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.
But also,

@ Second French Scientific Pole (after Paris)

@ First in Information Science
@ Administered by Joseph Fourier
@ 1 Nobel Price (Louis Néel)
e 1 Turing Price (Joseph Sifakis)

o Worldwide center in NanoTechnologies
e Winter Olympic Games (1968)

@ Starting point for the French Revolution

@ European Hub for Green Energy (KIC)
o Elected preferred French city to study in by students (2010)
@ 70,000 students
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Control-Related Paradigms in Systems Biology

New Control Paradigms in Cancer Therapy

The Hamilton-Jacobi-lsaacs PDE

Robust Combined Therapy Under Drug Limitation

Conclusion & Future Work
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Biological Models & The Uncertainty issue

@ We need models to
e understand,
e predict or to
e decide how to act

on a given biological system.
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DePillis et al.

Mixed immunotherapy and chemotherapy of

tumors . ..

Journal of Theoretical Biology, (61), 2005.
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Biological Models & The Uncertainty issue

@ We need models to
e understand,
e predict or to
e decide how to act

on a given biological system.

Z21:  min  T(t
! VM ()vL().vi() (f)

under C(t)>Cpp, Vt € [0, tf].

S. Chareyron & M. Alamir

Journal of Theoretical Biology, (258), 2009.
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!
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DePillis et al.
Mixed immunotherapy and chemotherapy of
tumors ...

Journal of Theoretical Biology, (61), 2005.

(=] = = = = o

French National Research Center (CNRS) Gipsa-lab, Control Systems Department. University of Grenoble, France




Robust Control of Biological Models

Biological Models & The Uncertainty Issue

Biological Models & The Uncertainty issue

@ We need models to

e understand,
e predict or to
e decide how to act

on a given biological system.

#,: max min
VML)V te[0tr]

under T(t)<yT(0) with y €]0, 1[.

C(t)

S. Chareyron & M. Alamir

Journal of Theoretical Biology, (258), 2009.
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Biological Models & The Uncertainty lssue Biological Models & The Uncertainty issue
ar =aT(1 = bT) = eNT — DT
@ We need models to " ”)‘T "
—Kr(1—e )T,
° unde'rstand, %:n(}—fN+qh i;zf\“'—p}\"T
° pre<.1|ct or to k(1 — M, ®
e decide how to act %;mLHH%L7QLT+(,1N+,,ZC)T
on a given biological system. R e 1
T
B nommiion s Clmmicn o +or(t). ®)
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ST T i um
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e ] DePillis et al.
e o) e dee) e n o) Mixed immunotherapy and chemotherapy of
S. Chareyron & M. Alamir tumors ...
Journal of Theoretical Biology, (258), 2009. Journal of Theoretical Biology, (61), 2005.
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Biological Models & The Uncertainty issue

dT
— =alT(1-bT)—eNT - DT
@ We need models to a1 ) : \,p
—Er(1— e )T, (1)
N 2
° unde'rstand, ‘f]) C— fN+g )yiTZ‘\“'"’NT
° pre<.1|ct or to Ry - e V)N, @)
27772
o decide how to act %:aankf,;TZL—qLT+(r1A"+7'20)T
on a given biological system. R R e 1
T
o). )
@ Such models generally involve %:o—f}c—lx’c(l—e’”)(?, (1)
many parameters that are L ) )
° u.nknown 'and %:7,”””(0 (6)
o time-varying (L/1)! -
D:dm (1)

DePillis et al.
Mixed immunotherapy and chemotherapy of
tumors ...

Journal of Theoretical Biology, (61), 2005.
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1~ Biolgical Models & The Uncerainy lsue Biological Models & The Uncertainty issue
ar_ aT(1 = bT) — eNT — DT
@ We need models to dt )
—Kr(1—e M1, (1)
o understand, W o g+ g g ¥ - pNT
° pre<.1|ct or to Rl @
° deCIde hOW to act %:—mL+jk+Z;:TQL—qLT+(r1f\‘"+7'g(“)T
on a given biological system. R R e 1
T
+up,(t), (3)
@ Such models generally involve %:o—d(ﬁ—[{cr(l—e’“)(‘, )
many parameters that are L ) (5)
e unknown and %:,MHW) ©
e time-varying (/1) _
D:dm (7)
@ These model discrepancies can
strongly question the nominal DePillis et al.
assertions. Mixed immunotherapy and chemotherapy of

tumors

Journal of Theoretical Biology, (61), 2005.
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1~ Biolgical Models & The Uncerainy lsue Biological Models & The Uncertainty issue
.
ar_ aT(1 = bT) — eNT — DT
@ We need models to at o
—Er(1— e )T, (1)
° unde_rstand, ‘f}:‘r:m N o i;z\ PNT
e predict or to AN, )
° deCIde hOW to act %:—mLJrjk fZ;;;ZL—qLT+(r1N+r2(“)T
on a given biological system. R e 1
T
+up,(t), (3)
@ Such models generally involve %:A—JC—A’CU—{”)(‘, )
many parameters that are L ) (5)
° u.nknown .and %:,MH o) ©
e time-varying D g (/1) @
s+ (L/TY)
@ These model discrepancies can
strongly question the nominal DePillis et al.
assertions. Mixed immunotherapy and chemotherapy of

tumors ...

° . . .
This robustness issue is rarely Journal of Theoretical Biology, (61), 2005.

addressed in the systems
biology related literature
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1= Contro-Relsted Paradigms in Systems Biclogy Control-Related Paradigms in Systems Biology

Notations

p=—wip ln(g) — W2pvs

S 2
G =wsp — (wg + wsp3)q — wev1q
Y1 =1

Y2 =V2

Hahnfeldt et al. Tumor development under
angiogenic signaling: ...

Cancer Research, (59), 1999.

p tumor cells population level
q vasculature level

v1 Anti-angiogenic drug

vo Chemotherapy drug

y1, Y2 Already injected drug

w € R% model parameters
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1= Contro-Relsted Paradigms in Systems Biclogy Control-Related Paradigms in Systems Biology

Notations

. b
= —wpln(=) — wypv
Consider a biological model: p 1P (q) 2pv2
s 2
G =wsp — (wg + wsp? )q — wev1q
7 =v1

Y2 =V2

&= f(z,u,w)

o x € R" (state)

Hahnfeldt et al. Tumor development under

o uclUCR"™ (Control inpUt) angiogenic signaling: ...
o weWcRWw (Disturbance) Cancer Research, (59), 1999.
typically @ p tumor cells population level
W e {w | w; = W™ (1+1,) } @ ¢ vasculature level
= P = i
@ v; Anti-angiogenic drug
Example of control formulation @ vy Chemotherapy drug
min [p(T)] under y;(T) < y7"**  ® Y1, Y2 Already injected drug
u(-) 6
@ w € R® model parameters
=] F = = £ DA
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' Control-Relted Paracigms in Systems Biology Control-Related Paradigms in Systems Biology

Optimal Control Paradigm

Optimal Control Paradigm

&= f(z,u,w"”™) under u € U

m(ir)l [p(T)] under y;(T) < ymoe

@ Existence of optimal solutions
@ Pontryagin Maximum Principle

@ Investigate the structure of
optimal control profiles u°P!(-)

A Ledzewics, IEEE CDC, 2008.

