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Abstract: The advances in the mathematical explanation of the dynamics underlying treated cancer
has opened the door to the mathematical design of optimal therapies. In parallel, the improvements
and cost reductions in experimentation and data analysis techniques have made the formulation of per-
sonalized therapies possible. However, the design of cancer therapies making use of optimal control
theory has not fully considered this possibility in detail. In this paper we contribute to the existing
literature by analyzing the diverse alternatives that optimal therapy models offer to design personalized
treatments. Taking as the starting point the Chronic Myeloid Leukemia (CML) optimal therapy model
in [25], we design personalized optimal therapy models for patients with: CML; CML with intrinsic
and/or induced resistance to the administered drug; CML and suffering high drug toxicity and/or al-
lergy to the administered drug; and CML with presence of adverse factors. Along the paper we show
that the clinical and medical applicability -the ultimate objective of this biomathematical research- of
our proposed personalized models relies on the joint and proper use of the implemented calibration,
simulation, and mathematical approaches and techniques. All the theoretical results generated by our
personalized optimal therapy models are corroborated by clinical evidence.

Keywords: system of difference equations; optimal control problem; chronic myeloid leukemia;
imatinib therapy; calibration; personalized treatment

1. Introduction

After the work by Lotka ([1]-[3]) and Volterra ([4]-[6]), biomedical phenomena, characterized by
the existence of complex dynamic interrelationships between the entities involved, began to be satis-
factorily described by systems of differential/difference equations. The behavior of a disease under
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treatment is one of these biomedical situations susceptible to being explained through the use of a sys-
tem of equations. There are two types of variables in this system. On the one hand, the state variables,
whose trajectories are described by the difference/differential equations, thus being free magnitudes
with unknown values until determined by the system. On the other hand, the control variables, whose
values are not determined by the system but previously fixed, that influence the evolution of the state
variables through the cross effects specified in the system of differential equations. It is clear that there
exists a complete parallelism with the description of a treated disease: the control variables are the
administered drugs, whose values and concentrations are decided by the physicians; while the state
variables are those biomedical magnitudes of interest, whose behavior depends on both the adminis-
tered drugs and the metabolic interrelationships described by the system of equations. Following this
parallel, in the same way physicians manage drug doses to produce the best results in the patient, a
control problem is able to deduce the optimal therapy according to a previously defined objective. In
Biomathematics, this type of control problem is called an optimal therapy problem.

When applied to cancer, if there are no mutations of the considered tumor cells, the system of equa-
tions describes the evolution of the mutually dependent number of tumor and normal cells in the course
of a treatment with a drug. As is well known, cancer cells exhibit multiple genomic variations, both
primary and derived from their considerable mutation capability (see for instance [7]), and each type
has its therapeutic profile. As a result, in cancer treatment, physicians use drugs that are specific to a
type of cancer or tumor -as opposed to radiation or non-selective chemotherapy-, the drug effectiveness
being limited to the considered line of cancer cells. In the absence of mutations, it therefore becomes
possible to mathematically identify the observed stable relationships between the existing normal cells,
cancer cells and drug doses, opening up the formulation of an optimal therapy problem. Given that in
this case the behavior of normal and cancer cells is a steady function of the administered drug dose,
it becomes possible to govern the number of cancer and normal cells according to an objective by
adequately manipulating the drug doses. From the biomedical perspective, this objective is clear: to
eliminate the disease to the greatest extent possible while causing the minimum possible drug toxicity.
This is the idea underlying a cancer optimal therapy model: to identify the therapy minimizing the
damage to health caused by cancer and drug toxicity, damage measured and quantified by an objec-
tive function. As commented before, note that each type of cancer cell requires a specific drug and
a particular optimal therapy problem, and that optimal therapies for a particular cancer cell do not
work for other kinds of cancer cells because of distinct responses to the treatment, or even complete
ineffectiveness of the drug. All these questions will be discussed and clarified along this paper.

It is therefore clear that there are two dimensions to be considered when designing a cancer opti-
mal therapy problem. First, the description of the dynamic behavior of the disease under any feasible
treatment through the system of difference/differential equations. Second, the measurement of the ma-
lignancy of each specific status of the treated disease, that is, the formulation of the objective function.
Regarding the first aspect, biomedical researchers and practitioners have provided information on the
nature of the interrelationships between cancer and normal cells, their dynamics, and the value of the
parameters involved in the arising system of difference/differential equations. Concerning the second,
biologists and physicians have guided mathematicians in the process of congruously measuring the
malignancy of treated cancer, that is, in formulating objective functions. The numerous textbooks and
articles published during the last 15 years dealing with optimal therapy modeling reflect this collabora-
tion and the subsequent advances and progress in this field (see for instance [8]-[10] or the textbooks
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[11]-[16]; for the specific case of cancer see [17]-[25] and the references provided by these authors).

In parallel, as a result of the improvements and cost reductions in experimentation and data analysis
techniques, today it is possible to obtain biomedical data specific to each patient and to formulate
personalized therapies. Indeed, in clinical practice, personalized treatments are already heuristically
applied, and Statistics and Mathematics have begun to explore this new research avenue, mainly related
to genomic data. However, to the best of our knowledge, the design of cancer therapies making use of
optimal control theory has not in detail fully considered this possibility. In this paper we contribute to
the existing literature by analyzing the diverse alternatives that optimal therapy models offer to design
personalized treatments. To this end, taking as the starting point the Chronic Myeloid Leukemia (CML)
optimal therapy model in [25], we examine in detail the potential of cancer optimal therapy models to
formulate personalized treatments, both through the modification of the system of equations describing
the dynamics of the treated disease, and through the alteration of the objective function measuring
malignancy.

This paper is organized as follows. First, we describe the proposed optimal therapy problem for
imatinib treated CML. After assigning referential values to the model parameters through the calibra-
tion of the model for the most general case, we discuss the distinct alternatives to design personalized
therapies. More specifically, we consider the medical cases of patients resistant to imatinib, suffer-
ing abnormal toxicity or allergy, or presenting adverse prognostic factors. After the calibration and
simulation of the personalized treatment models, we analyze their numerical results. In this respect,
the comparison of the generated optimal therapies with the clinical evidence is particularly important.
Physicians elaborate and decide treatments on the basis of heuristic procedures and continuous medical
monitoring, and, therefore, this trial and error method must be envisaged as an approximation of the
exact personalized optimal therapy arising from our optimal control problems. Finally, in section ??
we comment on the main conclusions of the research.

