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In this paper, an adaptive robust control strategy is developed for the manipulation of drug usage and
consequently the tumor volume in cancer chemotherapy. Three nonlinear mathematical cell-kill models
including log-kill hypothesis, Norton-Simon hypothesis and Enax hypothesis are considered in the
presence of uncertainties. The Lyapunov stability theorem is used to investigate the global stability and
tracking convergence of the process response. For the first time, performance of the uncertain process is
investigated and compared for three nonlinear models. In addition, the effects of treatment period,
initial value of tumor volume (carrying capacity) and the uncertainty amount on dynamic system
behaviour are studied. Through a comprehensive evaluation, results are presented and compared for
three cell-kill models. According to the results, for a wide range of model uncertainties, the adaptive
controller guarantees the robust performance. However, for a given treatment period, more variation in
drug usage is required as the amount of model uncertainty increases. Moreover, for both the nominal
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and uncertain models, less drug usage is required as the treatment period increases.
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1. Introduction

During the drug delivery process in chemotherapy, normal
healthy cells may be killed in addition to the cancer cells [1,2].
Some control strategies have been proposed for the effective
killing of cancer cells and minimizing the negative aspects of
drugs on healthy cells. For this purpose, drugs delivery must be
regularly scheduled to maintain a specific level of the drug dosage
in the body. Therefore, understanding the effects of chemother-
apeutic drugs on tumors behaviour is important in development of
efficient treatment strategies.

Several models have been presented for the killing of cancer
tumor cells in chemotherapy process. In log-kill hypothesis as an
early model, it was shown that cell killing (using the chemother-
apeutic drug) is proportional to the tumor population [3]. Thus, it is
shown in this hypothesis that the volume of larger tumors is
reduced more rapidly than smaller tumors for a fixed dose of drug
[3]. After that, in some clinical observations, the predictions of log-
kill hypothesis fail in some cases such as Hodgkin’s disease and
acute lymphoblast leukemia (in these cases, larger tumors reduce
slower than the similar smaller tumors) [4-6]. Consequently, Norton
Simon hypothesis was proposed [4,5], in which the cell-kill was
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considered to be proportional to the tumor growth rate. Finally, in
Emax hypothesis, the cell-kill rate was assumed to be proportional to
a saturable function of tumor mass [7]. This hypothesis is obtained
from the fact that chemotherapy drugs must be metabolized by an
enzyme before their activation. However, this metabolism is satur-
able because the amount of enzyme is fixed in the body.

For the above-mentioned hypotheses, open loop unconstrained
and constrained control methods have been proposed [6,8-11]. As
a constrained drug delivery control, bang-bang control strategy
has been used for the nonlinear models. The application of feed-
back control with a quadratic performance criterion for the
mathematical models of cancer chemotherapy has been studied
in the early works [8,9]. In other researches [10,11], considering
normal and tumor cells under the hypotheses of Gompertzian and
logistic growth, the rate of drugs administration was controlled.

Another open-loop control strategy utilized for chemotherapy
process is the control parameterization technique. In this method,
optimal control problem is transformed into a numerical problem
and the control variables are approximated with the constant
values in specified time intervals [12,13]. Using this optimal
control strategy, the dosage of specific drugs (e.g., paclitaxel) has
been determined for the reduction of breast and ovarian cancers
[14]. Moreover, it is concluded that treating with repeated shorter
periods allows more drug to be given without excess damage to
the bone marrow [14,15].

Mathematical details of optimal control techniques and their
therapeutic performances in different cell-kill hypothesis including
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treatment schedules have been studied in other researches, e.g., [6].
Moreover, some other approaches have also been investigated, such
as: optimal singular control in chemotherapy [16,17], the influence
of fixed and free final time of treatment on optimal chemother-
apeutic protocols [18], optimal control for a stochastic model of
cancer chemotherapy [19], optimal control for the tumor model
with immune resistance and drug therapy [20], a comparison
between linear and quadratic controls [21] and a comparison
between optimal control for different models [22]. In some other
researches, model simulation and experimental validation of intra-
tumoral chemotherapy using multiple polymer implants [23],
sensor-based cell and tissue screening for personalized cancer
chemotherapy [24] have been accomplished. A multi-objective
optimal chemotherapy control model for cancer treatment [25]
has also been proposed.

It should be noted that chemotherapy processes similar to
other dynamic systems are potentially accompanied with various
sources of uncertainty. The dynamic model inaccuracies are in
the form of structured and unstructured uncertainties; desc-
ribed through parametric or model (non-parametric) uncertain-
ties, respectively. These uncertainties are due to either sensor
fusion systems (direct measurement) or observers algorithms
(indirect measurement). As a result, previous control strategies
may not guarantee a robust performance in the presence of
uncertainties and for a wide range of operating conditions,
e.g., [8-14,16-22].

In a recent study [26], for achieving the robust performance
against uncertainties, three control approaches including optimal
linear regulation, nonlinear optimal control based on variation of
extremals and H..-robust control were developed. It was shown
that H., controller has the most efficient performance for the
uncertain plants; however its conceptual design is rather complex.
For some previous linear controllers, e.g., [8-14,16-22] and two
other linear controllers recently proposed in [26] (H.,-robust and
optimal linear regulation), the nonlinear model should be linear-
ized around its operating points. Therefore, choosing these oper-
ating points affects the performance of the controller, and the
controller has desired performance only in the areas close to these
operating points.

In this research, a nonlinear adaptive control strategy is devel-
oped for the chemotherapy process described through log-kill
hypothesis, Emax hypothesis and Norton-Simon hypothesis. The
nonlinear adaptive controllers are designed based on Lyapunov
stability theorem which guarantees the global stability and track-
ing convergence of the problem. Unlike the linear controllers in
[8-14,16-22,26] that require the linearization around the operat-
ing points, the proposed nonlinear controller does not require
linearization and its performance is not related to some operating
points or areas. As a result, the nonlinear controller could achieve
to its goal with the desired performance independent from the
points (or states) during the process.

