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Targeted cancer therapies often induce a reversible drug-tolerant state in subpopulations of cells, akin to
bacterial persistence. Precise characterization of these “cancer persisters” may inform the design of more
effective treatment strategies. A previous investigation into the transition to persistence of colorectal cancer
cell lines has revealed a distinct dependence on drug presence and concentration, not typical of bacterial
systems. Leveraging these findings, this study uses mathematical modeling to explore intermittent treatment
protocols aimed at diminishing the long-term fitness of the treated population, thereby enhancing therapeutic
efficacy. We adapt a mathematical model originally designed for bacteria to describe colorectal cancer population
dynamics in response to a series of treatment and release cycles. The model predicts the long-term increase or
reduction of a treated population, as well as its asymptotic composition, leading us to identify success and failure
regions within a clinically accessible parameter space, also in combination with hypothetical drugs that act on
persisters. Strikingly, our analysis suggests, perhaps counterintuitively, that optimal treatment outcomes may be
achieved in correspondence of nonzero recovery periods and lower than currently administered in the clinics drug
concentrations. Furthermore, by incorporating patient drug pharmacokinetics in the model, we demonstrate that
intermittent dosing strategies currently explored in clinical trials can be optimized to potentially rival the efficacy
of continuous dosing regimens. These findings underscore the potential of mathematical models in guiding the
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design of optimal treatment protocols by fine-tuning nontrivial decisional trade-offs.

DOI: 10.1103/mhSv-lcyw

I. INTRODUCTION

Persistence refers to the ability of a subpopulation of cells
to survive exposure to a fully inhibitory drug concentration.
In bacteria, it has been observed since the early 1940s [1],
when researchers first noted that a small fraction of bacterial
cells could survive antibiotic treatment while the majority
were eliminated. Interestingly, populations grown from these
surviving cells exhibited the same behavior, ruling out ge-
netic resistance as the underlying cause. Instead, persistence
involves a transient and reversible phenotypic state in which
a subset of cells enters a dormant or slow-growing phase,
enabling them to evade the lethal effects of antibiotics.

The presence of persister cells poses significant challenges
in treating bacterial infections. Their resilience can compli-
cate or undermine treatment, resulting in chronic, recurrent
infections, prolonged illness, and the need for more aggres-
sive treatment strategies when such strategies are available
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[2]. Crucially, the outcome of a treatment in presence of
such phenotypic switches depends sensitively on quantitative
parameters of the population dynamics, such as growth, sus-
ceptibility, and transition rates. Hence, persistence and similar
phenotypic switches have inspired extensive mathematical
modeling efforts to identify the conditions that contribute to
the emergence of resilient subpopulations [2—-6].

In recent years, cancer research leveraging work on cell
lines and organoids, and parallels with patient outcomes,
has uncovered numerous instances of persistence, revealing
a striking similarity between the survival strategies of bacteria
and residual tumor cells. Both systems harbor subpopula-
tions of slow-growing persister cells exhibiting remarkable
resilience to a wide range of therapeutic agents [7—10]. For ex-
ample, exposure to certain targeted therapies can reproducibly
induce the emergence of bona fide persister cells within tu-
mor populations [7,11,12]. Crucially, like bacterial persisters,
these tumor cells are not genetically resistant to treatment.
Instead, they rely on adaptive survival mechanisms that enable
them to withstand otherwise lethal therapies. The resurgence
of persister cells can drive tumor regrowth, mirroring the
case of treated bacteria. This phenomenon has been observed
across various tumor types [8], suggesting it may be a gen-
eral feature, although specific properties may vary between
systems. Moreover, persistence in tumors often coexists with
more complex, multicellular strategies that enhance therapy
evasion.

Published by the American Physical Society
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FIG. 1. Colorectal cancer persister cells show different dynamics
from typical bacterial persisters. (a) Biphasic survival curve observed
in treated bacterial and cancer cells, characterized by an initial
rapid decline in cell numbers followed by a slower phase. This
two-timescale death kinetics distinctly indicates the emergence of
drug-tolerant persister cells during treatment. (b) In the bet-hedging
scenario, the transition to persistence occurs independently of the
external stress. As a consequence persister cells are already present
at the beginning of treatment. (c) In the drug-induced persistence
scenario, no persisters are expected to be present at the start of
treatment, with persister cells emerging only after drug exposure.
(d) A constant transition rate as a function of drug concentration,
typical in cases with weak dependence on drug levels. (e) Expected
curve of transition rate versus drug concentration observed in col-
orectal cancer cell lines in Ref. [12], showing a monotonic increase
that saturates beyond a critical concentration, capturing the drug
dependence of persistence in these systems.

However, under certain conditions and in specific ex-
perimental systems, cancer persisters can be isolated and
accurately quantified [12]. At a quantitative level, both bac-
terial and cancer persisters exhibit a similar biphasic survival
pattern, characterized by an initial rapid decline in susceptible
cell numbers, followed by a much slower decline corre-
sponding to the surviving persister population [Fig. 1(a)].
Mathematical modeling techniques originally developed to
study bacterial persistence have proven adaptable for inter-
preting the survival curves of cancer cells [12,13]. Building
on this, we previously quantified the transition-to-persistence
dynamics in two colorectal cancer (CRC) cell lines (named
WiDr and DiFi) when treated with clinical doses of cetux-

imab, a monoclonal antibody that inhibits EGFR, used in
patients with metastatic CRC tumors lacking RAS and BRAF
mutations [12]. Cetuximab was administered either alone (in
two DiFi cloned populations, called cl. B3 and cl. B6) or in
combination with the BRAF inhibitor Dabrafenib (in WiDr
cloned populations cl. B5 and cl. B7), used for CRC harboring
BRAF mutations (see Appendix A).

Our results demonstrated that in these systems, the per-
sister phenotype was largely induced by drug exposure,
rather than pre-existing within the tumor population [12].
By contrast, in bacteria, the transition to a persister state
typically occurs spontaneously, reflecting a bet-hedging strat-
egy in face of fast-changing environments [Figs. 1(b) and
1(c)] [5,9,14,15]. Conversely, cancer cells are not evolved to
respond to changing environments, and presumably persis-
tence is related to entirely different physiological behaviors
[8,16]. Additionally, CRC cell-line data sometimes supported
a model where the transition rate from normal to persister
cells is dependent on drug concentration [Figs. 1(d) and 1(e)].
Specifically, the WiDr cell lines showed a linear increase in
the transition rate with rising doses of dabrafenib (Supple-
mental Material (SM) Figs. 1(i1)-1(1) [17]). Conversely, in the
DiFi cell lines, the transition rate was zero in the absence of
cetuximab but remained constant across the range of all tested
concentrations for treated cells (SM Figs. 1(m) and 1(n) [17]).
Notably, the transition rates in both cases can be described by
the same mathematical equation: a monotonically increasing
function that starts from zero and saturates to a constant value
above a critical concentration [Fig. 1(e)]. This critical value
is lower than the cetuximab treatment concentrations for the
DiFi cell line, while it lies within the range of the investigated
dabrafenib concentrations for the WiDr cell line. While these
behaviors are intriguing, we currently lack any insight on their
long-term impact on treatment.

To address this issue, this study investigates how the
quantified features of CRC persisters, particularly their drug-
induced nature and the dependence of transition rates on
drug concentration, can be leveraged to design optimal drug
delivery protocols. This is explored in the context of cyclic
treatments, where a series of treatment-release cycles are ap-
plied, closely mirroring the therapeutic regimens commonly
used in clinical practice [18-20]. Previous work allows us
to direct and restrict our analysis to population dynamics
regimes and parameters within the observed range of be-
haviors [12]. Our modeling framework builds upon previous
modeling studies in the context of bacterial persisters [4,5,15].
These studies also connect experimental observations to dy-
namic parameters, giving an insight even when detailed
mechanisms remain unclear. Recent work has extended these
approaches to a cancer context, though different from the
case of persisters we address here [21], highlighting the po-
tential of these tools in guiding clinical treatment strategies.
This framework raises several key considerations regarding
the design of optimal treatment protocols. For instance, how
does the sensitivity of transition rates to drug concentration
influence treatment outcomes? Specifically, when transition
rates exhibit a weak dependence on drug concentration, it
might be possible to optimize the duration of drug release.
Alternatively, when transition rates show a strong dependence,
one might identify an optimal drug dose to minimize the
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long-term fitness of treated cancer cells. Finally, one would
wish to apply these insights to clinically relevant scenarios, in-
corporating within-patient, time-dependent drug profile data,
to determine whether cyclic treatment protocols offer advan-
tages over constant dosing strategies.