2. Materials and method

2.1. A baseline mathematical model for treated CML

As commented in the introductory section, the first step in the mathematical modeling of this disease
is the concretization of the particular considered case. In this respect, our proposed mathematical
description is specific to a situation in which CML responds to imatinib treatment, not being applicable
to other types of CML, which would require both alternative treatments and mathematical models. In
particular and on the basis of work by [26] and [27], we therefore exclude the presence of mutations in
the BCR-ABLI gene, responsible for imatinib treatment failure, or, in the less unfavorable case, of a
very high resistance to this drug that discourages imatinib treatment. Our benchmark model is that in
[25], which describes the behavior of CML susceptible to imatinib treatment making use of a discrete
time dynamic model. Although the most frequent biomedical mathematical models are formulated
in continuous time, here we consider a discrete time framework. Since the biomedical literature on
CML and clinical practice make use of variables expressed in per day values (drug doses, proliferation
and decrease rates, carrying capacity, ...), by using a daily discrete dynamic formulation we allow for
clearer comparisons and interpretations. In addition, given that the model involves the use of a system
of non-linear equations with no algebraic solution, we avoid the discretization inherent to a continuous
time framework.
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Our model of non-treated CML reproduces the biological interactions between the different types
of normal and cancer cells observed in this disease. These interactions, described by [28], have been
mathematically interpreted by [21], [22] and [25], to which we refer the interested reader. There are
two different populations: that of hematopoietic stem cells (HSC), and that of differentiated cells (DC).
When the disease is present, each of these populations is divided into normal cells and cancer cells.
Then, denoting by 7 the treatment duration measured in days, at time instant ¢, t = 0,1,...,7 + 1, we
distinguish between four different populations: normal HSC, denoted by x((#); cancer HSC, denoted
by yo(#); normal DC, represented by x;(¢); and cancer DC, denoted by y,(?).

The evolution over time of CML is described by a system of difference equations, which incorpo-
rates the most relevant biomedical facts. First, the populations of all types of cells naturally decrease
at fairly constant rates. In this respect, let dy, g9, d and g be, respectively, the per day decrease rates
of normal and cancer HSC, and normal and cancer DC. Cancer and normal DC are produced not only
by the proliferation of DC but also by HSC, it being necessary to take into account these two mecha-
nisms of increase. Let d; and g, be the per day rates at which normal and cancer DC proliferate and
originate, respectively, normal and cancer DC; and let r and g denote the rates at which normal and
cancer HSC produce normal and cancer DC, in this order. Through the self-renewal process, normal
and cancer HSC produce similar cells by division, at rates n and m per day, respectively. As described
by the biomedical literature ([28]), this self-renewing activity of HSC relies on a homeostatic process.
Accordingly, the division of x is represented by a positive decreasing function @, depending on the
total level of HSC (xj + yo), and given by

Xo + Yo

z 2.1

D(xg +yo) =1-

where K represents the carrying capacity of bone marrow. Homeostasis for cancer HSC, yy, is governed
by a positive decreasing function ¥, which depends on (xy + @yy), where a € (0, 1] measures the fall
in the homeostatic efficiency due to the disease (see [17] and [23] for an analysis of this fall),

Xo + ayo

< (2.2)

Y(xg+ayy) =1-
Imatinib doses are described by a time-dependent positive sequence u(t), t = 0,1,...,T, which is
bounded in [0, u,,,,] due to the drug’s toxicity. As in [25], drug effects are represented by the function
h(u) = Eln(u + 1), satisfying: A(0) = O (this means that cancer HSC declines at the baseline natural rate
go without treatment); i(u) is non linear, since imatinib effects are non linear; and % > (0 and % <
0, given that higher doses imply higher effectiveness, these gains of effectiveness being decreasing
as the dose increases. Since there exists empirical evidence suggesting a logarithmic relationship
between biological responses and their causing factors (see [29]-[31]), this expression for /(u) appears
as appropriate. In addition, and as shown in the next sections, it provides a good empirical fit to the
clinical data on therapies. Given that imatinib is a targeted drug that only affects cancer HSC (see
[32]), we limit our study to this biomedical situation. The referential behavior under treatment of CML
is therefore given by the following system of difference equations:

xo(t+1)
Xl(t-i- 1)

xo(1) + n @ (xo(7) + yo(1)) Xo(2) — doxo (1), (2.3)
x1(t) + rxo(t) — dx (1) + drx1 (1), 2.4)
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Yo(0) + m¥ (xo(2) + ayo() yo(t) = goyo(r) = h(u(®))yo (1), (2.5)
yi(0) + qyo(t) = gy1 () + g2y1(0), (2.6)

Yoz + 1)
n+1)

fort =0,1,...,T, which, jointly with the initial values for normal and cancer HSC and DC x,(0), x;(0),
v0(0), y1(0), describes the baseline dynamics of imatinib treated CML, to be conveniently modified
according to the characteristics of each patient.

2.2. The objective function and the baseline optimal therapy problem

To properly formulate the objective function measuring the malignancy of treated CML at each
date, we take into account the fact that the aim of the treatment is to kill or limit the growth of cancer
cells while keeping the drug toxicity as low as possible. Therefore, denoting the objective function
to minimize by N, it must positively depend on the number of cancer cells and on the toxicity of the
drug. In addition, these functions measuring malignancy adopt different specifications depending on
the assumed malignancy trade-off between cancer HSC, cancer DC and the imatinib dose. We refer
the interested reader to [17] for a detailed analysis of this question. Given its satisfactory performance
in a wide variety of contexts, here we consider the objective function in [22] and [25]:

T
NG, yo,y1) = Y [1@) + Y50 + 1o | + [y + 1) + @ + 1) 2.7)
t=0

As explained above, the possible values of the imatinib dose are given by
7/[ = {{u(l)}thol 0 S l/l(t) S Umax» r= Ov 19 st T}’

where u,,,, is the allowed maximum drug dose. The baseline optimal therapy problem is then:

T
min N, yo,y1) = Y [12(@) + y5(0) + 30| + [y3(T + 1) + Y@ + 1)]
{u®},_jeU =0

Xo(t+1) = xo(t) + n D@ (x0(1) + yo(1)) x0(2) — doxo(2),
xi(t+1) = x1(0) +rxo(t) — dxi(t) + dax: (),
s.t.q yo(z+ 1) yo(#) + m'¥ (xo(2) + ayo(1)) yo(t) — goyo(t) — h(u(t))yo(2), (2.8)
n+1) Y1) + qyo(t) — gyi1(t) + 231 (1),
Xo(1) 2 0, x1(£) 2 0, yo(r) 2 0, y1(2) 2 0,

t=0,1,...., T +1,

%0(0), x1(0), y0(0), y1(0), initially given.

The dynamics of the treated CML in this problem, described by equations (2.3)-(2.6), is that ob-
served in the most general situation when CML is susceptible to imatinib treatment. In addition, the
objective function (2.7) is also a universal measure of malignancy for treated CML. Then, by assigning
to the parameters their most frequent or regular values, the reference problem (2.8) allows the optimal
therapy to be determined for a representative patient. This optimal therapy, as well as the subsequent
evolution of the cancer and normal cells, will be the reference to design, calibrate and compare per-
sonalized optimal therapies. This baseline optimal therapy problem is widely discussed in [25], so we

Mathematical Biosciences and Engineering Volume 17, Issue 5, 4773-4800.



