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Abstract— In this paper, an Adaptive Backstepping
Neural Network control approach is used for a class of affine
nonlinear systems which describe the Mitogen Activated
Protein Kinase (MAPK) cascade models in the strict feedback
form. We consider some of forms of the MAPK cascade [4].
The close loop signals are semiglobally uniformly ultimately
bounded and the output of the system is proven to follow a
desired trajectory. Simulation results are presented to show
the effectiveness of the approach proposed in order to control
the MAPK output.

I. INTRODUCTION

OWADAYS MAPK cascade models are being used to

control the cell division processes and are based on the
kinetic properties of kinases and phosphatases in specific
signaling pathways. Biologists work is supported by
various remarks from recent Nobel Prize winners. Because
of that, recently interest in modeling of biological systems
has been increased. In the present work we focus on the
control of signals, the kinases produce as partial outputs
(virtual control inputs) via a well known adaptive
backstepping technique [1] through an appropriate selection
of the controller. The system exhibits unknown
nonlinearities. We use adaptive control [13] in order to
track the desired output. We use specific adaptation laws in
order to reduce uncertainty. This method can be used in
drug discovery and sickness therapy, especially in
personalized medicine (i.e., for a specific disease, for a
specific person, the appropriate medicine). It is obvious that
we do not need to know interconnections between the
signaling pathways. We only need an appropriate input
(control input) to make the output to follow the desired
behavior.

The kinases and phosphatases of our model have the
following properties:

i. Each kinase can be found in an active and an

inactive form.
ii. Activation of
phosphorylation.

When the kinases are in their active forms they may
phosphorylate other kinases and inactivation of the kinases
takes place by dephosphorylation catalyzed by
phosphatases which are sequentially active. Effects of
multiple phosphorylations are neglected and we do not
consider the action of scaffolds and adaptors.
Assumption: Initial activation of kinases occurs by their

kinases takes place by

interaction with an external receptor u(?) .

II. PROBLEM ANALYSIS
A. System Description

The MAPK cascade model is described by the following
set of differential equations [4]-[6]:

%=u(z‘)é})~(i +>a, XX, - BX, (1)

J#i

where X ; and X ; are the concentrations of the inactive

and active forms respectively, of the ith kinase. They can be
related with each other with the following

equation X, + X, = C = const., where a; and B are

the rate constants of kinases and phosphatases, and u(¢) is

the time dependent concentration of the receptor. The
receptor converts the inactive input kinases into active. The

rate constant 51 is chosen such that: 51 =1 for input
kinases and 51 =0 otherwise. The above hypothesis is

made because the receptor affects only the input kinases.

Special cases of (1) can be expressed in (or transformed
to) the following nonlinear state space form:

x, =f.(x)+g(x)x,,1<i<n-1
x, = fi(x)+g,(x,)u ,n=2

y=x )

— T i .
where X; =[x,,X,,..X,] € R',i=L..n,ue R,ye R

are state variables, input and output respectively. Our
purpose is to construct a specific adaptive Neural Network
controller such that:

i) all the signals in the close loop remain
semiglobally ultimately bounded
i) the output signal y follows a desired trajectory

signal y,, with bounded derivatives up to
(m+1)th order.
In order to approximate some unknown nonlinearities

we use Neural Networks [12], [14]. This approximation is
guaranteed within some compact sets Q.
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Since g,(.), i =1,...n are smooth functions, they are

therefore bounded within some compact set. According to
the previous we can make two assumptions.

Assumption 1: The signs of g;(.) are bounded for
example there exist constants g,,(.) = g,,(.) >0 such
that, g (.) 2 |gi1(') 2|gi0(~):V)_Cn € Qe R". The g,()

functions in the MAPK cascade are strictly positive because
concentrations of kinases and phosphatases are positive
numbers.

Assumption 2: There exist constants g,,(.) >0 such
that g,(.)< g, () Vx, e Qe R".

B. RBF Neural Networks

Dynamical Neural Networks are well established tools
used in the control of nonlinear and complex systems. We
use RBF Neural Networks [9] in order to approximate the
nonlinear functions of our systems [15]. The idea behind
this is described fully at [2], [3], [8], [10], [11]. The RBF

NN we use are of the general form F(.)=8"&(.), where
6 € R”is a vector of regulated weights and &(.) a vector
of RBF’s. It has been shown that given a smooth function
F:Q — R, where  is a compact subset of R" (m is
an appropriate integer) and £ > 0, there exists an RBF
vector §:R™ — R’ and a weight vector %€ R” such

F(x)-6" &(x)

network reconstruction error. The optimal weight vector is
chosen as an appropriate value that minimizes the
reconstruction error over Q.