II. RESULTS

A. A phenotypic-switch model quantifies the long-term efficacy
of cancer-cell periodic treatments

The model describes the dynamics of cancer cell popula-
tions under intermittent treatment protocols [3-5,15,21]. An
intermittent treatment protocol is characterized by the number
of treatment-release cycles, g, their respective durations, 7,
and t,, and the administered dose profile during treatment,
c(t) [Fig. 2(a)]. In this work, we consider protocols that ei-
ther vary the treatment and release durations, while keeping
the dosage constant at clinically relevant levels, or adjust
the dosage and the release time, while keeping constant the
treatment duration. Since we aim to quantify and compare the
efficacy of all these different treatment protocols, our analysis
focuses on the long-term dynamics of the treated cancer popu-
lation [Fig. 2(b)], which, as shown in previous work [4,5], can
be used as a valid metric for quantifying protocols’ efficacy.

Mathematically, the cancer cell population is represented

by the vector N(¢) = (f,g))), where S(t) and P(¢) correspond to

the number of susceptible and persister cancer cells at time ¢,
respectively. The population undergoes ¢ cycles of treatment
and release, with treatment duration 7; and release duration t,.
During each phase (treatment or release), the time evolution
of the population is governed by the first-order differential
equation:

dN

— = M'"N(), 1

7 () ey
where M'/" is the transition matrix for the treatment () and
release (r) phases, defined as

r (A A
= (0 g
HEW) = K@) % ) ®
A(e() = A,
Here ,uf?/ "and ,u;/ " represent the net growth rates of suscep-

tible (S) and persister (P) cells during the treatment or release
phases, while /\;/ " and )Jp/ " are the transition rates between

M'(c(t)) = (

the two phenotypes [Fig. 2(c)]. Specifically, /" is the rate of
transition from susceptible to persister cells (the “persistence
transition”), and )\;/ " is the rate from persister to susceptible
cells (the “switch-back transition”).

We point out two key assumptions made so far. First,
we neglected the contribution of resistant cells to the over-
all population dynamics. In Appendix B we show that, for
population sizes up to 10° cells (and in particular in the
experiments inspiring our study), the impact of resistance
remains statistically negligible (SM Figs. 2—4 [17]). Second,
we adopted a deterministic description for the dynamics of the
treated population, neglecting the potential role of the inherent
stochasticity of the cell’s transition rates. Appendix C justifies
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FIG. 2. A phenotypic-switch model quantifies the long-term ef-
ficacy of periodic treatments. (a) A periodic treatment protocol is
defined by (i) the number of treatment-release cycles g, (ii) the dose
profile c(¢) during treatment (constant in the figure), and (iii) the du-
rations of the treatment and release phases, t; and t,. (b) Illustration
of the predicted cell population dynamics over g treatment-release
cycles. For fixed durations of treatment and release, the model
generates distinct trajectories for different drug concentrations. The
long-term behavior, indicated by the asymptotic trend for large g
(dashed lines), constitutes a proxy for the efficacy of various pro-
tocols across many cycles. (c) Schematic representation of the key
cellular transitions considered in the model. Susceptible (purple) and
persister (green) cells can either proliferate or die (rates ., and p,)
and transition to the other phenotype (rates A; and 1, respectively).
These parameters differ between the treatment (superscript ¢) and
release (superscript r) phases, resulting in a total of eight distinct
parameters. Numerical values of the model parameters inferred in
Ref. [12] and used in our analysis are reported in Table 1.

this choice and shows that the inclusion of stochastic effects
does not alter our main findings.

The model’s predicted dynamics depend on eight dynam-
ical rates (!, u!, ,u;), Wis Ay AL A;, A7) and two timescales
(7, 7,) that define the treatment protocol. Additionally, since
several of these parameters may vary with drug concentration
[e.g., ut = ui(c)], the models predictions are also shaped by
how these rates change with dose. This leads to a rich and
potentially complex dynamical behavior.

As shown in Appendix D, it is possible to define ap-
propriately rescaled, dimensionless parameters and identify
distinct universal physical regimes where the model exhibits
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simplified, approximate behavior. Here, instead, to focus the
analysis on an experimentally relevant parameter space, we
fixed the parameters and their dose dependencies based on
observed dynamics from our recent study of CRC cell lines
treated with clinically relevant mono- and combination ther-
apies [12]. This approach allows us to target a biologically
grounded scenario, while also providing a flexible modeling
framework for future applications where parameters can be
experimentally calibrated.

1. Drug-induced dose-dependent transition to persistence

To accurately capture the observed drug-induced and dose-
dependent transition to persistence in our CRC data [12], we
defined the switching rates as A = Al(c), A} = AL(0) =0,
A;, =0,and 2, = — ,u;,. We also assume that persisters do not
grow during the release phase, that is, u;, = 0, and note that
the drug-induced hypothesis also implies the initial condition
P(0) = 0 at the beginning of the first treatment cycle. We
further model the dose dependence of the switching rate using
a saturating function,

AL(C) = Amax(1 — e7/), 3)

where the value of c¢; is derived from measurements in
Ref. [12]. As illustrated in SM Fig. 1 [17] of this study, the
transition-to-persistence dose dependence for DiFi and WiDr
cells is accurately modeled by a monotonically increasing
saturating function. In both cases, the transition rate is zero
without drug, confirming that the transition is drug induced.
DiFi cells exhibit a constant transition rate for all cetuximab
concentrations experimentally tested, compatible with Eq. (3)
for (¢ > c¢;), while WiDr cells show a linear increase in
transition rate at dabrafenib concentrations that were exper-
imentally tested. Such linear trend is retrieved in Eq. (3) for
(c < ¢;). The different behavior in these cell lines, despite
the same functional dependence on drug concentration, re-
flects the different treatments as well as the distinct genetic
backgrounds, which influence sensitivity to treatments. For
example, WiDr cells with a BRAF mutation only respond to
the combination of cetuximab and dabrafenib (with clinical
concentrations of czvhiggal = 1 uM dabrafenib 450 ug/ml ce-
tuximab), while DiFi cells, which are RAS/RAF wild-type,
respond to cetuximab alone (with clinical concentrations of
cDiFi = 100 pug/ml cetuximab).

clinical

2. Dose-dependent death dynamics

To model population dynamics with varying drug concen-
trations, we describe the dose dependency of the death rate
of susceptible cells, u!(c). From our CRC data [12], this
dependency is well captured by the equation

15(€) = 1(0) = Admax (1 — e/n), “

where ¢, is derived from measurements in Ref. [12]. The
minimum inhibitory concentration (MIC), defined as the drug
concentration at which the proliferation rate becomes zero, is
obtained by solving u’(cymic) = 0, leading to

'(0)
emic = —c, log (1 - Z;— . (5)
max

TABLE I. Model parameters for four cloned CRC cell line pop-
ulations WiDr cl. B5,B7 (treated with cetuximab and dabrafenib)
and DiFi cl. B3,B6 (treated with cetuximab). Parameter values are
derived from experimental data from Ref. [12] and shown in SM
Fig. 1 [17] of this work. All parameters are expressed in units of
days~'. Dose-dependent parameters are given at the clinically rele-
vant concentrations Cgjnicas = 1 WM dabrafenib for WiDr clones and
Celinical = 0.69 uM cetuximab for DiFi clones.