4778

Table 1. Calibrated values for the parameters in the baseline model

Parameter Description Value Units
n Normal HSC division rate 0.00357 /day
m Cancer HSC division rate 0.0037 /day
dy Normal HSC mortality rate 0.0005 /day
g0 Cancer HSC mortality rate 0.0003 /day
r Normal DC production rate 101 /day
q Cancer DC production rate 1013 /day
d Normal DC mortality rate 1.25 /day
d, Normal DC proliferation rate 0.25 /day
g Cancer DC mortality rate 1.1 /day
23 Cancer DC proliferation rate 0.5 /day
K Carrying capacity of bone marrow 12791 HSC/day
a Fall in homeostatic efficiency 0.1 dimensionless
h Constant in drug effect function A(z) 0.00455 dimensionless

remit the reader interested in going deeper on the solution, calibration, and simulation procedures to
the said reference work. Here we simply collect the calibrated parameter values for this representative
average patient in table 1.

As predicted, once the baseline optimal therapy problem is solved, we confirm all the clinical salient
features empirically observed for the considered patient. The therapy generated by the problem is spe-
cific to each patient and condition, and depending on the initial number of cancer cells, the model
allows the optimal therapy to be calculated for any phase of CML (see [26] or [33]), namely chronic
(less than 10% of cancer cells), accelerated (between 10% and 29%), and blast crisis (more than 30%).
Since the most frequent case is CML at chronic phase (around 90% of patients) and we are interested
in showing the versatility and applicability of our model, this will be the usual referential situation.
In addition, BCR-ABL1 mutations have been not detected in the large majority of CML patients pre-
senting chronic phase (see for instance [34]), so this seems to be the most suitable situation to design
personalized optimal therapies with imatinib. Nevertheless, when necessary for illustrative purposes,
the accelerated phase will also be considered as the initial situation of therapy.

As is obvious from the mathematical formulation of our model, which describes the population of
the four different types of cells in CML under imatinib treatment and computes the optimal therapy
according to these variables, the only possible criterion to define the remission of the disease must be
based on the resulting numbers of cancer and normal cells. This is indeed one of the clinical criteria
followed to monitor patients and to define CML remission, but it is not the only one. As [26] and [35]
describe, jointly with the hematological criterion of cell complete blood count adopted here, physicians
also use cytogenetic and molecular tests. Today, the recommended criterion by the European Leukemi-
aNet 2020 is based on the quantification by PCR analysis of the BCR-ABLI1 fusion gene, a molecular
marker of CML. However, although this molecular test is the most sensitive assay available at present
and leads to very accurate measures of the response to treatment and disease remission, the unknowns
regarding BCR-ABL transcription and action mechanisms (see [36]-[42]) and the lack of the neces-
sary volume of reliable and homogeneous data as a result of the novelty of this method (see [43] and
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[44]), currently make the formulation of a useful mathematical model explaining BCR-ABLI levels
impossible. Accordingly, we follow the hematological criterion (see [35] and [45]) to define the total
remission of CML. This hematological analysis is accomplished by obtaining a complete blood count,
and defines the eradication of CML as the non-existence of cancer HSC and DC, and the recovery
of the number of normal HSC and DC in the blood, called complete hematological response (CHR).
According to the clinical evidence (see for instance [46]), for CML at chronic phase, CHR is the most
frequent result with around 95% of the cases. For our purposes, we will consider that CHR is reached
when the number of cancer HSC is lower than 1, the number of cancer DC is undetectable and then
lower than e-4 of the total number of DC (see [47]-[51]), and the number of normal HSC and DC are
those in a healthy individual, given by 11000 and 3.48e+15 (see [28]). For this representative patient
and according to clinical evidence, this happens before the third month of treatment (see [26],[35],
[52]—[55]). Finally, according to the quoted references, the standard recommended treatments consist
of daily doses of imatinib ranging from 100 mg to 400 mg, and not exceeding 800 mg.

In this respect, assuming initial values of cancer HSC and DC yy(0) = 10 and y;(0) = 5.2¢'2,
representative of CML at chronic phase (see [26] or [33]), we replicate the therapy and the disease
evolution observed in clinical practice for the most general case. More specifically, our optimal therapy
entails: an average dose of 407 mg/day; a treatment length (with doses higher than 1 mg) of 1331 days,
that is about 3 years and 8 months; and CHR attained at day 77. In this respect, we solve the problems
identified by [56] for models based on [28], namely the unrealistic values for the parameters necessary
to replicate the observed clinical data. These results substantiate the use of this baseline optimal therapy
problem (2.8) as the reference to design personalized therapies by modifying and adjusting functions
and parameters to the particular situation of each patient. These personalized therapies will be the
subject of the next sections. For further analyses of this baseline model, we refer the reader to [25].

3. Drug resistance and personalized treatments

With respect to the typical behavior of treated CML, the clinical evidence shows that patients can
develop resistance to imatinib in a low percentage of cases. Clinically, it is considered that resistance
appears when patients do not achieve CHR under standard imatinib treatment after 3 months ([26],
[52], [53], [55]). More specifically, as the eight-year International Randomized Study of Interferon and
STI571 (IRIS) trial concluded (see [57]), resistence to imatinib appears for around 6%-25% of patients
(see also [53] and [58]). Biomedical studies also establish that there exist two types of resistance to
imatinib, namely intrinsic and induced ([46], [59], [60]). Primitive resistance to imatinib, known as
de novo or intrinsic resistance, previously exists in the patient, while primary cytogenetic resistance or
induced resistance, the more common resistance to imatinib, is developed by the patient once imatinib
has been administered. These two types of resistance manifest through both BCR-ABL1 dependent
and independent mechanisms ([26], [27], [42] and [53]). As commented in section 2.1, mutations in the
BCR-ABLI gene cause the lack of substantial and durable response to imatinib and treatment failure,
a situation excluded in our model, and then our optimal therapy problem only applies to BCR-ABLI
independent imatinib resistance, susceptible to treatment with imatinib. In this case, clinical evidence
shows that this resistance is solved by increasing imatinib doses within the tolerable range ([59]) until
the complete removal of the disease. This is a quite frequent situation: According to the IRIS trial, in
those patients who did not achieve CHR after 3 months, a high percentage (86%) attained CHR after
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dose escalation 3 months later.

