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» Bipolar Disorder (BD) is a severe mood disorder characterized by recurrent mood
episodes of mania and depression.
* Recent studies suggest that mood instability in BD may arise from altered reward
perception and learning during decision making [1], [2].

* One key component of decision making is the inference of environmental volatility

— how rapidly the environment changes.

 However, Only one study [3] has investigated volatility inference in BD, and it examined

only a simple environmental structure in euthymic individuals.

Aim & Research Questions

Here, we tested whether individuals with BD show altered volatility inference across

diverse environmental structures and whether it is associated with clinical symptoms.

RQ 1) Do individuals with BD show differences in behavioral patterns?
RQ 2) Do individuals with BD show altered volatility inference?
RQ 3) How do clinical symptoms relate to individual differences in volatility inference?
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Result 3. Association with Clinical Variables
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Fig 4. The mania (YMRS) and depression symptoms (MADRS) were not
associated with prior volatility and behavioral stochasticity within BD.

Result 2. Group Differences in Perceptual Parameter
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Fig 2. Group posterior distributions of HGF parameters of PTT (A&B) and
PRL (C&D). The BD exhibited higher priors on volatility and higher
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Fig 3. Belief trajectories and decisions of two representative participants whose posterior means are
close to the group posterior means from each group HC (left); BD(right), in PTT.
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