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Abstract: Modeling of metabolic pathway dynamics re-
quires detailed kinetic equations at the enzyme level. In
particular, the kinetic equations must account for me-
tabolite effectors that contribute significantly to the path-
way regulation in vivo. Unfortunately, most kinetic rate
laws available in the literature do not consider all the
effectors simultaneously, and much kinetic information
exists in a qualitative or semiquantitative form. In this
article, we present a strategy to incorporate such infor-
mation into the kinetic equation. This strategy uses fuzzy
logic-based factors to modify algebraic rate laws that ac-
count for partial kinetic characteristics. The parameters
introduced by the fuzzy factors are then optimized by use
of a hybrid of simplex and genetic algorithms. The re-
sulting model provides a flexible form that can simulate
various kinetic behaviors. Such kinetic models are suit-
able for pathway modeling without complete enzyme
mechanisms. Three enzymes in Escherichia coli central
metabolism are used as examples: phosphoenolpyru-
vate carboxylase; phosphoenolpyruvate carboxykinase;
and pyruvate kinase |. Results show that, with fuzzy logic-
augmented models, the kinetic data can be much better
described. In particular, complex behavior, such as allo-
steric inhibition, can be captured using fuzzy rules. The
resulting models, even though they do not provide addi-
tional physical meaning in enzyme mechanisms, allow
the model to incorporate semiquantitative information in
metabolic pathway models. © 1999 John Wiley & Sons, Inc.
Biotechnol Bioeng 62: 722-729, 1999.
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INTRODUCTION

Because of the rapid progress in molecular biology, they

understanding complex behavior at the systems level. Nu-
merous attempts have been reported to simulate or predict
system behavior based on individual mechanisms (Achs and
Garfinkel, 1977; Heinrich and Rapoport, 1974; Lee and Bai-
ley, 1984; Liao et al. 1988; Shuler and Domach, 1983). In
general, modeling of biochemical systems involves efforts
at two levels: (1) a component level involving description of
each molecular operation; and (2) a system level involving
interactions among each component. For metabolic systems,
the components are the enzymes, which interact with each
other according to the stoichiometry and enzyme kinetics.
Once the kinetic rate laws are known, they can be used in
pathway models, which take the following form:

dX
e SV Q)
X is the vector of metabolite concentratioi®is the stoi-
chiometric matrix, andv is the vector of enzyme kinetic
rate laws. In metabolic systems, the stoichiometry is gen-
erally well characterized. However, the enzyme kinetic rate
laws are often incomplete, such that key characteristics (i.e.,
activation or inhibition) are missed, and thus the pathway
model [Eq. (1)] becomes unrealistic even at the qualitative
level. Therefore, it is important to develop enzyme kinetic
models that capture at least the qualitative characteristics of
metabolite effects on the enzymes.

Despite tremendous progress in understanding enzyme
actions in the past few decades, most enzyme kinetic studies
0 not aim at developing kinetic rate expressions for the

underlying mechanisms of many biological processes havg,.hse of pathway modeling. Therefore, kinetic equations

been elucidated at the molecular level.

These moleculdfy onzymes are often incomplete, and most kinetic data are

mechgnlsmg ca}r? be combined to explqm gystem behgwo&ot used to develop quantitative rate expressions. Further-
often in an intuitive manner. However, intuitive reasoning more, qualitative or semiquantitative information is com-