The Biomathematical literature on CML, for its part, has introduced cancer resistance to imatinib
by assuming the appearance of a subpopulation of cancer cells resistant to the administered drug. This
is the case of, among others, [22], [28] and [61]. This is obviously a pertinent approach to analyze
resistance to drugs caused by the mutation of cancer cells and the appearance of a subpopulation of
cancer cells totally resistant to the administered drug, and is probably a suitable proposal to tackle the
effects associated to the presence of mutations in the BCR-ABL1 gene. Nevertheless and as pointed out
before, obtaining realistic optimal therapies for this case requires a more perfect numerical knowledge
of the biomedical characteristics of such a subpopulation, mainly clarifying how they originated and
how they are related with the other types of cell, knowledge that does not exist today. Our objective,
conditioned by the existence of reliable data on the biomedical mechanisms underlying our mathemat-
ical formulation, is to explain the resistance to imatinib in CML that can be solved by increasing drug
doses. This fact suggests that the considered resistance to imatinib is not related to the appearance of
a resistant subpopulation of cancer cells, but to an intrinsic or induced decrease in the effects of ima-
tinib. In this respect, let hg(u) denote the new function that captures the drug effects when resistance is
present. Taking as the starting point our baseline model, the following two subsections formulate and
simulate personalized optimal therapies able to consider the two types of imatinib resistance, obtained
by solving the optimal problem under resistance

T
min NG, yo,31) = ) [#2() +y5(0) + 10| + [Y3(T + 1)+ 31T + 1)
e U Yo, 1 ;[ Yo Y1 ] [YO Y1 ]

xo(t+1) = xo() + n® (xo(1) + yo(1) xo(t) — doxo(2),

xi(t+1) = xi() +rxo(t) — dx(t) + drx (1),
s.t.y Yot +1) = yo(t) + m¥ (x0(r) + ayo(1)) yo(t) — goyo(t) — hr(u(t))yo(2), (3.1)
it +1) = yi(®) + gyo(?) — gy1(®) + g2y1(0),

Xo(t) =20, x1(r) 20, yo(r) 20, y1(¥) >0,
t=0,1,...,T +1,
x0(0), x1(0), y0(0), y1(0), initially given.

3.1. Intrinsic imatinib resistance

This type of resistance is previous to, and independent of, imatinib administration. According to
the literature ([61]), in the absence of BCR-ABL1 mutations, this de novo resistance is due to diverse
factors already present in the patient before treatment with imatinib, such as increased expression of
P-glycoprotein, decreased expression of the drug uptake transporter human organic cation transporter
1 (hOCT1), sequestration of imatinib by increased serum protein a1 acid glycoprotein, or alternative
signaling pathway activation. In any case, these factors result in a decrease in the drug effectiveness
not related to the administered drug doses. Here we propose a simple modification of the referential
optimal therapy problem to take this type of resistance into account. More specifically, we modify the
baseline function measuring the drug’s effectiveness /() by introducing a constant that captures the
existence of resistance to imatinib and the constant decrease in its effects, according to the expression

hg(u) = AhlIn(1 + u),
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where 0 < A < 1 measures the patient’s idiosyncratic resistance to imatinib. Obviously, after this sub-
stitution in our personalized optimal therapy model (3.1), it is necessary to calibrate the new parameter
A for the considered patient. In this respect, our approach makes the valuation of the resistance of each
individual possible, something that constitutes an important additional advantage of our proposal.

3.1.1. Measuring intrinsic resistance to imatinib

As explained above, resistance to imatinib appears when the patient does not achieve a complete
hematological response under standard imatinib treatment after 3 months. Our quantitative measure
of resistance is implicit in this definition. Let us explain how this personalized calibration of A is
possible, taking as example an individual identical to our representative patient except for the presence
of intrinsic resistance. In a standard treatment of CML at chronic phase, an imatinib dose of 400
is administered daily, and a blood cell count is carried out the third month of treatment ([26],[35],
[52]-[55]). Therefore, we know the administered dose and the number of cancer cells at the day of
counting, provided by the physicians. Now, with the parameter values in table 1, if we run the system
of difference equations in the personalized problem (3.1) for the administered imatinib concentration
and different values of A, we can find the value of the resistance parameter A implying the observed
numbers of cancer cells at the day of counting. Without any loss of generality, let us assume that
the administered dose is 400 mg/day, and that the blood cell count is carried out in the 3rd month of
treatment. The physicians find that, at day 90, the number of cancer HSC is between 1 and 2 and
the number of cancer DC is around 6.5e10. According to the medical criteria, this patient presents
resistance to imatinib, since after 3 months (90 days), CHR is not achieved: there are more than 1
cancer HSC, and the number of cancer DC is greater than e-4 of the total number, given by 3.4el5. In
addition, the physicians can compare these numbers with those for the typical patient with no resistance
by solving the baseline problem, and they can identify the existence of resistance from an alternative
perspective. Indeed, for the patient free of resistance, the number of cancer HSC at day 90 according to
the baseline optimal therapy is lower than 1, and the existence of resistance can therefore be concluded.
If we assume that the parameter values for this patient are those in table 1, and we run equations (23)-
(27) for A = 0.87, we obtain a close approximation to these numbers (1.22 and 6.71€10, respectively)
and then we can conclude that A = 0.87 is a quantitative measure of the imatinib resistance for that
patient. Note that, if our individual is not our representative patient, the calibration procedure is exactly
the same after substituting values in table 1 for those obtained for this particular patient. In any case,
our approach allows this intrinsic resistance to imatinib to be measured for any patient, something that
constitutes an important application of the proposed model. Indeed, our model can also be applied to
ascertain, for each resistant patient, his/her degree of intrinsic imatinib resistance.

3.1.2. Personalized optimal therapy under intrinsic resistance

Once the resistance to imatinib is quantified for the considered patient, the subsequent personalized
optimal therapy can be obtained by solving and simulating the optimal control problem (3.1). The
personalized treatment, as well as its consequences, can then be compared to those attained for the
representative patient (with no resistance), as well as to those observed in clinical practice. As an
illustrative example, let us consider the baseline results and a patient with de novo resistance to imatinib
given by A = 0.87. Since the parameter values and characteristics are those of the average patient, this
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case, as our baseline model, can also be interpreted as a referential description of intrinsic resistance
to imatinib. Indeed, as figures 1-5 show, we confirm all the regular clinical practices when resistance
to imatinib is detected for a patient and that are heuristically applied by the physicians.
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More specifically, as a consequence of resistance, an increase in the optimal imatinib dose appears,
which is able to suppress the disease as observed in clinical practice. The biomedical interpretation of
these modifications in the optimal drug dose is clear: resistance to imatinib implies a higher number
of cancer cells for a given drug dose, and then the necessity of higher imatinib doses in order to reduce
cancer cells. With respect to the typical patient with CML at chronic phase, for this patient with
resistance to imatinib, the maximum dose is administered for 107 more days, and the personalized
optimal therapy entails an average daily dose of 469 mg, that is 63 additional mg. of imatinib per day.
This personalized treatment is that depicted in figure 1, and would ensure the total disappearance of
chronic phase-CML between days 89 and 106, i.e., a maximum of 29 days later than the equivalent
patient with no resistance. Indeed, at day 89, the number of cancer HSC is lower than 1, and the number
of cancer DC is lower than 3.4e-11 and undetectable at day 106. In addition, the number of normal
HSC and DC are practically those in the healthy individual after day 90. It is worth noting the optimal
nature of this therapy: when the drug doses are calculated according to the optimal problem (3.1), the
number of cancer HSC is lower than a week and a half before than when the equivalent continuous dose
of 469 mg/day is administered. Figures 2-5 depict the difference in cancer and normal cells implied by
the personalized optimal therapy applied after detecting intrinsic resistance, computed as cells for the
optimal therapy under resistance minus cells for the baseline therapy. In any case and as explained
before, these differences are irrelevant from the clinical point of view: cancer and normal HSC differ
in less than a cell, and the differences between cancer and normal DC are below the detectable value.

