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Introduction

o Cell motility is an important factor in many biological processes

o Cell motility is crucial during immunosurvelllance and for mounting immunological response

o Different immune cell populations in different milieus may exhibit distinct migratory patterns that are dependent of their functional status
AIms

o0 Develop an unbiased computational approach to analyze these complex biological processes
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Feature Selection
We computed several features as described in Mokhtari! et al., 2013:
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Our data also contain velocity components v,, v,, and v, of
each cell track at each time point. So we can express the Statistical Methods and Results EXpIOEEuEDZS Descriptor Spgge(s) o

velocity V of the cell by vV = v,i+ v,/ +v.k (S€e Fig. 2)
Translate Coordinates to Descriptors
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Figure 3. Variation in angles for different types of cell
tracks

Reference: Mokhtari et al 2013, Automated characterization and parameter-free classification of cell tracks based on local migration behavior
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