A Swan, IMA J. of Math. Appl. in Medicine
and Biology, 1988.

A\ DePillis and Radunskaya, J. Theoretical
Medicine, (3), 2005.

/\ Alamir and Chareyron, Optimal Control
Applications and Methods, 2007

p=—wip ln(S) — W2pv2

S 2
G =wsp — (wg + wsp3)q — wev1q
Y1 =1

Y2 =V2

Hahnfeldt et al. Tumor development under
angiogenic signaling: ...

Cancer Research, (59), 1999.

@ p tumor cells population level
q vasculature level

w1 Anti-angiogenic drug

o

(]

@ v; Chemotherapy drug

@ vg, Yo Already injected drug
(]

w € R® model parameters

=] F = = £ DA
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Optimal Control Paradigm

Optimal Control Paradigm

&= f(z,u,w"”™) under u € U

m(ir)l [p(T)] under y;(T) < ymoe y

p=—wip ln(%)) — W2pv2

S 2
G =wsp — (wg + wsp3)q — wev1q

Yy1=u01
Y2 = U2
Unfortunately,
@ w"°™ is not constant Hahnfeldt et al. Tumor development under
angiogenic signaling: ...
@ hard to determine Cancer Research, (59), 1999.

@ High sensitivity may arise
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@ p tumor cells population level
q vasculature level
w1 Anti-angiogenic drug

o

(]

@ v; Chemotherapy drug

@ vg, Yo Already injected drug
(]

w € R® model parameters

=] F = = £ DA
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1= Contro-Relsted Paradigms in Systems Biclogy Control-Related Paradigms in Systems Biology

Optimal Control Paradigm

Optimal Control Paradigm

&= f(z,u,w"”™) under u € U

m(ir)l [p(T)] under y;(T) < ymoe

Unfortunately,
@ w"™ is not constant
@ hard to determine
@ High sensitivity may arise

. Cost Function

T.0MM

p=—wip ln(%)) — W2pv2

S 2
G =wsp — (wg + wsp3)q — wev1q
Y1 =1

Y2 =V2

Hahnfeldt et al. Tumor development under
angiogenic signaling: ...

Cancer Research, (59), 1999.
p tumor cells population level
q vasculature level
w1 Anti-angiogenic drug

°
o
o
@ v; Chemotherapy drug
°
o

w va, y2 Already injected drug
Computed () w € R® model parameters
wr()
=] F = = £ DA
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Optimal Control Paradigm

Optimal Control Paradigm

&= f(z,u,w"”™) under u € U

Hl(iI)l [p(T)] under y;(T) < ymoe

Unfortunately,
@ w"™ is not constant
@ hard to determine
@ High sensitivity may arise

. Cost Function

p=—wip ln(%)) — W2pv2

S 2
G =wsp — (wg + wsp3)q — wev1q
Y1 =1

Y2 =V2

Hahnfeldt et al. Tumor development under
angiogenic signaling: ...

Cancer Research, (59), 1999.
p tumor cells population level
q vasculature level
w1 Anti-angiogenic drug

°
o

(]

@ v; Chemotherapy drug

@ vg, Y2 Already injected drug
(]

Computed True ul-) w € R® model parameters
uePt(.) u?P(-)
=] F = = £ DA
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Optimal Control Paradigm

&= f(z,u,w"”™) under u € U

Hl(iI)l [p(T)] under y;(T) < ymoe

Unfortunately,
@ w"™ is not constant
@ hard to determine
@ High sensitivity may arise

. Cost Function

p=—wip ln(%)) — W2pv2

S 2
G =wsp — (wg + wsp3)q — wev1q
Y1 =1

Y2 =V2

Hahnfeldt et al. Tumor development under
angiogenic signaling: ...

Cancer Research, (59), 1999.
p tumor cells population level
q vasculature level
w1 Anti-angiogenic drug

°
o

(]

@ v; Chemotherapy drug

@ vg, Y2 Already injected drug
(]

Computed True ul-) w € R® model parameters
uePt(.) u?P(-)
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Control-Related Paradigms in Systems Biology Control-Related Paradigms in Systems Biology

Optimal Control Paradigm

Optimal Control Paradigm . )
p=-—wp 1H(E) — Wapvs
&= f(z,u,w"”™) under u € U . 2
, G=wzp — (w1 +wsp?)q — wev1q
min [p(T)]  under y,(T) <y )

y1=u1
Y2 =2
Unfortunately,
@ w"°™ is not constant Hahnfeldt et al. Tumor development under

angiogenic signaling: ...
@ hard to determine Cancer Research, (59), 1999.
@ High sensitivity may arise .
p tumor cells population level

Cost Function

q vasculature level

w1 Anti-angiogenic drug

va, y2 Already injected drug

°
o
o
@ v; Chemotherapy drug
°
o

Computed True ul-) w € R® model parameters
uePt(.) u?P(-)
=] F = = £ DA
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Sensitivity Analysis Paradigm

Optimal Control Paradigm Sensitivity Analysis Paradigm
&= f(z,u,w"™) under u € U Evaluate the sensitivity indicator of
In(iI)l [p(T)] under g;(T) < ymes the nominally optimal solution:
(-
Unfortunately, ow 0

e w"™ is not constant

@ hard to determine @ For a specific initial state zg

@ High sensitivity may arise @ Involved computation for a non

constant w(+)

Cost Function

@ Local results

K. L. Kiran & S. Lakshminarayanan,

Global Sensitivity Analysis and Model-Based

nom

Reactive Scheduling of Targeted Cancer

Computed True ) Immunotherapy. BioSystems, (101), 2010.
ur() uePt(-) u =
o = = = z 9ac
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1= Contro-Relsted Paradigms in Systems Biclogy Control-Related Paradigms in Systems Biology
Feedback Control Paradigm

Optimal Control Paradigm Feedback Control Paradigm

» — nom
& = fla,u,w ) under u € U @ At decision instant ¢, solve the

min [p(T)] under y;(T) < yme* optimal control problem to
u() obtain u°P!(-, x(t)) defined on
Unfortunately, [tx, T

e w"™ is not constant © Apply u®!(t, z(ty)) for

te [tk,tk+1]
© measure the state at tj41,
Q@ k<+ k+1. Gotostep 1

@ hard to determine
@ High sensitivity may arise

Cost Function

nom

Computed True .
wort () wrt(s) u(-)

