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Examples

A Michaelis-Menten kinetics [Rumschinski et al., 2011, BMC Syst. Biol.]
e step-by-step workflow illustration and explanation
* parameter estimation
e outerbounding
* bisectioning
B Carnitine Transport mechanism [Rumschinski et al., 2011, BMC Syst. Biol.]
» data import from table, data uncertainty description
* state estimation
e uncertainty analysis

C Bio-Reactor system [Savchenko et al., 2011, IFAC World Congress]
* binary variables
 detection of discrete state changes (fault detection and diagnosis)
* reachability analysis
* Monte-Carlo

»)

Adaptation process [Riimecchincki et al 2012 in nr
PIUU‘JJ Ll\ulllJ\alllllJl\l Wl Uil LU-I-L’ 1mni rl

I——l

e combination of quantative data and qualitative information
* combined parameter and state estimation
* invalidation of model hypotheses

= Refer ADMIT/examples/



Example A: Michaelis-Menten (Overview)

Task: parameter estimation for Michaelis-Menten kinetics

Measurements Dynamical model
* 20 measurements (sustrate + complex) 1
* uncertain (ca 5% relative error) E +(S = C p_3> E +(P
. . . , , P2
1 ”I — S
S08! I I |—c(t * mass action kinetics
s | Itrg * three unknown parameters
g06 111, -
II:
50'4' Tre Continuous-time:
502 .:""“"‘====-=.=
> ol 5(t) = p1(c(t) — 1)s(t) + p2c(?))
0 05 1 time(sec) 2 ¢(t) = p1(1 —c(t))s(t) — (p2 + p3)c(t)

A priori knowledge (parameters)
0.1<p; <10, i€ [1:3]

= ADMIT/examples/MichaelisMenten/analyzeModel.m



Workflow and Example Highlights

read project from

Initialize project ADMITproject () “ .
‘ 'opt ' -file
- choose estimation
Set options ADMITsetOptions () “
P method
Compose ADMITcompose ()
feasibility problem
Estimate ADMITestimate ()
Visuali ADMITplotResults () o plot outerbounding/
Isualize ADMITplotBisectioning () bisectioning results



Michaelis-Menten: Structure and syntax of the 'opt' file

Variable section

* states: real, time-variant
* parameters: real, time-
invariant, of interest

Time-set section

* time-points from sampling

Constraints section

* model dynamics,
discrete-time version

* a priori data e.g.
parameter bounds

* measurements

! Editor = Gl
File Edit Test Go Tools Debug Desktep Window Help A x
dl=1" I B9 S| dh | E R E B B | sack| Base Eﬂmaﬂ@
* - |10 + | £ 12 x| ot o2 | @

1 L& 2 'S & 5 S & NAME -~
2 MichaelisMenten

3

4 R W R OW R OW W R W NOTES

3

& WROW W W W W W W W VARIABLES

7 = real, timeVariant }

8 ¢ = { real, timeVariant }

5 pl = ¢{ real, timeInvariant, ofInterest } 3
10 p2 := { real, timeInvariant, ofInterest }

11 p3 = { real, timeInvariant, ofInterest }

12

13 WA R W W W R W R R TIME_SETS

14 £t m0 := { 0:0.1:0.2, 0.3:0.1:0.5, 0.&, 0.7, 0.8, 0.9, 1 }

15

le R E AR A AR EA CONSTRAINTS

17 %% Dynamical model

18 s(t=t_m0) := 0 == s(t-1)-s(t)+(TIME(t)-TIME (t-1))* (c(t-1)*p2+pl*s(t-1)*|
19 c(t=t_m0) := 0 == c(t-1)-c(t)-(TIME(t)-TIME(t-1))* (c(t-1)* (p2+p3)+pl*s(t
20

21 %% Initial parameter bounds

22 pl := [0.1, 10]

23 p2 := [0.1, 10]

24 p3 := [0.1, 10]

25

26 %% Measurements

27 s(t=0) := [0.962427659599595597082511526969, 1.063736¢000000000014864554¢(C
28 c(t=0) := [0, 0.05]