Moreover, unlike the previous works, parametric uncertainties
associated with the dynamic models are also included. It should be
mentioned that the linear controllers [8-14,16-22,26] are affected
from the parameters of the original nonlinear model and their
uncertainties especially in linearization procedure. However, for
the proposed nonlinear adaptive controller, the nonlinear model
parameters are considered to be completely uncertain and their
magnitudes do not affect the controller design. The amount of
tumor volume is manipulated by adaptive variation of drug usage.
For the first time, performance of the uncertain process is
investigated and compared for three nonlinear models (with an
adaptive controller). In addition, the effects of treatment period,
initial value of tumor volume (carrying capacity) and the uncer-
tainty amount on dynamic system behaviour are studied. Results
are presented and compared for three cell-kill models.

2. Cell-kill models in cancer chemotherapy process

As it is mentioned, several approaches have been developed for
modeling the process of tumor cells killing; which is also called
chemotherapeutic induced cell-kill. In an early work by Schabel,
Skipper and Wilcox, it was hypothesized that cell-kill due to a
chemotherapeutic drug was proportional to the tumor population
[3]. This hypothesis was obtained based on in-vitro studies in the
murine leukemia cell-line L1210. According to this hypothesis, a
specified dose of drug kills a constant fraction of the cells
independently from the tumor size. Moreover, there is a relation-
ship between the drug dosage and the percentage of the killed
leukemia cells. Consequently, large tumors are diminished more
rapidly than smaller tumors with a specific dosage of drug. This
proposed hypothesis is called as the log-kill mechanism in the
literature. This model is valid for experimental leukemia because
the growth dynamics of the cancer is constant during the course of
observation. However, it failed when applied to the experimental
solid tumors of human in which tumor size approached a plateau
level (in which tumor dynamics is approximated by Gompertzian
growth curves) [27,28].

After that, Norton and Simon [4,5] found that the log-kill model
contradicts some clinical observations, such as acute lymphoblas-
tic leukemia and Hodgkin’s disease. In these cases, reduction in
small tumors was histologically faster than in similar larger
tumors. Consequently, Norton and Simon hypothesized that the
cell-kill is proportional to the growth rate of the tumor (e.g., as an
exponential, logistic, or Gompertzian functions). In a recent work,
a simple realistic biophysical model of tumor growth in the
presence of a constant continuous chemotherapy is studied, and
it was shown that if an extended Norton-Simon hypothesis holds,
the system may have multiple equilibria [29]. Therefore, the tumor
carrying capacity and/or the drug pharmacodynamics (and/or the
drug pharmacokinetics) are affected by the bounded stochastic
fluctuations which cause the transition from a small equilibrium to
a far larger one, not compatible with the life of the host. Finally, in
another hypothesis, it was mentioned that some chemotherapeu-
tic drugs must be metabolized by an enzyme before being
activated. Due to the fixed amount of enzyme, this reaction is
saturable. Accordingly, Holford and Sheiner [7] proposed Epax
hypothesis in which the cell-kill is described in terms of a
saturable function of Michaelis—-Menton form. The concentration
effects of drugs is essentially considered and discussed in Epax
model. This model introduces theoretical support from the physi-
cochemical principles (by inclusion the law of mass action);
governing the binding of drug to the receptor [30].

In this section, Skipper’s log-kill hypothesis (called Model 1),

Emax hypothesis (called Model 2) and Norton-Simon hypothesis
(called Model 3) are considered. General dynamics of these
systems is presented through differential equations as [3-6]:
% =rxF(x)—G(x,t) (1)
where x is the tumor volume, r is the tumor growth rate, F(x) is the
generalized growth function and G(x,t) describes the pharmaco-
kinetic and pharmacodynamic effects of the drug. While the tumor
burden and toxicity level are defined as the time-integral of the
drug concentration, the Growth function (Gompertzian) is
expressed as:

(2]
F(x)= In (;) 2)

where @ is the constant of scaling. For the mentioned hypotheses,
G(x, t) is described as:

For log — kill hypothesis (Model 1) : G(x,t) =6 (g) ut)y G3-1
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Sx u(t)

For Enax hypothesis (Model 2) : G(x, t) = oy 3-2)
For Norton — Simon hypothesis (Model 3)
1 G(x,t) =6 F(x) u(t) 3-3)

where 1 and § are constant coefficients of the model and u(t) is the
chemotherapy drug concentration (density); e.g., in the plasma
compartment. u(t)=0 means the absence of drug effect and
u(t) >0 denotes the amount or strength of the drug effect. It
should be mentioned that for simplicity in next formulations,
simulation results and discussions, ‘drug usage’ is used instead of
‘drug concentration’. Using X =x/0, 1=21/6 and & = 5/6 for scal-
ing the models given by Eq. (3-1) and dropping the ‘~" in the
quantity 7, y=x, 4, 5; the following differential equations are
obtained [6]:

(Model 1) % = —rxInx)— s x u(t) 4-1
dx 5X

(Model 2) i rx In(x)— /I-T)cu(t) 4-2)
dx

(Model 3) i In(x) [rx— & u(t)] 4-3)

with the initial condition of x(0) = xo; where the tumor volume is
normalized by using the mentioned change of variables as
O<xg<1.

3. Development of adaptive control strategy for cell-kill
hypotheses

In this section, the adaptive control strategy is developed for
proposed cell-kill hypotheses in cancer chemotherapy process. The
goal of adaptive control strategy is tracking the desired volume of
the cancer tumor (defined by the chemotherapy physician), while
the cell-kill models are associated with uncertainties. The feed-
back signal used in these controllers is the volume of tumor. Using
the Lyapunov theorem, the stability of closed-loop control systems
(for all three models) and the convergence of tumor volume
reduction to the desired value (x;) are presented. Moreover, it is
shown that using the adaptation law for updating the estimated
parameters of the system, the estimation error of model para-
meters is remained bounded. A schematic of the cancer che-
motherapy process using proposed nonlinear adaptive controllers
for drug delivery of different tumor models is shown in Fig. 1.

