Using Deep Learning to Quantify Mouse Orofacial Behavior
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1. How Can We Quantify Anhimal

Behavior?

* Computervision enables computers =g
to understand visual information and B}
teaches them to make decisions
based on what they see

Dakota Digital Review

* Deep learning creates neural networks that learn
features of visual data to identify body parts and label
them?

* Social Leap Estimates Animal Poses (SLEAP)? is one of
the most advanced deep learning frameworks for animal
pose tracking that aims to quantify animal behavior

3. SLEAP Model Training and Data
Processing
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The same 7 nodes and 10 edges were labeled across frames in videos of 11
mice (175 frames in the side lab model and 285 frames in the lower lab model).

2. Using Deep Learning to Track Body

Movement
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Diagram of the SLEAP neural network architecture.
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Diagram of the steps for creating a project in SLEAP. You first import videos; then define the animal skeleton
and select frames to label; then train a model using those labeled frames until desired model accuracy;
then apply the model to predict poses in unlabeled frames; and finally proofread labeled frames and export
for analysis
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A) Frame 19,504 from side video with predicted points from SLEAP model. B) Frame 20,921 from side video.

C) Jaw tip locations of mouse M41 put through a Kalman filter. D) Jaw tip locations of mouse M41 put through

a Gaussian filter. The red arrows correspond to a correct placement of the jaw tip on graphs C) and D). The
purple arrows correspond to an incorrect placement of the jaw tip, which causes a large spike in the graph
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video. G) Left snout tip locations of mouse M43 put through a Kalman filter. H) Left snout tip locations of
mouse M43 put through a Gaussian filter. The yellow arrows correspond to a correct placement of the left
snout tip on graphs G) and J). The blue arrows correspond to an incorrect placement of the jaw tip, which
causes a large spike in the graph.
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5. Filtering Reduces the Frequency of
Errors
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Right snout tip (purple), top snout tip (blue), bottom Figure of the distances measured. The orange and red
snout tip (green), and center snout tip (yellow) lines are the distance between the center snout and
locations across the whole video plotted on a still  jaw tip. The green and blue lines are the distance
image of the mouse for the side lab model. between the left and right snout tips.
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Variance of distance for two
different sets of points for a
held-out mouse trained on the
lower lab model compared to
the same points for a mouse
included in the lower lab model
training set and trained on it.

Unfiltered Data Kalman Filter Gaussian Filtero = 1 Gaussian Filtero = 5 Gaussian Filter o = 10

mm Variance of Distance Between Left Snout Tip and Right Snout Tip of New Mouse
Variance of Distance Between Center Snout Tip and Jaw Tip of New Mouse

mmm Variance of Distance Between Left Snout Tip and Right Snout Tip of Mouse in Model

mmm Variance of Distance Between Center Snout Tip and Jaw Tip of Mouse in Model

Thank you PURM, Penn Medicine, and everyone at the
Machado lab for your support!
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6. Conclusions and Future Directions
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Abby Lieberman
Motion energy analysis® measures movement in regions of interest by measuring the absolute value in
differences in pixel values in consecutive frames.

Lightning Pose architecture
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Lightning Pose* is another platform that quantifies animal behavior by using semi-supervised learning

* Large spikesin graphs probably correspond to incorrect

node placement

 Kalman filtering smooths movements the most

* More frames should be labeled to reduce outliers

* Some nodes are tracked better than others

* Lightning Pose is another method to quantify behavior

* Anipose® does 3D tracking of animal poses
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