becomes unsatisfactory as one demands more detailed

&¥on. For example, the effect of ATP dfscherichia coli

planation of system behavior. Therefore, mathematical,osohoenolpyruvate carboxykinase (PCK) has been shown
modeling of biological systems is increasingly important for o, he pinhasic: it accelerates the reaction at low concentra-
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tions, whereas it inhibits at high concentrations (Wright and
Sanwal, 1969). Although it is possible to develop mecha-
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data, there is no simple and systematic way to capture such
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characteristics for the purpose of pathway modeling. ThigYen et al., 1998). GAS are global search and optimization
article addresses this problem by using fuzzy logic-techniques modeled from natural genetics, exploring search
augmented models and a hybrid of combinatorial and direcspace by incorporating a set of candidate solutions in par-
tional optimization algorithms. allel (Holland, 1975). The main benefit of GAs is that they
Our goal is to provide a general approach to incorporatare less likely to be trapped in local optima, due to their
qualitative or semiquantitative information into enzyme ki- parallelism and randomness. The main disadvantage of GAs
netic rate laws. Three enzymeskncolicentral metabolism are their high computational cost, because they typically
are used as examples: phosphoenolpyruvate carboxylasenverge slowly. The simplex method (Nelder and Mead,
(PPC); PCK; and pyruvate kinase | (PYKI). The resulting 1965; Spendley et al., 1962) is a local search technique that
models would capture the key characteristics of enzymeises the current data set to determine the promising direc-
kinetics, and thus will be suitable for use in pathway modelgion of search.
[Eq. (1)]. It should be emphasized that these rate laws are During the reproduction step of each iteration, the hybrid
meant to be descriptive, and no mechanistic informatiorapproach applies the simplex method to a top percentage of
will be gained by this approach. The fuzzy logic approach isthe population to produce new candidate solutions in the
certainly not the only methodology suitable for this purpose.next generation. The rest of the new population are gener-
It is chosen because of its conceptual simplicity and generated using the GA reproduction scheme (i.e., selection,
ality, as has been demonstrated repeatedly in multiple fieldgrossover, and mutation). The hybrid method outperformed
including medicine (Sproule et al., 1997; Wirsam andthe GA in terms of the speed of convergence and the quality
Uthus, 1996), agriculture (Cassel-Gintz et al., 1997), andf solution (Yen et al., 1998).
biotechnology (Kennedy and Spooner, 1996; Mukherjee et
al., 1998;). Compared with other approximation teChniquei}ESULTS
(e.g., piecewise linear approximation, splines, etc.), a fuzzy
model offers two advantages. First, it is more flexible in
providing a smooth approximation to a complex nonlinearPhosphoenolpyruvate Carboxylase
relationship. Second, it explicitly describes qualitative
knowledge. In this work, a full integration of fuzzy model-
ing and mathematical modeling is accomplished.

E. coli PPC catalyzes the carboxylation of phosphoenol-
pyruvate (PEP) to form oxaloacetate (OAA):

CO,+PEP_ OAA +P,

METHODS The experimental data (Fig. 1) show the following charac-
teristics (lzui et al. 1981): (1) the reaction rate exhibits a
hyperbolic function of PEP concentration; (2) without any
activator, the reaction proceeds at a very low rate; (3) ace-
A fuzzy logic-based model uses a set of fuzzy if-then ruledYl-COA (ACOA) is a very potent activator; and (4) fructose
to capture the functional mapping relationship between a sey6-diphosphate (FDP) exhibits no activation alone, but it
of input variables and an output variable. The rule’s “if” Produces a strong synergistic activation with ACoA. De-
part (i.e., the antecedent) describes a fuzzy subregion arﬁplt.e such qualitative and quantitative information, no ki-
the rule’s “then” part (i.e., the consequent) describes ghetic models were developed to capture these features.
local model for the region. There are two major types of Without considering the detailed molecular mechanism,
fuzzy rule-based model for function approximation: theWe attempted to fit these data using an algebraic model
Mamdani model (Mamdani, 1974,1976), and the Takagi—based on the hyperbolic relationship between the reaction
Sugeno—Kang (TSK) model (Sugeno and Kang, 1988'ate /ppd and PEP:
Takagi and Sugeno, 1985). Interpolative reasoning is used [PEP
to combine the output of multiple fuzzy rules whose ante- Vope = VmK+—[PEH (2)
cedents partially overlap. This process, which has also been m
referred to as “fuzzy inference” or “approximate reason- where [ ] indicates the concetration. Two activators,
ing” in the literature, is analogous to linear interpolation. ACoA and FDP, modulat¥/, by the following equation:
Details of this reasoning process can be found in the litera-

! ' g P und ! _ Ky + K [ACOA] + K{FDP] + K JACOA]FDP]

ture (Yen et al. 1995). Vi = 1+ KJACOA] + KJFDP]

Fuzzy Logic-Based Modeling

®)

In addition toK,, in Eqg. (2),K; throughKg are parameters

to be estimated by data fitting. These equations were chosen
Once the model is formulated, the parameters involved neeblecause it exhibits the characteristics of the data, and were
to be determined based on experimental data. We useduwsed to demonstrate an intuitive representation of the data.
hybrid of simplex and genetic algorithm (GA) by introduc- By using the hybrid GA simplex method, the parameters
ing the simplex method as an additional operator in the GAvere optimized to take the following valuds;, = 0.3231

