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Monte Carlo / Bootstrap method

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 = that minimizes ||f(x) — y*||2
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Find = that minimizes ||f(x) — y*||2

Levenberg-Marquardt method
Tnew = Told + (J J + M) 7T (f(2o1a) — y*))

Approximating the Jacobian matrix
IS computationally expensive...



Conventional Algorithm



Conventional Algorithm

Jacobian matrix:

" ofn oh ... Of
0xq Oxo ox
fs  0fs .. Ofs

T — 8.x1 8:?'2 0L,
Ofn  Ofn Ofn

. Oz Oxo O _




Conventional Algorithm

Jacobian matrix:

|
ﬂ

~

—

QO
8
N =

QO
S
=

|

(QJ‘QJ
&g k‘ﬁ [ ] [ [ ]
=S

0 f1
8:1:2
0 f2
8%2

Ofn
8:132

Of1
ox

0L,

9 f

O0Tm




Jacobian matrix:

- Ofh

3331
Of2
8:131

Ofn

| Ox1  _

¢

- Ofu

Conventional Algorithm




Conventional Algorithm

Jacobian matrix:

- Ofh

3331
Of2
8:131

Ofn

| Ox1  _

- O0fi  Of1
8:1:1 8%2
Of2  Of2
J _ 8w1 8%2
Ofn  Ofn
L 65131 85132
.f(xla L2, xm)




Conventional Algorithm

Jacobian matrix:

- Ofh

3331
Of2
8:131

Ofn

| Ox1  _

¢

- OJ1 0 f1 o Of1
8:1:1 8%2 ox
Of>  Of2 Ofa
J _ 8w1 8%2 c‘hm
Ofn  Ofn O fn
. Oz Ox2 OX
.f(xlaxZa"'xm) —f(.fli'l—G,iUQ,"'Q?m)



Conventional Algorithm

Jacobian matrix:

- Ofh

3331
Of2
8:131

Ofn

| Ox1  _

- O ofr of1 =
8:1:1 8%2 ox
Ofa  Of; Ofs
J _ 8w1 8%2 c‘hm
Ofn  Ofn Ofn
. Oz Ox2 OX
f(CE'l,CUQ, xm) _f(xl —G,QUQ,"’Qfm)
€



Conventional Algorithm

Jacobian matrix:

- of Of ... Oh
8:1:1 8%2 ox
Of2  0Of dfa
T — O0xq 8:?'2 0L
Ofn  Ofn O fn
. Oz Ox2 OX
ofi
8:137;
0 f2
ox; N.f(xla”'7$i7"'7$m)_f(3317 y Lg — €, 7:Em)
O fn _
T 1 =1, 2,




Conventional Algorithm

Number of simulations needed to obtain 1,000 sets of parameters.



Conventional Algorithm

Number of simulations needed to obtain 1,000 sets of parameters.

(Number of parameters + 1)



Conventional Algorithm

Number of simulations needed to obtain 1,000 sets of parameters.

(Number of parameters + 1) x Number of iterations



Conventional Algorithm

Number of simulations needed to obtain 1,000 sets of parameters.

(Number of parameters + 1) x Number of iterations x 1,000



New Algorithm



New Algorithm

10" — e
10‘0; ]
10° b ]
© 10° 3 3
- o ]
o
]
GEJ 107 3 E
m N B
| -
© 6
Q. 10°F 1
1O5 3 E
10* | ° ]
103 - " " " " PR | " " " " PR | " " " " M
107 10° 10 10

Parameter 4

Virus Concentration

Time elapsed (¢)

i K N N
* * *
*
x*
* ¥ K ]
% *
\ ‘3
*

|

2I0 4IO 6I0 8I0 1 60 1 éO 1 4I'rO 1 GLO 180



11

New Algorithm

10 ¢
10105_
10" ¢

10" ¢

10 ¢

Parameter 6

10" ¢

10 ¢

oo

€

10
-1

10

10° 10"

Parameter 4

10

Virus Concentration

Time elapsed (¢)

i K N N
* * *
*
x*
* ¥ K ]
% *
\ ‘3
*

|

2I0 4IO 6I0 8I0 1 60 1 éO 1 4I'rO 1 GLO 180



New Algorithm

10" — e
10‘0; ]
10° b ]
© 10° 3 3
- o ]
o
]
GEJ 107 3 E
m N B
| -
© 6
Q. 10°F 1
1O5 3 E
10* | ° ]
103 - " " " " PR | " " " " PR | " " " " M
107 10° 10 10

Parameter 4

Virus Concentration

Time elapsed (¢)

i K N N
* * *
*
x*
* ¥ K ]
% *
\ ‘3
*

|

2I0 4IO 6I0 8I0 1 60 1 éO 1 4I'rO 1 GLO 180



New Algorithm

Approximating the Jacobian matrix using the neighbours...