2% s(t=0.1) := [0.836765600000000002282263267261, 0.924850599999599%671601:
30 c(t=0.1) := [0.094241829959559598657145283687, 0.1041620000000000045847"
31 s(t=0.2) := [0.79623500000000002¢0765184023%6, (0.8800459195995599559755296°¢
32 c(t=0.2) := [0.150476500000000013024248346483, 0.166316195959555555973720°¢
22 e=f+=n0 2\ = [N T7A£1AN0GGGGO0GGGA2TTA4240N0172NT N 0247263 GG000GGGLTNEZATL

4

(11

3

[MichaelisMenten.opt ><] analyzeModel.m =

plain text file

Ln 68 Col 1 OVR




Michaelis-Menten: General Workflow

Read 'opt' file

Set options

* outer bounding
* 5 iterations

* bisectioning ~
* 3 recursions S
* solver
* SDP: SeDuMi
* LP: cplex, gurobi
S
Compose problem —
S
Estimate —
Visualize —

! Editor [l = =]
File Edit Text Go Cell Tools Debug Desktop Window Help WA X
DCHE BB oD dean | k-EkERE B8 | stad| Bas fx O -
EE| -+ 11 x| @
1 — clear all -
2 - close all
3 - clc
4
5 %% Description: Michaelis-Menten example, parameter estimation
& %
7
8 %% Load 'opt' file
9 — opt = ADMITpr|oj ect ('MichaelisMenten.opt');
10
11 %% Set options
12 — ops = ADMITsetOptions ('ESTIMATE.ocuterBounding.use',1,...
13 'ESTIMATE.cuterBounding.iterations',3,...
14 '"ESTIMATE .bisectioning.use',1,...
15 '"ESTIMATE.bisectioning.splitDepth',3,...
16 "YATMIP.solver', 'sedumi');
17
18 %% Compose feasibility problem
19 — optInfo = ADMITcompose (opt,ops):»;
20
21 %% Estimate
22 — optResult = ADMITestimate (optInfo,ops)
23
24 %% Visualize
25 — ADMITplotResults (optResult) ;
26
27 %% Scenarios with other and larger parameter uncertainties:
28 %

script Ln 9 Col 14

Further scenarios




Summary and Results: Outer-bounding
Outer-bounding of the parameters p1, p2, p3

opt = ADMITproject('MichaelisMenten.opt') Estimate

Variables optResult = ADMITestimate (optInfo, ops)
pl := {real, t}meInvar}ant, ofInterest} Visualize results
p2 := {real,timelnvariant,oflnterest}
p3 := {real,timelnvariant,oflInterest} ADMITplotResults (optResult, ops)

. B Figure 2 [E=B(EcRF=
Set 0pt|ons File Edit View Insert Tools Desktop Window Help ~

DEdde | RRARTDLEL- S| 0EH| D
oprs =ADMITS€tOptiOHS ( 5 0 o Time Invariant Estimates
'"ESTIMATE.outerBounding.use', 1, ... I 10 10 10

'ESTIMATE .outerBounding.iterations', 3)

Compose

optInfo = ADMITcompose (opt, ops)  a priorj
bounds

} estimated
Ll bounds

0.1 0.1 01 <

pl p2 p3




Summary and Results: Bisectioning
Bisection for the parameters p1, p2, p3

opt = ADMITproject('MichaelisMenten.opt') Estimate

Variables optResult = ADMITestimate (optInfo, ops)
pl := {real,timelnvariant,ofInterest} Visualize results
p2 := {real,timelnvariant,ofInterest}
p3 := {real,timelnvariant,oflInterest} ADMITplotBisectioning (optResult, ops)
) Figurel EI@
Set Optlons Eile Edit View Inset Teols Desktop Window Help ]
j_jh‘d;’ h‘ +\_\€T?@&h_£' @J DIE‘ Q
ops = ADMITS@tOpthHS ( 50 o Bisectioning plot
'ESTIMATE .bisectioning.use', 1, ... .-t feasible
'"ESTIMATE .bisectioning.splitDepth', 3 Pt N
138313 70 L i e S T
RS L region.
Compose (N1 P B ] g

m 09734

optInfo = ADMITcompose (opt, ops)

0768147
0863183~ L e

1.58028

1.24329
0.906312

0.56933 _

0.232349 0.774411

107711




Example B: Carnitine-Transport (Overview)

