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Overview Results: part 1 Results: part 2
- What is the relationship between the richness of thoughts and the complexity of brain - Using more and more principle components, how well can we decode? - If there is some understanding of the narrative that accumulates over time, we should be able to see that
patterns? change.

- As complexity of the stimuli increases, decoding accuracy increases.

- To understand the 'dimensionality’ of the neural patterns, we trained classifiers using
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Second, we found where the second derivate is both positive and less than .0001. Last, we then plot that inflection point as a - Decreases in decoding accuracy for the word-scrambled and rest condition.
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- We trained classifiers using more and more principle components to decode, and compared across condi-

- Assessed model with cross validated timepoint decoding using more and more princi- . . i L
tions with varying degrees of cognitive richness.

ple components.
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- We found that as listening conditions become more cognitively rich, decoding accuracy increased.

- Also, decoding accuracy increased as understanding of the narrative accumulated over time, in more com-
plex listening conditions.
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