WiDrB5  WiDr B7 DiFi B3 DiFi B6
Release®
wh 0.70d™" 0.68 d™" 0.32d7" 0.44d7"
wh 0 0 0 0
AL 0 0 0 0
z 0.10d""  0.07d”"  0.07d"  0.04d"
Treatment”
Celi 1 uM 1 uM 0.69 uM 0.69 uM
W (car) —0.67d7'  —-099d! —041d!' —0.61d°!
w, 0d! —0.07d'  —0.07d! —0.04d7!
A (car) 0.01d™! 0.14d! 0.23d! 0.23d°!
A 0 0 0 0
Dose trend®
Cp 0.16 uM 0.34 uM 2.05 nM 2.47 nM
c 75.8 uM 36.5 uM 0.2 nM 0.2 nM
w(0) 0.15d™" 0.05d™" 0.02d™! 0.03d™!
Amax 1d™! 5d7! 0.23d™" 0.234d™"
Adpax 0.82d! 1.09d7! 0.434d™" 0.64d™"

“Estimated from fit of growth dynamics data in Ref. [12].
bEstimated from fit of treatment and dose-response data [12].

This condition will be important when integrating the model
with patient-derived pharmacokinetic data. Above the MIC,
the proliferation rate becomes negative, indicating that sus-
ceptible cells die on average, with the death rate increasing
with drug concentration but eventually saturating. We note
that the dose-dependent behavior of both the proliferation and
transition rates during treatment (illustrated in SM Fig. 1 [17])
is a distinctive feature that differentiates our CRC-specific
mathematical framework from previous work.

Table I reports a summary of the numerical values of the
model parameters derived from data in Ref. [12] and used in
our analyses. For simplicity, the remainder of the main text
will focus on showing the results for one representative cloned
population WiDr cl. B7, leaving to the SM [17] additional
information and specific insights into the behavior of the other
studied cloned populations. Appendix E presents a sensitivity
analysis testing the robustness of our results to perturbations
in the model parameters around their values reported in Table I
and shows that the results remain robust across a wide range
of parameter variations.

3. Quantification of a protocol’s long-term efficacy

Having specified the framework, our goal is twofold: (1) to
characterize the conditions under which periodic treatments
lead to the extinction of a treated population and (2) to op-
timize treatment protocols for accelerating cancer extinction
dynamics. Both objectives are addressed by quantifying two
key observables derived from our model.
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First, we evaluate the population’s “long-term fitness,” A,
defined as the asymptotic per-cycle exponential rate of popu-
lation growth or decay [5],

1
A = lim —logN(q). (6)
q—> 00 q

A value of A <0 (A > 0) indicates the extinction (sur-
vival) of the population and thus corresponds to a “treatment
success” (“treatment failure”) outcome. Importantly, we note
that if A is only slightly negative, then extinction may take
very long. The characteristic time of the population long-term
dynamics is given by A~! in units of number of treatment-
release cycles or by A~ (z, + 7,) in units of days.

The per-cycle long-term fitness, A, can be estimated in
three distinct, but equivalent, ways (see Appendix F for de-
tails). First, one can simulate the dynamical system of Eq. (1)
over many treatment-release cycles and estimate the long-term
fitness as the asymptotic (large q) slope N(q)/N(g — 1) ~
e™ [Fig. 2(b)]. Alternatively, one can diagonalize the matrix
G = MM T governing the evolution of the solution of the
dynamical system Eq. (1) according to

N(g) = G'N(0) = (¢ ™e"™)IN(0), @)
and estimate the long-term fitness as

A =log(g+), ®)

where g, is the largest eigenvalue of the evolution ma-
trix G. Computation of the eigenvalues of G can either
be done numerically or analytically (see Appendix F and
Refs. [3-5,15,21]).

In this study, we first validated each independent estima-
tion method, ensuring they produced consistent results (SM
Fig. 5 [17]) and then selected the most suitable method for
each analysis. Further details on the long-term fitness quan-
tification, including additional analytical considerations, are
provided in Appendixes D-F.

The second observable we used to characterize cancer
long-term dynamics, “asymptotic population composition,”
tracks the long-term imbalance between susceptible (S) and
persister (P) cells in the total population:

W= S(q) — P(q)
= m —————.
9~ S(q) + P(q)

We chose to focus on the quantity ¥ = (S — P)/(S + P)
rather than reporting the individual fractions ¥, = S/(S + P)
and ¥, = P/(S + P), as ¥ provides a symmetric metric cen-
tered around zero that more intuitively captures the balance
between susceptible and persister cells in the population. The
individual fractions can still be easily recovered from W us-
ing the relations W, = (1 +W¥)/2 and ¥, = (1 —W)/2. A
value of ¥ = 1 indicates a fully susceptible population (¥, =
I, ¥, =0), ¥ = —1 corresponds to a population composed
entirely of persister cells (Vs =0, ¥, =1), and ¥ =0 de-
notes an equal mixture of the two cell types (W, = W, = 1/2).

The “asymptotic population composition,” ¥, can be esti-
mated through simulations or by solving Eq. (7). For large ¢,
the asymptotic composition is given by (see Appendix F)

©))

_ &8
g +e

(10)

where g and g} are the components of the leading
eigenvector g*.

It is important to note that both long-term fitness and
asymptotic population composition depend on the treat-
ment protocol parameters, i.e., A = A(t, T, c(t)) and ¥ =
U(z,, 1., c(t)). This raises the question of whether a treat-
ment protocol can be designed to optimize outcomes, such
as rapidly extinguishing the cancer population. The following
two sections address this question.

While our quantification of treatment protocol efficacy is
based on the per-cycle long-term fitness consistent with prior
work in bacteria [3,5,15] we acknowledge that alternative def-
initions and proxies can also be considered. In what follows,
we continue to adopt the per-cycle long-term fitness as our
main metric, but we refer interested readers to Appendix G
and the associated SM [17] figures for a more comprehen-
sive discussion. For example, one alternative measure is A=
A/(t, + 1;), which expresses long-term fitness in units of
inverse time and has recently been proposed as a proxy for
treatment efficacy [22]. In Appendix G, we present arguments
supporting our choice of per-cycle units for the types of opti-
mization problems considered here, and we compare the two
approaches, highlighting their differences and implications.

B. Conditions for the design of successful intermittent
protocols at constant clinical doses

To investigate how treatment and release durations can be
effectively tuned to drive the treated cell population to ex-
tinction, we first compared periodic treatment protocols with
varying treatment (#,) and release (f.) durations, assuming a
fixed drug dose profile c¢(¢) = ¢ and a fixed number of treat-
ment cycles g, ideally large in our analysis. This approach
allows us to explore whether adjusting the duration and spac-
ing of treatment cycles can enhance efficacy within standard
clinical frameworks, where the dose profile and total number
of cycles are typically fixed [18-20].

Figure 3 recapitulates our findings for constant-dose pro-
tocols with varying release and treatment durations at fixed
clinically relevant concentrations of dabrafenib and cetux-
imab. We present here results for the clone WiDr B7, leaving
in SM Figs. 6-8 [17] the results for the other tested CRC cell
lines (WiDr B5, DiFi B3-B6), which are all consistent.

Figure 3(a) shows long-term fitness values for different
constant-dose protocols and identifies survival (A > 0) and
extinction (A < 0) regions. In these protocols, the constant
dose is set equal to the clinical dabrafenib dose, as reported in
Table I, and treatment and release times vary over a 1-week
range [Fig. 3(a)]. By positioning a given protocol relative
to the phase boundary A = 0 [solid black line in Fig. 3(a)],
which separates survival and extinction regions in the phase
plane (z;, t,), our model predicts whether a clinically plausi-
ble protocol will effectively eradicate the population.