Task: Parameter estimation and uncertainty analysis for Carnitine shuttle

Reference parameter

Tn VEhG Unit Dynamical model AGICSAl  Con
p’i‘ 5.006-4 uMs—l ] - . Carnitine g Acyl carnitine
p;  1.03e-1 p(Ms)-! * mass action kinetics

x - » five unknown o
ps  236e-2 s! Wﬁ Wﬁ
pz 1 _858—2 ,‘l' (Ms) -1 pa ra mete rs Translocase
pt 25062 s SUUY 48Ul
Co 0.33 uM e
06n 1 -00 ,.LM Carnitine ﬁ Acyl carnitine
Acyl CoA CoA

Measurements
* 25 measurements,
* uncertain (2-4% rel. error)

T1 = pru — pax122 + p3(Co — x2))

Ty = —pax122 + p3(Co — x2) + pa(Co — x2)x4)
T3 = —p2x3T4 + p3(Cy" — T4) — p5T3)

t4 = —p4(Co — T2)T4 — p2x374 + p3(CY" — T4))

»

A priori knowledge
0.33p; < p; < 3pj, i €[1:5]

= ADMIT/examples/Carnitineshuttle/analyzeModel_parameterEstimation.m



General Workflow and Example Highlights

Initialize project ADMITproject ()
' ADMITimportData () * read measurements
Import data, ADMITprocessData () “ from a table
preprocess data ADMITaddData () * add uncertainty
‘ decription
Compose ADMITcompose ( )
Estimate ADMITestimate ()
ADMITplotResults ()

Visualize ADMITplotBisectioning ()



Carnitine-Transport: Structure and syntax of the 'opt’ file

Variables

* states: x1-x4
e parameters: pl-p5, of interest
* constants: CO, COm, u

Time-vector

Model dynamics

* discrete-time model

A priori data

* 3 priori bounds on
parameters and constants

! Editor =n =R ==
File Edit Text Go Tools Debug Desktop Window Help WA
j_ﬁ:] ] :2] = Mﬁﬂﬁ,@ﬂﬂmm@ Stack:| Baze EHD]EE@
=10 [+ | £ 11 | x| o8| @
1 |\#*\l’ﬂr*\l’ﬂr\#i’\# NAME ~
2 carnitineshuttle parameterEstimaticn
3
4 R ERE N R R RN NOTES
5
' WR R RN RN VARTIABLES
7 =1 := { real, timeVariant }
B 2 =1 real, timeVariant }
9 3 = { real, timeVariant }
10 x4 := { real, timeVariant }
11 pl := { real, timeInvariant, ofInterest }
12 p2 := { real, timeInvariant, ofInterest }
13 p3 := { real, timeInvariant, ofInterest }
14 p4 := { real, timeInvariant, ofInterest }
15 p5 := { real, timeInvariant, ofInterest }
16 0 = { real, timeInvariant } =
17 Clm = { real, timeInvariant }
18 u := { real, timeInvariant }
18
20 e R R s TIME_SETS
21 t m0 := { 0:%:125 }
22
23 HRAHA R HE AR CONSTRAINTS
24 % discrete model
25 xl(t=t m0) := 0 == x1(t-1)-x1(t)+ (TIME(t)-TIME (t-1))*(0.0236%p3* (CO-x2 (t-1))
26 x2(t=t_m0) := 0 == x2(t-1)-x2 (t)+ (TIME (t)-TIME (t-1))* (0.0236%p3* (CO-x2 (t-1))
27 =3 (t=t_m0) =0 == =3(t-1)-=23(t)-(TIME(t)-TIME(t-1))*(0.025*p5*x3 (t-1)-0.02:
28 x4 (t=t_m0) =0 == x4 (t-1)-x4(t)-(TIME(t)-TIME (t—-1))* (0.0185%pd*x4 (t-1)* (CO-
25
30 % prior parameter bounds
31 pl := [0.33, 3]
32 p2 := [0.33, 3]
33 p3 = [0.33, 3]
34 p4d := [0.33, 3]
35 ©5 := [0.33, 31 S
a4 m 3

