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A multiscale structure
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A multiscale structure
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A multiscale structure

Population dynamics :
OP (s, t,y = 1) + 0P (s, 1,7 = 1) nm scale :
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A multiscale structure
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A multiscale structure
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Data interaction challenges: big data or data big




Model-data interaction by sequential data assimilation

Data
Assimilation

y(2)

Add an additional term that incorporates the data z in the dynamics of y

(0) = 6q a priori knowledge.

7 =AG.0.0+B,(z]), t>0;
; 0 =By(z,7), t>0;

¥(0) = yo a priori knowledge;

0
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Can also correct the physical parameters 6



Data interaction challenges: adaptation with real data
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Challenges: sometimes unanticipated

Operating room




Data assimilation (Kalman filter) to bridge model and data
Real patient data

—— Data — Model with estimation
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Opportunity
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