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Abstract 1. Experimental data

We trained artificial neural networks to solve different computational problems for value-based decision-making, using Single-unit electrophysiological recordings were
several frameworks of value construction. By comparing their representational geometry against electrophysiological gathered by Hunt et al. (2018) in the dorsolateral
recordings in the orbitofrontal cortex made available by Hunt et al. (2018), we showed that scenarii of value construction, prefrontal cortex, the orbitofrontal cortex and
value comparison and option choice could all explain the key representational geometry features observed in the OFC. the anterior cingulate cortex of two macaque

monkeys during a binary decision task.
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2. Key representational geometry features in the OFC - from Hunt et al. (2018) 2
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