[carnitineshuttle_parameterEsti... ><] analyzeModel_parameterEstim... * | carnitineshuttle_stateEstimatio... * | analyzeModel_stateEstimation.... =

plain text file

Ln 1 Col 1 OVR




Carnitine-Transport: Measurements

Measurement data import

* measurements can be included from a table (csy, xls,...)
* here: import from table (csv), carnitine.dat

» optData = ADMITimportData ('carnitinedata.dat')

Measurement uncertainties

* add uncertainty description if available, here:
additive relative error of 4% of all measurements

» optData = ADMITprocessData (optDhata, {'x1', 'x2','x3"','x4"'},[0:5:125]1,0.04,0.0)

T A A
species

time-points

relative uncertainty [%]

absolute uncertainty

* data can be plotted and then added to the ADMITproject

» ADMITplotData (optbhata, {'x1', 'x2"', 'x3"', 'x4"'})
opt = ADMITaddData (opt, optData)



Carnitine-Transport: Workflow

7 Editor [E=H Ee8 =X
Eile Text Go Cell Togols Debug Desktop Window Help L4
j_iﬂ ] B9 ;;“de-¢&, b'aﬁﬁ Stack:| Base f’é EEII]]EIEJ@
2 &3 | - = Y ]
eg ® o 8 & 1.0 + =11 E - )
Initialize T EEpT— o
2 - close all
3= clc
4
Import data 5 %% Description : Carnitine-transport, parameter estimation
[ %
1 7
* import from table —
; 8 %% Load 'opt' file
H 9 — opt = ADMITproject('carnitineshuttle parameterEstimation.opt'};
* 4% relative error g ® prod : © = parane : :
11 %% Import and modify data
. — || 12 $ import from Table
Set optlons I 12 — optData = ADMITimportData('carnitinedata.dat'};
14 % uncertainty description, 4% relative error
. 15 — optData = ADMITprocessData(optData, {'x1',"x2', 'x3"', 'x4"'}, [0:5:125],0.04);
[
OUterboundlng 16 % add data to ADMITproject
. . 17 — opt = ADMITaddData (opt,optData):;
* 5 iterations o
. 19 %% Bet options (outer-bounding, 5 iterations)
* LP: cplex |
21 — ops = ADMITsetOptions('ESTIMATE.bisecticoning.use',0,...

ST L)
[FSI &)

Compose

LI T SR X
e I T
|

Estimate

[ o8]
[==]

Wk
Hooow
|

Visualize

[TV ]
L B

'ESTIMATE. outerBounding.iterations', 5, ...

'YATMIP.solver', 'cplex');

%% Compose feasibility problem
optInfo = ADMITcompose (opt,ops);

%% Estimate
optResult = ADMITestimate (optInfo,ops)

%% Visualize
ADMITplotResults (optResult, ops);

%% Scenarios with other and larger parameter uncertainties:
%

‘iil‘l‘l

Further scenarios

carnitineshuttle_parameterEsti.., * [anaIyzeModeI_parameterEstim... ><] carnitineshuttle_stateEstimatio.. * | analyzeModel_stateEstimation.... *

script Ln 15




Carnitine-Transport: Results (outer-bounding)

Outer bounding, 4% relative measurement uncertainty

opt=ADMITproject ('carnitineshuttle param...

Variables

pl := {real,timelnvariant,oflInterest}
p2 := {real,timelInvariant,ofInterest}
p3 := {real,timelnvariant,oflInterest}
p4 := {real,timelnvariant,oflnterest}
p5 := {real,timelInvariant,oflInterest}

A priori data
«0.33p; < p; < 3pj, i€[l:5]
Measurements

* 4% relative error on x1-x4

Set options

ops = ADMITsetOptions(...
'"ESTIMATION.outerBounding.use',1, ...
'"ESTIMATION.outerBounding.iterations', 5)

Compose

optInfo = ADMITcompose (opt, ops)

Estimate

optResult = ADMITestimate (optInfo, ops)

Visualize results

ADMITplotResults (optResult, ops)

Figurel
Eile Edit View Inset Teols Desktop Window Help L]

j_jdu.:! [“t? +\'\{W?@‘-h_df’@_) DE i

Time Invariant Estimates

3 3 3 3 3

0.33 0.33 0.33 0.33 0.33
1 1 1 1 1
pl p2 p3 pd p5




Carnitine-Transport: Results (state estimation,outer-bounding)
2% relative uncertainty, uncertain parameters

opt = ADMITproject('carnitineshuttle state...

