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A neural network procedure is applied to solve an ill-posed

inverse problem in chemical kinetics relevant to chemical and

biological areas; calculation of rate constants for the jack-

bean urease denaturation by an anionic surfactant agent

from experimental enzyme concentrations. The efficiency of

the algorithm proposed is compared with the Simplex and

the Levenberg–Marquardt techniques, often used in

nonlinear regression methods to solve this kind of kinetics

problem. The neural network approach is numerically stable

and robust with respect to different initial guesses for the

rate constants and noises in experimental data. VC 2012 Wiley

Periodicals, Inc.
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Introduction

Actually, an important research field with applications to several

sciences is the ill-posed inverse problems theory. The main pur-

pose of this area is the development of methods to retrieve

meaningful physical information from experimental data using

linear or nonlinear numerical models. This problem is called ill-

posed if one or more of three properties of its solution, exis-

tence, uniqueness, and continuity with respect to experimental

noises, are not addressed. In these cases, special numerical

approaches are required to solve inverse problems.[1] Ill-posed

inverse problems arise in fields such as optical computerized to-

mography and radiotherapy planning exploited in medical diag-

nostics and treatments,[2,3] biochemical processes,[4] prospection

techniques in geophysics,[5] technological researches,[6,7] and a

wide variety of chemical situations.[8–10]

An important example of chemical application is the inverse

problem in chemical kinetics which consists in determining ki-

netic parameters from concentrations data that follow the

course of the reaction in real time. These concentrations can

be monitored by spectroscopic techniques such as absorption

spectroscopy and laser photolysis. In these approaches, one

has to solve an ill-posed inverse problem because noises in

experimental data imply large errors in parameters to be

estimated.[11] Information concerning kinetic parameters are

essential to optimization of several chemical processes and

approaches such as rank annihilation factor analysis,[12] curve

resolution procedures,[13] stochastic algorithms,[14] control type

techniques,[15] and solution mapping programs[16] have been

used for this purpose. However, these techniques can fail in

removing the ill-posed feature of chemical kinetic inverse

problems.[17] It is in this context that recurrent neural networks

have been proposed to solve linear and nonlinear scientific

and technological inverse problems.[18–22]

In this article, a neural network technique is performed to

handle an enzymatic kinetics ill-posed inverse problem, the

jack-bean urease denaturation by a surfactant agent below

the critical micelle concentration. Urease is a metalloenzyme

with two nickel ions per unit forming an active center which

catalyzes urea hydrolyzes.[23] Urease can be found in bacteria,

yeasts, and plants presenting functions such as insecticide,

nitrogen release, and virulence. For example, Helicobacter pylori

bacteria, a microbiological carcinogenic agent produces meas-

urable amount of urease generating ammonia through stom-

ach, implying an elevation of pH.[24]

Information about subunit dissociation and structural con-

formations concerning jack-bean urease induced by pH varia-

tions and surfactant species have been described in the litera-

ture[25,26] and kinetic studies about inhibition behaviors can be

useful to help understand the role of active site metal ions in

biological catalytic processes. Urease inhibition studies have

also medical significance owing to urease inhibitors can be

exploited in medical treatments.[27]

In this work, kinetic parameters for the jack-bean urease dena-

turation reaction are determined from experimental concentra-

tions of the enzyme. Stability of the neural network method is

tested in relation to experimental noises in concentrations and

with respect to initial guesses for rate constants. Performance of

the proposed algorithm is compared with that of the Simplex

and the Levenberg–Marquardt programs, routinely applied in

nonlinear regression techniques to kinetic problems.[28]

Methodology

A Hopfield artificial neural network (HANN) consists of neurons

characterized by a given state u.[29] The neural states are

based on input information called initial guesses. An activation
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de Ciências Exatas, Av. Antônio Carlos, 6627, BH-MG, CEP 31270-901, Brasil

E-mail: emilio.borges@ufv.br

Contract grant sponsor: Fapemig and CNPq.

VC 2012 Wiley Periodicals, Inc.