=] F = = £ DA
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LFeedback Control Paradigm

Control-Related Paradigms in Systems Biology

Optimal Control Paradigm Feedback Control Paradigm

» — nom
& = fla,u,w ) under u € U @ At decision instant ¢, solve the

min [p(T)] under y;(T) < yme* optimal control problem to
u() obtain u°P!(-, x(t)) defined on
Unfortunately, [tx, T
@ w"°™ is not constant Q@ Apply u!(t, z(ty)) for
@ hard to determine t € [th, tr]
@ High sensitivity may arise © measure the state at .11,
Cost Fanction Q k<« k+ 1. Goto step 1

This partially corrects the disturbance
induced discrepancy over the dura-
tion of the therapy

nom

Computed True
uop:(?) uPt () u()

o = = = = 9ace
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Control-Related Paradigms in Systems Biology Control-Related Paradigms in Systems Biology
Feedback Control Paradigm

Optimal Control Paradigm Feedback Control Paradigm

» — nom
& = fla,u,w ) under u € U @ At decision instant ¢, solve the

min [p(T)] under y;(T) < yme* optimal control problem to
u() obtain u°P!(-, x(t)) defined on
Unfortunately, [tx, T

@ w™™ is not constant Q@ Apply u?(t, z(ty)) for

@ hard to determine b€ [tk b

© measure the state at tj41,
Q@ k<+ k+1. Gotostep 1

@ High sensitivity may arise

Cost Function

This is Model Predictive Control

Florian et al. J. Computers in Biology and
Medicine, (38), 2008.

nom

S. Chareyron & M. Alamir
Journal of Theoretical Biology, (258), 2009.

Computed True .

wort () uPt () u(-)
=] F = = £ DA
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1= Contro-Relsted Paradigms in Systems Biclogy Control-Related Paradigms in Systems Biology

On-line Parameter Estimation

On-line Parameter Estimation Feedback Control Paradigm

Irrelevant because of the lack of
excitation needed to identify the
high number of parameters.

@ At decision instant ¢, solve the
optimal control problem to
obtain u®P!(-, z(tx)) defined on
[tk, T

@ Apply u®Pt(t, z(ty)) for
te [tk,tk+1]

© measure the state at tj41,

Q@ k<+ k+1. Gotostep 1

This is Model Predictive Control

Florian et al. J. Computers in Biology and
Medicine, (38), 2008.

S. Chareyron & M. Alamir
Journal of Theoretical Biology, (258), 2009.
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New Control Paradigms in Cancer Therapy New Control Paradigms in Cancer Therapy

Guaranteed Contraction Map

Guaranteed Contraction Map ] D
P =—wipln(=) — wapvy
Gi 9
iven

s 2
L. =wap — (Wg + wspP3 )q — WwWev
@ A subset of initial state X 'q 3P~ (W 5p* )4 6414

A subset of admissibl i,
. .
subset of admissible fo = U
parameter set W
o A therapy duration T' Hahnfeldt et al. Tumor development under

. angiogenic signaling: ...
o Allowable drug quantities y!***

? Cancer Research, (59), 1999.
Compute
p eopt(x)
the Guaranteed Contraction Map 08 f\
(GCM) and the associated feedback o8 ,
. X5
control a ~
04
\
U= K(t? x) 5 te [0’ T] 02 0875 e
. 0805 — 084 —
02 04 06 08
q
=] F = £ DA
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Guaranteed Contraction Map

Guaranteed Contraction Map ] D
P =—wipln(=) — wapvy
Gi 9
iven

s 2
L. =wap — (Wg + wspP3 )q — WwWev
@ A subset of initial state X 'q 3P~ (W 5p* )4 6414

A subset of admissibl i,
. .
subset of admissible fo = U
parameter set W
o A therapy duration T' Hahnfeldt et al. Tumor development under

. angiogenic signaling: ...
o Allowable drug quantities y!***

? Cancer Research, (59), 1999.
Compute
0%(x)
the Guaranteed Contraction Map 08 o
(GCM) and the associated feedback o
control . o
04
u=K(t,z) ; te€l[0,7T] 02 nd
N —
02 04 06 08
q
=] F = = £ DA
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L o . .
New Control Paradigms in Cancer Therapy New Control Paradigms in Cancer Therapy
Necessary Drug Quantity

Necessary Drug Quantity . P
P=—wip 1n(a) — Wapv2

Given

. 2
initi =w3p — (w4 +wsp3 )q — wWev
@ An initial state 2y € X ¢ =wsp = (wa +wsp?)g — wev1g

A subset of admissibl A
° .
subset of admissible g = Vg
parameter set W
o A targeted contraction ratio Hahnfeldt et al. Tumor development under
angiogenic signaling: ...
p(T) Cancer Research, (59), 1999.
T

Compute p @ p tumor cells population level

@ The Feasibility q vasculature level

o The therapy duration T' uy Anti-angiogenic drug

o
o
e The quantity of drugs y*® e v; Chemotherapy drug
needed @ vy, y2 Already injected drug
o

@ The feedback K (¢,x) w € R® model parameters

=] F = = £ DA
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Robust Control of Biological Models

The Hamilton-Jacobi-lsaacs PDE
Definition

System Model

The Hamilton-Jacobi-lIsaacs PDE'’s

Cost Function

&= f(z,u,w)

T
Ji= \I/(x(T))—i-/t L(z(7), ul(r), w(r))dr
aa—‘;(t, x) + fI(at, Z—Z(t, :z:)) =0 ; V(T,x)
o H(z,\u,w) =

=U(x)

o H(z,)\):= min

L(z,u,w) + AT f(z,u,w)
[ max H(ac,)\,u,w)}
u€U(z) LweW(x)

Mazen Alamir
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Robust Control of Biological Models

I The Hamilton-Jacob-Isaacs PDE The Hamilton-Jacobi-lIsaacs PDE'’s

Isaac’s Verification Theorem

Theorem 1 (Isaacs verification theorem). If V(t, x) is
a function of class C* in t and x that satisfies the following
Hamilton Jacobi Equation with boundary condition:

Vi+ Hx, V) =0, V(T,x) = ¥(x), (7
where H is given by (6), then the control strategy
u(t, x(1)) = i(x(z), V(t,x(7))7) te[t,T] (8)

is an optimal solution for problem (3). Furthermore, the
corresponding optimal value is exactly V(t, x(t)).