Estimate
Variables optResult = ADMITestimate (optInfo,ops);
x1 := {real,timeVariant,ofInterest}
Visualize results
A priori data
ADMITplotResults (optResult, ops)
c0<z.(t) <1, ¢t>0
*0.95p7 < p; <1.05p7, i € [1:5] Bl o2 oo e
v — - v File Edit View Insert Tools Desktop Window Help ~
D de |k AKRODEL-|2|0E O
[Edit Plot ] .
Measurements o Variable x1(t)
* 2% relative error on x1-x4 ol
Set options »
ops = ADMITsetOptions(... =
'ESTIMATE.outerBounding.use',1, ... L
'ESTIMATE.outerBounding.iterations',3, ...
'YALMIP.solver, 'cplex') 0.05F
Compose o | . . . . . .
0 20 40 60 80 100 120
time t

optInfo = ADMITcompose (opt, ops)



Carnitine-Transport: Results (state estimation,outer-bounding)

2% relative uncertainty, exact parameters

opt = ADMITproject('carnitineshuttle state... Estimate
Varlables optResult = ADMITestimate (optInfo, ops)
x1 := {real,timeVariant,ofInterest}

Visualize results
A priori data

c0<z:1(t)<1,¢t>0

ADMITplotResults (optResult, ops)

) pi — p;:k, ?: E [1 : 5] (exact!) Figurel EI@
Eile  Edit Mew Inset Tools Desktop Window Help k]
DEde RO EL- S| 0EH D
Measurements 0o e B

* 2% relative error on x2-x4

0.2+

Set options

ops = ADMITsetOptions(... =
'"ESTIMATE.outerBounding.use', 1, ... " ol
'ESTIMATE.outerBounding.iterations',3, ...
'YALMIP.solver, 'cplex"') 005l

Compose feasibility problem

tIJ 2IU 4IU EIU BI[J 1 tI]U 1;2[1
optInfo = ADMITcompose (opt, ops) time t




Example C: Two Tank Bioreactor (Overview Fault Diagnosis)

Task: Fault Diagnosis for two tank bioreactor

Reference parameter

Sym Value Unit
c1g  6.00e-4 m>/2g~1
co  2.00e-4 mb/2g1
Cy, 2.60e-4 mb/25~1
@  4.50e-4 mbd/2s7!

Measurements (artifical)
 uncertain (5% rel. error)

»

A priori parameter knowledge

e uncertain (+2.5e-5 abs. error)

Dynamical model

input w
* four uncertain af 1

parameters
e two fault

scenarios i,
Ho
qr.

f,r-_:-* output y

Z(Qp(t) —qr(t) — qu2(t))
1

(q12(t) — q2(2))

Q'p (t) — QP 1 - \/Hl max
qr(t) = CLdL( ) s2v/ Hi(t)

H, =
H,

D>|

q12(t) = ci281y/ Hi(t) — Ha(t)

g2(t) = cada(t)/ Ha(t)

= ADMIT/examples/TwoTanks/analyzeModel_faultDiagnosis.m



Two Tank System: Workflow (Fault Diagnosis)

Variables

* measurements created for 300s with possible occurence of the fault at 150s
* we consider only one fault at a time

e fault scenarios are modelled using binary variables s1, s2:

» sl := {binary,timelnvariant,oflInterest}
s?2 := {binary,timelnvariant,oflInterest}

*s1: 0 — when valve between tanks is clogged, 1 — when valve functions normally
*s2: 0 —when tank 1 is sealed, 1 — when tank 1 is leaking

Estimate

 estimate values of s1, s2 that are consistent with (simulated) measurements data
e fault is detected if (s1,52)=(1,0) is not consistent T ,
with the data TSI T PHE LT
* fault is uniquely diagnosed if only one of the pairs ire
{(1,0), (0,0), (1,1) } is consistent with the data

9)

07a0

not
leakage
Notes considered -

G 057

* here we estimate values of s1, s2 via bisectioning

clogging faultless

O

] 0.25 0.5 0.75 1



Two Tank System: Result | (Fault Diagnosis)
Bisectioning of the fault switches s1, s2