3.1. Adaptive control design in log-kill hypothesis

Dynamics of the log-kill hypothesis (Model 1, Eq. (4-1)), can be
rewritten as:
1x r
(Model 1) x5 In(x) = u(t) (5)

X Adaptive Drug u(t) X
Delivery Controller Chemotherapy Process
u(t) =Y, 0,
L
‘\\ 6,
\,

\,
N

(with uncertain parameters)

Adaptation Law

(parameters estimation)

Fig. 1. Nonlinear adaptive control of drug delivery in cancer chemotherapy process
for cell-kill models with parametric uncertainty.

Property. The left-hand side of Eq. (5), by considering an arbitrary

variable ¢ instead of X, is linearly parameterized in terms of the

system parameters as [31]:

“5x s In(x) = Y1(¢, X) 04 (6)
The regressor matrix Y; and the vector 6; contain known

functions and unknown parameters of the system, respectively as:

T
Yo=[-f —In@]e =] }] )
The adaptive control law is defined as:
1(kg—aX) T
u()y= —=———xInx 8
(== =< ®

The accent  is used for estimated values of parameters. 5 and
i are estimates of the system parameters 6 and r, respectively.
These estimated parameters are obtained via an adaptation law, as
will be presented next. X =x—Xxy is the error vector for the tumor
volume with respect to the desired volume (x;), and « is a positive
constant. Using Property, and substituting ¢ = x4 — X in Eq. (6), the
control law (Eq. (8)) is rewritten as:

u(t)=Y1(kg—aX, x) 0 )

where 6, is the vector of estimated parameters. Now, the adapta-
tion law for updating the vector of estimated parameters is
introduced as:

01 =% x ' Y1 "sgn(s) (10)

where I" is a symmetric positive definite constant matrix. It will be
shown in the following Lyapunov stability proof that the adapta-
tion law by Eq. (10) provides the tracking performance in the
presence of parametric uncertainties. The Lyapunov theorem [31]
is used for proving the stability of the system and asymptotic
tracking of the desired tumor volume (x;) during chemotherapy.
For this purpose, a Lyapunov function candidate is used as:

vz% ®2415 0, 718y (11

where 6; =0, —0, is the error vector for parameters estimation.

According to Eq. (11), the Lyapunov function is always positive

(V > 0). The time derivative of V is obtained as:

. x T ~

V=% X=x)+15| 01 I 16, 12)

where 61 :él, because 0; is the vector of the constant actual

parameters and therefore 6; =0. Substituting the dynamics of

Model 1, Eq. (4-1) in Eq. (12), yields:

. x T ~

V=—rXxIn(x)—6% X u(t)—X Xgesirea+ 15| 01 I'~1 64 (13)
Substituting the control law (given by Eq. (8)) in Eq. (13) yields:

V=—-rxxInx)+4s

> =

~ o. . o . 2 ~ . 5 T 1z
XXxInX)+-X Xg—=a X —X Xq+16] 01 '~ 0q
1 o o

(14)

By adding and subtracting « % 2, and arranging Eq. (14), it can
be written as:

] o . A T -
V=—ak?—s%x[ %5 —Inw| 81+151 6 116 (15)
Substituting ¢ =X, —aX in Eqs. (6) and (15) is modified as:

. - 2 T -
V=—a&?—8xxY1(kg—aX, X)01+15| 0 '8, (16)

Then, using the adaptation law given by Eq. (10) and '=1" in
Eq. (16), the time derivative of Lyapunov function is obtained as:

V= —a%? <0 (17)
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According to Lyapunov stability theorem, through Egs. (11) and
(17), the proposed control method guarantees the global stability
and tracking convergence (X —0 or x—X,4 as t— oo). In other word,
if the drug is consumed according to the law suggested by the
controller, the actual volume of tumor (x) converges to its desired
value (xy).

Proof. The Lyapunov function V in Eq. (11) is positive definite in X
and 0. Since V is negative definite (V <0), V is also bounded and
therefore, ¥ and 6, are bounded. We know that the desired tumor
volume (x4) and its time derivative (x;) are bounded. Therefore,
according to X = X — X, x is bounded and consequently according to
system dynamics by Eq. (4-1), x is also bounded. As a result,
X = X—Xy is bounded from the boundedness of x and X,. Finally, to
apply Barbalat’s lemma [31], the uniform continuity of V should be
checked. Differentiating Eq. (17) with respect to time, yields:

V=—2aXx (18)

This implies that V is bounded since ¥ and % are bounded. Thus,
V is uniformly continuous. Using Barbalat's lemma, it is proved
that X —»0 as t — oo and the vector of parameters estimation error
0, remains bounded. Using Eq. (7), the estimation error of two
parameters of the model (5 and 7) will be remained bounded.
Therefore, the objective of the proposed adaptive controller
(tracking convergence, X —0) is achieved; while, the identification
of the actual parameters is not obtained (which is not a goal for
the controller).