New Algorithm

Approximating the Jacobian matrix using the neighbours...



New Algorithm

Approximating the Jacobian matrix using the neighbours...

Jacobian is like... Slope



New Algorithm

Approximating the Jacobian matrix using the neighbours...

Rise

Jacobian is like... Slope ~
Run



New Algorithm

Approximating the Jacobian matrix using the neighbours...

Rise

Jacobian is like... Slope ~
Run

Rise: Ay — f(iE) — f(wneighbour)



New Algorithm

Approximating the Jacobian matrix using the neighbours...

Rise

Jacobian is like... Slope ~
Run

Rise: Ay — f(iE) — f(wneighbour)

Run: Ax = x — Lneighbour



New Algorithm

Approximating the Jacobian matrix using the neighbours...

Ay
Ax

Jacobian is like... Japprox =

Rise: Ay — f(iE) — f(wneighbour)

Run:; Ar =x — Lneighbour



New Algorithm

Approximating the Jacobian matrix using the neighbours...

Ay — Japprox Ax

Ay — f(iE) o f(wneighbour)

Ax =T — Lneighbour



New Algorithm
Approximating the Jacobian matrix using the neighbours...
Ay(Z) — Japprowa(i)

for ¢+ = 1, 2, .+« y Nneighbour

Ay(z> — f(il?) o f(aj](azgighbour)
(2)

(1) —
Az — & wneighbour



New Algorithm

10" — e
10‘0; ]
10° b ]
© 10° 3 3
- o ]
o
]
GEJ 107 3 E
m N B
| -
© 6
Q. 10°F 1
1O5 3 E
10* b ® 3
103 - " " " " PR | " " " " PR | " " " " M
107 10° 10 10

Parameter 4

Virus Concentration

Time elapsed (¢)

i K N N
* * *
*
x*
* ¥ K ]
% *
\ ‘3
*

|

2I0 4IO 6I0 8I0 1 60 1 éO 1 4I'rO 1 GLO 180



New Algorithm

10" — R
10‘0; ]
10° b ]
(@) 10° 3 @ 3
- i ]
) ]
]
GEJ 107 3 E
m N B
| -
© 6
Q. 10°F 1
1O5 3 E
10* b ® 3
103 - " " " " PR | " " " " PR | " " " " M
107 10° 10 10

Parameter 4

Virus Concentration

Time elapsed (¢)

i K N N
* * *
*
x*
* ¥ K ]
% *
\ ‘3
*

|

2I0 4IO 6I0 8I0 1 60 1 éO 1 4I'rO 1 GLO 180



New Algorithm

11

10 F T T T 1 T T T 1 T —T T
10k E -
10° | E
- *
] o
10° F 3 T -
© 5 ® § © X
S ] )
g 3
()] 7
10 F 3 &) S x
= 5 z -
© O
S O % $
6
o 10 E 7)) ¥
>
= *
= *
10° 3 E 0 * 1
10* L g J —1{ -
103- . N . N . N _2 I I I I I I I _ L
107" 10° 10" 10° 0 20 40 60 80 100 120 140 160 180

Parameter 4 Time elapsed (¢)



11

10

Parameter 6

10° |

10" |

10

10

New Algorithm

10105
107 |

10" |

0 1

10 10

Parameter 4

10

Virus Concentration

T ) T
*
K
*
*
*
y
| | | | | | | 1
20 40 60 80 100 120 140 160 180

Time elapsed (¢)



NI

NI L7
) iZ 4,

New Algorithm

(7)

! I L L
60 80 100

40

20

%

1011E
1&0?

o
1
©
[=}
~—

10° £

Il
0 ~
o o
~— —

9 Jeloweled

10* 3

10°

160 180

140

10°

10

10°

107

Time elapsed

Parameter 4



NI

NI L7
) iZ 4,

New Algorithm

(7)

! I L L
60 80 100

40

20

%

1011E
1&0?

o
1
©
[=}
~—

10° £

Il
0 ~
o o
~— —

9 Jeloweled

10* 3

10°

160 180

140

10°

10

10°

107

Time elapsed

Parameter 4



New Algorithm

10" R — R
10‘0; E
10° | E
(-
- O
8 )
© 10 F ° E ©
— ] =
T 5
O 107 3 E (@)
= 5 z -
9 O
® =
10° =
10" F g . 1 \
103 . N . N . N ) ! ! ! ! ! ! ! !
10°! 10° 10' 102 0 20 40 60 80 100 120 140 160 180