3.2. Induced imatinib resistance

The biomedical literature has also identified an induced resistance to imatinib, i.e., a decrease in the
drug’s effectiveness caused by the administration of imatinib and the accommodation of the disease to
imatinib (see [59]-[63]). Biomedical evidence also shows that, if mutations in the BCR-ABL1 gene
are not present, this induced resistance directly depends on the number of days with imatinib therapy,
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but not on drug doses, the recommended modification in therapy being a sustained increase in the drug
doses ([58], [62] and [64]). These empirical data suggest that induced resistance is increasing in time
and independent of imatinib doses, and must be modelled in a different way than intrinsic resistance.
In this respect, the following modification of the function measuring the drug’s effectiveness h(u) is

proposed:
aCu(t) = o)
Aln(t+ 1)

where A > 0. According to this formulation, the term A In(¢z + 1) measures the patient’s induced resis-
tance to imatinib. This resistance depends on idiosyncratic factors specific to the patient, captured by
A, and also positively on the treatment elapsed time ¢. Through the logarithm function, we captures a
likely feature of induced resistance: resistance increases as time passes, but these increases are progres-
sively lower. Once this modification has been introduced in the optimal problem under resistance (3.1),
the procedures to quantitatively measure this induced resistance and to obtain, simulate and compare
the personalized therapy and its results, are the same as those explained for the intrinsic resistance.

3.2.1. Measuring induced resistance to imatinib

As described in the previous section, we count on data concerning the administered doses of ima-
tinib and the number of cancer cells at the day of counting, provided by the physicians. With the
biomedical parameter values of the considered patient, and making use of the system of difference
equations describing the disease under induced resistance (that is, after substituting /g(«) in system
(2.3)-(2.6), the value of A that best fits the observed cell count can be found. In this respect, and in
order to gain insights into the differences between the two type of resistance, let us consider the same
situation discussed for the intrinsic resistance: the physicians find that, at day 90, the patient presents
resistance to imatinib, since the number of cancer HSC is between 1 and 2 and the number of cancer
DC is around 6.2e10. Assuming that the parameter values for this patient are those in table 1, and after
running the system of equations describing the dynamics of treated CML under induced resistance, we
find that, for A = 0.345, the number of cancer HSC and DC at day 90 are very similar to those provided
by the physicians: 1.12 and 6.07e10. Therefore, if induced resistance is identified for this patient, it
can be concluded that A = 0.35 is a quantitative measure of his/her induced imatinib resistance. Note
again that, if our individual is not our representative patient, the calibration procedure is exactly the
same after substituting values in table 1 for those obtained for that particular patient. As for intrinsic
resistance, our approach allows induced resistance to imatinib to be measured for any patient. In ad-
dition and as we will analyze in the following paragraphs, it has another relevant application, since it
enables physycians to identify which type of resistance the patient presents.

3.2.2. Personalized optimal therapy under induced resistance and differences with intrinsic resistance

Once the induced resistance to imatinib has been quantified for the considered patient, the subse-
quent personalized optimal therapy can be obtained. This personalized treatment and its consequences
are susceptible to a triple comparison: they can be compared to those attained for the patient without
resistance, to those for the patient with intrinsic resistance, and to those observed in clinical practice
when resistance is detected. The comparison with the baseline patient is qualitatively similar to that ob-
tained for intrinsic resistance, so the most interesting is that established with the same patient assuming
equivalent intrinsic resistance, depicted in figures 6-10.
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Figure 6. Personalized optimal therapies, induced (red) and intrinsic (blue) resistance.

As figure 6 shows, although for both patients a similar failure of CHR is clinically observed, the
optimal therapies are very different depending on whether resistance to imatinib is induced (in blue)
or intrinsic (in red). As we know, at day 90, the counted numbers of cancer HSC and DC were the
same in both cases. However, the behavior of the disease clearly differs in the two types of resistance.
With intrinsic resistance, independent of the previous administration of imatinib, the loss of the drug’s
effectiveness is constant along the period of treatment. Nevertheless, if resistance is induced, imatinib
resistance, as well as the loss in the drug’s effectiveness, increase as time passes. Then the number
of cancer HSC and DC cells are greater as resistance rises, and higher drug doses are necessary in
comparison with intrinsic constant resistance, as depicted in figure 6. Clinically, the observed results
are also confirmed. As documented in [58], [62] and [64], when induced resistance that is independent
of BCR-ABL1 mechanisms exists, higher doses of imatinib are able to completely remove the disease.
Since the number of cancer HSC and DC are greater than for intrinsic resistance, additional increases
in drug doses are necessary to eliminate the disease with respect to the first type of resistance. For
our specific patient with induced resistance, the optimal therapy implies an average daily dose of
797 mg, which is 327 more mg per day, and after administering these higher imatinib doses, CHR 1is
attained between days 84 (cancer HSC lower than 1) and 108 (cancer DC lower than 3.4e-11). Note
that, concerning the number of cancer cells and the objective of achieving CHR, the effectiveness of
this optimal therapy under induced resistance is virtually equal to that under intrinsic resistance. The
important difference is the doses of administered drug, much higher with induced resistance. This is a
logical consequence of the relatively greater number of cancer HSC when induced resistance exists. To
see this, it is interesting to replicate the behavior of the disease for one type resistance case when the
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administered optimal therapy is that corresponding to the other type of resistance, since this replication
constitutes a criterion to elucidate the type of resistance that the patient presents.

3.3. Identification of the resistance type

As depicted in figures 7-10, if the type of resistance is misidentified by the physicians, the subse-
quent wrong personalized optimal therapy entails a higher number of some type of cancer cells and/or
a lower number of normal cells, as well as an altered behavior of the disease. Here, to gain insights, we
have considered the patient described in the former sections. Let us assume that, although this individ-
ual actually presents induced resistance, the physicians interpret that there exists intrinsic resistance.
The personalized therapy obtained for this infrinsic case and computed in section 3.1 is therefore ap-
plied. As a result of this misidentification, in comparison with the evolution of the disease if the right
type of resistance (induced) had been identified, a substantial decrease in the number of normal DC is
observed, represented in figure 10. In addition, the logical dynamic relationships between cancer and
normal cell disappear. In this case, during the first days of the wrong therapy, the observed number of
cancer HSC is lower than expected, but then it slightly increases over the predicted value. Concerning
the number of cancer DC, it is always under the expected value, so, in principle, the wrong identifica-
tion of the resistance type could seem not to be excessively important. However, although the number
of normal HSC is greater than expected, there is a dramatic decrease in the number of normal DC,
persistent over time and taking very high values.
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Figure 7. Difference in cancer HSC, Figure 8. Difference in cancer DC,
induced resistance under optimal induced resistance under optimal
therapy for intrinsic resistance. therapy for intrinsic resistance.

