, judgement and insight, loss of ability to delay 
gratification and of the capacity for remorse…”   Bhatia 
et al., Brain,1994



Reinforcement 	


Learning

Belief-Based	


 Learning

Hypotheses:
Strategic Treatment

Hypothesis 1: 	


!
BG is necessary for reinforcement 
and belief-based learning	


!
BG lesion impaired in both learning	


!
MPFC lesion is only impaired in 
strategic learning, but intact in non-
strategic learning	





Reinforcement 	


Learning

Belief-Based	


 Learning

Previous Behavioral And Neural Findings

Strategic Treatment

Hypothesis 2: 	


!
BG is only necessary for 
reinforcement and MPFC is necessary 
for belief-based learning.	


!
BG lesion leads to impairment in non-
strategic learning but not to strategic 
learning.



Subjects



Overall performance



Payoff Deviation and Strategy Switching 



Hypothesis

Preservation of strategic learning capacity in 
BG patients

BG pts invoke compensatory processes that 

mediate belief-based learning 

Reinforcement learning vs. Hybrid learning: 

Camerer and Ho (1999)



Fit Improvement Over 
Reinforcement Learning 



Summary

• mPFC lesion impaired in both strategic and 
non-strategic learning.	



• BG lesion intact in strategic learning 
despite deficit in non-strategic learning.  	



• BG patients may compensate by invoking 
higher-order learning in social settings.



Brain to Genes

• Collaboration with B2ESS Lab in Singapore	



• Behavior in Patent Race from 218 subjects 
with whole genome sequencing data

With Eric Set, Ignacio Saez, and B2ESS
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DA Pathway
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SNP-level Effect
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Neuropsychiatric 

Disorders 

Quantitative                                                      Framework 

Computational model 
•  Behavioral paradigm 
•  Economic model 
•  Neural model 

fMRI Studies 
•  Reward learning 
•  Social learning 

Lesion Studies 
•  Basal Ganglia 
•  Dorsolateral prefrontal 
•  Orbitofrontal 

Qualitative behavioral 
prediction 

Internal va
lue  

predicti
on 

Quantitative  

behavioral measures 

Applications 
•  Behavioral 

measures 
•  Biomarkers 
•  Characterize 

subtypes 

Candidate 
Disorders 
•  Schizophrenia 
•  Social phobia 
•  Autism 
•  Bipolar 
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Tolcapone Changes Fairness 
Concerns in Dictator Game
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Neural Circuits

Mega MS, Cummings JL (1994) Journal of Neuropsychiatry and Clinical Neurosciences 6:358–370.



Neural Circuits

Mega MS, Cummings JL (1994) Journal of Neuropsychiatry and Clinical Neurosciences 6:358–370.



Frontostriatal circuits
• In non-social domain: 

(imaging + lesion)	



• mPFC: Stimulus-
reward learning, 
flexible behavior, etc	



• BG:  reward 
prediction error	



!

• In social domain: 
(imaging + ??)	



• mPFC: other’s reward, 
social preferences.	



• BG: social reward 
reinforcement, trust
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Catechol-O-methyl transferase	
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Current Direction

• Expand range of behavior

• Expand set of measures and manipulations