Output

that <eg Vxe Q. Here ¢ is called the

Adjustable weights w;
(W, = bias)

Adjustable centers u
Adjustable spreads v

[nputs X, X, X

Figl: Schematic representation of RMF Neural Networks

C. MAPK cascade models

In this paper we apply the backstepping technique to
the following pathways consisting of three kinases and
three phosphatases:

i)
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— as; X2
Xz\/ J

B

The previous pathway is described by the following
equations:

Xy =—xy + (¢ — x;)u(t)
X, ==f,x, +ay(c, —x,)x;
% ==fx +a;,(c; —x)x,

y=x

u(t)
Bi l l

Gz 023

B

X,

The previous pathway is described by the following
equations:
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Xy ==Xy + (¢, —x;))u(t)
X, ==fhx, +ay(c, —x)x; +ay (¢, —x,)x;

X, ==fx, +as,(c; —x))x,
Y=
iii) u(®) l
- o 02 X3
X, \/
Bi l
- a2y X
X, \/ P
i3
~ 032 X |
X, \/
B3

The previous pathway is described by the following
equations:

X ==L+ ay, (¢ —x3)x, + (¢, — X3 )u(t)

X, ==X, + a5 (¢, — %)%,

% = =% + a5, (c; — x,)x,

y=xX
iv) u(t) l
- 019 012 X ;
X, \/
Bi l ;
. X

Nm){l_

X, \/
The previous pathway is described

by the following equations: Bs
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Xy == fixs +ap, (= x3)x, + (¢ = x3)u(?t)
X, ==f,%, + ay(c, — %)X, +ay(c; — x,)x;
X, ==, + a5, (c; — x,)x,

y=x

u(t) l
X u x5
Bi l

The previous pathway is described by the following
equations:

Xy ==Bx; +a;(c, — x3)x, + (¢, — x3)u(t)
X, ==p,x, +ay(c, — x,)x;
% ==fx + a5, (c; —x)x,

y=x

C. Controller Design

In [16], a desired feedback control law was initially
proposed for system (2) and Neural Networks are used to
parameterize the desired feedback control law. Finally
adaptation laws are used to tune the weights of neural
networks for closed loop stability. In our paper we use the
controller designed by Kaynak et al. [7]. The design
procedure is described in 3 steps because in the MAPK
cascade models above we have 3 states. Each backstepping
stage results in a new virtual control design obtained from
the preceding design stages. When the procedure ends, the
feedback design for the control input is obtained, which
achieves the original design objective.

Stepl: In this step we want to make the error between x;

and X;4 (=V4) as small as possible.
The previous is described by the following equation:

€ =X~ Xy

€)
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We take the derivative of ;. After that we have:
& =% —x, =>¢=fi(x)+gx)x,—%, “4)

by using X, as the virtual control input. The previous
equation can be changed by multiplication and division

with g (xl) to the following form:
é = g1(x1)[g171 () fi(x) +x, — g171 (x)X%,] 9

We choose the virtual controller as:

Xog =Xy = _g171(x1)f1 (x)+ g171(x1 )X, —ke  (6)

where k; is a positive constant. In order to approximate the
unknown nonlinearities (functions f;(x;) and g;(x;)) we use
RBF Neural Networks. A Neural Network based virtual
controller is used as follows:

Y _91T€1(x1) + 51Tn1(x1 )%, — ke, M

where we have substituted the unknown nonlinearities
gi(x 1)‘1f](x 1) and g;(X 1)_1 with the RBF Neural Networks

91T§1 (x,) and é‘lTnl (x,) respectively based on Lyapunov
stability [16], [17].

We take the following adaptation laws (c-modification)
in order to avoid large values of the weights:

6 =T, [e&(x)-08]
6, =, [—en (x)X,, — 1,6,] (3)

with ¢, y; small and positive constants and [7;=1"; 1T> 0,
I=1 2T>0 are the adaptive gain matrices.

Step 2: In this step we make the error between x, and x4
as small as possible.
The previous is described by the following equation:

e, =X, —X,, ©)
We take the derivative of e,. After that we have:
e, =X, =Xy = [,(%,) + g,(X,)x; — Xy,

g -l (10)
=2, (%), (%) f2(X) +x;,— g,(X,) ™ X, ]

By taking the X34 as a virtual control input and by
substituting the unknown nonlinearities g,(X,)”" f;(X,)

and g,(X,)”" with the RBF Neural Networks 9;4:2 (x,)

T04-002

and 52Tn2 (x,) respectively based on Lyapunov stability
[16], [17], we have:

X3g =€ — ezTé:z () + 52Tn2 ()%, —kze,

(11)

We take the following adaptation laws (c-modification)
in order to avoid large values of the weights:

92 =T, [es,(xX,) - 0,0,]

0, =T,[—en, (X,)x,, — 1,0,] (12)
with 02, 7> small and positive constants and / >;=1>; >0,
15=1" 2T>0 are the adaptive gain matrices.

