Using SpatialDE to Characterize Spatiotemporal Changes in Mitochondrial Morphology
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more diffuse subcellular components, such as mitochondria. Work is being 0
done to consider Gaussian Mixture Models as a viable solution by viewing
mitochondria as social networks, but there are difficulties with this method. It N
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no sense of continuity between frames in time series data.
The current project explores the feasibility of SpatialDE as an alternative l m

lution. Published in Nature in 2018 al ith full cod line, SpatialDE i
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EEEEE / 8 Figure 2. Gaussian Mixture Model representation of the mitochondria in a control cell

(left) and an LLO cell (right). The darker green ovals represent the nodes of the starting
/38 9 10 11 12 9 10 components, and the lighter green represents the same for the ending components. The
Frame 1 11 12 lines represent the component trajectories over time, using their means, with black
indicating the starting frame and red indicating the last frame.
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bioimaging data to quantify the social networks visually seen between L
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organelles such as mitochondria. . . . .
& this does not hold true. Therefore, it is impossible to draw conclusions
between a control cell and an LLO cell, because the differences cannot be
attributed solely to the treatment. The Gaussian Mixture Model exemplifies

“ the type of results desired. There is a clear distinction between the control

Time series footage was taken of Hela cells transfected with DsRed?2 to tag cell, whose components show little movement during the time period, and

mitochondria. Two stimuli and a control were examined. the LLO cell, whose components show a distinct trajectory that mimics the

First frame Last frame fragmentation that is clearly seen in the imaging data. Therefore, compared
to the work that has already been accomplished by the Gaussian Mixture
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Figure 1. The results of a sample control (left) and LLO (right) cell transformed back into an
“image,” so each coordinate corresponds to the pixel at that location throughout the time series.
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