Moreover, it predicts the characteristic timescale of the
extinction (or survival) dynamics, quantified as the number
of treatment-release cycles, log2/|A|, or the number of days,
log2/|A|(t, + /), needed to halve (or double) the treated
population. For example, a protocol where clinical doses
of dabrafenib are administered for r, = 5 days every week
(t, = 2 days) falls in the extinction region, with long-term
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FIG. 3. Conditions for the success and failure of intermittent
treatment protocols with constant doses. (a) Heat-map showing
long-term fitness values, A (unit 1/cycles), for periodic treatment
protocols with varying treatment and release times on a 0- to 7-d
scale and drug concentration fixed to the clinical reference value
cai = 1 uM. The long-term fitness was computed numerically us-
ing Eq. (8). The solid black line represents the A = 0 boundary,
which separates extinction (blue, A < 0) from survival (red, A > 0)
regions. (b) Heat-map showing asymptotic population composition,
W, values in correspondence of the same protocols as before. The
asymptotic population composition was computed numerically using
Eq. (10). Regions where W > 0 (purple) indicate that dynamics is
driven by a predominantly susceptible population, while regions
where W < 0 (green) indicate a predominantly persister population.
The solid black line indicates the W = 0 boundary, where suscepti-
ble and persister fractions are equal. (c) The “success-failure (SF)
phase diagram” recapitulating both long-term fitness and asymptotic
population composition information. (d) Examples of the model’s
predicted dynamics in the susceptible-driven failure (z, = 2 days,
7, = 4 days), the susceptible-driven success (t, =5 days, 7, =4
days) and the persister-driven success (t, = 5 days, 7, = 1 days)
regions of the protocol’s space. WiDr cl. B7 parameters (Table I).

fitness value A ~ —0.5 cycles™!, implying a characteristic
extinction timescale of about log2/|A| =~ 1.4 cycles, or 10
days. In this case, neglecting transient dynamics, a tumor of
size 10° ~ 220 cells would require approximately 28 cycles,
or 193 days, of intermittent treatment to be fully eradicated.
Additionally, increasing the treatment duration [moving
horizontally in Fig. 3(a)] generally decreases the long-term
fitness, thus reducing the average number of cycles needed for
complete extinction. For instance, if the treatment duration is
extended from 7, = 5 to 7, = 7 days while keeping the same
release duration of 7, = 2 days, then the long-term fitness
decreases to A ~ —0.63 cycles™!, which implies a charac-
teristic timescale of approximately 1 cycle. In this case, the
10%-cell tumor would require around 20 cycles and 180 days
to be eradicated. However, it is important to note that while
the characteristic timescale in cycles may decrease, the total

time does not necessarily decrease, since the duration of each
treatment-release cycle also increases with treatment time.

Interestingly, changing the release duration, while keeping
the dose and treatment duration fixed [moving vertically in
Fig. 3(a)], leads to more complex scenarios. This can result
in either improved or worsened outcomes, reflecting a “reen-
trant” behavior in the extinction region, i.e., by increasing
the release time at fixed treatment time, the long-term fitness
isolines intersect twice due to the fitness minimum [Fig. 3(a)].
This behavior highlights a trade-off in choosing the release
duration, which can be optimized to minimize the long-term
fitness. We will discuss this optimization feature in the next
section.

Figure 3(b) shows the asymptotic population composition,
W, which captures the dynamic interplay between susceptible
and persister cells under constant-dose intermittent treat-
ments. Similarly to the analysis of long-term fitness, we
observe that the treatment-release phase plane divides into two
distinct regions: one where susceptible cells predominantly
drive the population dynamics (¥ > 0) and another where the
“keystone species” are instead persister cells (¥ < 0). In other
words, the dynamics can be piloted by both susceptible and
persister cells depending on the protocol. For example, under
a protocol where clinical doses of dabrafenib are administered
for 7, = 5 days every week (t, = 2 days), the dynamics is pre-
dominantly driven by persister cells. Indeed, the population
composition value for this protocol is ¥ ~ —0.5 [Fig. 3(b)],
corresponding to 75% persister cells (%P = 75%).

When the release duration increases while keeping treat-
ment duration and drug concentration constant [moving
vertically in Fig. 3(b)], the population dynamics shifts from
being persister-driven at low release durations to being in-
creasingly dominated by susceptible cells at higher release
durations. This transition is due to the switch-back process
during the release phase: At low release times, only a small
fraction of persisters can switch back to the susceptible state.
As the release duration increases, a larger fraction of persis-
ters switch back to the susceptible state, resulting in a more
susceptible-driven dynamic. Eventually, when the release du-
ration is sufficiently long, all persisters present the treatment
phase switch back during the release phase, leading to a com-
pletely susceptible-dominated population. Similarly, when the
treatment duration is increased while maintaining constant
drug concentration and release time [moving horizontally in
Fig. 3(b)], the dynamics become increasingly dominated by
persister cells. This shift reflects the transition to persistence
during treatment, as longer treatment phases provide more
time for susceptible cells to transition to the persister pheno-
type.

Integrating information from both long-term fitness and
asymptotic population composition values, we define a
comprehensive “success-failure phase diagram” [Fig. 3(c)],
recapitulating all possible outcomes under constant-dose
intermittent treatment protocols. We define three relevant re-
gions (which are seen consistently across all studied cell lines,
SM Figs. 6-8 [17]). The “susceptible-driven failure” (SDF)
region contains those treatment protocols that fail in eradicat-
ing the tumor population due to a surge in susceptible cell
growth, predominantly during release intervals [top region in
Fig. 3(d)]. On the other hand, successful extinction can rely on
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both susceptible [“susceptible-driven success” (SDS) region
in Fig. 3(d)] and persister cells [“persister-driven success”
(PDS) region in Fig. 3(d)]. As previously noted, short release
intervals favor eradication via elimination of persister cells,
whereas longer intervals shift the extinction dependence to
susceptible cells.

We finally note that, in principle, a fourth “persister-driven
failure” (PDF) region, where survival dynamics is predomi-
nantly driven by persister cells can also exist, although not
present in Fig. 3. This regime appears considering DiFi cl.
B6 parameters, as reported in SM Fig. 9 [17]. Interestingly,
this region is narrowly located in correspondence of short
treatment and release durations (0-2 days), making it a rather
unstable regime, as small variations in both release and treat-
ment time disrupt it. In such cases, during treatment-release
cycles the tumor grows on average with a predominant frac-
tion of persister cells. This is possible due to a combination of
factors including high transition rates (which makes suscepti-
ble cells transition to the persister state) and lower treatment
and release durations (which decreases death and switch-back
of persisters).

C. The most effective treatment protocols optimize release time
and drug concentration jointly

Having understood the conditions underlying successful
treatment protocols, we now address the problem of deter-
mining the best possible (single-drug) treatment strategy, in
terms of minimizing the long-term fitness (thus minimiz-
ing residual tumor population and accelerating extinction
dynamics). Mathematically, this is an optimization problem
over the space of all possible intermittent treatment protocols
parametrized by (t;, 7., ¢). The optimal treatment strategy
is defined as the protocol (t/*, 7, ¢*) in correspondence of
which the long-term fitness is minimum:

(. 1, ") = argmin{A(z;, 7, 0)}. )

We numerically solved Eq. (11) over the parameter range
[0,7]1d x [0,7] d x [1078,10*] M, and found that the op-
timal strategy for the WiDr B7 clone is

t'=7d, t'=33d, =38x107"M. (12

Consistently with our previous observations, we note that
the best choice for treatment duration is the maximum achiev-
able value. This is because, as we already discussed, the
general effect of treatment duration is to decrease the per-
cycle long-term fitness, that is, minimize the average number
of treatment-release cycles needed to extinguish the cancer
population. On the other hand, the optimal values for the
release time and drug concentration are less trivial and require
further investigation. The remainder of this section focuses on
discussing the optimization of these two parameters. Again,
we initially consider parameters from the clone WiDr cl. B7,
where a clear dependency on drug concentration of both pro-
liferation and transition rates is seen (SM Fig. 1 [17]), leaving
the discussion of all other studied CRC cell lines to the end of
this section.