In this respect, it is worth noting that these theoretical effects associated to the misidentification of
the actual type of resistance constitute a guide to correctly determining it. In fact, if the physicians
wrongly identify the type of resistance, they will find not only anomalous numbers of cancer and
normal HSC and DC cells, especially the latter, but also altered dynamics. These are clues suggesting
the need to reconsider the diagnostic and redesign the personalized optimal therapy.
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3.4. Cell dynamics with resistance

As explained in the previous sections, when intrinsic or induced resistance to imatinib exists for
our considered patient, CHR 1is attained 29 and 30 days later than for the baseline case with no resis-
tance, respectively at days 106 and 107. Indeed, after day 200, the difference between the numbers
of the same type of cells are undetectable, so we restrict the graphic representation to the first 200
days. Moreover, for normal cells, the evolution is so similar than the representation does not provide
any useful information. The specific dynamics for cancer cells in these 3 situations are those repre-
sented in figures 11-12. As depicted, although along the first days of therapy there exist some relevant
differences, they vanish gradually, being undetectable after day 300.

4. Drug toxicity and personalized treatments

As with every drug, the administration of imatinib presents adverse effects. Some patients may
experience lethargy, dermatological allergies, hepato-toxicity, and vascular toxicity, as well as bone
pain and cytopenias. In general, as documented by [65]-[69], all these side effects are reversible on
diminishing the drug doses, and the lower administered dosages are able to completely remove the
disease. The existence of allergy, which is the prejudicial reaction of the patient’s immune system to
imatinib, as well as of the drug’s toxicity, defined as the occurrence of damages to the organism of the
patient caused by imatinib, can be incorporated in our baseline model in order to design personalized
therapy models. To contemplate these situations, the formal element to be modified is not the system
of equations (2.3)-(2.6) describing the dynamics of treated CML, but the expression of the objective
function (2.7). In biomedical terms, if for a patient these deleterious effects associated to the admin-
istration of imatinib are observed, the relative malignancy of the drug relative to that of cancer cells
must increase, and we must simply increase the weight of u(#) in the objective function keeping all the
remaining weights (for y, and y;) constant. From our objective function (2.7) in the baseline problem,
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the former reasonings lead to the following proposed modification:

T
NG, yo,y1) = Y [Bud(0) +y3(0) + 0] + [y3T + D+ 33T + 1) @.1)
t=0

where B > 1 is the constant allowing the toxicity to be modulated. However, unlike resistance to
imatinib, this allergy or toxicity degree cannot objectively be measured, since it does not depend on
variables included in the model but on external appreciations made by the physicians. As we will
explain in the next paragraphs, the solution is to calibrate the additional weight for u(f) under the
restriction of imposing, under the medical criterion, a limit to the increase in the number of cancer
cells.

4.1. Measuring imatinib toxicity

As for the former personalized therapies and without any loss of generality, let us assume a patient
showing the baseline parameters in table 1. If this patient develops allergy to imatinib, or if imatinib
implies a higher than usual toxicity for this individual, the malignancy of a cancer cell is now equiv-
alent to a lower drug dose, and it becomes necessary to decide to what extent imatinib decreases are
beneficial in global terms. Note that this question, relative to the calibration of the toxicity of imatinib,
is of a different nature than the calibration of resistance to imatinib, since the latter is objectively mea-
sured from the counted number of cancer cells, a possibility that now does not exist. As commented on
before, the solution passes through the subjective medical criterion of imposing a limit to the increases
in the number of cancer HSC and DC that appear as a consequence of lower imatinib doses with re-
spect to the baseline referential situation. For illustrative purposes, here we will consider a patient with
CML at accelerated phase, with a much higher number of cancer cells, since it allows these increases
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to be better visualized and interpreted. More specifically, the number of cancer HSC and DC are, re-
spectively, yo(0) = 10° and y,(0) = 10'. In this case, if the physicians detect allergies or toxicity and
decide to decrease drug doses allowing a maximum increase in cancer DC of e5, the associated value
for Bis B = 10°. Analogously, if the drug’s toxicity is greater and the medical criterion is to addition-
ally decrease the imatinib dose allowing for a higher increase in cancer DC of €8, the subsequent value
for B is B = 10'2. The biomedical and mathematical analyses and concepts concerning this trade-off
between cancer malignancy and drug toxicity are exhaustively discussed in [17], to which we refer the
interested reader. Here we present a graphic representation of how toxicity is calibrated in figures 13
to 17, which will be commented in the following paragraphs.
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Figure 13. Personalized optimal therapies with high (red) and low (yelow) imatinib toxicity,
compared to the baseline case (blue).

4.2. Personalized optimal therapy under imatinib toxicity

As observed in clinical practice, the appearance of toxicity and/or allergies after imatinib adminis-
tration leads to personalized optimal therapies entailing lower drug doses. In this respect, for our CML
patient at accelerated phase, the two considered levels of imatinib toxicity, namely high (B = 10'?) and
low (B = 10%), imply personalized optimal therapies with substantial reductions in drug doses. Under
low toxicity, the maximum dose is administered 225 days less than in the baseline situation with no
toxicity, and the average per day dose is 124 mg. lower. When toxicity is high, the maximum dose is
given 450 days less, and the reduction in the average per day dose is 248 mg. lower. Figure 13 depicts
the reference, high and low toxicity optimal therapies, and clearly shows how, under imatinib toxicity,
the personalized optimal therapies entail decreases in drug doses.

Mathematical Biosciences and Engineering Volume 17, Issue 5, 4773-4800.



4790

257 . ; 25X

9 [N}
T
L
)
T
I

Increase in cancer HSC, high toxicity
T
L

Increase in cancer HSC, low toxicity

o
o
T
L

05 q

L L L L
0 500 1000 1500 0 500 1000 1500

Days Days
Figure 14. Increase in cancer HSC, Figure 15. Increase in cancer HSC,
optimal therapy with high toxicity minus optimal therapy with low toxicity minus
baseline optimal therapy. baseline optimal therapy.
1 2207 . . 10 p10%
10F b 10 7
= E
g g
g or b g 6F b
% s B é 4+ -
2+ 4 2 i
00 5fIJO 10'00 1500 0o 580 mloo 1500
Days Days
Figure 16. Increase in cancer DC, Figure 17. Increase in cancer DC,
optimal therapy with high toxicity minus optimal therapy with low toxicity minus
baseline optimal therapy. baseline optimal therapy.

