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ABSTRACT

Biological processes are random in naturé studying them through
laboratory experiments alone is costly and timescoming. Applying
mathematical modeling provides a more efficient rodt for understanding
and modifying them. Recently we proposed an algoriBox to assist in
modeling and controlling any biological pathway.the Box algorithm, the
output (protein concentration) control and optirtima is carried out by
applying simulated annealing to selective high-giity reactions. Here we
apply an alternative approach, a genetic algoritimplace of simulated
annealing, in the Box algorithm. The improved Balgorithm compares
outputs derived by simulated annealing with outplgsived by the genetic
algorithm and chooses the better set of valuestii¥& provide a tool to guide
the modification of biological pathways that is bodccurate and easy to
apply. We illustrate our technique using the TiNRediated NF«B pathway.

INTRODUCTION

Modeling and control of biological pathways is edreme importance for studying
mutations (Kitano, 2002) and for synthetic biolofdndrianantoandro et al, 2006).
Parameter extraction (Feng and Rabitz, 2004) amdlojfement of mathematical models
of biological systems have increased the posséslifor modeling pathways and for
controlling bio-chemical reactions to yield desidtein output concentrations.

Optimization and control of biological pathways dahwes changing model
parameters such as rate constants and speciestations to achieve desired levels of
the output protein within a specified time intetvBypically, control is achieved by either
random lab experiments (Guet et al, 2002) or dikatvolution (Yokobayashi et al,
2002). We wish to supplement wet lab experimentatith faster and cheaper computer
simulation, greatly reducing the required numbemet lab experiments and guiding
researchers to choose those wet lab experiments likely to yield desired results.
Treating biological pathways as computational peold and applying mathematical
modeling provides an efficient method to study tiownodify them (Voit, 2000).

Previous approaches to modeling were strictly bagethathematical concepts and
did not include experimental constraints (Li et2002; JDesigner, 2006; JSim, 2006).
We have designed olox algorithmto incorporate experimental constraints, producing



more useful information than we can obtain by pwathematical modeling. The Box
algorithm analyzes the global sensitivities of aput reactions to the output, then
combines experimental constraints with the mathiealft determined sensitivities to
choose a subset of the input reactions to whiclotliput is highly sensitive. The Box
algorithm shows how to optimize the output by coltitig only this subset of reactions.

1 BOX ALGORITHM AND APPLICATIONS TO BIOLOGICAL PATH WAYS

A block diagram of the original Box algorithm (Khisan and Purdy, 2006b) is
shown in Fig. 1a. The first blociBio-Model chooses either the ordinary differential
equation (ODE) model or the stochastic model of pnecess, depending on user
preference and application type. The second bl&R®;HDMR is a mathematical
technique that estimates the contribution of eagbuti to the output in a system of
equations, along with the cooperative effects efittputs on the output (Li et al, 2002).
This information helps us to assign prioritiestte pathway's rate constants.

The third block, Bio-Rules is the rule-based algorithm which is crucial for
converting simulation results into practical resuih the laboratory. The Bio-Rules
algorithm is derived from laboratory constraintctsias ease of experimentation and
ability to modify a given reaction. For exampleartscription is easier to control than
translation. Hence a transcription reaction woelceive a high priority, but a translation
reaction would get priority zero. The Bio-Rulesa@lithm combines priorities given by
the RS-HDMR algorithm with priorities based on ledory constraints. Thus we obtain
a priority order which is a combination of both imeatical and laboratory constraints.

The fourth block Simulated Annealingchooses a subset of rate constants (two or
more, depending on user preference) and the camdsm reactions. This choice is
determined by priorities set in the Bio-Rules bla@id the user’'s choice of how many
constants to modify. The algorithm then uses sitedlaannealing (Sait and Youssef,
1995) to modify the chosen rate constants (wittpecied limits). The final block
(Comparatoj compares the output from the simulated anneaétgprithm to the
expected output and displays the modified rate teois.

In Krishnan and Purdy (2006b), the Box algorithnajmplied to the phage lambda
process irE. coli bacteria used to create a bio-inverter (Weisd 4989). A simpler
modification to improve the bio-inverter design wagyinally presented in Krishnan and
Purdy (2005). Phage lambda exists in two stayis, and lysogenic (Ptashne, 2004). In
the lysogenic phase the repressor protein Rp reggdle protein Cp. In the lytic phase,
the gene coding for Rp is turned off and Cp is lsgsized. An analogy between this
switching mechanism and an inverter can be madtyeaith Rp representing the input
and Cp representing the output. When Rp is presemt), Cp is absent (= “0”), and
vice versa. The bio-inverter can be modeled utémgfirst order differential equations,
with rate constants k1-k10, with values obtainemimfrPtashne (2004) and Weiss et al
(1999). Fig. 2a shows the transient charactesigifcthe bio-inverter, with steady state
value 0.1883 M, while Fig. 2b shows the improvedeiter, with rate constant values
determined by the Box algorithm in Fig. 1a. ThexBdgorithm modifies the top two
constants, in this case the dimerization rate kbthe transcription rate k7. As noted in
Weiss (2001), the parameters k5 and k7 can be raddéxperimentally. Simulations
were carried out in Matlab. Details can be foum&iishnan and Purdy (2006b).