To investigate in further detail how varying drug concen-
tration and release duration affects the long-term efficacy
of treatment protocols, we set a constant treatment duration

7, = 7 days (the optimal value set by the boundary in our
exploration). As described in the previous section, we com-
puted long-term fitness and population composition varying
release durations and drug concentrations to reconstruct treat-
ment outcomes in the release time - drug concentration phase
plane (Figs. 4(a) and 4(b) and SM Figs. 10(a) and 10(b) [17]).
Our analysis reveals again that the release time-drug concen-
tration phase plane can be divided into three regions: SDF,
SDS, and PDS, as shown in SM Figs. 10(b) and 10(c) [17].
Increasing release time shifts the population towards more
susceptible cells, as longer release durations allow more per-
sister cells to switch back and proliferate. In contrast, higher
drug concentrations increase the fraction of persister cells
by both accelerating the elimination of susceptible cells and
inducing more persisters, resulting in a persister-dominated
population.

Figure 4(a) shows that increasing release duration as well
as drug concentration affects long-term fitness. For protocols
with fixed treatment and release times while varying drug
concentration [moving along horizontal lines in Fig. 4(a)],
long-term fitness initially decreases at low drug concentra-
tions, reaching negative values around the clinical dabrafenib
concentration (c = 1 uM), before increasing again. Similarly,
for protocols with fixed treatment duration and drug con-
centration while varying release time [moving along vertical
lines in Fig. 4(a)], long-term fitness first decreases, and then
increases, eventually reaching positive values for sufficiently
high release durations. This behavior suggests the presence of
an optimal protocol [red star in Fig. 4(a)], which minimizes
long-term fitness by jointly optimizing drug dose and release
time. Figure 4(b) shows how these findings are paralleled
by population composition. For the specific WiDr B7 CRC
cloned population used here, the optimal protocol balances the
fractions of persister and susceptible cells [red star in Fig. 4(a)
and 4(b)]. This balance in persister and susceptible cell dy-
namics is crucial for achieving optimal extinction outcomes.
However, this feature is not universal (and thus is likely to be
patient specific), as different parameters may lead to varying
optimal population compositions, as seen in SM Figs. 11-13
[17], which show results for other CRC clones.

Figure 4(c) shows the dose dependence of long-term fit-
ness at the optimal release time t* = 3.3 days, where the
optimal drug concentration is ¢* = 3.8 x 10~7 M, less than
half the clinical reference value (¢ =1 uM). This finding
suggests that lower drug doses may reduce toxicity and im-
prove therapeutic efficacy by increasing extinction speed. This
dose optimization is a consequence of the dabrafenib dose-
dependent behavior of the WiDr cell line, as both death and
transition-to-persistence rates increase monotonically with
drug concentration (depicted in SM Fig. 1 [17] and recapit-
ulated by Egs. (3) and (4)). There is a trade-off between using
lower drug concentrations, where both death and transition
rates are low, and higher doses, where both rates are fast
[Fig. 4(e)]. As shown in our previous study [12], the optimal
concentration balances this trade-off by maximizing killing
dynamics while maintaining a moderate transition rate to per-
sistence. Suboptimal concentrations occur when lower doses
fail to increase the death rate sufficiently, while higher doses
overly increase the transition rate with little additional effect
on death rate, which is already at its maximum [Fig. 4(e)].
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FIG. 4. The optimal treatment protocol minimizes long-term fitness through joint optimization of release time and drug concentration.
[(a) and (b)] Heat-maps showing long-term fitness (a) and asymptotic population composition values (b) as a function of drug concentration and
release duration for a fixed treatment time of 7 days. Optimal protocol (red star) is achieved at values 7 = 3.3 days and ¢* = 3.8 x 107" M.
The colorbar in panel (a) reports values of A in unit of 1/cycles. (c) The long-term fitness as a function of dabrafenib concentration is
minimal (achieving a value of ~ —0.66 cycles') at the optimal drug concentration ¢* = 3.8 x 107 M. (d) Long-term fitness as a function
of release duration is minimum at the optimal time of 7 = 3.3 days. [(e) and (f)] Illustration of the dose (release time) trade-off defining an
optimal drug concentration (release duration). Both too low (short) and too high (long) doses (release times) yield higher final population sizes
than the optimal drug concentration (release time). (¢) Below (above) the optimal dose, drug concentration can be increased (decreased) to
increase (decrease) the death rate (transition rate) of susceptible cells without increasing (decreasing) the transition-to-persistence (death) rate.
(f) Below (above) the optimal release, release duration can be increased (decreased) to increase (decrease) the fraction of persister cells

resuming proliferation.WiDr cl. B7 parameters (Table I).

Similarly, Fig. 4(d) shows the long-term fitness depen-
dence on release time at the optimal drug concentration c* =
3.8 x 1077 M. We note that, within clinically relevant con-
centration ranges, which lie around the optimal concentration
value, neither significantly shortening nor excessively extend-
ing the release time yields optimal outcomes, suggesting a
precise balance between dosing intervals. This timing-based
optimization highlights the interplay between persister cell
reversion to a vulnerable state and subsequent drug efficacy.
As shown in Fig. 4(f), if the release time is extended, then
more persister cells revert to a drug-sensitive state, enhancing
the population’s response in the following cycle. However, if
the release time is too short, then most treated cells remain in
a persister state, reducing the overall impact of the next cycle.

We replicated the analyses discussed so far with the other
CRC cloned populations. SM Figs. 11-13 [17] show that
release time optimization is found in both our CRC cell lines
across both cloned populations, underscoring the importance
of precisely timed drug administration to maximize thera-
peutic efficacy. On the other hand, dose dependency of the
persister transition is specific of WiDr clones treated with dif-
ferent doses of dabrafenib, hence resulting in a optimal dose
minimizing the long-term fitness (for both WiDr B5 and B7).
Conversely DiFi populations (both B3 and B6) do not show

an increased transition rate to persistence for increasing drug
concentrations, leading to a plateau of optimal concentration
values for long-term fitness (SM Figs. 12 and 13(c) [17])

In Appendix D, we derive the following analytical approx-
imation for the long-term fitness, valid in the vicinity of the
optimum:

t t t

€l el [(1+AB)e el — €’ €, )
r ot r ot rot r ot r .t )’

ehel —AB(e €, —€el —€'€ )€€

(13)

where the following shorthand notations have been intro-
r T t t__ 3t

duced: € =ei7, € = e M7, € =, € = UiThIn,

A= A - B= M,.'\JZ’/\, (see Appendix D for further details).

=M —p ;
SM Figs. 14p(a), 14(c), 14(e), and 14(g) [17] show the good
agreement between the approximation in Eq. (13) (blue line)
and the numerically computed exact long-term fitness (black

line), confirming the validity of the analytical expression near
dA

the optimum. Importantly, by solving the conditions * =

0 and STA = 0, we find that the optimal drug concentration

and release time satisfy the following two balance relations:

A%log<

de' Jdc

de’ /dz,
= i =K,, (14)
dA/dc

de’ jdt,

Co

023018-8



OPTIMAL TREATMENT FOR DRUG-INDUCED CANCER ...

PRX LIFE 3, 023018 (2025)

where K. and K, are parameter-dependent constants.
At optimality, these constants take the values K, €
{0.58,1.39,0.71,0.57}, K, € {—84, —177, —34, —8.7} for
WiDr cl. B7, WiDr cl. B5, DiFi cl. B6, and DiFi cl. B3,
respectively. Thus, our analytical approximation provides a
mathematical description of the optimal treatment strategy,
which simultaneously balances: (i) the rate of susceptible
cell elimination against their transition to persisters during
treatment, and (ii) the regrowth of susceptible cells during
the drug-free phase against the rate at which persisters revert
to susceptibility. The approximate optimal solutions derived
from the balance conditions in Eq. (14) are shown in SM
Figs. 14(b), 14(d), 14(f), and 14(h) [17], alongside the exact
numerical optima, further validating the accuracy and useful-
ness of our analytical approach near the optimum.