Parameter Estimation Using the Hybrid Simplex
and Genetic Algorithm
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(a) used the fuzzy logic approach and incorporated a situation-

VppC: inpc m Km + [PEFﬂ

dependent scaling factod,,, to modify V.

v _PER @

appe Captures the various activation effects of ACoA and
FDP by the following fuzzy rules:

REPS If [ACOA] is LOW and[FDP] is LOW,
thenopy.=¢;

ROPS If [ACOA] is LOW and[FDF] is HIGH,
thenop.=C,

RYPS If [ACOA] is HIGH and[FDP] is LOW,
thenop. = C3

RYPS If [ACOA] is HIGH and[FDP] is LOW,
thenap,.= ¢y

wherec;, C,, c5, andc, are parameters to be optimized. The
membership functions of the fuzzy sets (i.e., LOW and

HIGH), shown in Figure 2, were chosen based on experi-
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Figure 1. Kinetic data (symbols) (from lzui et al., 1981) and model
fitting (lines) for PPC using: (a) the algebraic model [Eq. (2)] and (b) the
fuzzy logic-augmented model [Eq. (4)].

mM, K; = 0.03176,K, = 1.2878 nM™%, K; = 0.05425
mM K, = 0.8139 M™%, K; = 0.0939 nM %, andK =
0.2693 nM™*. Figure 1a shows that the model fits the data
reasonably well. Despite the satisfactory fitting, the ad hoc
approach is not generally applicable to other cases. In more
complex data, the algebraic form of Eq. (3) may not be
easily obtained.

C

0

mental data in Figure 1. Notice that the above rules (a
special case of the TSK model) are conceptually clear and
can be readily generalized. In this model, six parameters
need to be optimized (as opposed to seven in the algebraic
model). Again, simplex—GA was used to obtain the follow-
ing optimized valuesY,, = 0.987,K,, = 0.259 nM, ¢, =
0.037,c, = 0.095,c; = 0.594, andc, = 0.973. The per-
formance of this model with the identified parameters (Fig.
1b) is as good as the algebraic model (Fig. 1a) for the

(a)
LOW HIGH
0 0.4 ACoA(mM)
(b)
LOW HIGH
0 2 FDP(mM)

To develop a general approach for data representation, weigure 2. Membership functions of the fuzzy sets for PPC modeling.
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purpose of pathway modeling. They all catch the essential We first use an algebraic equation to capture the hyper-
characteristics of the data. In this case, the fuzzy logicbolic behavior of the kinetics.
augmented model used fewer parameters than the algebraic

model; furthermore, it is conceptually clear and potentially K JATPOAA] - K[ADP][PEP
generalizable. A/

Pk~ 1 + K [ATP] + K,JOAA] + KJATP[OAA] +
K PEPF + KJADP] + K/ PEP[ADP]
5
Phosphoenolpyruvate Carboxykinase ®)

PCK is a gluoneogenic enzyme found in many organismsThiS f_orm does not c_Jescribe the inhibition effect of ATP a_t
The E. coli PCK catalyzes the following reaction: the high concentration range. If all the data are used in
parameter optimization, the fitting is poor (Fig. 3). How-

ever, if only the OAA, ADP, and PEP data are used for

parameter estimation, then the above equation fit these data
Experimental data (Wright and Sanwal, 1969) shown invery well (K, = 1016.594 V™%, K, = 962.644 M, K,

Figure 3 show the following characteristics: (1) the rate of= 626.338 nM™2, K, = 79.769 M™%, K, = 887.975
reaction is increased by ATP, but high ATP concentrationmM™, Ks = 155.380 nM ™2, K, = 38.744 nM~?, andKg
inhibits the reaction; and (2) other metabolites (i.e., OAA, = 335.25 nM~?). Instead of modifying the algebraic equa-
ADP, and PEP) increase the reaction rate in a hyperbolition to represent the ATP inhibition effect, we used a situ-

OAA + ATP -~ PEP+ ADP + CO,

manner. ation-dependent factow,, in the following equation:
(a) (b)
O experimental data o - Id
— - algebraic model experimental data
——fuzzy logic model OAA'ZSSP“E’(:'\DF’:O’ —-?Igebrlalc_ modgl | ATP=2mM,ADP-=0,
012 ‘ = uzzy logic model PEP=0
o .
0.1 ]
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0.08 g
S a 0.06 |
§ 006} /7 1 ]
] >
0.04 004}
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(©) (d)
O experimental data O experimental data
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2.5 ‘ ‘ ‘ 2 , ‘ ‘ .
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Figure 3.
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Experimental data (Wright and Sanwal, 1969) and model fitting for PCK kinetics using the algebraic [Eq. (5)] and fuzzy logic model [Eq. (6)].