2 MODIFIED BOX ALGORITHM

Here we propose an improvement to the Box algorithihere outputs derived by the
two separate methods of simulated annealing andtigealgorithm are compared. The
better value is chosen to be the final output. fioeified algorithm is shown in Fig. 1b.

Our genetic algorithm approach consists of thefalhg steps (Goldberg, 1989):

Step 0: As in the simulated annealing version. a subsetaftions (two or more) with
the highest total priority (RS-HDMR and Bio-Rulesonthined) is chosen for
modification. The rate constants are encodek],agherei = 1, 2,...,NandN is the total
number of reactions in the subset chosen by thetigesigorithm.
Step 1: The number of generations is fixed at a maximunuevaf 40 since, in our
experiments, the output converges to the expecakekwithin 20 to 25 generations.
Step 2: Random values are generated for the rate constasteiated with the subset of
reactions chosen in step 0. New values mustsatigiation (1):

(LNlimit * base valug < k =< (base value* limit) (1)

The value of limit should be carefully chosen, mafteaking sure that the new rate
constants can be achieved by experimentation ifats@ratory. The rate constants which
were not selected for modification are fixed atresl chosen by the experimenter.

Step 3:An initial set of 400 solutions is created. Fitnésthe value of the chosen output.
Step 4: The roulette wheel method for selecting the pargestt is implemented as
described in (Skubic, 2006), with S = 400. Theletia wheel function is set to choose
1/4" of the total solutions from the initial solutioats We want the number of solutions
in the parent set to be equal to the initial sethe selection method is applied 4 times
Step 5: Random one-point crossover is used to determi@efispring or child set. The
crossover probability (Pc) is fixed between 0.5 @id. Two adjacent solutions in the
parent set are chosen for crossover. The cut poagfined by a random integer between
1 and N-1 where N is the total number of input astants chosen for modification by
the genetic algorithm. Only the subset of ratestamts chosen for modification by the
genetic algorithm is considered for crossover.

Step 6: Mutation is applied with probability Pm fixed beten 0.05 and 0.2. When an
offspring is selected for mutation, one or more @nstants (from the subset chosen by
the genetic algorithm) are randomly selected atedead to new values satisfying (1).
Step 7: The solution is computed with the modified rate ¢ants.

Step 8: The new solutions are sorted by fitness. Thenssef 7 are repeated until the
desired number of generations has been calculated.

Step 9: After all iterations are completed, the algoritieniputs the offspring from the
last generation. This gives 400 highly optimizetlisons instead of just one solution.

3 EXAMPLE APPLICATION: TNF o-MEDIATED NF- kB PATHWAY

Nuclear Factor-kappa B (NKB) is a transcription factor that regulates the
expression of genes involved in the inflammatiawliferation and autoimmune response
process (D'Acquisto et al, 2002). MB- cell proliferation is necessary under normal
conditions, when the cell is trying to survive d@taek from bacteria or viruses. But NF-
KB also can result in the proliferation of cancerocells and protect the cancerous cells
from apoptosis (cell death). In chronic inflammgtaronditions such as rheumatoid
arthritis, TNFe. blocking and NF«B inhibition considerably reduce inflammation and



provide general improvement in the patient’s cdadit TNFu-mediation of the NF«B
pathway can lead to NiB proliferation or can result in apoptosis. TiNBhould be
regulated for the proliferation of NEB when good tissue degrades or muscle tissue
degenerates (Yamamoto and Gaynor, 2001). aTNRould be regulated to cause cell
death in tumor cases. A complex regulation of ®8-is required depending on the
patient’s condition.

3.1 Initial Simulation Results for the TNFa-Mediated NFkB Pathway

The ODE model and the parameters were obtained (@ima et al, 2003). There are
a total of 31 equations with 31 rate constants &1-&nd also 31 species m1-m31. The
model was simulated using Matlab ODE solver (odpIBsis and all other simulations
were run in Matlab 7, on a PC with a 2.8 GHz P4£essor and 1GB of RAM.

Species ml (TN&) and m2 (TNFR1) were considered as the basic snimtid the
system. Species m17 (NéB) represents the cell proliferation output. The EDBodel
was simulated for 100 seconds. The Matlab outpsihésvn in Fig. 3.

3.2 Application of the Box Algorithm to TNFe-Mediated NFKB Pathway

In (Cho et al, 2003), six rate constants, k1, kB,KL7, k19 and k20 were selected
for modification. The selection was based on tliicat role these parameters play in the
NF«B pathway.Hence we gave high priorities to all these pararset&he three
important modules in the NkKB pathway are the apoptosis module, the regulation
module and the cell proliferation module. We dedidie give high priorities to the end
reactions of each of these modules (k16, k28, k18, k19, k25, k26, k29 and k30)
(Table 1). The Box algorithm was applied to theFiiNnediated NF<B pathway. The
four constants with highest priority, k16, k18, kk28, were chosen to be modifieth
equation (1), limit was set equal to 10.

