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Structural sensitivity analysis for
discrete-time systems
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Input-output sensitivity function

e {x(Hl) = f(x(2),u(?)) 0L T
y(t) = g(x(2),u(t))

ul®)=u,,, (), x(t)=x,,,(?)

df
(7 ay(t2)
Sjgtlz)) =a’— , t,to=01,....T
J (1) |t (1)
anl’I’l(t)
() ()]
oo du(ty) ()
Su(tlz) = i e : ,fl,fz =O,1 ..... T
ayq(tZ) ayq(tZ)
duy (1) Nty (11) |ttom (1)

xnom (t)



‘|

Sensitivity model
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Structural sensitivity model
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Modified adjoint system
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Adjoint system - the structural form
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The property of the adjoint system
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The input-output sensitivity is the Green function (pulse
response) of the sensitivity model OR the adjoint system

10



The property of the adjoint system
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Forward vs. Adjoint Sensitivity Analysis

Forward Model
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Forward vs. Adjoint Sensitivity Analysis
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Application of the adjoint sensitivity
analysis for different models and problems
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Structural sensitivity analysis for
cellular automata
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Cellular automaton 1D with continuous state
(corresponds to finite difference method for PDE models)
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Objective function J = g(ytmes ybmar . glmas)

Matrix of the whole spatiotemporal control

— 1 t —

maax
Uy R 24
U = t
uac
1 tmaa:
Uy e e . UZTeS

Searched spatiotemporal gradient of the objective function

B oJ oJ -
8”% e o o o o o e o o 8u§ma3§
G =VyJ = ) aJ
: 8u§3
oJ oJ
I duymar |




Block diagram of one cell of the cellular automaton
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The sensitivity model of one cell
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The adjoint model of one cell
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The cellular automaton with the block calculating the objective function
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The sensitivity model
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The adjoint model
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The spatiotemporal gradient of the objective function.
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PDE model of tumor growth (Corwin et al. 2013)

@_ C

diffusion coefficient

P proliferation coefficient
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PDE model of tumor growth (Corwin et al. 2013)

% =V-(DVC)+pc(1—k£t) —R-c(l—k%)
D diffusion coefficient
P proliferation coefficient
ky carrying capacity
R=(1- e_o‘d_BdQ) radiation influence (LQ model)

Discretized model (difference scheme)
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Optimized performance index: number of cancer cells at final time
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Model simulation (without treatment)
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Optimization results of the spatiotemporal irradiation

Optimized spatiotemporal signal Tumor growth and regression
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Optimization results of the spatiotemporal irradiation

Optimized spatiotemporal signal

Tumor growth and regression
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Optimization results of the spatiotemporal irradiation

Optimized spatiotemporal signal
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Further work

* Different objective function
 Fractioned treatment
e Other models



Further work

* Different objective function
 Fractioned treatment
e Other models

Conclusions

» Effective method for sensitivity analysis w.r.t. spatiotemporal control
* May be used for spatiotemporal control optimization
* Not limited to biological models
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