3.2. Adaptive control design in Emax hypothesis

Dynamics of the Enax hypothesis (Model 2, Eq. (4-2)), can be
rewritten as:

(Model 2) 7% (1 +§) = Lo Iy = u(® 19)

Similarly, using the same Property given in previous section,
the left-hand of Eq. (19) can be linearly parameterized in terms of
the system parameters as:

1 A r
—5 (1) 2= 50x ine0 =Ya(a 0 02 0)

where the regressor matrix Y, and the vector 0, contain known
functions and unknown parameters of the system, respectively as:

Yoo [0 ¢ —xiw —mwle=[1 45 Y] e

The adaptive control law for Model 2 is defined as:
u(t)y= 21 1+% (x —afc)—i(x+fl)ln(x) 22)
AT A 5

while 5, 1 and  are the estimated parameters of the system (see
previous section). Substituting ¢ =X; —aX in Eq. (20), the control
law is rewritten as:

u (t) =Ya(Xg—ak, X)0, (23)

where 0, is the vector of estimated parameters. The adaptation
law for updating the vector of estimated parameters is introduced
as:

0 =X X I Y5"sgn(s) (24)

In this section, the following Lyapunov function candidate is
used,

1 - - -
V=2 (0t 2) 2416161 162) 25)

where 6, =0, —0, is the error vector for parameters estimation.
According to Eq. (25), since 4 is a positive constant and the tumor
volume is always positive (x > 0); the Lyapunov function is always
positive (V > 0). The time derivative of V is obtained as:

. A~ T -
V:(x+/1)5(()'<—>'<d)+%x5<2+|5|92 =19, (26)

where 6, =6,, and 6, =0 (with the same reason discussed for
Model 1). It is desired to reduce the tumor volume in chemother-
apy process. Therefore, the time derivative of tumor volume is
negative during the treatment (x < 0). From Eq. (26) we have:

. x T ~
V < (X+DX(X—Xg)+ 1502 T~ 10, 27
Using the dynamics of Model 2 (Eq. (4-2)) in Eq. (27), we have:

. x T ~
V< —r(x+)% xIn(X)—8 X X u(t)— (X+)XXq+15|02 10, (28)
Substituting Eq. (22) in Eq. (28), yields:

V< —r(x+2)Xx ln(x)+5%(x+}1)>? P ln(x)+g(x+)1)>2 Xq
N + T -
—g(x+/1)a>“<2—(x+,1)f<5<d+|5|02 =19, (29)

Adding and subtracting (x+1) a X 2 to Eq. (29) and its rearran-
gement, yields:

. + T - ~

Vs —@+Da® +1ol0; T 102—6%x[ 4 —% —xIne - In() |6
(30)

where, ¢ = X; —aX. Substituting Eq. (20) in Eq. (30), yields:

. ~ A T ~

V< —a(x+ )R> =58 x Ya(Xg—ak,X)02+15|0, I~ '8, (31)

Using the adaptation law given by Eq. (24) and I'=1" in
Eq. (31), the time derivative of Lyapunov function is obtained as:

V<—ax+)x2<0 (32)

Since 4>0 and the tumor volume is positive (x>0), then
X+4>0. Therefore, according to Lyapunov stability theorem,
through Egs. (25) and (32), proposed control method guarantee
the global stability and tracking convergence.

The continue of stability proof is presented in Appendix A. As it
is concluded in Appendix A, the objective of the proposed adaptive
controller (tracking convergence, X —0) is achieved; while, the
identification of the actual parameters is not obtained (which is
not a goal for the controller).

3.3. Adaptive control design in Norton-Simon hypothesis

Dynamics of the Norton-Simon hypothesis (Model 3, Eq. (4-3)),
can be rewritten as:
1

X T
(Model 3) gm+gx =u(t) 33)

Similarly, using the same Property given in Section 3.1, the left-
hand of Eq. (33) can be linearly parameterized as:
1 ¢ r
Em‘*‘g" =Y3(¢4. X) 03 (34)
where ¢ is an arbitrary variable; the regressor matrix Y3 and the
vector 03 contain known functions and unknown parameters of
the system, respectively as:

Vs=[wh ¥Ji0s=[} 5] 35)
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The adaptive control law for Model 3 is defined as:
(b :l(xd—ax)

i‘,
5 Ine +§ X (36)

Substituting ¢ = X4 —aX in Eq. (36), the control law is rewritten
as:

u (t) = Y3(Xg — aX, x)03 37)

where 03 is the vector of estimated parameters. The adaptation
law for updating the vector of estimated parameters is introduced
as:

03 = —% In(x) ' Y3"sgn(s) (38)

In this section, the following Lyapunov function candidate is
used,

1/. N N
V=5 (% +16105' 1 "85) (39)

where 63 =03 —03 is the error vector for parameters estimation.
According to Eq. (39), the Lyapunov function is always positive
(V = 0). The time derivative of V is obtained as:
. s T ~
V=% &—xy)+5|63 I '03 (40)
where 63:(33, and 63 =0 (with the same reason discussed for
Model 1). Substituting the dynamics of Model 3, Eq. (4-3), into
Eq. (40), results in:
. s T ~
V=—rxxInx)+sXInx)u(t)—X ;4563 '~ 103 41

Substituting the control law given by Eq. (36) into Eq. (41),
yields:
. T 5 T -
V=—-rxx ln(x)+6%>? X ln(x)+§>2 )’(d—gaicz —XX4+15103 "'~ 103

(42)

Adding and subtracting « % ? to Eq. (42) and its rearrangement,
yields:

V= —ax?465% ln(x)[(kfn‘(;;*)

- < T -
x]93+\5\93 =163 43)
Substituting ¢ = x4 —aX in Eq. (34), Eq. (43) is modified as:

. - x T ~
V=—aX?+5% In(x)Ys(kg—aX,x)03+5/03 ' 03 (44)

Using the adaptation law given by Eq. (38) and I'=/" in
Eq. (44), the time derivative of Lyapunov function is obtained as:

V=—a%?<0 (45)

According to Lyapunov stability theorem, through Egs. (39)
and (45), proposed control method guarantee the global stability
and tracking convergence.

Proof. The Lyapunov function V is positive definite in terms of X
and 65 (Eq. (39)). Since V is negative definite (V <0), V is also
bounded and therefore, ¥ and 65 are bounded. With a similar
reasoning presented for the Model 1 in Section 3.1, the variables x,

Table 1
Nominal parameters for the log-kill hypothesis (Model 1), Emax hypothesis (Model 2)
and Norton-Simon hypothesis (Model 3) [6].