Isaacs, R.
Differential Games

RAND Corporation Research
Memorandum, (1954)

Basar T. and Olsder G. J.
Dynamic Non Cooperative Game
Theory. NY, Academic Press, (1982)

T
V(t(t)) = min [max [W((T)+ /t L(a(r),u(r),w(m)dr| | (3)

u() | w()

(=] = = = = o
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I The Hamilton-Jacob-Isaacs PDE The Hamilton-Jacobi-lIsaacs PDE'’s

- Isaac’s Verification Theorem

Theorem 1 (Isaacs verification theorem). If V(t, x) is
a function of class C* in t and x that satisfies the following
Hamilton Jacobi Equation with boundary condition:

Vi+ Hx, V) =0, V(T,x) = ¥(x), (7
where H is given by (6), then the control strategy
u(t, x(1)) = i(x(z), V(t,x(7))7) te[t,T] (8)

is an optimal solution for problem (3). Furthermore, the
corresponding optimal value is exactly V(t, x(t)).

Cost Function

nom

Computed True
ot (l,)) uPt () “()

T
V(t(t)) = min [max [W((T)+ /t L(a(r),u(r),w(m)dr| | (3)

u() | w()

[m]

F = = =

DA
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I The Hamilton-Jacob-Isaacs PDE The Hamilton-Jacobi-lIsaacs PDE'’s

- Isaac’s Verification Theorem

Cost Function
Theorem 1 (Isaacs verification theorem). If V(t, x) is ;
a function of class C* in t and x that satisfies the following
Hamilton Jacobi Equation with boundary condition:

Vit B V) =0, V(T.x) = ¥(x) () /\

where H is given by (6), then the control strategy

u(t, X()) = #(x(x), V(r, (1)) Te[t,T] ®) Compured T ()

,U’Dpt<.)
is an optimal solution for problem (3). Furthermore, the
corresponding optimal value is exactly V(t, x(t)).

T
V(t,z(t)) := 151(11)1 rg(z%( [\Il(x(T))—l—/t L(x(T),’U,(T),lU(T))dT} (3)

o & = E £ 9Dae
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The Hamilton-Jacobi-lsaacs PDE

Isaac’s Verification Theorem

The Hamilton-Jacobi-lIsaacs PDE'’s

Theorem 1 (Isaacs verification theorem). If V(t, x) is
a function of class C* in t and x that satisfies the following
Hamilton Jacobi Equation with boundary condition:

Vi+ Hx, V) =0, V(T,x) = ¥(x), (7
where H is given by (6), then the control strategy
u(t, x(1)) = i(x(z), V(t,x(7))7) te[t,T] (8)

is an optimal solution for problem (3). Furthermore, the
corresponding optimal value is exactly V(t, x(t)).

Cost Function

¢/ Robust
/ min/max
; Solution
Computed True .
wort () uPt () u(-)

T
V(t(t)) = min [max [W((T)+ /t L(a(r),u(r),w(m)dr| | (3)

u() | w()

Mazen Alamir
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The Hamilton-Jacobi-lsaacs PDE

Isaac’s Verification Theorem

The Hamilton-Jacobi-lIsaacs PDE'’s

Theorem 1 (Isaacs verification theorem). If V(t, x) is
a function of class C* in t and x that satisfies the following
Hamilton Jacobi Equation with boundary condition:

Vi+ Hx, Vo) =0, V(T,x) = ¥(x) (7

where H is given by (6), then the control strategy

Cost Function

u(z, X(1) = i(x(2), Vi(z, x(0)7)  telr, T] (®)

is an optimal solution for problem (3). Furthermore, the
corresponding optimal value is exactly V(t, x(t)).

u() | w()

¢/ Robust
/ min/max
; Solution
Computed True .
wort () uPt () u(-)

T
V(t(t)) = min [max [W((T)+ /t L(a(r),u(r),w(m)dr| | (3)

H(Ia /\,u,w) = L(Z, u,w) + )‘Tf(z’uvw)

H(z,\):= min [ max H(z,\,u, w)]
uelU(z) lweW(x) -
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The Hamilton-Jacobi-lsaacs PDE

The Hamilton-Jacobi-lIsaacs PDE'’s

Isaac’s Verification Theorem

Cost Function
Theorem 1 (Isaacs verification theorem). If V(t, x) is ;
a function of class C* in t and x that satisfies the following
Hamilton Jacobi Equation with boundary condition:

| / Robust
V, + A, Vot) =0, V(T,x) = ¥(x), %) e
where H is given by (6), then the control strategy ’/ /
mpute Tru
(e, (1) = i(x(2). V(e x(0)1) 1elr.T] ®) w0

is an optimal solution for problem (3). Furthermore, the
corresponding optimal value is exactly V(t, x(t)).

T
V(t,z(t)) := 1751(11)1 ril)(z%( [\Il(x(T))—l—/t L(ZE(T),’U,(T),IU(T))CZT} (3)

For all w(-), one has:

\If(ac(T))—i-/t L(z(r),a(r, (7)), w(r))dr < V(t, z(t))

=] F = = £ DA
French National Research Center (CNRS) Gipsa-lab, Control Systems Department. University of Grenoble, France
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[he Hamilton-Jacobi-lsaacs PDE 'he Hamilton-Jacobi-Isaacs PDE's

Isaac’s Verification Theorem

Cost Function
Theorem 1 (Isaacs verification theorem). If V(t, x) is ;
a function of class C* in t and x that satisfies the following
Hamilton Jacobi Equation with boundary condition:

/ Robust
V, + A, Vot) =0, V(T,x) = ¥(x), %) e
where H is given by (6), then the control strategy ’/ /
mpute Tru
(e, (1) = i(x(2). V(e x(0)1) 1elr.T] ®) w0

is an optimal solution for problem (3). Furthermore, the
corresponding optimal value is exactly V(t, x(t)).

T
V(t,z(t)) := 1751(11)1 ril)(z%( [\Il(x(T))—l—/t L(ZE(T),’U,(T),IU(T))CZT} (3)

taking \I/(x) =pand L = —’)/”’LU _ ,wnom”2:

T
‘If(fv(T))Jr/t L(x(7), a7, (7)), w(r))dr < V(t,2(t))

=] F = = £ DA
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. . . H ’
[he Hamilton-Jacobi-lsaacs PDE 'he Hamilton-Jacobi-Isaacs PDE's

Isaac’s Verification Theorem

Cost Function
Theorem 1 (Isaacs verification theorem). If V(t, x) is ;
a function of class C* in t and x that satisfies the following
Hamilton Jacobi Equation with boundary condition:

/ Robust
V, + A, Vot) =0, V(T,x) = ¥(x), %) e
where H is given by (6), then the control strategy ’/ /
mpute Tru
(e, (1) = i(x(2). V(e x(0)1) 1elr.T] ®) w0

is an optimal solution for problem (3). Furthermore, the
corresponding optimal value is exactly V(t, x(t)).