Step 3(Final): In this step we make the error between X3

and X34 as small as possible.
The previous is described by the following equation:

e, =X;— Xy, (13)
We take the derivative of e;. After that we have:
ey =X; =Xy, = [5(%) + & (% )u —xy, (14)

=g;(x%;)[g; ()?3)71/[3()_53) tu—g; ()_53)71X3d]

Where u is the control input and by substituting the

unknown nonlinearities g, (X, )! £(X;) and g,(x, !

with the RBF Neural Networks 9;4:3 (x;) and 53Tn3 (x;)

respectively, we have:

U=-e,- 93T4:3 (x;)+ 53Tn3 (X%5) X5, — ksey

(15)

We take the following adaptation laws (c-modification)
in order to avoid large values of the weights:

93 = 1_‘31[634-:3 ()?3) - 0-393]

0, = [—eny (3,)%,, — 1364] (16)
with 03, y3 small and positive constants and [ 3;=173 >0,
15,=15% 2T>0 are the adaptive gain matrices.

D. Simulation

In order to show the effectiveness and apply the above
approach a simulation is presented for the (i) form of the
MAPK cascade model (as described before):
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Adaptive Controller

Xy ==Bx; + (¢, —x;)u(t)

08F

X, ==Bx, +ay (¢, —x,)x, 06
X ==fx +ay(c; —x)x, 04
y=x
= or

where X;, X2, X3 and y are states (concentrations) and ?U-?-
output of the system respectively. The initial conditions 2 gaf

. T =

(concentrations) are Xo=[X9, X20, X390/ =[0.7, 0.8, el

1.0]" and the desired output signal of the system is |

Va=Sin(t). In order to select the desired output signal we
based on two principles. First we test the previous

1
10 12 14 16 18 20
t(s)

fig. 1.The output of the system under adaptive controller.

(=]
ra
=
m
=2

algorithm with y;=sin(?) (shown in the following figures)

because of its slow changes and then with y,=(atan(10*(t-
10))/m)+0.5 (hyperbolic tangent) to check the fast changes.

These selections are not based on any experiments in the c
lab.

We make the assumption that c¢;>>x; C2>>x),
€3>>x3 in order g(.) functions to be strictly positive and
a21=a32=ﬂ1=ﬂ2=ﬂ3=1, 6'1:9.99, 62:6.66,
c3=3.33.

All the basis function of the NNs have the form

x10* Adaptive Controller

— T ,—

— X . —U. X. —U.
G(xi):exp[—( =) 2( L ’)] (as described in
[8]) where u;=[u;;, up, ..., u,-j]T are the centers of the B 1
receptive field and v; are the widths of the Gaussian
function. o 2z 4

The Neural Networks HITE 1(x;) and 51T77 1(x;) have 5
nodes with centres u; evenly spaced in [-6, 6] and widths

vi=1, Hngg()_cz) and 52T772()_62) have 25 nodes with
centres u; evenly spaced in [-6, 6] x [-6, 6] and widths vj=]
and 93T§3()_C3), 53TI73()_C3) have 125 nodes with centers

The contral input of the system (W)
o
-

w12 1 1 18 20
1(s)

Fig2: The trajectory of the adaptive controller

m
=2

Phase plane plot of the system

u; evenly spaced in [-6, 6] x [-6, 6] x [-6, 6] and widths 10
vi=l. We select the design parameters of the above o 0
controller as k;1=k>=3.5, I'1=I=diag{2}, ) .
0‘120'22)/1:)/2:0.2. The initial weights 0;, 65, 03 are a0

arbitrarily taken in [-1.2, 1.2] and 01, 02,03 1n [0, 1.2].

Figs. 1-6 show the simulation results of applying the
controller for tracking the desired signal yy. From figure 1
we can see that good tracking performance is obtained. _
Figure 2 shows the trajectory of the controller. Figure 3 X2 | .
shows the phase plane of the system. Figure 4 shows the

. . Fig3. The phase plane plot of the system
error e, , Figure 5 shows the error e, and finally Figure 6

shows the errore; .
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Fig6. Error e;

III. CONCLUSION

In this paper, we apply the controller scheme [7] to
control the output of the MAPK cascade models to reach a
specific  behavior  without knowing the internal
interconnections of them. The tracking error is bounded and
is established on the basis of the Lyapunov approach. It is

T04-002

an adaptive control application that can be applied
extensively into medicine and drug discovery.
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