Model 1 Model 2 Model 3
Ti 0.1 0.1 0.1
5 0.45 0.225 4
2 0.25

%, % and X are bounded. Differentiating V given by Eq. (45), with
respect to time, yields:

V=—2a%% (46)

X, (Desired tumor volume during treatment)

Time (days)

Fig. 2. Desired tumor volume during cancer chemotherapy process with 30 days,
try =30 days (x41) and 15 days, ty; =15 days (x4;) treatment period, for 90% of
carrying capacity, xo = 0.9.

a
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y for x0=0.9 , with X4
g
Y
&0
2
=
&0
=
B
a
0 ~'-‘|-'—l---—- A Fi L -
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Time (days)

Fig. 3. Required drug usage for Model 1 (log-kill), Model 2 (En.x) and Model3
(Norton-Simon) after implementation of the adaptive controller in tracking the
desired tumor volume reduction for 30 days treatment period (x41) with 90% of
carrying capacity, xo=0.9.
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This implies that V is bounded since ¥ and % are bounded. Thus,
V is uniformly continuous. Using Barbalat’'s lemma, it is proved
that X — 0 as t— oo and the error vector for parameters estimation
63 remains bounded. Using Eq. (35), the estimation error of two
parameters of the model (5 and 7) will be remained bounded.
Therefore, the objective of the proposed adaptive controller

25 T T T T T
@
s 2t -
2 (‘
£
g
g
— 15t — 1/ (estimated) 1
E ====1/5 (real)
§ 7/5 (estimated)
o 7/5 (real) 1
=
2
=
£
o 05 —
S T~
0 . . . L L
0 5 10 15 20 25 30
Time (days)

Fig. 4. Estimated and real values of parameters 1/5 (upper blue solid and dashed
lines) and r/s (lower red solid and dot lines) for Model 1 (log-kill) with bounded
error during the chemotherapy process using the presented adaptation law. (For
interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)

a

0.9 T T T T T

0.8 Xo | A

0.7 | mif
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0.2 | 1
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(Desired: Xy Actual: X xMzand XMS)
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Time (days)

for x0=0.9 , with X4p
2.5 r r r r r

—_—M1

Drug usage (u)

0 5 10 15 20 25 30
Time (days)

(tracking convergence, X —0) is achieved; while, the identification
of the actual parameters is not obtained (which is not a goal for
the controller).

4. Simulations, results and discussion on adaptive control in
cell-kill hypotheses

For the problem simulation and investigation the effect of
designed adaptive controllers, realistic model parameters are
adopted from [6], as listed in Table 1. These parameters are scaled
as non-dimensional values; obtained via experimental observa-
tions on different kinds of cancers (in which various drugs such as
Taxol for the reduction of breast and ovarian cancers have been
used). The adaptive control algorithms are developed in MATLAB
with the procedure discussed in previous section. Tumor volume is
normalized such that 0 <x <1 in all mentioned models. Results
are presented for two interval times of treatment as t;; = 30 days
and ty, = 15 days. Two desired scenarios for tumor reduction are
considered as (can be prescribed by the cancer physician):

Xq = (Xo—b) exp(—at)+b 47)

where a is the rate of tumor reduction in cancer chemotherapy
that should be adjusted by the physician and b is the desired
steady state value for tumor volume (final value). x and x, are the
initial and desired values of tumor volume, respectively. It should
be mentioned that the exponential functions for reducing the
tumor volume are considered (Eq. (47)) which is in accordance
with the scenarios used in the previous optimal controls such as

b

for X, = 0.5
0.5 T T T T T
Al"z
%‘ XdZ
=1
S 04f s ]
ja]
s === Xy
2 o ——X
Ezo3f vy
'E' .
Sz
sz
ES oaf ]
o
5
Il
e
£ o0af E
4
a
e
0 1 ! T : ;
0 5 10 15 20 25 30
Time (days)
for x0=0.5,w1th X4p
1.6 T T T T T
-
)
@
oo
B
=
=1
=
S
[=]
04| E
02 i
.
o Lomen . s - ._ "
0 5 10 15 20 25 30

Time (days)

Fig. 5. Required drug usage for Model 1 (log-kill), Model 2 (E;.x) and Model3 (Norton-Simon) after implementation of the adaptive controller in tracking the desired tumor
volume reduction for 15 days treatment period (x4,) with (a) and (c): 90% of carrying capacity, xo = 0.9; (b) and (d): 50% of carrying capacity, xo = 0.5.



H. Moradi et al. /| Computers in Biology and Medicine 56 (2015) 145-157 151

a
Model 1 with x0=0.9
3 T T T T r —
Nominal L D
25} ====10% uncertain .....--“' i
=+==20% uncertain ‘_,.-"‘
"""" 50% uncertain e
g
@
o0
<
E
)
=
St
a
0 . . . . .

0 5 10 15 20 25 30
Time (days)

C

Model 2 with x0=0.9
2.4 T T T T T

: . .-........-....... ]

Nominal

====10% uncertain
=+==20% uncertain
"""" 50% uncertain

Drug usage (u)
-
N
L

0.6 4
0.4 . : : . -
0 5 10 15 20 25 30

Time (days)

Model 3 with x0=0.9

0.8 T T

0.7 |

0.6 F

Drug usage (u)

Nominal

===-10% uncertain
=+==20% uncertain
"""" 50% uncertain

15 20 25 30

Time (days)
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[3-6, 8-14, 26]. However, without loss of generality, other func-
tions for desired tumor volume reduction can be used. For two
scenarios with interval times of treatment t; =30 days and
tr, =15 days, these parameters are selected:

Xg1 : a=0.15,b=0.01 for 30 days treatment period

Xg 1 a=0.4,b=0.01 for 15 days treatment period (48)

Desired scenarios for tumor reduction in interval times of
trp =30days and ty, =15 days; and for the initial condition as
90% of carrying capacity (xo=0.9) are shown in Fig. 2. Time
response of the tumor volume in tracking of first desired scenario
(x41 by Eq. (48)), in treatment time of 30 days is shown in Fig. 3a,
for xo =0.9. As it is observed, after implementation of controller,
desired tracking objective is obtained in all three cell-kill hypoth-
eses. To achieve the desired tracking behaviour, the drug usage
must be adjusted according to the schedules presented in Fig. 3b.