As a consequence of the lower imatinib doses, there appear increases in the number of cancer cells
with respect to the non-toxicity case. As explained above, these relative increases allow the physicians
to calibrate the toxicity parameter. Logically, the higher the toxicity, the higher the increases in cancer
HSC and DC allowed by the physycians, as figures 14 to 17 show. More specifically, when the toxicity
is low, the maximum increases in the number of cancer HSC and DC with respect to the baseline case
are 2.1e-7 and 1.1e5, respectively. If the toxicity is high, these maximum allowed increases are 2.1e-4
and 1.1e+08, in the same order. In any case, it is worth noting that these lower doses of imatinib are
able to control the disease: as happens in clinical practice, when toxicity is detected and lower drug
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dosages are administered, these doses are sufficient to attain CHR. Indeed, our personalized optimal
therapies imply the complete recovery of the patient suffering imatinib toxicity a few days after the
CHR for the baseline situation, and the total control of the disease. Indeed, as represented in figures
14-17, even where the maximum increase in cancer cells is attained (at day 473 for high toxicity and
day for 699 for low toxicity), the cancer cells are undetectable and do not imply the infringement of
CHR criteria.

5. Adverse factors and personalized treatments

The therapeutical success of imatinib is evident. Jointly with its character of targeted drug and
its high effectiveness, the reversibility and manageability of its adverse side effects make imatinib
the most suitable drug for CML treatment. Nevertheless, and as happens for every drug, there exist
some adverse factors that diminish the probability of achieving CHR for some patients. As explained
in the introductory section, the main adverse factor is the presence of mutations in the BCR-ABL1
fusion gene, responsible for imatinib treatment failure or for a very high resistance to this drug that
discourages imatinib treatment. In these cases, given the lack of response to imatinib, second (nilo-
tinib, dasatinib and bosutinib) and third (ponatinib) generation drugs have demonstrated to be the most
suitable treatments. As our model is appropriate to describe CML susceptible to effective imatinib
treatment, we exclude this situation, which would require a different formulation and calibration. In
this respect, the biomedical evidence shows that the presence of damaged areas in bones, age of 60
years and older, multiple chromosome changes in cancer HSC, and especially enlarged spleen and an
increased number of basophils and eosinophils, constitute adverse prognosis factors in CML that do
not totally block imatinib effectiveness. We refer the interested reader to the Sokal, Euro and Euto risk
scores ([70]) and to the numerous studies on these predictive indexes (see [71]-[74]).

For our purposes, the presence of these adverse factors for a patient implies the need for a mod-
ification of the baseline optimal therapy problem in order to obtain her/his personalized therapy. In
principle, these changes are not associated with losses in the drug’s effectiveness or with the emergence
of toxicity side effects. The most plausible biomedical explanation is that they are the consequence of
the appearance of extramedullary hematopoiesis associated to certain characteristics of cancer HSC
(see [73] and [75]). This implies that this type of cancer cells are not only produced in bone marrow.
Indeed, the presence of an enlarged spleen and higher than usual numbers of basophils and eosinophils,
the best predictors of CML remission, suggest that cancer HSC proliferate, differentiate, and mature
in the spleen under these circumstances. To contemplate this fact and to design the appropriate per-
sonalized optimal therapy, the modification of the baseline problem requires the introduction of an
additional rate of increase for HSC, that coming from the altered spleen. More specifically, equation
(2.5) becomes

Yo(t + 1) = (1 + 5)yo(t) + m¥ (xo(2) + ayo(r) yo(t) = goyo(t) = h(u(®)yo (1), (.1

where s > 0 is the proliferation rate in the spleen of cancer HSC. As we know, this new parameter must
be calibrated in order to compute the personalized optimal therapy.
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5.1. Measuring the effect of adverse factors

As explained above, the presence of adverse factors translates into the appearance of an additional
proliferation rate for cancer HSC. As happened with intrinsic resistance, our quantitative measure of
this growth rate is implicit in its definition, and in fact, the calibration procedure is identical. Since
we know the administered dose and the number of cancer cells at the day of counting, provided by the
physicians, if we run the system of difference equations describing the dynamics of the treated disease
under adverse factors

xXo(t+ 1) = xo(r) + n® (xo(r) + yo(£)) xo(r) — doxo(2),

xi(t+1) = x1(t) + rxo(t) — dx (1) + drx,(2),

Yot +1) = (1 + 9)yo®) + m¥ (xo(2) + ayo()) yo(t) — goyo(r) — h(u(2))yo(2),
n+1) = yi®)+gyo(®) — gyi(0) + &y:1(0),

for the administered imatinib concentration and different values of s, we can calibrate the value of
the spleen proliferation rate s by looking for the best replication of the observed numbers of cancer
cells at the day of counting.

Without any loss of generality, let us consider again the patient with CML at chronic phase taken
as reference to calibrate the parameters measuring resistance and toxicity. The administered imatinib
dose is 400 mg/day, and the blood cell count, carried out in 3rd month of treatment, provides a number
of cancer HSC and DC between 1 and 2 and a number of cancer DC around 6.2e10. Since after 90 days
CHR is not achieved, two possible scenarios are considered by the physicians: resistance to imatinib,
or the presence of adverse factors. Further medical analyses allows the latter to be concluded (for
instance after identifying the existence of an enlarged spleen), and biomathematicians find that the
above system replicates these numbers when s = 0.004 (cancer HSC 1.11 and cancer DC 6.1¢e10 at day
90). Once this in spleen-proliferation rate of cancer HSC has been calibrated, the following step is to
compute the personalized optimal therapy for this patient presenting adverse factors.

5.2. Personalized optimal therapy under adverse factors

Once the consequences of the presence of adverse factors have been quantified for the considered
patient, the subsequent personalized optimal therapy can be obtained by solving and simulating the
associated optimal control problem. The personalized treatment, as well as its effects, can then be
compared to those attained for the representative patient without adverse factors, as well as to those
observed in clinical practice. Once again, let us consider the baseline results and a patient with adverse
factors leading to an additional in-spleen growth rate for cancer HSC s = 0.004. As with the previous
personalized therapies, this case can be interpreted as a referential description of the personalized
treatment under the presence of adverse factors. Indeed, we confirm the regular clinical practice when
these factors are detected, namely the increase of imatinib doses heuristically applied by the physicians
(see [76]).