To quantify the gain in treatment efficacy achieved through
the joint optimization of drug concentration and release
duration, we compare the performance of the optimal pro-
tocol against (i) a range of reasonable alternatives and
(i) a benchmark protocol defined by continuous adminis-
tration of the clinical reference dose, c.; = 1 uM, with no
release period (t, = 0). We first note that, comparing the
efficacy of all protocol combinations that lead to a nega-
tive long-term fitness, our analysis also includes protocols
yielding only a modest (i.e., near-zero) long-term fitness
(Fig. 4(a), SM Figs. 10(a) and 10(b) [17]). For instance,
administering clinical doses of dabrafenib (¢ =1 uM) for
;=7 d every 9 d (r, =2 d) results in a long-term fit-
ness of approximately —0.6, whereas extending the interval
between treatments to 7, &7 d yields a fitness close to
zero. Hence, the predicted gain in extinction time through
protocol optimization can, in principle, become arbitrarily
large across the space of effective treatment strategies. Even
when compared to the clinically relevant benchmark, the ef-
ficacy of the optimal protocol remains substantially higher.
Our model predicts, perhaps counterintuitively, that lower
drug doses combined with longer treatment-free intervals
can significantly improve outcomes by reducing the number
of treatment cycles needed for complete tumor eradication.
Specifically, the gain in long-term fitness is approximately
40% (from =~ —0.5 to =~ —0.7; SM Fig. 10(d) [17]). In
addition, this gain is associated with a marked shift in
population composition from a persister-dominated state to
one with nearly equal fractions of susceptible and persister
cells (SM Figs. 10(b) and 10(c) [17]). Under the bench-
mark protocol, long-term population dynamics are eventually
driven by persister cells, and the corresponding per-cycle
long-term fitness becomes Apenchmark = —0.073 x 7 =~ —0.5,
reported as a horizontal dashed line in SM Fig. 10(d) [17].
The improved long-term fitness observed under the opti-
mal protocol suggests that allowing a fraction of persister
cells to switch back to a susceptible state during treatment-
free intervals can accelerate extinction dynamics. To further
substantiate these predictions, we performed stochastic sim-
ulations of a population of 10* cells undergoing both the
optimal and benchmark treatment protocols (SM Fig. 10(e)
[17]) and computed the associated extinction time distribu-
tions (SM Fig. 10(f) [17]). These simulations confirm that
the optimal protocol, despite involving lower doses and less
frequent treatments, outperforms the benchmark by reducing

the average extinction time by more than 30% (10 cycles
versus 15).

Finally, we reiterate that the optimization results discussed
in this section are valid with respect to our choice of using the
per-cycle long-term fitness as a metric for treatment efficacy
and within the clinically relevant and experimentally moti-
vated protocol bounds [0, 7] d x [0, 7] d x [1078,107%] M.
While this approach is both natural and practical for the prob-
lems considered in this work (see Appendix G for detailed
discussions), alternative methods have also been proposed,
sometimes yielding similar results, but in other cases leading
to different conclusions [22]. In Appendix G, we compare the
outcomes obtained using various time units and efficacy prox-
ies. We conclude that, while redefining long-term fitness in
different time units may affect the specific optimal solutions,
considering alternative proxies such as tumor size at a fixed
time point (SM Fig. 15 [17]) or the probability of treatment
success (SM Fig. 16 [17]) does not significantly alter our main
findings.

D. Optimal intermittent dosing of dabrafenib rivals the efficacy
of continuous treatments

To further assess the potential clinical applicability of our
quantitative framework, we sought to connect it to the ongo-
ing clinical debate surrounding continuous versus intermittent
dosing regimens [20]. To this end, we transitioned from the
simplified assumption of constant drug treatment profiles to
explore models reflecting the dose kinetics observed in pa-
tients treated with similar doses of the same targeted drugs
we used with our CRC cell lines (Table II). This required
shifting from a constant concentration to a time-dependent
profile that decreases after each administration. We assumed
that the reduction in drug concentration directly correlates
with decreased death rates and transition rates for susceptible
cells, as measured for our cell lines.

Inspired by experimental observations [19], we model the
in-patient dose profile as a double exponentially decreasing
function of the form:

c(t) = 0(t — to)g (e 7k I70) — gmhalt=lo)y, (15)

which, albeit very simple, recapitulates known key aspects
of drug pharmacokinetics, such as temporal delays (t),
maximum induced plasma concentration (cyax), and both
dose absorption (rate k,) and elimination (rate k,) dynamics
[Fig. 5(a)].

Importantly, we used the experimental measurements from
the clinical trial in Ref. [19], characterizing the population
pharmacokinetics of dabrafenib, to fix the parameters in
Eq. (15). Specifically, we use reported values for the absorp-
tion rate, k, = 1.88 h™! (7, = log(2)/k, ~ 0.36 h), maximum
induced (peak absorption) plasma concentration, Cpux =
1512 ng ml~!, lag time, fo = 0.48 h, and area under the
curve, AUC = 8820 ng ml~! h to estimate £ and k, as (see
Appendix H for further details)

Crmax kg AUC
W( — T.Avc log === )

ks AUC

Cmax

k, = —k, ~0.23h7", (16)

log
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FIG. 5. Exploiting drug pharmacokinetics to optimize intermit-
tent dosing of dabrafenib in patients. (a) Illustration of the typical
time course of drug concentration in patients, comprising absorp-
tion and elimination dynamics. Reported values for dabrafenib dose
(150 mg BID), peak plasma concentration (cp.x = 1512 ng ml™h),
absorption (k, = 1.88 h™', ,=0.36 h), and elimination (k, =
0.23 h7!, 7, =3 h) rates, have been derived from study [19] and
used to fix the plasma concentration profile reported in panel (b).
(b) Inferred plasma concentration profile, showing a rapid absorption
phase (=0.36 h), followed by a slower exponential decline of drug
concentration over time (&3 h). After 1 day the plasma concentra-
tion reaches the minimum inhibitory concentration of dabrafenib
(~8 ng/ml, dashed horizontal line). (c) Constant versus intermit-
tent dosing of dabrafenib, as recently compared in clinical trial
[20]. (d) Comparison of predicted cancer decline for constant and
intermittent dosing of dabrafenib. Red line shows dynamics under
the optimal intermittent dosing strategy. (e) Illustration showing
optimal intermittent dosing parameters. (f) Long-term fitness as a
function of release time showing nonoptimality of both continuous
and intermittent dosing strategies considered in study [20]. Optimal
release duration, defining the optimal intermittent strategy, is equal
to 7, = 2.6 days (red star).

with 7, ~ 3 h, and where W is the Lambert function, and

_ kek,AUC

= ~ 2301 ngml™!. (17)
(ko — ko) £

The resulting dose profile predicted for a patient,

t <048
t > 048
(18)
is plotted in Fig. 5(b) over a daily time span. We note that
in about one day, the inferred dabrafenib plasma concentra-
tion reaches the minimum inhibitory concentration (MIC),
clab. ~ 8 ng ml~' [dashed horizontal line in Fig. 5(b)], as
estimated from Eq. (5). Below the MIC, dabrafenib concen-
trations are no longer capable of inducing susceptible cell
death, leading us to set wi(cmic) =0 in our model, and
motivating the need of renovating dabrafenib administration
on a daily timescale [19,20]. Furthermore, we note that the
time dependence of the drug concentration makes the dose-
dependent parameters in our model (susceptible cells’ death
and transition-to-persistence rates), dependent on time. SM
Fig. 17 [17] shows the specific time dependence of our model
parameters under these conditions.

Equipped with these additional features, we simulated our
model to investigate the problem of whether intermittent dos-
ing of dabrafenib might be preferable to constant dosing
regimens in a patient. We note that a recent clinical study [20]
addressing this same question reported no evidence in favor
of an intermittent treatment strategy. Here, by comparing the
model’s predicted cancer dynamics under the same continu-
ous and intermittent dosing protocols considered in Ref. [20],
depicted in Fig. 5(c), we revised this comparison from the
more quantitative point of view of assessing the long-term
dynamics of the treated cell population. For simplicity, we
computed the long-term dynamics under both continuous and
intermittent dosing protocols further approximating Eq. (18)
by considering an instantaneous absorption dynamics.