Fault Diagnosis

* measurement data (uncertain) provided from the real plant (here simulated)
» goal: discard fault scenarios, that cannot represent this measurement data

Faultless system (simulated data) Results I:

Fgure 1 2 k) g Fgure 1 & & &
File Edit Wiew Insert Tools Desktop Window Help k] File Edit Wiew [nsert Tools Desktop Window Help k]
NS de | RATDRLA-|2|0E| 0D NSl M| ARVNDRL- |0 | =D

Bizectioning plot
0d4r

0.35

0.3 0.7ar

. x not x

considered leakage

% 05
0.2
015r nesf /
0 x clogging faultless
of
0.05 .

1 1 1 1 1 ] 1 1 1 1
0 a0 100 150 200 a0 300 i} 0.2 05 0.75 1
1



Two Tank System: Result Il (Fault Diagnosis)

Bisectioning of the fault switches s1, s2

* simulated appearance of the faults (leakage in the tank 1 or clogging of the valve)
 unique fault diagnosis: only one considered faulty model is consistent with the data

Leakage at 150s (simulated data)

Clogging at 150s (simulated data)

. Fgure 1 " Fgure 1 >
File Edit Wiew Insert Tools Deskiop Window Help A File Edit V¥iew |Insert Tools Desktop Window Help £l
NEES | MAKDDEL- |2 08| D D de| bR 09RL- 2|08 D
04r 07
035+ D8 mmmmmmmm
05
04
"
0zr
Agures 1 0.1 - Fgure 1
File Edit View |Insert Tools Desktop Window Help Fil=  Edit Wiew |Insert Tools Deskiop Window Help
NEHL [ L RALODEL- Q0| =D or NEde KHAATDEL- |G| 0E ad
0.05 L I Bisectioning plot -0 L Bisectioning plot
0 50 100 1} 50 100
ir r
orsr A o not / Brsy A o not A =
, Y leakage x _ x leakage
o 1s considere o os considere
0zsfp 0251
x clogging x faultless clogging x faultless
ofr ab
] 0.25 0.5 0.75 ] 0.25 0.5 0.75 1

31

31



Two Tank System: Overview (Reachability Analysis)

Task: Reachabilty Analysis for two tank example

Reference parameter

Sym Value Unit
c1g  6.00e-4 m>/2g~1
co  2.00e-4 mb/2g1
Cy, 2.60e-4 mb/25~1
@  4.50e-4 mbd/2s7!
Measurements

* only (uncertain) initial data
(first time step)

A priori parameter knowledge

e B ey (LD I'A 2 olbe A

° uncertdain \"'4 JE-O dS. €101

-\
)

»

Dynamical model

input w
* four uncertain sf ¥

b

parameters
 two fault
scenarios i,
* H1, H2 unknown \
iy = 2 (a(t) — as(t) — qua(t)
I, = §<q12<t> - aa(t)
Q'p (t) — QP 1 - \/Hl max
qL(t) = CLdL( ) s2v/ Hi(t)
q12(t) = ci281y/ Hi(t) — Ha(t)
g2(t) = cada(t)y/ Ha(l)

= ADMIT/examples/TwoTanks/analyzeModel_reachability.m

f,r-_r* output y



Two Tank System: Result (Reachability Analysis)

Outer bounding of the states for a given time horizon.

Reachability Analysis

Fgure 1
* initial states (uncertain) provided File Edi View Insen Tools Deskiop Window Help

=15 2.4- 2|08 0O
+ global bounds assumed unmeasured states =2 @@ B0 9% (210E
i i variable H1 )
* goal: state estimation o
under parametric uncertainty ' * ‘

04r

H1if)

0er

|:| -
1

Notes a a 10 — 15 20

Yariahle HZ(D

06~

e user can estimate bounds on the states
at specific time instances (here at every N }

HEzit)

time instance but the first one) il

e user can fix the values of faulty switches —
s1, s2 or leave them uncertain

* initial global bounds improved by toolbox
via interval arithmetic (thin bars)

L L L
10 15 el



Two Tank System: Overview (Monte Carlo)