Fig. 4 shows the estimated and real values of system para-
meters 1/6 and r/s in Model 1, log-kill hypothesis (while an initial
20% error is assumed for each parameter). As it is observed,
adaptive controller guarantees the estimation with an acceptable
bounded error during the chemotherapy. Similarly, the effective-
ness of adaptive control strategy in estimation of dynamic system
parameters (with a bounded estimation error) can be investigated
for two other models. For the sake of brevity, related results are
not presented. The existence of bounded error for parameters
estimation is in accordance with the Lyapunov stability analysis

presented for each model in Section 3. There, it is proved for each
model that the parameters estimation error (8;) has a bounded
value that may not converge to zero.

Similar to Fig. 3, time response of the tumor volume in tracking
of second desired scenario (x4, by Eq. (48)), in treatment time of
15 days is shown in Fig. 5a and b, for xo=0.9 and xq=0.5,
respectively. As it is observed, after implementation of the con-
troller, desired tracking objective is obtained in all three cell-kill
hypotheses. The corresponding variation in drug usage is pre-
sented in Fig. 5¢ and d. According to Fig. 5¢ and d, generally more
drug usage is required for tumors with larger volume (as physi-
cally expected).

According to Figs. 3 and 5 for first and second desired scenarios,
under steady state conditions, adaptive controller predicts less
amount of drug usage in Norton-Simon and En.x hypotheses,
respectively. However, in the first days of treatment, more drug
usage is predicted in the Ena.x hypothesis (in comparison with log-
kill). This may be an adverse effect of adaptive controller in Epax
hypothesis, due to negative side aspect of high drug consumption
in the beginning of treatment.

Finally, it should be mentioned that in both Figs. 3 and 5, the
amount of drug usage in Norton-Simon hypothesis (Model 3) is
significantly less than those of log-kill and Epax hypotheses. This is
because, according to Eq. (4-3), control input u (t) is multiplied by
function In (x) which itself is a large quantity around the small
values of tumor volume (i.e., In(x)—oco as x—0). Moreover,
according to Table 1, the magnitude of § in Model 3 is 10-20
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times of those used in Models 1 and 2. Consequently, due to these
reasons, the amount of drug usage in Norton-Simon hypothesis is
essentially low.

As it is shown in Figs. 3 and 5, adaptive controller guarantees
the desired tracking of tumor reduction in both scenarios with 30
and 15 days of treatment. Moreover, as it is found out by
comparing Figs. 3b and 5c (and physically expected), in all three
models, more drug usage is required in the second scenario (x4;)
with shorter period of treatment (15 days) in comparison with the
first scenario (x4;) that has longer treatment period (30 days), both
for xo =0.9.

4.1. The effect of parametric uncertainty on dynamic behaviour of
cell-kill models

To investigate the effect of uncertainties, parameters of the
uncertain models are assumed to be varied with 10%, 20% and 50%
of nominal values as:

A-pri<r < A+pT,
(1-p &< < (A+y) 6,i=1,2,3, y=0.1, 0.2, 05 (49)
A=< i< A+p7

while the nominal values of 7;, §; and 2 are given in Table 1. It is
observed that in the presence of various amounts of uncertainties
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dot line) and 90% (black dots) uncertainty in initial guess of 8; on error vector of
tumor volume (%) in Model 1, log-kill hypothesis (while, 30 days treatment with
Xo =0.9). Lower plot is the focus of upper plot around &% =0, in first 10 days. (For
interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)

given by Eq. (49), desired tracking objectives of Fig. 2 are obtained
(in all cell-kill models). For the perfect tracking of desired
objective in the first scenario within 30 days (x4; by Eq. (48)),
drug consumption must be scheduled according to Fig. 6; for the
uncertain models with xo =0.9. For the sake of brevity, similar
results for xo = 0.5 and second scenario (x;,) are not presented.

In the presented simulation, the uncertain actual values of 7;, §;
and 1 are considered to be equal to (1—y) 7, (1+y) 6; and (1+y) 4,
respectively. Accordingly, as shown in Fig. 6, as the amount of
uncertainty (y) is increased, more drug usage is required to
achieve the desired behaviour for tumor reduction (x4;). A sig-
nificant increase in drug usage is observed in the presence of 50%
uncertainty (in comparison with nominal model and uncertain
models with 10% and 20% uncertainty). It should be mentioned
that 50% uncertainty in model parameters is a theoretical assump-
tion that may not be occurred in practice (this case is considered
for comparison purpose).

Finally, the variation of drug usage in three models and for the
uncertain plants with 20% uncertainty is shown in Fig. 7; for two
desired scenarios (while xq = 0.9). Due to similar behaviour, results
are not presented for uncertain plants with 10% and 50% uncer-
tainty. Again and similar to what was observed for the nominal
plants in Figs. 3¢ and 5c; under steady state conditions, adaptive
controller predicts less amount of drug usage in uncertain Norton-
Simon and Ena.x models, respectively. In addition, comparing
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Figs. 7, 3c and 5c reveals that in the presence of model uncertain-
ties, more drug usage is required in perfect tracking of tumor
reduction (in comparison with nominal plants).
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Fig. 11. The effect of discontinuous feedback (with 2-days sampling time),
measurement error, and bounded disturbance on the controller performance and
adaptation law including: (a) The discontinuous drug usage (control input), and
(b) adaptation of parameters for Model 1; with 20% uncertainty in initial guess of
parameters (while, 30 days treatment (x4; ) with xo =0.9).