K JATP][OAA] - KJADP]PEP ing results:K, = 91145.54 M™%, K, = 66866.11 nivi™?,
Vock = ®pek ] 4 K,[ATP] + K,[OAA] + KJATP[OAA] + Kz _=1 36753.48 V™%, K, = 11005.78 ™2, b = 0.24
K [PEP| + KJADP] + KJPEP[ADP] mM . _ _ o
(6) The performance of this model with the identified param-
) ] . eters is shown in Figure 3. Table | compares the root-mean-
wherea,,, is modeled according to the following rules: square errors of modeling,, using the algebraic model
k. . _ and the fuzzy logic-augmented model. The fuzzy logic-
RE™ If [ATP] is LOW, thenoc, = 1.0 augmented model fits the experimental data much better
RSk If [ATP] is HIGH, thena,q, = 1.0- b{ATP] than the algebraic model. The former correctly represents
the ATP inhibition effect, whereas the latter does not.
whereb is a constant to be optimized. Because ATP con-

centration starts to inhibit the PCK reaction from around .
1.0, as shown in the experimental data (Fig. 3) we divide’Yruvate Kinase |

the ATP input space into two partially overlapping pyk| in E. coliis an allosteric enzyme, which shows non-

subregions: “LOW ATP" and “HIGH ATP.” The mem-  pynerpolic kinetic behavior under different concentrations

bership functions for the ATP fuzzy sets in the fuzzy o metabolites (Fig. 5) (Waygood and Sanwal, 1974). It
model are shown in Figure 4. The fuzzy model behaves a8atalyzes the following reaction:

follows. The output of the fuzzy model (i.ex) is 1.0
when ATP concentration belongs completely to LOW (i.e., PEP+ADP - Pyruvatet ATP

A.TP ;(_)Pgi ;’Xhe{;] ATPt cct)ncfetﬂtraftmn beloggls dto HIGH The reaction is activated by FDP and PEP with a qualitative
(e., =1.1), the output of the fuzzy mode eCre"’lseschange from a sigmoidal kinetic to hyperbolic behavior

as ATP concentration increases, which is represented by (%ig. 5). The data also indicate an inhibitory effect by ACoA

linear equaimon. (".e'aka — 1.0 — b [ATP]). If the ATP and ATP. However, the data are not sufficient to show the
concentration is in the middle area between completely

. guantitative behavior of the activators and inhibitors. Only
< < .
Is_c%\llxlg ?:cfo()rr?spfr:ei%et'pl)glgtig.ne.(;f(t)ﬁ?a twﬁgfaorenlw.elr)r’[igljzdthe trends of their effects are shqwn. . -
offects: Because of the complex behavior, derlv_lng a mechan|st|c
' model to account for all the effectors is difficult. The
[ATP]-0.9 Monod-Wyman—Changeux (MWC) model (Monod et al.,
opek=1- <T> b[ATP] (7)  1965) can only describe the basic behavior with only one
varying metabolite. It was modified to account for some
Although the fuzzy rule is lineary,, becomes a second- aspects of PEP and FDP effects:
order polynomial equation of [ATP] in the transition region,

which gives a smooth transition between the two regions. [PEP|(1 +[PEP)® + LC(L + C[PEF)® +
Note that nonlinear features of enzyme kinetics can be cap- _ [FDPJ(1+ [FDP))® + L;C(1 + C,[FDP])?
tured by properly choosing the linear fuzzy rules. pykl ~ (1+[PEP" + L(1 + C[PEP)* +

Because the values d&f,, Kg, Kg andKg in the aug-
mented model [Eq. (6)] are not affected by ATP concentra-
tions, they can be obtained directly from the partially opti-
mized values using Eq. (5), based on OAA, ADP, and PERvhereL, L;, C, andC; are to be determined. These param-
data. We then can use OAA and ATP data to optimizeeters change the kinetic curve from sigmoidal to hyperbolic.
parameters related to ATP and OAA, providing the follow- They are influenced by activators and inhibitors and should

be treated as functions of these metabolites. However, it is

difficult to identify the appropriate structure of these func-
U tions. Moreover, the need to represent ACoA and ATP in-
1 LOW HIGH hibition in addition to FDP and PEP activation is likely to
lead to a structure that is too complex for purposes of path-
way modeling.

