Deep learning for measuring behavior
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Please extract all of the entities corresponding to genes from the following paragraph, following this output format: gene entities:
[GENE ENTITIES LIST].

Make sure to include all the genes mentioned in the text, but not the chemicals and diseases. You will be penalized if you include an
entity more or less than the number of times it appears in the text. Please enclose the list of entities in square brackets and separate
them with commas.

Input: Creb1-Mecp2-(m)CpG complex transactivates postnatal murine neuronal glucose transporter isoform 3 expression.

Gene entities:

Generate Code based on
Core API & Integrations

class AnimalBehaviorAnalysis:

Methods

def task_program():
get_object_names() -> List[str]
get names of all objects

behavior_analysis =
AnimalBehaviorAnalysis()

object_names = ['18"']

fig, ax =\ def animals_state_events(self,

state_type,

comparison,
bodyparts = ['all'])
)

behavior_analysis.plot_object_ethogram(ob
ject_names)
return fig, ax
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E P F L K[ TCH EN H ome- b 3 Sed fu N Ctlo na I assessme nt DLC2Action is an easy-to-use python toolbox to perform action segmentation from body kinematics.

Supporting diverse pose data formats, the toolbox allows you to extract kinematic features and tidily
run trainings, evaluations and predictions from a set of supervised Deep Learning models. The toolbox

p l d tfo 'm fO r neuro I Og ICa l pa t 1S nts 200 Lo o DATA Is associated with a User Interface to manually annotate actions of interest from videos.
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