With respect to the no adverse factors situation, this increase in imatinib doses entails an admin-
istration of the maximum dose of 800mg/day for 185 more days, and an average daily dose higher in
10 mg. Total remission of the disease appears between days 84 (cancer HSC lower than 1) and 100
(cancer DC lower than 3.4e11, that is days between 7 and 23 days later than for the baseline case. Once
the personalized optimal therapy for this patient with adverse factors is administered, the dynamics of
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the disease is very similar to that obtained when there exists intrinsic resistance. Thus, we only rep-
resent here the baseline and personalized optimal therapies between days 400 and 1200 (figure 18).
Differences in cancer and normal cells are completely analogous to those displayed in figures 2-5.
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Figure 18. Personalized optimal therapies with (blue) and without (red) adverse factors.

6. Conclusions

The advances in the mathematical explanation of the dynamics underlying treated cancer have
opened the door to the mathematical design of optimal therapies. Indeed, the application of opti-
mal control theory to fight cancer is an important research avenue in today’s Biomathematics. Two are
the dimensions to be considered when designing a cancer optimal therapy problem. First, the descrip-
tion through a system of difference/differential equations of the dynamic behavior of the disease under
treatment. Second, the measurement of the malignancy of each specific status of the treated cancer,
that is, the formulation of the objective function. By solving the subsequent optimal control problem,
the therapy providing the drug doses that minimize the damage to health caused by the cancer and
the drug toxicity, known as optimal therapy, is identified. Given the particularities of cancer, whose
behavior is very specific to each of the numerous associated molecular and genetic changes that are
possible in this disease, the formulated optimal therapy problem is only susceptible to application for
the specific considered situation. Indeed, from a strict clinical perspective, there exist as many cancer
types as cancer patients, each one requiring its own and specific mathematical formulation. Not sur-
prisingly, this has led to an increasing interest in the mathematical analysis and design of personalized
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cancer optimal therapies. Separately and in parallel, the improvements and cost reductions in experi-
mentation and data analysis techniques have made the formulation of personalized therapies possible
by providing reliable values for the biomedical parameters involved. As a result, in clinical practice,
personalized treatments are already heuristically applied, and Statistics and Mathematics have begun
to explore this new research avenue, mainly related to genomic data. In this paper, we contribute to
the existing literature on the mathematical design of personalized therapies by analyzing the diverse
alternatives that optimal therapy models offer to design personalized treatments. To this end, taking
as the starting point the Chronic Myeloid Leukemia (CML) optimal therapy model in [25], we exam-
ine in detail the potential of cancer optimal therapy models to formulate personalized treatments with
imatinib.

As explained above and in the previous sections, this mathematical model only applies to the spe-
cific variant of CML susceptible to imatinib treatment, and therefore excludes patients presenting mu-
tations in the BCR-ABLI1 fusion gene, responsible for imatinib treatment failure. In particular, through
the modification of the system of equations describing the dynamics of the treated disease, we design
optimal therapies for patients with CML affected by resistance to imatinib. Two are the proposed mod-
ifications, which correspond to the two types of resistance identified by physicians, namely intrinsic
and induced. Interestingly, we show that the subsequent personalized optimal therapy problems can be
applied not only to compute the best therapy for each patient, but also to determine the specific type of
resistance suffered by the patient, and to quantify the degree of resistance of each patient.

The existence of allergies or abnormal toxicity can also be introduced to design personalized ther-
apies. In this case, given that the patient experiences higher deleterious effects associated to imatinib
administration, the change affects the objective function measuring malignancy. In this respect, as
with the previous personalized problems, the optimal therapy model that arises is useful for several
purposes. First, it provides a guide for physicians to determine the extent to which a decrease in the
drug dose must be recommended for each patient. Second, it allows the patient’s specific toxicity de-
gree to be quantitatively measured. And third, it makes the computation of the personalized optimal
therapy possible.

Our baseline optimal problem can also contemplate the presence of adverse factors different from
BCR-ABLI1 mutations. As happened for the other personalized optimal therapies, after properly modi-
fying the system of equations describing the dynamics of the treated disease, the corresponding optimal
therapy problem is applied to quantify the effects of these factors for each patient and to compute the
personalized optimal therapy.

Summing up, we have shown the great potential and versatility that optimal control theory has in
formulating personalized therapies, a question still not sufficiently explored and with multiple clinical
and medical applications of interest. On this point, it is worth noting that the success of optimal
therapy models in allowing patient specific therapies and medical analyses is the result of not only
purely mathematical issues, but also of the connections and complementarity between all the applied
techniques. Indeed, as we have illustrated along this paper, the clinical and medical applicability -the
ultimate objective of any biomathematical research- of our proposed personalized models relies on the
joint and proper use of calibration, simulation, and mathematical approaches and techniques. This
complementarity allows the personalized optimal therapy to be computed for all the relevant cases, a
possibility that does not exist in other models (see [56] and [77]).

Finally, it is necessary to mention that all the theoretical results generated by our personalized op-
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timal therapy models are corroborated by clinical evidence on CML patients susceptible to treatment
with imatinib. Physicians elaborate and decide treatments on the basis of heuristic procedures and
continuous medical monitoring. This trial and error method and the successive corrections originate
the observed clinical treatments, which must therefore be envisaged as an approximation of the exact
personalized optimal therapy arising from our optimal control problems. As shown along the paper,
this is in fact just what happens: qualitatively, all the features observed for the clinical treatments are
present in our personalized optimal therapies, and in addition, are also quantitatively reproduced on av-
erage. Concerning the biomedical and clinical interpretation and applicability of our optimal therapy
model for imatinib treated CML, an important last comment is necessary. As shown along the paper,
the mathematical model satisfactorily describes CML susceptible to imatinib treatment under different
situations of the patient. Indeed, this is the main purpose of the research. In line with our reasonings
on the specificity of the model to its objective, it must not be applied to explain other situations. One
of these conditions is the already mentioned presence of BCR-ABL1 mutations, but there are others of
great clinical interest that are also excluded, related to the evolution of the disease after the discontin-
uation of the imatinib treatment. Obviously, our model is able to describe the behavior of the disease
once imatinib treatment is stopped, but only under the assumption of the existence of four homoge-
neous types of cells, namely cancer and normal HSC and DC. However, as shown by [78] and [79],
the safe discontinuation of treatment or the relapse of CML are determined by the presence of a sub-
population of cancer HSC at a quiescent stage, and also by the characteristics of the natural killer cells
in the patient’s immune system. Accordingly, any mathematical description of the evolution of CML
after the discontinuation of imatinib treatment should include the dynamics of these two additional cell
populations, specifying not only how they are produced and disappear, but also their relationships with
the other relevant cell populations. Without any doubt, this will constitute an important objective of the
future research agenda on optimal therapies in CML, jointly with the consideration of the effects and
consequences of the presence of BCR-ABL1 mutations. In this respect, to the extent that medical and
biological researchers identify, clarify and quantify the mechanisms of BCR-ABL1 actions and their
relationships with the relevant cell populations, and, on the other hand, those concerning the quiescent
cancer HSC and the killer cells responsible for CML relapse, biomathematicians will progressively
incorporate the obtained knowledge to the existing optimal therapy models.
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