T
V(t,z(t)) := 1751(11)1 ril)(z%( [\Il(x(T))—l—/t L(ZE(T),’U,(T),IU(T))CZT} (3)

taking \I/(x) =pand L = —’)/”’LU _ ,wnom”2:

T
p(T)— / eo(r)—wom |dr < V(t, (1))
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The Hamilton-Jacobi-lsaacs PDE

The Hamilton-Jacobi-lIsaacs PDE'’s

Isaac’s Verification Theorem

Cost Function
Theorem 1 (Isaacs verification theorem). If V(t, x) is ;
a function of class C* in t and x that satisfies the following
Hamilton Jacobi Equation with boundary condition:

| / Robust
V, + A, Vot) =0, V(T,x) = ¥(x), %) e
where H is given by (6), then the control strategy ’/ /
mpute Tru
(e, (1) = i(x(2). V(e x(0)1) 1elr.T] ®) w0

is an optimal solution for problem (3). Furthermore, the
corresponding optimal value is exactly V(t, x(t)).

T
V(t,z(t)) := 1751(11)1 ril)(z%( [\Il(x(T))—l—/t L(ZE(T),’U,(T),IU(T))CZT} (3)

and since w = w™™ - (1 +1n)

p(T)— / ew(r)—wmom |2dr < V(t, (1))

=] F = = £ DA
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The Hamilton-Jacobi-lsaacs PDE

The Hamilton-Jacobi-lIsaacs PDE'’s

Isaac’s Verification Theorem

Cost Function
Theorem 1 (Isaacs verification theorem). If V(t, x) is ;
a function of class C* in t and x that satisfies the following
Hamilton Jacobi Equation with boundary condition:

| / Robust
V, + A, Vot) =0, V(T,x) = ¥(x), %) e
where H is given by (6), then the control strategy ’/ /
mpute Tru
(e, (1) = i(x(2). V(e x(0)1) 1elr.T] ®) w0

is an optimal solution for problem (3). Furthermore, the
corresponding optimal value is exactly V(t, x(t)).

. T
V(t,z(t)) := 1751(11)1 ril)(z%( [\Il(x(T))—l—/t L(ZE(T),’U,(T),IU(T))CZT} (3)
and since w = w™™ - (1 +1n)

p(T) <~-T- |l + V(t,2(t))

=] F = = £ DA
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The Hamilton-Jacobi-lsaacs PDE

The Hamilton-Jacobi-lIsaacs PDE'’s

Isaac’s Verification Theorem

Cost Function
Theorem 1 (Isaacs verification theorem). If V(t, x) is ;
a function of class C* in t and x that satisfies the following
Hamilton Jacobi Equation with boundary condition:

| / Robust
V, + A, Vot) =0, V(T,x) = ¥(x), %) e
where H is given by (6), then the control strategy ’/ /
mpute Tru
(e, (1) = i(x(2). V(e x(0)1) 1elr.T] ®) w0

is an optimal solution for problem (3). Furthermore, the
corresponding optimal value is exactly V(t, x(t)).

u(-) | w()
Defining 9°Pt(:(t)) := p(T) /p(t),

p(T) <y -T - |Inl* + V(t, (t))

T
V(t(t)) = min [max [W((T)+ /t L(a(r),u(r),w(m)dr| | (3)

=] F = = £ DA
French National Research Center (CNRS) Gipsa-lab, Control Systems Department. University of Grenoble, France
1

Mazen Alamir

Robust Control of Biological Models 26




Robust Control of Biological Models
The Hamilton-Jacobi-lsaacs PDE

Isaac’s Verification Theorem

The Hamilton-Jacobi-lIsaacs PDE'’s

Theorem 1 (Isaacs verification theorem). If V(t, x) is
a function of class C* in t and x that satisfies the following
Hamilton Jacobi Equation with boundary condition:

Vi+ Hx, V) =0, V(T,x) = ¥(x), (7
where H is given by (6), then the control strategy
u(t, x(1)) = i(x(z), V(t,x(7))7) te[t,T] (8)

is an optimal solution for problem (3). Furthermore, the
corresponding optimal value is exactly V(t, x(t)).

Cost Function

¢/ Robust
/ min/max
; Solution
Computed True .
wort () uPt () u(-)

T
V(t(t)) = min [max [W((T)+ /t L(a(r),u(r),w(m)dr| | (3)

u() | w()
Defining 9°P*(x(t)) := p(T)/p(t), it comes

eopt(x(t)) — p(T) < v T- ||77||2 + V(tvx(t))

p(t) — p(t)
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|—The Hamilton-Jacobi-Isaacs PDE
L

Isaac’s Verification Theorem

The Hamilton-Jacobi-lIsaacs PDE'’s

070

0P (2(t)) ==

p(T) _ -1l +V(t ()
p(t) ~

p(t)

0x)

— Guaranteed Tumor Contraction
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|—The Hamilton-Jacobi-Isaacs PDE
L

Isaac’s Verification Theorem

The Hamilton-Jacobi-lIsaacs PDE'’s

070

0P (2(t)) ==

p(T) _ -1l +V(t ()
p(t) ~

p(t)

0x)

Initial tumor size

— Guaranteed Tumor Contraction
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|—The Hamilton-Jacobi-Isaacs PDE
L

.

Isaac’s Verification Theorem

The Hamilton-Jacobi-lIsaacs PDE'’s

Solution of the
HJI PDE’s

0P (x(t)) == ’;(5)) < Tl + V(. 2(t)

p(t)

Initial tumor size

— Guaranteed Tumor Contraction

Mazen Alamir
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Robust Control of Biological Models
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The Hamilton-Jacobi-lsaacs PDE
L
.

Isaac’s Verification Theorem

Therapy

duration

The Hamilton-Jacobi-lIsaacs PDE'’s

0P (2(t)) ==

Solution of the
HJI PDE’s

p(T) _v-T-|lnl* + V(& z(t)
p(t) ~

Initial tumor size

p(t)

L— Guaranteed Tumor Contraction
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Robust Control of Biological Models
|—The Hamilton-Jacobi-Isaacs PDE
L

Isaac’s Verification Theorem

The Hamilton-Jacobi-lIsaacs PDE'’s

Therapy Relative
duration uncertainty
level

0P (2(t)) ==

Solution of the
HJI PDE’s

p(T) _v-T-|lnl* + V(& z(t)
p(t) ~

Initial tumor size

p(t)

L— Guaranteed Tumor Contraction
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Robust Control of Biological Models
The Hamilton-Jacobi-lsaacs PDE

Solving the HJI Equations

Numerical Solutions of HJI Equations

%—‘;(t,x>+ﬁ1(:¢,g—‘;(t,x))=o . V(T,2) = U(x)

e Nonlinear PDE's

@ Exponential Complexity in the state dimension

@ Only approximate solutions over bounded regions can be obtained
@ Equivalent to the Differential Riccati Equation (DRE) for

© Unconstrained,
@ Linear Models
© with Quadratic Cost

Beard, R. W. and McLain, G. N. Successive Galerkin approximation ....
Int. J. of Control, (71), 5, (1997)

Alamir, M. Solutions of Nonlinear Optimal and Robust Control ....