The base ODE model generates 4.8707 pMKBRmM17) in 16 seconds. But NéB
degrades quickly to zero. At t = 100 seconds, #iaes/of m17 is 0.0032 uM. We want to
maintain the output at the peak value for 100 sdson The simulated annealing
algorithm (Krishnan and Purdy, 2006a) was run far trials, using Matlab 7. The
parameters found by the algorithm allowed us tmia#i the output at 4.4992 puM.

4 APPLICATION OF GENETIC ALGORITHM TO THE TNF a-MEDIATED NF-
KB PATHWAY AND COMPARISON WITH SIMULATED ANNEALING

The simulations were run for two cases, constchomimization and unconstrained
optimization. In the case of constrained optimatithe subset of rate constants to
modify (k16, k18, k19, k28) was chosen by the Blmodathm and the desired output was
fixed at 4.8707 pM. In the case of the unconstinptimization, the subset of rate
constants was randomly chosen and no desired ongzufixed.

4.1 Constrained Optimization: The desired NB output is 4.8707 puM. The genetic
algorithm was able to optimize the output to thside value within a few generations.
Each algorithm was run for ten trials. The confickeintervals for 95% confidence level
were calculated for both the algorithms. Tableh@ves that the mean output from the



genetic algorithm (4.75) is closer to the desirallig (4.8707) than the mean output from
the simulated annealing algorithm (4.5). The desoatput lies within the limits of the
95% confidence interval for the mean for the genaljorithm. Fig. 4 shows the Matlab
simulation of the average optimized output fromhbaigorithms and Cho et al (2003).

4.2 Unconstrained Optimization: Further comparison of the two algorithms was edrri
out by applying the mutations to 6 randomly chasga constants (k1, k5, k12. k17, k19,
k25). The simulation time was fixed at 55 minutes both algorithms. The output
optimizations produced by both the algorithms amengared to determine which
algorithm produced better results. The simulati@s run for ten trials. Table 3 gives the
statistical comparison of the two algorithms.

CONCLUSIONS AND FUTURE WORK

We have applied both simulated annealing and atigealgorithm to optimize the
output of the TNE-mediated NF«B pathway and compared the results. The algorithms
had similar execution time. The genetic algoritbat-performs simulated annealing in
both the constrained and the unconstrained expetimeln both cases, the output is
maintained at a much higher level than was achiéyethe method of Cho et al (2003).
Future work includes application of both the altioris to additional biological pathways
such as glycolysis and HIV-1 protease pathways @mdparison of the optimizations
produced by both the algorithms. If the genetioatgm performs better than simulated
annealing in all these cases, we will have goodende that the genetic algorithm is
preferable to simulated annealing for the Box atbar, and it will then be used as the
default optimization algorithm in Box. We are aldeveloping a bio-control database
that will be integrated with the Box algorithm. $hiill improve the Bio-Rules block in
Box. The Box algorithm will then output not justet modified rate parameters but also
suggested experimental procedures through whiclbitiiegist can control reactions to
get the desired output.
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=m17 in this paper) obtained in Cho et al (2003).
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I Process II Species I Symb Rat Pri
Association W m3 K1* T
Association TNFa/TNFR1L/TRADD m5 K3* 12
Association TNFe/TNFR1/TRADD/ TRAF2 m7 K7* 8

Cell NF-kB m17 | Kie#! [ 47
Proliferation
Regulation of RIP1/caspase 8 m18 K17*# 7
Cell RIP1n/RIP1c m19/m20f K18#!! 35
Proliferation
Association TNFo/TNFR1/TRADD/FADD m23 K20* 13
Cell Death DNA Fragmentation m28 K28#!! 34
Regulation of c-IAP m31  [[K19*#!! 33
Cell Effector m29 k29# 6
Death K30# 19
Association Caspase-8 m25 K254 12
Association Caspase-8/Effector m26 K264 22

Table 1: Process parameters for modification:
* = chosen by Cho et al (2003); # = considered by Box; !! = chosen by Box

Comparison Simulated Annealing Genetic Algorithm
53.075 min 20 generations (55.44 min)
Trials 10 10
Min 4.2523 4.3354
Max 4.7396 4.8668
Mean (i) 4.5 4.75
Variance () 0.033 0.027
Confidence level 95 % 95 %
Conf. interval (mean) 4.3721 -- 4.6279 4.63424.8658

Table 2: Simulated annealing & genetic algorithm--constrained optimization

Comparison Simulated Annealing Genetic Algorithm
53.075 min 20 generations (53.43 min
Trials 10 10
Min 4.1411 4.2547
Max 4.3137 4.4091
Mean (1) 4.2639 4.3228
Variance (§ 0.0031 0.0213
Confidence level 95 % 95 %
Conf. interval (mean 4.2239 -- 4.3039 4.2902.3554

Table 3: Simulated annealing & genetic algorithm--unconstrained optimization