3240 International Journal of Quantum Chemistry 2012, 112, 3240–3245 WWW.CHEMISTRYVIEWS.ORG

FULL PAPER WWW.Q-CHEM.ORG

http://chemistryviews.com/
http://chemistryviews.com/
http://chemistryviews.com/
http://q-chem.org/


function f(u) propagates the information through the network

until a learning time s defined by an optimization criterion is

reached. In kinetic inverse problems, the function

fiðsÞ ¼
1

2
½1þ tanhðuiÞ�

is appropriate for determining kinetic parameters so that it

guarantees positive values for rate constants to be inverted.[22]

In HANN method, if simulated and experimental data are

arranged in vector form as Pexp and Pcal, then an error function

can be proposed as the following sum over m data,

E ¼ 1

2

Xm
j¼1

e2j (1)

where ej ¼ Pcalj � Pexpj
. Equation (1) is also called neural net-

work energy (NNE) in HANN terminology. From this point, the

algorithm can be described by the following steps:

i. Experimental rate constants are used to numerical

integration of the differential model describing the kinetic

reaction. Hence, the reagent, intermediate, and product con-

centrations are accomplished. The reagent or product concen-

trations can be taken as Pexp. In this study, the reagent

concentrations are used because these data have information

about all the rate constants which control the reaction.

ii. Initial guesses for rate constants are used to numerical

integration of the differential kinetic model. Therefore, theo-

retical concentrations for reagent, intermediate, and product

are predicted. Theoretical reagent concentrations are taken

as Pcalj .

iii. Initial guesses proposed in step ii are used as the neu-

ron states u. These states are applied to build the equation,

dE

ds
¼

Xn
i¼1

Xm
j¼1

ej
@Pcalj
@fi

@fi
@ui

@ui
@s

� �
(2)

where n is the quantity of neuron states and it is equal to the

number of rate constants to be estimated.

iv. By introducing the following condition,

dui
ds
¼ �

Xm
j¼1

@Pcalj
@fi

(3)

one obtains from Eq. (2),

dE

ds
¼ �

Xn
i¼1

ej
@fi
@ui

dui
ds

� �2

(4)

The basis of Eq. (3) is the HANN architecture, which predicts

equality between the derivative of a neural state with respect

to learning time and the derivative of NNE with respect to

activation function. This means that the NNE is propagated

while the neuron states change with learning time. The

decreasing condition in NNE is achieved by the negative signal

in Eq. (3). Due to

@fi
@ui
� 0

ej � 0

one obtains the inequality,

dE

ds
\ 0 (5)

with the assurance that the error function always decreases

with increasing learning time.

v. Integration of Eq. (4) is performed by a fourth order

Runge–Kutta integrator[30] and it finishes when the error func-

tion, Eq. (1), reaches its lowest value. At this point, the final

values for the neural states, that is, final rate constants, are

obtained. These rate constants are then used together with

the differential kinetic model to calculate theoretical concen-

trations Pcal. The condition (5) guarantees a good convergence

between the properties Pexp and Pcal.

The flowchart presented in Figure 1 resumes the HANN

algorithm.

Results and Discussion

For chemical kinetic inverse problems, the vector Pcal corre-

sponds to concentrations fulfilled by numerical integration of dif-

ferential mechanisms using initial guesses for the neuron states

representing the chemical rate constants, as mentioned earlier.

In inversion approaches, Pcal is compared with Pexp at each learn-

ing time point until the Euclidean distance between these

Figure 1. HANN algorithm.
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vectors, Eq. (1), is minimized. Thus, the kinetic parameters that

generate the optimal Pcal are determined. In addition, kinetic dif-

ferential models can be found if Pexp and preliminary kinetic pa-

rameters are known and this is called an ‘‘identification inverse

problem.’’ The neural activation provided by f(u) removes the ill-

posed aspect of the numerical development; this point is not

feasible using ordinary optimization techniques.

The method described here was applied to determine rate

constants from experimental enzyme concentrations for the

jack-bean urease denaturation by a surfactant agent. This dena-

turation mechanism has three reversible steps. If k1, k�1, k2, k�2
are rate constants of the process, the mechanism will be[31]

NU
k�1
 ��!k1 IU

k�2
 ��!k2 DU (6)

where NU, IU, and DUare the native, intermediate, and dena-

tured urease, respectively. A set of differential equations

describing the process is:

dNU

dt
¼ �k1½NU� þ k�1½IU�

dIU

dt
¼ k1½NU� � ðk�1 þ k2Þ½IU� þ k�2½DU�

dDU

dt
¼ k1½IU� � k�2 DU½ �

(7)

Kinetics of urease denaturation by sodium n-dodecyl sulfate

was investigated at neutral pH in Ref. [31]. The experimental

rate constants for the fast urease denaturation by dodecyl sul-

fate below 1.1 and 5.5 mM of the critical micelle concentra-

tions at 27�C and pH 7.0[31] together with the differential

model given by Eq. (7) are used here to generate the enzyme

concentration vector Pexp which is assumed as experimental

data. The HANN technique does not require analytical solu-

tions to Eq. (7) because its numerical solutions can be taken to

build the Pcalj vector. Initial guesses for the neuron states are

inputs in HANN method. In inverse chemical kinetic problems,

these neuron states represent the rate constants to be refined,

as described in Methodology section.

