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We do not usually have enough sets of experimental data to conduct
statistical analyses on the sets of parameters found from them...
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Find x that minimizes |If (X)! y'l|2

Gauss Newton method
Tnew — Lold T ('JT'J)! 1(\]T(f(wold) | y))
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Approximating the Jacobian matrix
IS computationally expensive ...
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Example 1 HIV kinetics model of Miao et al.

Conventional |
Algorithm New Algorithm
131508 Numbgr of 11280
simulations
2 hours CPU time 10 min

CPU time measured on Intel Xeon 2.66GHz Processor on Mac Pro




Example 2 Benchmark Problem of Moles et al.



Example 2

dul
dt
dU2
dt
dU3
dt
dU4
dt
dU5
dt
dU6
dt
dU7
dt

dUg

dt

Benchmark Problem of Moles et al.

X1/ (1 +(p/x2)*® +(Xals)™) ! XeUz

X7/ (L+(p/xg)™ +(Xg0/U7)*™) ! XpUp
X13/ (1 + (/X 14)™* + (X16/Ug)"") ! X1gU3
X19/ (X20 + Ug)uz ! Xz1Uyg

X22/ (X23 + U2)Uz ! X24Us

X25/ (X26 + Uz)uz ! Xa7Ue

X 2g/X 29U4(S ! U7)/ (1 + S/X 59! U7/X 30)

' X31/X 3ous(u7 ! ug)/ (1 + uz/X 32 + UglX 33)

X31/X 32Us(U7 ! Uug)/ (1 + u7/X 32 + Ug/X 33)

| X34/X 35U6(U8 I p)/ (1 + Ug/X 35 + p/X 36)

Carmen G. Moles, Pedro Mendes, and Julio R. Banga. Parameter Estimation in Biochemical Pathways:
A Comparison of Global Optimization Methods. Genome Research, 13:2467-2474, 2003.



Example 2

dU1
dt
dU2
dt
dU3
dt
dU4
dt
dU5
dt
dU6
dt
dU7
dt

dU8

dt

Benchmark Problem of Moles et al.

X1/ (1 + (p/x2)*® +(Xals)™®) ! Xeuz

X7/ (L +(p/Xg)™® + (Xg0/U7)*™) ! XUz
X13/ (1 + (/X 14)™* + (X16/Ug)™") ! XygU3
X19/ (X20 + Ug)uz ! XzzUy

X22/ (X23 + U2)Uz ! Xp4Us

X25/ (X26 + Uz)uz ! Xa7Ue

X 2g/X 29U4(S ! U7)/ (1 + S/X 29! U7/X 30)

| X31/X 32us(u7 ! ug)/ (1 + uz/X 32 + uglX 33)

X31/X 32Us(U7 ! ug)/ (1 + u7/X 32 + Ug/X 33)

| X3a/X 35U6(U8 I p)/ (1 + Ug/X 35 + p/X 36)

Carmen G. Moles, Pedro Mendes, and Julio R. Banga. Parameter Estimation in Biochemical Pathways:
A Comparison of Global Optimization Methods. Genome Research, 13:2467-2474, 2003.
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Benchmark Problem of Moles et al.

Conventional

Algorithm New Algorithm
174,586 Number of 3167
simulations
CPU time

CPU time measured on Intel Xeon 2.66GHz Processor on Mac Pro




Example 2

Benchmark Problem of Moles et al.

Conventional

Algorithm New Algorithm
174,586 Number of 3167
simulations
3 days CPU time

CPU time measured on Intel Xeon 2.66GHz Processor on Mac Pro




Example 2

Benchmark Problem of Moles et al.

Conventional

Algorithm New Algorithm
174,586 Number of 3167
simulations
3 days CPU time 15 hours

CPU time measured on Intel Xeon 2.66GHz Processor on Mac Pro
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Practical Parameter |dentitiability Analysis

Nonlinear Model

Computational Cost

Monte Carlo / Bootstrap
method

Robust

Impractically Slow %

Monte Carlo / Bootstrap
method + New Algorithm

Robust

Practically acceptable
computational cost
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