Automatica, (37) (2001) - - _ _ S

Mazen Alamir French National Research Center (CNRS) Gipsa-lab, Control Systems Department. University of Grenoble, France
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Robust Control of Biological Models

L The Hamilton-Jacobi-Isaacs PDE SO|V|ng the HJI Eq uations

Numerical Solutions of HJI Equations

Some features of the algorithm:

e PDE's — ODE's
@ Backward Integration

@ Stabilization & Post
Stabilization

@ Relevance Indicator KV, 1

Mazen Alamir French National Research Center (CNRS) Gipsa-lab, Control Systems Department. University of Grenoble, France
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Algorithm

Choose a complete set of C' basis functions

(iD=

2) Choose a sufficiently high Ne AV

Choose a fixed set of collocation points (x')z; that

contains a regular set w.r.t () ;.

Compute

(a) M according to (11),

(b) = MM"'M)"'M",

(¢) L=1—2 [see(25)],

(d) K =L"'"Q where Q is a solution of the linear
system (LL")Q = L (see Proposition 1).

Choose sufficiently high « > 0, a sampling period

k> 0. a small parameter ¢ > 0and TeR, u{ 0 |.

6) n=0V,=".

Compute V,.,, solution at k of [see (18a)]
V)= — (T —t.V)—2KV(x). V(0)=V,.

Vier == K)V,,, [sce (18b)].

If (nk=T) OR (|V,|l.. <€) Then STOP Else
n=n+1, GOTO Step 7.

The approximate solution is given by

Vit,x) = [OX)[M ™M "M IV, 1 (0). (26)

4.2. Some convergence results

Alamir, M. Solutions of Nonlinear Optimal
and Robust Control . ...

Automatica, (37) (2001)
=] F
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L The Hamilton-Jacobi-Isaacs PDE SO|V|ng the HJI Eq uations

Numerical Solutions of HJI Equations

Some features of the algorithm:

e PDE's — ODE's
@ Backward Integration

@ Stabilization & Post
Stabilization

@ Relevance Indicator KV, 1

V(x) = 1.9123x3 — 0.8284x, x, + 1.3522x2

—0.8284x7 + 2.7044x3 x5 + 1.3522x%
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Algorithm

Choose a complete set of C' basis functions

(iD=

Choose a sufficiently high Ne /.

Choose a fixed set of collocation points (x')z; that

contains a regular set w.r.t () ;.

Compute

(a) M according to (11),

(b) = MM"'M)"'M",

(¢) L=1—2 [see(25)],

(d) K =L"'"Q where Q is a solution of the linear
system (LL")Q = L (see Proposition 1).

Choose sufficiently high « > 0, a sampling period

k> 0. a small parameter ¢ > 0and TeR, u{ 0 |.

6) n=0V,=".

Compute V,.,, solution at k of [see (18a)]
V)= — (T —t.V)—2KV(x). V(0)=V,.

Vier == K)V,,, [sce (18b)].

If (nk=T) OR (|V,|l.. <€) Then STOP Else
n=n+1, GOTO Step 7.

The approximate solution is given by

Vit,x) = [OX)[M ™M "M IV, 1 (0). (26)

4.2. Some convergence results

Alamir, M. Solutions of Nonlinear Optimal
and Robust Control . ...

Automatica, (37) (2001)
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L The Hamilton-Jacobi-Isaacs PDE SO|V|ng the HJI Eq uations

Numerical Solutions of HJI Equations

Some features of the algorithm:

e PDE's — ODE's
@ Backward Integration

@ Stabilization & Post
Stabilization

@ Relevance Indicator KV, 1

V15(x) = 1.9067x2 — 0.8223x, X, + 1.3480x2

— 0.8223x7 + 2.6961x7x, + 1.3480x9
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Algorithm

Choose a complete set of C' basis functions

(iD=

Choose a sufficiently high Ne /.

Choose a fixed set of collocation points (x')z; that

contains a regular set w.r.t () ;.

Compute

(a) M according to (11),

(b) = MM"'M)"'M",

(¢) L=1—2 [see(25)],

(d) K =L"'"Q where Q is a solution of the linear
system (LL")Q = L (see Proposition 1).

Choose sufficiently high « > 0, a sampling period

k> 0. a small parameter ¢ > 0and TeR, u{ 0 |.

6) n=0V,=".

Compute V,.,, solution at k of [see (18a)]
V)= — (T —t.V)—2KV(x). V(0)=V,.

Vier == K)V,,, [sce (18b)].

If (nk=T) OR (|V,|l.. <€) Then STOP Else
n=n+1, GOTO Step 7.

The approximate solution is given by

Vit,x) = [OX)[M ™M "M IV, 1 (0). (26)

4.2. Some convergence results

Alamir, M. Solutions of Nonlinear Optimal
and Robust Control . ...

Automatica, (37) (2001)
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Robust Control of Biological Models
L The Hamilton-Jacobi-Isaacs PDE SO|V|ng the HJI Eq uations

Numerical Solutions of HJI Equations

Algorithm
Some .Featu res Of the a |g0r|th m: (1) Choose a complete set of C' basis functions
) (i)
s ) (2) Choose a sufficiently high N e A,
[~ P D E S — O D E S (3) Choose a fixed set of collocation pqims (x')= that

contains a regular set w.r.t () ;.
(4) Compute

@ Backward Integration @ Bt ascording fo (1),

. . (b) = MM"'M)"'M",
@ Stabilization & Post © L=1- I [see (25]]
o . (d) K =L"'"Q where Q is a solution of the linear
Sta bilization system (LL")Q = L (see Proposition 1).
~ (5) Choose sufficiently high > 0, a sampling period
@ Relevance Indicator K'V,, 1 ¢ ©7 sl parameter ¢ > 0and TR, oo}
(7) Compute 17,,+| solution at k of [see (18a)]
Table 1 V)= — (T —t.V)—2KV(x). V(0)=V,.
Convergence result for Example 5.1 (execution time ~ 5s) ) Vv = — K}ﬁ,, .1 [see (18b)].
— - . ©) If (nk>T) OR ([V,]|, <€ Then STOP Else
t=nk V1l 171l KV n=n+1, GOTO Step 7.
(10) The approximate solution is given by
0.25 0.46 1.79 8.61E-07 N N
100 1.49 088 7.70E-06 Vit x) = [OYIM MY IMITY 1 (1) 29
200 1.94 037 3.65E-06 4.2. Some convergence results
3.00 2.08 0.10 2.45E-06 | i )
4.00 2,12 2.18E-02 8.40E-07
4.75 213 1.06E-02 5.29E-07 . B . .
Alamir, M. Solutions of Nonlinear Optimal
and Robust Control .. ..
Automatica, (37) (2001)
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Cost Function