(1+[FDP])* + Ly(1 + GFDP)*
8)

Table I. Root-mean-square errors of modeling PCK.

Data set Algebraic model Fuzzy logic model
[Eq (5)] [Eq. (6)]
0 Fig. 3a 0.02234 0.00419
0 Fig. 3b 0.01369 0.00315
0.9 1.1 ATP(mM) Fig. 3c 0.65955 0.02690
Fig. 3d 0.29632 0.06835

Figure 4. The membership function of fuzzy sets for PCK modeling.
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We thus use fuzzy logic to represent these unknown func-
tions, in which only the trends are revealed by the data. Eq.
(8) is then modified to be:

Voyia = aa(1 = ap)
[PEF(1 +[PEP)®+ LC(1 + C[PEP) +
[FDP|(1 +[FDP))® + L;C;(1 + C,[FDP])®
(1L+[PEP)* + L(1 + C[PEP)* +

(1+[FDP)* + L;(1 + C[FDP])*

pykl

9)

where a; and a, represent the activation and inhibition
effects, respectively, and they are determined by the follow-
ing fuzzy rules:

RiL: If [FDP] is LOW and[PEH is LOW,
thena, =g,

RSL: If [FDF is LOW and[PER is HIGH,
thena, = a,

ReL: If [FDP] is HIGH and[PER is LOW,
thena, = a4

Ry If [FDA is HIGH and[PER is HIGH,
thena, = a,

Similarly, we modela, using fuzzy if-then rules with two
inputs that determine the inhibition effects by ATP and
ACOA:

RiZ If [ATP] is LOW and[AcoA] is LOW,
thena, = a5

R32: If [ATP] is LOW and[AcoA] is HIGH,
thena, = a4

R32: If [ATP] is HIGH and[AcoA] is LOW,
thena, = &,

R32 If [ATP] is HIGH and[AcoA] is HIGH,
thena, = ag

However, changing only; and a, will not be sufficient
because they do not affect the qualitative behavior (i.e., the
shape of the kinetic curve). The qualitative change in kinetic
behavior by FDP and PEP activation is achieved by using
fuzzy if-then rules foIC, L, G, andL¢

R,: If [FDF is LOW and[PER is LOW,
thenC=C,,L=L,, C=C;;, Li =L,

R: If [FDF is LOW and[PER is HIGH,
thenC=C, L=L, C=C;,, Li =L,

R,: If [FDP] is HIGH and[PER is LOW,
thenC=C; L =15 C=Ci3 L= L3

R,: If [FDH is HIGH and[PEH is HIGH,
thenC=C, L=L,, C=C, Li=Ls,

Figure 5. Experimental data (Waygood and Sanwal, 1974) and model

fitting for PYKI.

The membership functions for FDP, PEP, ATP, and ACoA



fuzzy sets in the fuzzy model are shown in Figure 6, whichDISCUSSION
were constructed from the experimental data (Fig. 5).

The hybrid GA—-simplex method was used to identify the This article presents a fuzzy logic-based approach to modify
parameter set in three steps. In each step, we used a subafgebraic kinetic equations to account for qualitative infor-
of the experimental data to concentrate on optimizing pamation beyond the scope of the existing model. The fuzzy
rameters related to the specific effect demonstrated by thparameter can be used to modify eithéy, or any other
data. This strategy significantly reduces the number of paparameters in a kinetic rate expression. In the cases of PPC
rameters that need to be optimized in each step. First, wand PCK, modification o¥,, was sufficient to fit the data
use data associated with the condition A HPACoA = 0  for various effectors. In the case of PYKI, however, one has
to optimize all the parameters except those related to ATPto modify six parametersy, oy, C, L, G, andLy) by fuzzy
ACOA inhibition. We then use the data in Figure 5c to factors to account for the allosteric effects of FDP, ATP,
optimize a5 throughag while fixing other parameters. The and ACoA. Although the fuzzy logic-augmented model pro-
last step is to fine-tune model parameters for repairingrides no additional mechanistic insight, it is instrumental in
model deficiency resulting from an unbalanced distributionmodeling pathway regulation, which is strongly dependent
of training data. The data in Figure 5a and b are highlyon the effect of various allosteric effectors. One of the major
unbalanced in terms of PEP concentration. Most of them aradvantages of this approach is conceptually simple and can
for high PEP concentration (i.e50.4 mM); only a small  be generalized to most situations. Fuzzy logic is a tool for
portion of the data is for low PEP concentration. Conse-approximating a complex surface without a complicated
quently, the parameter optimization process is easily domimathematical form. Obviously, there are other tools that
nated by data at the high PEP concentration range, whichllow the approximation of a complex surface, such as non-
causes the GA to converge to a local minimum that does ngtarametric regression (Hardle, 1989), splines, and radial
fit well at low PEP range (i.e., data for PEP 0.1mM). To  basis functions (Poggio and Girosi, 1990; Powell 1985). In
address this deficiency, the third step uses the data of lovact, fuzzy logic modeling shares a common property with
PEP concentration to optimize only parameters related tthese techniques: they all approximate a complex surface by
“PEP is LOW” (i.e., fixing all other parameters). The final combining multiple local models (Yen et al., 1996). How-
parameter set identified is as follows (with units consistenever, fuzzy logic is unique in that it uses linguistic terms to