Task: Monte Carlo sampling for two tank example

Dynamical model
Reference parameter

input w
Sym Value Unit * four uncertain ef ¥

¢  6.00e-4 mb5/2g~1 parameters
C2 2.00e-4 md/2%2g1 * two fault
c;,  2.60e-4 mb/2s~1 scenarios H.{ }

| H.
= i 5/2 .—1 .
dp 4.50e-4 m°/“s ,& =¥ output ¥

»

Measurements
* time-course data
 uncertain (5% rel. error)

(ap(t) — qr(t) — q12(t))
(q12(%) — g=2(t))

wp(t) = )(1 = v/ Hi1(t)/hmax)
qr (t) chL( ) s21/ Hi(t)

q12(t) = ci2s1v/ Hi(t) — Ha(t)
g2(t) = cada(t)V/ Ha(?)

= ADMIT/examples/TwoTanks/analyzeModel _MonteCarlo.m

H, =
Hy =

:LI'—‘:D-I"‘

A priori parameter knowledge

* ¢, uncertain (+2.5e-4 abs.)
* € €y G, Uncertain (+2.5e-5 abs.)




Two Tank System: Result (Monte Carlo Sampling)

Monte Carlo sampling

Estimation

* user can create Monte Carlo samples after the

problem is formulated in QP format (optinfo):
» [fS,1S] = ADMITMonteCarlo (optInfo, 100, ops)

e function produces 100 samples and
evaluates in(feasibility)

Monte Carlo

* measurement data (uncertain) provided

File  Edit View Insert Tools Deskiop MWindow Help

DS HS | K| ALNODEL- 2|08 | =D

Variahle H1(

H1)

03

0E8

HE(t)

026

024t

Fgure 2 2 D &S

[ . 1 1 Eile Edit View |Insert Tools Desktop Window Help kY
goal: find Monte Carlo samples, that fit NN T PRI

this measurement data

Notes

............ was performed for
the same problem to compare the results
* guaranteed: feasible Monte Carlo samples

within the estimated bounds

=

Time Invariant Estim ates

0.000825  0.00022%5 0.00051 0.000475 1 1

[ 0.000575  0.000175 1e-05 0.000425 0 0
1 1

1
clé

1 1
ce clL gpHat 51 52




Example D: Adaptation (Overview)

Task: combined parameter and state estimation for adaptation process,
using (uncertain) quantitative measurements and qualitative information

Measurements Dynamical model
* time-course data (Aa + Ba) input u
* uncertain (2% relative error) l
_|_
et us . Ag)] <——= 4
Qualitative Information (for Ca) - MA+ €5
‘mode] 2 Mell 15 ¢ model 3|
A priori data G~— (@) B)~———=@)
+ -
* parameters T T
Y
output y

 Michaelis-Menten kinetics

a ‘:‘lﬂ II“II“AI..“ [ 2 X ¥ olen | -
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= ADMIT/examples/Adaptation/analyzeModel.m



Adaptation (Data)

Measurements
. Fgure 1
File  Edit View [nsert Tools Desktop Window Help
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* time-course data (Aa + Ba)
* uncertain (2% relative error)

Qualitative Information (Ca)

Stimulus

E,

1.15 Yo

C, [a.u.]

Yo+EE'1"" i I

Yo
Yo-€F------ e R il et Tt

0.95 yo

to tq 8445 1425
Time [a.u.]

1. after stimulus withdrawal, system adapts to
daptation)

prestimulus level within 30s (a
2. Ca never drops below 95%
of its initial condition
3. Ca reaches maximum within 5
stimulus is withdrawn

s after



Adaptation (Results)

Task: combined parameter and state estimation for adaptation process

Variables Results (lllustration)
p := {binary,timeVariant,ofInterest} .
Input u
pl := {binary,timeVariant,ofInterest}
p2 := {binary,timeVariant,ofInterest}
.«— (4

Add qualitative information A+

13|
- o W
AND linked propositions: . . B)~——— -
ADMITconstraint ('p <==> &{pl,p2}") ?
OR linked propositions:

ADMITconstraint ('p <==> |{pl,p2} ")
output y
* models which does not admit the

required qualitative behavior
(adaptation) are invalidated
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