4.2. The effect of uncertainty in initial guess of parameters in
adaptive control law

In this section, the effect of uncertainty in initial guess of
parameters used in adaptive control law is investigated on
dynamic response of the cell-kill models. It is assumed that there
is 10%, 20%, 50% and 90% uncertainty in initial guess for para-
meters 0;, i=1,2,3, given by Eqgs. (7), (21) and (35). For the sake
of brevity and due to similar behaviour, the following results are
only presented for Model 1 (log-kill hypothesis); with 30 days
treatment. According to Fig. 8, the error vector for tumor volume
(X =x—x4) is a small value which finally converges to the zero; for
various amounts of uncertainty in initial guess of 0, (in Fig. 8, the
log-kill model itself is certain; i.e., nominal model is used).

Finally, to complete the investigation, it is assumed that the
uncertainty exists in both of the model parameters (i.e., as
described by Eq. (49)) and initial guess of parameters used in
adaptive control law (i.e., uncertainty in 6;,i =1, 2, 3). Fig. 9 shows
the error vector of tumor volume (X) for the nominal plant and
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50%-uncertain plant (i.e., y = 0.5 in Eq. (49)); in the presence of
20% uncertainty in initial guess of 8; with respect to the nominal
model. As it is observed, in both cases, the error vector for tumor
volume (x) is a small value which finally converges to the zero.
Therefore, proposed control strategy is robust against the uncer-
tainties in initial guess of parameters used in construction of
control law (either for nominal plant or uncertain plants of the
log-kill models). For the sake of brevity, similar results for other
cases of Models 2 and 3 and other amounts of uncertainty are not
presented.

4.3. The effect of sampling time, measurement noise and modelling
mismatch on the controller performance

In this section, the performance of the controller is evaluated
and shown using discontinuous feedback (with high sampling
time) and with the existence of measurement error, and bounded
disturbances and/or non-parametric uncertainties in the system;
similar to a realistic chemotherapy process.

For the sake of brevity, the robustness analysis is only pre-
sented for the controller of Model 1 and with the first scenario
(x41) and xg = 0.9. For this purpose, first the controller robustness
is evaluated with a discontinuous feedback of tumor volume with
2 days sampling time. In other words, the volume of patient’s

tumor should be measured one time in every 2-days. Moreover,
the bounded measurement error of tumor volume (corresponds to
the sensing instrument) is considered to be a combination of a
constant and time-varying terms as: Ax=0.05+0.05 sin(2t).
Accordingly, at the beginning of the chemotherapy process, shown
in Fig. 10, the tumor volume is about x ~xq=0.9 and the max-
imum measurement error is more than 10% of the tumor volume.
However, after 6 days of the process that the tumor volume
decreases to x~ 0.4, the maximum measurement error is about
25% of the tumor volume. Finally, at the end of the cell-killing
process (after 20 days of treatment) that the tumor volume
decreases to x~ 0.05, the maximum measurement error is about
200% of the tumor volume (Fig. 10). Also, dist =0.01—0.01 sin (t) is
considered as a bounded disturbance (and/or modeling uncertainty)
exists in the cell-kill Model 1 as: X = —rx In(x)— & x u(t)+dist. 20%
uncertainty is also considered in initial guess of model parameters.

The desired tumor volume, the actual tumor volume, the
discontinuous signal of desired tumor volume, and the discontin-
uous signal of the tumor volume (that has a bounded error and
used in the controller) are shown in Fig. 10. As it is shown in
Fig. 10, the tumor volume is measured at the beginning of each
2 days and this measurement is used as the feedback signal in
adaptive controller during 2 days. The corresponding drug usage
and parameters adaptation of Model 1 are shown in Fig. 11a and b,
respectively. It should be mentioned that since the dynamics of the
chemotherapy (Eq. (4-1)) is slow, employing the drug usage with
2 days sampling time (Fig. 11a) can effectively control the tumor
volume (Fig. 10). As it is observed in Fig. 11b, adaptive controller
guarantees the estimation with an acceptable bounded error
during the chemotherapy which is in accordance with the Lyapu-
nov stability analysis presented for Model 1 in Section 3.1.

As the second part of robustness analysis of the proposed
control strategy against disturbances and/or modelling uncertain-
ties, the controller designed for Model 1 (in Section 3.1) is now
used for Model 2. Since Model 2 (Eq. (4-2)) has a different
structure in comparison with Model 1 (Eq. (4-1)), the performance
of the controller is evaluated in the presence of model mismatch.
Accordingly, using continuous feedback signal, the time response
of the tumor volume in tracking of first desired scenario (x4; in
treatment time of 30 days), is shown in Fig. 12a for xo = 0.9. As it is
observed, by implementation of controller designed for Model
1 on Model 2, the tumor volume reduction is obtained; however a
bounded tracking error exists due to the model mismatch. The
corresponding drug usage is also presented in Fig. 12b. Similarly,
the same investigation can be performed for other cases. But, for
the sake of brevity, just the performance of controller developed
for Model 1 was studied on Model 2.

Next, using the discontinuous feedback signal of tumor volume
(with 2-days sampling time) and a bounded measurement error
(Ax=0.02+0.005 sin(t)), the performance of the controller
designed for Model 1 is evaluated on Model 2. Accordingly, the
desired tumor volume, the actual tumor volume, the discontin-
uous signal of desired tumor volume, and the discontinuous
signal of the tumor volume (that has a bounded error and
used in the controller) are shown in Fig. 13a for xg=0.9 and
of 30 days treatment period (x4;). As shown in Fig. 13a, at
the beginning of the chemotherapy process when the tumor
volume is about x ~xy=0.9, the maximum measurement error
(Ax =0.02+0.005 sin(t)) is more than 2.5% of the tumor volume.
However, after 10 days of the process that the tumor volume
decreases to x~ 0.17, the maximum measurement error is about
15% of the tumor volume. Finally, at the end of the cell-killing
process (after 20 days of treatment) that the tumor volume
decreases to x ~ 0.005, the maximum measurement error is about
150% of the tumor volume (Fig. 13a). According to Fig. 13a, by
implementation of controller designed for Model 1 on Model 2,
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the tumor volume reduction is obtained; however a bounded
tracking error is observed due to the measurement error, discon-
tinuous control signal and model mismatch. The corresponding
drug usage with 2-days sampling time is also shown in Fig. 13b.