- p
p=—wipln(=) — wapvs
J(x0,v(-),w(+)) := q

min max
vE[0wmar]l0.T] e [Rrw|0.T)

. 2
oo , G=wsp — (ws + wsp?)g — wevr1q
pT) + /0 [l = llw(r) = w"om ] dr -

Y1="uv1
1 P 1 1 Y2 =2
Wz .= vz dlag(W’ ooy wnom)
1 o
Hahnfeldt et al. Tumor development under
Constraints angiogenic signaling: ...
maz] Cancer Research, (59), 1999.
e v; € [0,v"*"], i € {1,2}
. ° mor cell lation level
OFOI’ZE{].,Q}, p tumor cells population leve

q vasculature level
T
/ vi(T)dr = yi(T) < ymoe w1 Anti-angiogenic drug
—= Ji
0

Disturbance set va, y2 Already injected drug

o
o
@ v; Chemotherapy drug
°
W = {w | w; = w™™(1+n;) } °

w € R® model parameters
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Problem Transformation

Normalized State Variable: . 4
P=—wip 1n(5) — Wapv2

T

p q Y Y2 4 . 2

¥ =\ prmaz gmaz ymaz ymaz eR 'q =wzp — (wy + wsp3 )q — wWev1q
y1="u1

. . o = U

Change in the control variable: Y2 =02
v; (t) — S(yi(t)/ylmaz) U (t) ;—Isgir(r)fg:;icetsciagn’i‘ﬁnmgc:r.(?e.:velopment under

where S(T) c [O’ ]_[ is given by: Cancer Research, (59), 1999.

@ p tumor cells population level

S(r) = max{—tanh(Bs(r - 1)),0} ¢ q vasculature level

b @ uy Anti-angiogenic drug
@ v; Chemotherapy drug

@ w9, Yo Already injected drug

e w € RY model parameters

=] F = = £ DA
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Robust Control of Biological Models 2




Robust Control of Biological Models

Robust Combined Therapy Under Drug Limitation
- Problem Transformation

Normalized State Variable

Constrained Robust Combined Therapy

maxr maxr
1 Y2

I I
T = p7nax qma.’c y R

Change in the control variable

vi(t) = S(yi(t)/y"*") - u
where S(r) €

S(r) =

i(t)

[0,1] is given by:

max{— tanh(8,(r — 1))

52 04 oe o8

[ERE R

Mazen Alamir

Robust Control of Biological Models

French National Research Center (CNRS) Gipsa-lab, Control Systems Department. University of Grenoble, France

p= —wwln(%’) =

Wa Py

S 2

G =wsp — (wg + wsp3)q — wev1q
Y1 =1
Yo = U

Hahnfeldt et al. Tumor development under
angiogenic signaling

Cancer Research, (59), 1999.

O} .T UU]

—wizy In(axy /x2) — woxy S(xa)us
awzzy — (wa + ﬂw5371/ )2 — wer2S(73)
01 S(l‘a)“l

02 S(wa)uz

where «, 3, o0 and p; are positive constant given by
pmar
o=

1
. B (pmazNE P
— O B o= =

ymaz
i
& =

[m]
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Robust Combined Therapy Under Drug Limitation
Problem Transformation

Constrained Robust Combined Therapy
System Model
flr,u,w) =

—wyzy In(aw /x2) — woay S(24)us
awszy — (wa + Pwszy *) s — wewsS(x3)ur
o1 S(x3)uy
02+ S(x4)uz

Cost Function
U(zr) =
T 2
L(z,u,w) := u” Ru — ||lw —w"™|{y
The Hamiltonian
H(x,u,w) = u? Ru — ||w — w"™ ||} +
AT (Fo(z) + Fu(x)uy + Fa(z)us) w4+ N Fy(x)u
Mazen Alamir

Robust Control of Biological Models
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- Problem Transformation

System Model
—xq In(owy fag) 0 00

flr,u,w) = 0 0 00
—wyzy In(aw /x2) — woay S(24)us 0 oz 00
awsry — (wy + ﬁwszf/:")b — wer2S(23)u () = 0 —wy 00
01 - S(z3)uy 0 7/31'?/31'2 00

02 S(x4)uz 0 0 00

Fy(z),Fy(x) =
Cost Function

L(QZ,’UI, w) = uTRu _ ||U) _ wnom”%V

0 0 00 0 000
0 0 00 —21S(x4) 00 0
V(z) =1 0 0 00 0 000
0 0o ool 0 000
0 0 00 0 000
The Hamiltonian 0 —z3dizs) 040 ¢ 090
0 0
H(x,u,w) = u? Ru — ||w — w"™ ||} + 0 :
AN (Fo () 4 Fr(z)ur + Fa(x)uz)Tw + AT Fy(z)u Fy(z) :=
015(x3) 0
0 025(x4)
oA
Mazen Alamir French National Research Center (CNRS) Gipsa-lab, Control Systems Department. University of Grenoble, France
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Robust Combined Therapy Under Drug Limitation
Problem Transformation

System Model
flr,u,w) =

Constrained Robust Combined Therapy

—wyzy In(aw /x2) — woay S(24)us
awszy — (wa + Pwszy *) s — wewsS(x3)ur
o1 S(x3)uy
02+ S(x4)uz

Cost Function
U(zr) =
L(z,u,w) := u” Ru — ||w — w

(5%
The Hamiltonian

H(x,u,w) = u? Ru — ||w — w"™ ||} +

AT (Fo(a) + Fi(x)ur + Fy(w)u2)"w + AT Fy(x)u

Mazen Alamir

Robust Control of Biological Models

a(x, \) = [gli ]luT
wE[0,ymas

3 [R(z. N]u+ [f(z. N)]u

Optimal Game Feedback Strategies

(29)
B, A) = w0+ %W" [©0(2, A) + O (2, A, \)]

(30)
where
FCOVE

1,
R(x,\):=2R+ 5@{(1 ANW ey (2, \)

(31)
+ 1 w
2

308 W16, (2, 3) +

(w701 (2, A) + N Fy()
Oz, A) == Fy(x)\

O1(x, ) = [Fy(@)A, Fa(a)

w
)

w®w
B &

F
French National Research Center (CNRS) Gipsa-lab, Control Systems Department. University of Grenoble, France
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Preliminary Results

Numerical Solution parameters:

e T'el0,]1]

e 7v=20.05

e N =15 (quadratic approximation)
o n,= 5% = 625

oy € {0.5,1}

o 1; € {15%, 30%, 35%}

0 pmaT — gmar — 9y 10

Simulations aim at investigating the impact of:

@ The drug available quantities
@ The treatment duration

@ The initial condition (p, q)

=] F = = £ DA
Mazen Alamir French National Research Center (CNRS) Gipsa-lab, Control Systems Department. University of Grenoble, France
Robust Control of Biological Models 2;




Robust Control of Biological Models
Robust Combined Therapy Under Drug Limitation
Preliminary Results

Constrained Robust Combined Therapy

Relative uncertainty 15 % 6%7(x)

o
o
o
04 e
%
— .
0
b e e T o
05 00 02 04 06 08
P q q
Relative uncertainty 30 % 67y
0.
0
a
04
Y
0 \
1 =
02 04 08 08
P q P a q
Relative uncertainty 35 % 8°P(x)
08 o
0
a [
04 =
"
e N e
00 02 04 06 08

achievable performance as a function of the normalized initial state (p, ¢,0,0) with the
integral constraints defined by yi"%* = y5"®* — 1 and a treatment duration 7" = 1.
Left: optimal cost J°Pt, Center: guaranteed contraction factor §°Pt, Right: contour
lines for 9°Pt.
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Preliminary Results

Relative uncertainty 15 % 070
1 1 L
%
= =09
Fos & a ~
= % 08 04
T
. = ) 02 a0
Lo 1 [ - | = s — &
! i 08 R 02 04 06 08
P q q
Relative uncertainty 30 % 67x)

P
—~

w0
%

N/ T
02 04 08 08
q
070
o8| s
a //-”'
04
_— g
| s —_—
0:
o e e
02 04 06 08

q

achievable performance as a function of the normalized initial state (p, ¢,0,0) with the
integral constraints defined by y1"®* = y3*®* — 0.5 and a treatment duration 7" = 1.
Left: optimal cost J°P!, Center: guaranteed contraction factor §°P*, Right: contour
lines for oPt,
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Preliminary Results

Relative uncertainty 15 % 6%7(x)

o

o

o
04 P
%
ey o: o K
e e ST
[ N 02 04 06 08
P q q

Relative uncertainty 30 % 6°P(x)

Y
0 \
1 S
02 04 08 08
P q P q q
Relative uncertainty 35 % 6°Fl(x)
08" 5.2
0
a [
04 =
1 )
e ==
00 02 04 06 08
Ll q

achievable performance as a function of the normalized initial state (p, ¢,0,0) with the
integral constraints defined by y{*%* = y5"** = 1 and a treatment duration T = 1.
Left: optimal cost J°Pt, Center: guaranteed contraction factor §°P¢, Right: contour
lines for 9oPt,
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Preliminary Results

Relative uncertainty 15 % 800
08- 19 :
_os 08 06|
B %06 04
02 [ o —
02
1 [ | mﬁ o —
9 t (3 oo 08 02 04 06 08
P q q
Relative uncertainty 30 % 800

e, _ R

(5 )
q

b
Relative uncertainty 35 %

——
boo—
- |
04 06 08

q

achievable performance as a function of the normalized initial state (p, ¢,0,0) with the
integral constraints defined by y{*%* = y3"** = 1 and a treatment duration T = 2.
Left: optimal cost J°Pt, Center: guaranteed contraction factor 0°P%, Right: contour
lines for Pt
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Preliminary Results

u,=K,060) UK (x0)

035.]

0 6\> e oa

08" <
> 08

P g P

The state feedback map u = K (0, z) for = = (p,q,0,0)” obtained when the integral

saturations y"%* = y*** = 1 is used together with the treatment duration T = 1
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Preliminary Results

=K (x.0) u,7K,(x0)

035

025

015

N . —
08 - 2 °
0g™ " T
>(‘, s

q
P P

The state feedback map u = K(0,z) for x = (p,q,0,0)7 obtained when the integral

saturations y{** = y3*** = 1 is used together with the treatment duration T' = 2
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.

For further details

M. Alamir, Robust Feedback Design For Combined Therapy of Cancer.
Optimal Control, Applications and Methods. (To Appear 2013).
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Conclusion & Future Work

@ Systematic approach to address relevant problems

@ — Off-Line Computable Closed-Form Feedback Strategy
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Conclusion & Future Work

@ Systematic approach to address relevant problems

@ — Off-Line Computable Closed-Form Feedback Strategy

@ Can be used to compute state-dependent sensitivity maps:

opt opt opt
9™ (z) and /or 9 mgf) and/or 6™ (x)
on; 33/]'

oT
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Conclusion & Future Work

@ Systematic approach to address relevant problems

@ — Off-Line Computable Closed-Form Feedback Strategy
@ Can be used to compute state-dependent sensitivity maps
opt opt opt
9™ (z) and /or 9 mgf) and/or 6™ (x)
on; 33/]'

oT

e Apply to different models/therapies of cancer/HIV

Mazen Alamir

Robust Control of Biological Models

= &
French National Research Center (CNRS) Gipsa-lab, Control Systems Department. University of Grenoble, France

DA

2!




Robust Control of Biological Models
Conclusion & Future Work

Conclusion & Future Work

@ Systematic approach to address relevant problems
@ — Off-Line Computable Closed-Form Feedback Strategy

@ Can be used to compute state-dependent sensitivity maps

00°P* () 06°P () 00°P ()
a—m and/or W and/or a—T

e Apply to different models/therapies of cancer/HIV

e Model reduction (part of the state — disturbance w)
= fi(z,z,u), 2= fa(z, z,u)
— &= f1(z,w,u) with w(t) € [Zmin(t), Zmaz(t)]
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Systematic approach to address relevant problems

— Off-Line Computable Closed-Form Feedback Strategy

@ Can be used to compute state-dependent sensitivity maps:

00°P* () 06°P () 00°P ()
a—ni and/or W and/or a—T

Apply to different models/therapies of cancer/HIV
Model reduction (part of the state — disturbance w)

&= fl(.’E,Z,U), zZ= fZ(mvzvu)
— &= fi(z,w,u) with w(t) € [zmin(t), Zmaz(t)]

Unstructured Model Identification
& = f(t,x,p) with p = K (z) and y = h(x)
HIB — p = K(t,z(t)) gives insight on K/ (x)

o & = = £ 9Dae
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Appendix Biological Models & The Uncertainty issue

of the treatment and neglected the issue of patient variability dur-
ing the treatment course. Without such a strategy, any change in
patient parameters may lead to sub-optimal treatment and poor
patient outcomes. Very few works (Chareyron and Alamir, 2009;
Florian et al., 2008) have examined this issue. These works cast the

K. L. Kiran & S. Lakshminarayanan,
Global Sensitivity Analysis and Model-Based Reactive Scheduling of Targeted Cancer
Immunotherapy. BioSystems, (101), 2010.
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