with data in Fig. 5)a; = 95.59,a, = 56.61,a3 = 45.78,
a, = 50.97,05 = 0.0,a5 = 0.29,a; = 0.042 ,a5 = 0.70,
L, = 0.0,L, = 264618,L; = 5890509, = 2263077¢,
= 0.0,c, = 0.31,¢c3 = 24.96,c, = 1461, L =
88577785], = 8811417]; = 4059350), = 3440,¢c;,
= 0.0,¢, = 0.0001,¢c;3 = 0.49, andc;, = 0.0001.

describe local models. This important feature establishes a
bridge between qualitative knowledge and numerical mod-
els. Without such a bridge, qualitative information cannot
be explicitly incorporated into an algebraic model of en-
zyme Kinetics.

We chose to use the TSK fuzzy model instead of the

The performance of the model with the identified param-Mamdani model for its simplicity and its compactness. The
eters is shown in Figure 5, which shows that the fuzzyTSK model was developed to reduce the total number of
logic-augmented model fits all the experimental data veryrules required by the Mamdani model. Consequently, the

well.
(@) (b)

u u

4| Low HIGH 1| ow HIGH

0

0 1 FDP(mM) 0 2 ATP(mM)
(c) (d)

u u

1L Low HIGH ;L tow HIGH

0 0

0 2 ACoA(TM) o ot 04 PEP(mM)

Figure 6.

number of rules in a TSK model is typically less than that in

a Mamdani model, assuming that they approximate the
same function to about the same accuracy. The simplicity
and the compactness of the TSK model further simplifies
the optimization problem that estimates the model param-
eters.

The fuzzy logic-based approach introduced a number of
new parameters that have to be determined by data fitting.
This task was made possible by using a hybrid of GA and
simplex optimization. GA allows parallel search of a large
parameter space without entrapment in a local minimum.
The simplex method, on the other hand, greatly accelerates
the convergence to a local minimum. By a proper mix of the
two approaches, one can quickly converge into a local mini-
mum and simultaneously search for other local valleys.

In summary, we have described an integration of four
techniques for modeling metabolic pathways: fuzzy logic-
based modeling; algebraic modeling of enzyme kinetics; use
of the genetic algorithm; and use of the simplex method.
The first two techniques were combined to achieve a more
flexible model structure that can incorporate qualitative in-

Membership functions of the fuzzy sets for PYKI modeling. formation explicitly into enzyme kinetics. The latter two

728 BIOTECHNOLOGY AND BIOENGINEERING, VOL. 62, NO. 6, MARCH 20, 1999



techniques were combined to obtain an efficient modeNelder JA, Mead R. 1965. A simplex method for function minimization.
parameter estimator that can avoid entrapment in local op- C0ompu J 7:308-313. _
tima. Together these four Complementary techniques Offelylukherjee S, Basu S, Chattopadhyay P. 1998. A fuzzy logic-based control

LS . . h system for compressed baker’s yeast fermentation. J Food Sci Technol
a promising approach for modeling enzyme kinetics when  sc.164_16s.

knowledge about their enzyme mechanisms is incompletepoggio T, Girosi F. 1990. Networks for approximation and learning. Proc
IEEE 78:1481-1497.

Powell MJD. 1985. Radial basis functions for multivariable interpolation:
A review. In: IMA Conference on Algorithms for the Approximation

. ) ) ) of Functions and Data.