Parameter 4 Time elapsed (¢)



11

New Algorithm

10" ¢ . : .
10‘0; e
10° E
i c
- O
© 10 E ®
— i =
T 5
GEJ 107 3 E 8
S ' o
Dct_s 10° | 1 %
-
=
10° =
10* L g J 1t -
103 N . N . N ) ! ! ! ! ! ! ! !
107" 10° 10" 102 0 20 40 60 80 100 120 140 160 180

Parameter 4 Time elapsed (¢)



New Algorithm

10115 " 1 " 1 " T 6 T T N T T T T T
10‘0; .
10° | .
c
- O
8 )
© 10 F ° E ©
= ] =
T 5
Q 0} 3 Q
& 5 ; c
9 o
°o 2
10° >
10* L g J
103 . N . N . N ) ! ! ! ! ! ! ! !
10 10° 10’ 102 0 20 40 60 80 100 120 140 160 180

Parameter 4 Time elapsed (¢)



New Algorithm

10115 " 1 " 1 " T 6 T T N T T T T T
10‘0; e
10° b J
c
- O
8 )
© 10 F ° E ©
- ] e
T 5
S i ] o
>
e =
10° >
10" | e 1
103 . N . N . N ) ! ! ! ! ! ! ! !
107 10° 10’ 102 0 20 40 60 80 100 120 140 160 180

Parameter 4 Time elapsed (¢)



New Algorithm

10115 : —————— : —————— : 3 6 T T T T T T T T
10 E
10° b E
C
- 9
8 )
© 10 F ° E ©
— ' -
T 5
O 107 3 E (@)
= 5 z -
© O
°o =
10° =
10" | e 1
103 . N . N . N ) ! ! ! ! ! ! ! !
107" 10° 10" 10° 0 20 40 60 80 100 120 140 160 180

Parameter 4 Time elapsed (¢)



New Algorithm

Number of simulations needed to obtain 1,000 sets of parameters.



New Algorithm

Number of simulations needed to obtain 1,000 sets of parameters.



New Algorithm

Number of simulations needed to obtain 1,000 sets of parameters.

1 x Number of iterations



New Algorithm

Number of simulations needed to obtain 1,000 sets of parameters.

1 x Number of iterations x 1,000
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Example 1 HIV kinetics model of Miao et al.
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Example 1 HIV kinetics model of Miao et al.
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131,508 Number of 11 280
simulations
2 hours CPU time 10 min

CPU time measured on Intel Xeon 2.66GHz Processor on Mac Pro
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Example 2 Benchmark Problem of Moles et al.

du
W a1+ (/2™ + (2a/5)7) — g
du
W2 2r/(1+ (p/ae)™ + (wr0/ur)™) — w132
du
W3 s/ (Ut (pf10)™ 4 (10/us) ™) — 150
du
d—t4 — :Elg/(xz() + ul)ul — X21U4g
du
du
d—tG — $25/($26 + U3)U3 — X27Ug
du
d—t7 = Lag/T2oua(s —ur)/(1 + s/229 — u7/T30)
— z31 /z30us(ur — ug) /(1 + ur /x50 + us/x33)
du
d—tS — 3331/3’,‘3211,5(71/7 — US)/(l + U/7/$32 + US/CU33)

— x34/%35u6(us — p)/(1 + ug/x3s5 + p/T36)

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 Benchmark Problem of Moles et al.

du
D1 /(1 + ()™ + (/517 g
du
W2 — /(1 + (p/a8) + @io/ur ) — Eipua
du
s s (L (/00 + () 57) — i
du
d—t4 — xlg/(xzo + ul)ul — XL21U4g
du
du
d_t6 — 21325/(3726 + U3)U3 — L27Ug
du
d—t7 = Tgg/Taoua(s — ur)/(1 + /@29 — u7/T30)
— @31 /Taous(ur — ug) /(1 + ur /@3 + us/@33)
du
d—tS — 3331/333211,5(?1/7 — US)/(l + ’U/7/CU32 + u8/x33)

— @34/ %35u6(us — p)/(1 + ug/x35 + p/T36)

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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Example 2 Benchmark Problem of Moles et al.

Conventional Algorithm New Algorithm

4 4

ARE
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Benchmark Problem of Moles et al.

Conventional |
Algorithm New Algorithm
Number of
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
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
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 1.5 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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