Consistently with the findings of the clinical-trial [20], an
intermittent dosing (ID) strategy where dabrafenib is adminis-
tered for 21 days every 28 days (release time of 1 week) shows
inferior performance in our model compared to a continuous
dosing (CD) strategy in which dabrafenib is administered
every day [Fig. 5(d)]. Interestingly, however, when we ex-
ploit our model’s flexibility to compute how long-term fitness
changes as a function of the release time interval between con-
secutive dabrafenib administrations, we see that neither the
CD nor the ID considered in the clinical trial in Ref. [20] are
predicted to be optimal choices, when aiming at minimizing
the long-term fitness of the treated cell population. Instead, we
find that an intermittent protocol with a release time interval
of about 3 days, 7} = 2.6 days [Fig. 5(e)], minimizes the
long-term fitness [Fig. 5(f)], yielding the fastest achievable
extinction dynamics of the total cancer population [red line
in Fig. 5(d)]. Thus, our analysis leads us to surmise that an
optimized intermittent protocol, particularly when its release
timing is finely tuned, may be able to yield outcomes that not
only rival but may even exceed those of a continuous dosing
regimen.

0»
ct) = {2301[60.2300.48) e 1880—0.48)],

E. Combination therapies modulating persister dynamics lead
to differential treatment outcomes

Persister cells play a critical role in enabling tumors to
rapidly tolerate treatments. Our previous results also high-
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FIG. 6. Quantification of the long-term fitness effects of combination therapies targeting persister cells dynamics. [(a) and (b)] Explored
combination therapies include additional drugs that either reduce the transition-to-persistence rate [type I, panel (a)], or increase persisters
death rate [type II, panel (b)]. [(c) and (d)] Heat-maps showing the difference in long-term fitness between combination therapies, either type I
[panel (c)] or type II [panel (d)], and single-drug treatment protocols with varying treatment and release times on a 0- to 7-day scale and drug
concentration fixed to clinical reference levels. Red (blue) regions correspond to an increase (decrease) in long-term fitness upon addition of the
auxiliary drug. (e) Phase diagram integrating information from panels (c) and (d), individuating three main possible effects upon drug addition:
detrimental or negligible effects (case 1), beneficial only if type II drugs are added (case 2) and beneficial under either drug (case 3). (f) Models
predicted dynamics under protocols from each of the three cases, confirming the expected different behavior. WiDr cl. B7 parameters.

lighted their potential influence on the long-term outcome
of periodic treatment protocols. For instance, a large, poorly
tuned fraction of persister cells switching back to a prolif-
erative, drug-sensitive state can ultimately lead to treatment
failure. In addition, persisters may serve as a reservoir for
the emergence of resistant clones over time (although resis-
tance is not explicitly modeled here), further compromising
treatment success. Building on this idea, we hypothesized that
combination therapies incorporating drugs specifically target-
ing persister cell dynamics could improve treatment efficacy
and potentially accelerate tumor eradication. To test this, we
conducted a proof-of-principle analysis using our quantitative
framework, comparing the long-term efficacy of hypothetical
combination therapies aimed at targeting cancer persistence
with that of single-drug regimens at clinical doses of cetux-
imab and dabrafenib (Table I). We considered two potential
mechanisms of action for the auxiliary drug: (1) reducing
the transition-to-persistence rate (type I) or (2) increasing
the death rate of persister cells (type II). These mechanisms
were incorporated into our model as a percentage decrease
or increase in the respective rates [Figs. 6(a) and 6(b)]. For
instance, when a molar concentration, ¢’, of a type I auxiliary
drug is added, we assumed that the transition-to-persistence
rate switch to a value

M, ) = F(EN(e) = FIDhmax (1 = €7/%), (19)

with f(c") € (0, 1). Alternative modeling choices are pos-
sible, such as modifying the characteristic dose scale c;,
but both approaches ultimately decrease A.(c, ¢’). Given the
absence of specific data to favor one mechanism over an-
other, we adopted the simpler form described in Eq. (19).
For subsequent analyses, we assumed an illustrative value of
f(c") = 0.5 [Figs. 6(a) and 6(b)]. However, we acknowledge
that a more comprehensive analysis would require precise ex-
perimental characterization of f(c¢’). We simulated the model
before and after introducing the auxiliary drug and calculated
the differences in long-term fitness between single-drug and
combination therapy protocols. We varied treatment and re-
lease times within a 0- to 7-day range as in previous analyses,
keeping the drug dose constant at clinical reference values.
Interestingly, our analysis revealed distinct long-term fitness
outcomes depending on whether a type I or type II drug
was used [Fig. 6(c) and 6(d)]. Specifically, adding drugs that
increase persister cell mortality (type II) generally reduced
long-term fitness across protocols [Fig. 6(d)], with a varying
degree of efficacy. In contrast, combination therapies target-
ing the transition-to-persistence rate (type I) showed both
beneficial and detrimental effects, depending on the specific
treatment protocol [Fig. 6(c)].

We integrated these findings into a phase diagram
[Fig. 6(e)], recapitulating the long-term fitness effects of com-
bination therapies across protocols with varying treatment
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and release durations, while maintaining fixed clinical doses.
Remarkably, our analysis divides the (t;, 7,) phase plane into
three distinct regions [labeled “case 1,” “case 2,” and “case
3” in Fig. 6(e)], showing different responses to combination
therapies. Specifically, protocols lying in the region where
susceptible cells dominate the long-term dynamics (case 1,
comparing with Fig. 3) show no significant benefits from
adding an auxiliary drug targeting persister cells, with type
I drugs often having detrimental effects. Consequently, drugs
increasing persister cell mortality had minimal impact, while
those reducing the transition-to-persistence rate could inad-
vertently increase the number of susceptible cells. The top
panel of Fig. 6(f) illustrates the population dynamics in this
region, (1, = 2 days, 1, = 6, days, ¢ = 1 uM). On the other
hand, protocols belonging to the region where persister cells
predominantly drive the extinction of the cancer population
[case 2, comparing Figs. 6(e) and 3] largely benefit from
type II drugs targeting persister cell mortality, while type I
drugs have little to no effect [Figs. 6(c)-6(e)]. In this region,
interventions that increase persister cell death are particularly
effective and reducing transition to persistence has little effect
[see the middle panel of Fig. 6(f) for an example of the
predicted dynamics for the protocol, with parameters t, = 7
days, 7, = 1, days, ¢ = 1 uM]. Finally, we find empirically
an intermediate region [case 3 in Fig. 6(e)] region, where
both combination therapies yield comparable beneficial ef-
fects on the long-term fitness [Figs. 6(c)-6(e) illustrated in
bottom panel of Fig. 6(f) for parameters 7, = 7 days, 7, =
6, days, ¢ = 1 uM]. In summary our analysis indicates that
hypothetical combination therapies targeting the transition-
to-persistence rate or persister cell mortality can enhance
treatment efficacy very differently, and their impact should
depend heavily on the specific treatment protocol. The next
section returns to single-drug protocols to further explore
optimal treatment design.

III. DISCUSSION

Targeted therapies based on EGFR inhibitors like cetux-
imab, and their combination with dabrafenib for BRAF-
mutated tumors, were shown to extend median survival by a
few months in colorectal cancer patients when added to stan-
dard chemotherapy, compared to chemotherapy alone [23].
This is a modest but non-negligible outcome, and it is im-
portant to understand how it can be improved upon. While a
limitation to the efficacy is certainly due to the emergence of
resistance, phenotypic transitions and persistence also likely
play a role [8,11,24]. Given the limitations of current targeted
therapies and the potential role of mechanisms beyond resis-
tance, we explored the efficacy of periodic treatment-release
protocols. In this analysis, we have assumed that resistance
does not develop (see Appendix B for a discussion). While
of course we acknowledge that resistance is a significant
clinical challenge, we have shown that for sufficiently small
population sizes (up to 10° for the regime of the parameter
space motivating this study) it can be safely neglected. In
a more clinical horizon, population size will be essential to
set whether persisters play a role or pre-existing and de novo
mutations make treatment strategies useless. Note, however,
that recent work suggests that even in the presence of resis-

tant clones, treatment release periods can still be beneficial
if competitive nonresistant clones remain [21]. Additionally,
in the case of resistance emergence due to drug-induced mu-
tagenesis, mathematical modeling has also shown that less
aggressive treatments could potentially lead to improved out-
comes [25]. However, while these lines of evidence point
to the idea that periods of treatment release can generally
be an advantage, they also show that such release periods
need to be precisely targeted on the specific parameters of a
tumor population (and adapted if these parameters change),
or they risk to be detrimental. Since the precise knowledge of
these parameters in a clinical setting is scarce, the practical
applicability of these concepts remains very limited, although
as personalized-medicine assays advance, one could envisage
that such parameters may be used to optimize treatment time-
administration protocols, together with choice of treatments
(see below).