The chemical kinetics inverse problem involves a differential op-

erator [kinetic model given by Eq. (7)] numerically sensitive to ex-

perimental noises in the experimental concentrations. This inverse

problem becomes ill-posed owing to these noises because the

condition ‘‘continuity with respect to experimental noises’’ as dis-

cussed in the Introduction section is violated. In this way, the

noises difficult the performance of the Hopfield neural network as

well as any algorithm proposed to solve ill-posed inverse prob-

lems. Finally, the rate constants achieved here are k1 ¼ 0.1927

s�1, k2 ¼ 5.747 � 10�3 s�1, k�1 ¼ 8.487 � 10�2 s�1, and k�2 ¼
1.871 � 10�3 s�1 and provide theoretical concentrations in excel-

lent agreement with experimental results as the error function,

Eq. (1), computed with these constants is E ¼ 5.116 � 10�20.

Figure 2 shows experimental concentrations with several ex-

perimental noise levels against theoretical concentrations cal-

culated with the inverted rate constants in each case. Experi-

mental data are represented by full squares with error bars. It

Figure 2. Experimental concentrations at different noise levels (squares) and theoretical concentrations (circles): a) concentrations without noise; b) noise

level 2%; c) noise level 6%; and d) noise level 10%.
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is noted from Figure 2 that for all noise levels tested, theoreti-

cal concentrations are close to the experimental values, that is,

the theoretical concentrations lie within the range of uncer-

tainty in experimental concentrations. In other words, for all

the cases, the rate constants inverted reproduce theoretical

concentrations within experimental error. These results show

the chemical quality of the rate constants inverted.

Random noises in the range 2–10% following a normal dis-

tribution were added to experimental concentrations to check

the neural network robustness. As shown in Table 1, average

errors (AEs) in inverted rate constants changes from 4.9%

(noise level �2%) to 3.2% (noise level �10%).

The AEs were computed by the expression

AE ¼ e1 þ e2 þ e3 þ e4
4

whose parameters e1, e2, e3 and e4 are, respectively, the rela-

tive deviations between constants inverted from concentra-

tions without noise and the constants inverted from concen-

trations with noises. For instance, in Table 1, the values k1 ¼
0.1924 s�1, k2 ¼ 5.757 � 10�3 s�1, k�1 ¼ 8.641 � 10�2 s�1,

and k�2 ¼ 1.547 � 10�3 s�1 are inverted from concentrations

with a noise level of �2. Relative errors with respect to con-

stants computed from concentrations without noises are e1 ¼
0.1557%, e2 ¼ 0.1740%, e3 ¼ 1.8145%, and e4 ¼ 17.3169%.

Hence, the AE for this case will be about 4.9% as displayed in

Table 1. This procedure was applied to determine all the AEs

to these parameters in this work.

AEs for the rate constants are closed to random experimen-

tal noises in each case, and for all noise levels, the neural net-

work is numerically stable and efficient to give convergent

results. Values for the error function are shown in Table 2.

These errors are accomplished by Eq. (1). Low values to this

equation indicate chemical quality for rate

constants estimated because a good

agreement between Pcal and Pexp is

achieved.

If random noises are not present, a

value of 5.116 � 10�20 is found. This

value indicates an acceptable quality of

the rate constants because an excellent

agreement between Pcal and Pexp is ful-

filled. If random noise level in concentra-

tions is increased of �2 to �10%, the

error function varies from 2.753 � 10�10

to 7.164 � 10�9. These values are satisfac-

tory to a stable numerical optimization

method.

Also, whenever noises are not taken

into account in experimental concentra-

tions, a good convergence between dif-

ferent initial guesses and rate constants

inverted from concentrations (taken as a

reference) is observed. In this context

(concentrations without noises), Table 3

shows a satisfactory convergence even

with deviations up to 70% up and down

with respect to the reference. In addition, to deviations 30%

(up and down) in initial guesses, an efficient convergence was

found at all noise levels tested as presented in Table 3. Even

though whenever initial guesses with deviations greater than

30% in relation to reference are tested, an efficient conver-

gence is not feasible. This kind of test is a difficult task to any

approach used in solving ill-posed inverse problems. Neverthe-

less, the main objective of these methods is the quality of pa-

rameters calculated from experimental data and this can be

reached by the HANN as discussed before.

Two techniques often performed in nonlinear regression anal-

yses, Simplex and the Levenberg–Marquardt algorithms[32,33]

Table 1. Experimental error analysis-neural network.