Therefore, according to Figs. 10-13, the robust performance of
the proposed controller against discontinuous feedback (with high
sampling time), measurement error, and bounded disturbance
and/or modelling uncertainty is shown in addition to its previous
robustness to parametric uncertainties.

5. Conclusions

In this paper, an adaptive robust control strategy is developed
to adjust the drug delivery schedule and consequently tumor
reduction in cancer chemotherapy. To investigate the global
stability and tracking convergence of the process, Lyapunov
stability theorem is used. For the first time, the efficiency of
adaptive control strategy is studied on cancer chemotherapy in
the presence of model uncertainties. Proposed nonlinear control
approach is applied on three cell-kill models including log-kill
hypothesis (Model 1), Enmax hypothesis (Model 2) and Norton-
Simon hypothesis (Model 3). In these models, cell-kill is propor-
tional to the tumor mass, a saturable function of tumor mass and
tumor growth rate, respectively.

Two desired scenarios for tumor reduction during treatment
periods of 30 days and 15 days are considered. Over the treatment
interval, performance of the controlled systems including the
amount of drug usage and tumor volume are investigated and
compared (for three nonlinear models under two desired scenar-
ios). The effects of treatment period, initial value of tumor volume
(carrying capacity) and the uncertainty amount on dynamic
system behaviour are studied. Through a comprehensive evalua-
tion, results are presented and compared for three cell-kill models.
Moreover, the performance of the controller using discontinuous
feedback signal and with the existence of measurement error, and
bounded disturbances and/or modeling uncertainties is evaluated.
According to the results, the following conclusions can be
extracted:

1. After implementation of controller, desired tracking objective is
obtained in all three cell-kill hypotheses for both scenarios
with treatment periods of 30 days and 15 days. Moreover, this
perfect tracking is also obtained for the chemotherapy process
in the presence of model parametric uncertainties.

2. During the chemotherapy process, adaptive controller guaran-
tees the estimation of model parameters with an acceptable
bounded error.

3. To suppress the tumor, generally more drug usage is required
for tumors with larger volume. In addition, for both nominal
and uncertain plants of the cell-kill models, more drug
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consumption is required in treatments of shorter periods
(while the initial and final volumes of tumor are kept fixed).

4. Under steady state conditions, adaptive controller predicts less
amount of drug usage in Norton-Simon and Enax hypotheses,
respectively. However, in comparison with the log-kill model,
more drug usage is predicted in the Ep,x model during the first
days of treatment (which may cause a negative side aspect due
to high drug consumption).

5. It is observed that the proposed adaptive controller is robust
against a wide range of model uncertainties. Moreover, as the
amount of uncertainty increases, more drug usage is required
to achieve the desired behaviour for tumor reduction. In other
words, the controller could rapidly adapt to the system uncer-
tainties and adjust the control input.

6. The proposed control strategy is robust against the uncertain-
ties in initial guess of parameters used in construction of
control law (either for nominal plant or uncertain plants of
the cell-kill models).

7. Also, the controller shows the robust performance against
discontinuous feedback of tumor volume (with high sampling
time), measurement error of tumor volume, and bounded
disturbances and/or modelling (non-parametric) uncertainties.

Finally, it should be mentioned that the proposed robust
adaptive controller can be applied on any other bioprocesses
related to the chemotherapy or other similar health treatments.
However, achievement of this purpose depends on the extraction
of governing dynamic model.
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Appendix A

In this section, the continue of the Lyapunov stability proof for
Model 2 (presented in Section 3.2) is presented.

Proof. The Lyapunov function V in Eq. (11) is positive definite in X
and 6. Since V is negative definite (V < 0), V is also bounded and
therefore, x X and 6, are bounded. Consequently according to
system dynamics by Eq. (4-2), x is bounded. We know that the
desired tumor volume (x;) and its time derivative (x;) are
bounded. Therefore, according to X = x—xy, X is also bounded. As
a result, X = X—x, is bounded from the boundedness of % and ;.
Thus, Ya(%; —aX, x) is also a bounded matrix. Moreover, since the
vector of actual parameters of the system (0,) and the vector of
parameters estimation error (6,) are bounded, the boundedness of
0, is obtained from 0, =0, —0,. If second time derivative of the
desired tumor volume (X;) is bounded, it can concluded that
Ya(x, X, X4, %4, %4) is a bounded matrix. Using Eq. (32), and adding
the negative term (1/2) XX 2, V= —a x+)X2+(1/2) k%2 <0 is
obtained. By replacing x from Eq. (4-2) into the latter V, yields:

o ) - X )
V=—-ax+1)X +(l/2)( r x In(x) 6X+lu(t))x (A1)

Substituting control law u (t) given by Eq. (23) into Eq. (A.1), leads
to:

V=—a@®+)&*+ (%) (—rxln(x)—éﬁYzéz))?z (A2)

Differentiating V with respect to time yields:

V=—akX’-20(x+ )&% +(—rxIn@—5Ya0 ) X%

1 . . AX A X o A A ~2
+ (i) <—TX ln(X)—rX—&mYzﬂz—ﬁm(Yzez +Y292)>X

(A3)

This implies that V is bounded since x, &, &, X, Y2, Y2, 6, and 0,
are all bounded. Thus, V is uniformly continuous. Using Barbalat’s
lemma, it is proved that X -0 as t—oo and the error vector for
parameters estimation 6, remains bounded. Using Eq. (21), the
estimation error of three parameters of the model (5,1 and 7) will
be remained bounded.
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