Achs MJ, Garfinkel, D. 1977. Computer simulation of rat heart metabollsmShuler ML, Domach MM. 1983. Mathematical models of the growth of the

c aft;eggddlr&/glgAgIEcoze I:O chEéJeerfusatﬁ. IA:] I‘zj ljehy;'OI 232_:17':5_;'84‘ hi individual cells. In: Blanch HW, Papoutsakis ET, Stephanopoulos G,
assel-Gintz : Luedeke , Petschel-He » REUSSWIg 7, FI0eC editors. Foundations of biochemical engineering. Washington, DC:

M, Lammel G, Schellnuber HJ 1997. Fuzzy logic based global assess- American Chemical Society. p 101.

T3e5n_t1(5)fo the marginality of agricultural land use. Climate Res 8: Spendley W, Hext GR, Himsworth FR. 1962. Sequential application of

simplex designs in optimization and evolutionary operation. Techno-
Hardle W. 1989. Applied nonparametric regression. Cambridge, UK: Cam- metrr)ics 4'44:?—461 P v op
bridge University Press. ' ' .
Heinrich R, Rapoport TA. 1974. A linear steady state treatment of enzy-SprOUIe BA, Bazoon M, Sh“'”.‘a” Kl, 'I.'urll<sen I.B‘ Naranjq CT\A' 1997.
. . . Fuzzy logic pharmacokinetic modeling: Application to lithium con-
matic chains, general properties, control and effect strength. Eur J

References

Biochem 42-89-95 centration prediction. Clin Pharmacol Ther 62:29-40.

Holland JH. 1975. Adaptation in natural and artificial syatems. Ann Arbor, Squn? Né K?gg%rs 1??;3‘? Structure identification of fuzzy model. Fuzzy
MI: University of Michigan Press. els oyst £.315-004. . T . .

Izui K, Taguchi M, Morikawa M, Katsuki H. 1981. Regulation Bfch- Takag|'T, Sugeno M: 1985. Fuzzy identification of systems and its appli-
erichia coli phosphoenolpyruvate carboxylase by multiple effeciiors i?téorizéo modeling and control. IEEE Trans Syst Man Cybemet 15:
vivo.ii. Kinetic studies with a reaction system containing physiological e .
concentrations of ligands. J Biochem 90:1321-1331. Waygood EB, Sanwal BD. 1974. The control of pyruvate kinasessoh-

Kennedy MJ, Spooner NR. 1996. Using fuzzy logic to design fermentation  €fichia coli. J Biol Chem 249:265-274. o B
media: A comparison to neural networks and factorial design. Bio-Wirsam B, Uthus EO. 1996. The use of fuzzy logic in nutrition. J Nutr

technol Techniq 10:47-52. 126(suppl):2337S-2341S.
Lee SB, Bailey JE. 1984. A mathematical model for lambda dv pIasmidW”ght JA, Sanwal BD. 1969. Regulatory mechanisms involving nicotin-
replication: Analysis of copy number mutants. Plasmid 11:166—177. amide adenine nucleotides as allosteric effectors. J Biol Chem 224:

Liao JC, Lightfoot EN, Jolly SO, Jacobson GK. 1988. Application of 1838-1845. _ o _
characteristic reaction paths: Rate-limiting capacity of phosphofructo-Yen J, Langari R, Zadeh LA. 1995. Industrial applications of fuzzy logic

kinase in yeast fermentation. Biotechnol Bioeng 31:855-868. and intelligent systems. New York: IEEE Press.
Mamdani EH. 1974. Applications of fuzzy algorithms for simple dynamic Yen J, Langari R, Wang L. 1996. Principle components, b-splines, and
plant. Proc IEEE 121:1585-1588. fuzzy system reduction. Int J Uncertainty Fuzziness Knoledge-based
Mamdani EH. 1976. Advances in linguistic synthesis of fuzzy controllers. ~ Syst 4:561-572.
Int J Man Machine Studies 8:669-678. Yen J, Liao JC, Lee B, Randolph D. 1998. A hybrid approach to modeling
Monod J, Wyman J, Changeux JP. 1965. On the nature of allosteric tran- metabolic systems using a genetic algorithm and simplex method.
sitions: a plausible model. J Mole Biol 12:88-118. IEEE Trans Syst Man Cybernet B 28:173-191.

LEE ET AL.: FUZZY LOGIC MODELING OF ENZYME KINETICS 729