Error in

concentration (%) Recovered k1 Recovered k2 Recovered k�1 Recovered k�2

Average

error (%)

0 0.1927 5.747 � 10�3 8.487 � 10�2 1.871 � 10�3 �
62 0.1924 5.757 � 10�3 8.641 � 10�2 1.547 � 10�3 4.9

64 0.1932 5.747 � 10�3 8.612 � 10�2 1.587 � 10�3 4.2

66 0.2127 5.216 � 10�3 8.552 � 10�2 1.802 � 10�3 6.0

68 0.1922 5.763 � 10�3 8.438 � 10�2 2.613 � 10�3 10

610 0.1918 5.797 � 10�3 8.413 � 10�2 2.069 � 10�3 3.2

Rate constants in s�1.

Table 2. Error function at different noise levels—neural network.

Random noise in concentrations data (%) Error function, Eq. (1)

0 5.116 � 10�20

62 2.753 � 10�10

64 1.117 � 10�9

66 2.227 � 10�9

68 4.965 � 10�9

610 7.164 � 10�9

Table 3. Convergence of initial guesses-neural network.

Error in

concentration (%)

Error in initial

guesses (%)

Average

error (%)

Error in initial

guesses (%)

Average

error (%)

0 630 0 670 0

62 630 5.0 670 668

64 630 6.0 670 671

66 630 10 670 674

68 630 13 670 673

610 630 18 670 679

Table 4. Experimental error analysis—Simplex algorithm.

Error in

concentration (%) Recovered k1 Recovered k2 Recovered k�1 Recovered k�2

Average

error (%)

0 0.2160 5.127 � 10�3 8.167 � 10�2 1.604 � 10�3 –

62 0.2125 5.216 � 10�3 7.211 � 10�2 1.798 � 10�3 10

64 0.2130 5.205 � 10�3 8.192 � 10�2 1.879 � 10�3 6.0

66 0.2129 5.213 � 10�3 7.254 � 10�2 1.886 � 10�3 8.8

68 0.2126 5.223 � 10�3 8.105 � 10�2 1.926 � 10�3 6.7

610 0.2169 5.121 � 10�3 8.075 � 10�2 1.574 � 10�3 11

FULL PAPERWWW.Q-CHEM.ORG

International Journal of Quantum Chemistry 2012, 112, 3240–3245 3243

http://q-chem.org/
http://onlinelibrary.wiley.com/


were exploited to solve the present inverse problem to proceed

a comparison with the HANN method. The three methods have

similar efficiency whether random noises are not considered in

experimental concentrations. When experimental noises are

taken into account, the AEs in rate constants computed by Sim-

plex are in a general way greater than those obtained by the

neural network as can be seen from Table 4.

The error function obtained by Simplex algorithm changes

from 8.347 � 10�10 to 7.828 � 10�9 as shown in Table 5 (ran-

dom noise level in the range �2 to �10%) similarly to neural

network performance.

The AEs in rate constants estimated by Levenberg–Mar-

quardt and neural network are close as shown in Tables 1 and

6, but the values of error function calculated by the Leven-

berg–Marquardt technique are greater than those obtained by

the neural network as displayed in Table 7.

For example, the following values to Eq. (1) are accom-

plished by these techniques: noise level at 2%; neural network,

2.753 � 10�10; Levenberg–Maquardt method, 6.058 � 10�7.

Noise level at 10%; neural network, 7.164 � 10�9; Levenberg–

Maquardt method, 7.040 � 10�5.

In a general way, the HANN method was more robust than

the two algorithms in relation to random noises in the experi-

mental data because the smaller values to Eq. (1) were

obtained by the neural network. This point illustrates a reason-

able criterion to consider that the HANN approach estimates

the best parameters when compared with Simplex and Leven-

berg–Maquardt approaches.

Conclusions

An algorithm based on artificial neural networks was used to

solve a chemical kinetic inverse problem, the jack-bean urease

denaturation by sodium n-dodecyl sulfate.

Rate constants for a two-step kinetic

mechanism were computed from the

denatured enzyme experimental concen-

tration. Analytical solutions for the differ-

ential kinetics equations are not required

by the numerical method, which can be

exploited for any differential equations

model describing a kinetic reaction

mechanism.

The rate constants calculated reproduce

experimental concentrations with excel-

lent agreement, and the neural network was more robust than

Simplex and Levenberg–Maquardt methods in relation to ran-

dom noises in experimental concentrations used to compute

the inversion. Also, a satisfactory stability with respect to dif-

ferent initial guesses for the rate constants was observed. The

numerical stability of the technique proposed allows inversion

of parameters from data with large experimental errors. This

method is applicable to solve ill-posed inverse problems in

other kinetics problems.

Keywords: ill-posed inverse problem � chemical kinetics � rate
constants � jack-bean urease denaturation
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