To avoid these complications, we have rooted our analysis
on observations and parameter values measured in CRC cell
lines [12]. Importantly, we note that the parameters and be-
haviors were different in the two tested CRC cell lines and
treatments, supporting the idea that patient specificity might
be relevant. Under the radical (but necessary) assumption
that the parameters measured on cell lines may guide us
to reveal relevant scenarios, our findings suggest a nonintu-
itive landscape for the effectiveness of periodic treatments
in controlling and potentially eradicating treated cancer cell
populations with persisters. Specifically, we show how long-
term fitness defines the boundaries between successful therapy
and treatment failure and how population composition in sus-
ceptible vs persisters is essential for understanding optimal
treatment protocols, due to a delicate balance between treat-
ment (which kills susceptible cells but produces persisters)
and release phases (which clear persisters but allow suscep-
tible cells to proliferate). A consequence of this complex
balance is the observation of reentrant behavior in extinction
dynamics (Fig. 3), where increasing the duration of release
periods can counterintuitively optimize the eradication pro-
cess, by providing sufficient time to clear persisters (a result
unattainable under continuous treatment). In scenarios where
treatment fails, unchecked proliferation of susceptible cells
during release intervals prevails. Conversely, effective treat-
ment regimens capitalize on either efficient elimination of
susceptible cells or control of persister generation, achiev-
ing optimal outcomes when they can accomplish both. This
insight underscores a delicate interplay dependent on pa-
rameters such as the persister transition rates that may be
challenging to access in realistic situations, where slight
adjustments could be critical in tipping the balance between
therapy failure and success.

Our framework also allows for exploring hypothetical
combination therapies targeting persister death and the tran-
sition from susceptible cells, which can significantly improve
the outcome of periodic treatment protocols. If drug dose
impacts on both the death rate of susceptible cells and their
transition rate to persisters, as in WiDr cells treated with
dabrafenib and cetuximab, then the scenario is even more
complex, due to the quantitative trade-off between effective
killing and persister production. As shown previously [12],
an increasing dose ramp decreases persister production in a
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single treatment compared to the same total dose administered
continuously. While this work focuses on constant alternated
treatments, we speculate that combining optimal dose ramps
with optimized protocols could further improve patient out-
comes if persisters are relevant. For periodic treatments at
constant doses, we identified an optimal dose near (but lower)
the clinically relevant dose of dabrafenib, where the trade-off
between proliferation suppression and persistence induction
yields the best outcomes. Collectively, these findings suggest
that specifically targeting the persistence mechanism could
enhance therapeutic efficacy.

We note that the concept of intermittently resuming
treatment to allow persisters to resume proliferation is
well-established in microbiologysuch as in bacterial spore
eradication [26] and in pulse dosing antibiotic treatments op-
timization [27-30]. In this work, we adapted these concepts to
mammalian systems and cancer, where the dynamics are more
complex. Specifically, while bacterial persistence has been
extensively modeled as a bet-hedging strategy in fluctuating
environments [31], our study explores a completely different
parameter regime, a drug-induced and dose-dependent persis-
tence, yielding rich and nontrivial phase diagrams, that are
fundamentally distinct from the ones of standard microbial
models. Our approach also contrasts with existing cancer lit-
erature [25,32-34], which typically considers the benefits of
drug holidays in the context of genetic heteroresistance. In
such scenarios, resistant clones coexist with susceptible cells
and are subject to fitness trade-offs, allowing drug-sensitive
cells to dominate during treatment breaks. Persistence, by
contrast, involves reversible, drug-induced phenotypic switch-
ing without genetic alterations allowing persister cells to
revert to drug sensitivity, a possibility absent in genetically
resistant populations.

Turning to more general implications of our findings, we
have shown (Appendix D) how the long-term fitness of a cell
population under treatment can be universally characterized
by nine dimensionless (scale-invariant) parameters that cap-
ture the relative growth/decay rates and transition timescales
between treatment and release phases, allowing for a model-
independent understanding of the system’s behavior. The
evolution of the population can be represented by a universal
matrix form (whose entries are linear combinations of the
dimensionless parameters) whose highest eigenvalue deter-
mines the long-term fitness, revealing fundamental trade-offs
that govern optimal treatment strategies, such as balancing the
killing rate of susceptible cells with the transition rate to per-
sister cells. By identifying these universal aspects, we provide
a framework to understand and optimize treatment strategies
across different systems, without needing to simulate every
specific scenario, and in particular to identify the trade-offs
in the relevant situation of drug-induced and dose-dependent
persister transitions [35]. In other words, we identify a general
“drug-induced” scenario, transcending the specific parame-
ters analyzed here and different from the regimes investigate
previously with our approach [5,15]. Hence, while using ex-
perimental parameters to provide a firm motivation for the
relevant regimes to consider, our framework transcends a spe-
cific mathematical model designed to fit specific experimental
data, and provides generalizable theoretical guiding principles

to investigate the role of phenotypic plasticity in persistence
across diverse contexts.

We recognize that there are significant challenges in trans-
lating these highly theoretical optimizations into practical
clinical applications. Key factors such as pharmacokinetics
and pharmacodynamics and effective behavior of a treated
tumor in vivo, where several factors related to the micronvi-
ronment can play an adverse or favorable role and may play a
crucial role in determining the effective dose experienced by
a tumor, introducing variability that must be carefully consid-
ered [18-20]. Moreover, the fact that cetuximab is typically
administered in combination with chemotherapy regimens
like FOLFIRI or FOLFOX, rather than as a monotherapy,
adds another layer of complexity [36-38]. Encouragingly,
a recent study showed that intermittent administration of
FOLFIRI and panitumumab achieves better outcomes than
continuous treatment [39]. However, substantial interpatient
variability in plasma cetuximab concentrations [18] further
complicates the prediction of treatment efficacy. Spatial ef-
fects, including heterogeneous drug distribution within the
body, toxicity concerns, and the influence of the tumor mi-
croenvironment, must also be accounted for when considering
the clinical implementation of our findings. To take a first
step towards mitigating this gap of knowledge, we have sim-
ulated our model with time-dependent doses and constraints
derived from pharmacokinetics data on dabrafenib [19,20],
and therefore with realistic values for the time-dependent
plasma concentrations of the treatment but still assuming that
the death-rate and transition-rates were those observed in cell
lines. Under these assumptions, the model prediction is that
treatment-release periods of about 2 days would still outper-
form continuous treatment (but much longer release times
would not).

However, given the complexity of the problem and the ex-
tremely limited available knowledge, our work serves merely
as a proof of concept, offering a foundation for future research
to validate and refine these hypotheses. One promising ap-
proach could involve experimental comparisons of treatment
regimens in cell lines, patient-derived organoids, and mouse
xenografts [40,41], providing increasingly sophisticated and
controlled models for assessing the efficacy of various treat-
ment strategies. These experimental systems would allow for
testing the predictive power of our simplified modeling frame-
work in more clinically relevant environments. Alternatively,
a more empirical approach might involve directly designing
clinical trials to test various time-dependent protocols in pa-
tients, such as maintaining an equal total dose while varying
the administration schedule [18-20]. Such trials could help
verify the broader hypothesis that “keystone” persisters may
be relevant for therapy outcomes and could be guided by
mathematical models based on in vitro systems and measured
pharmacokinetic parameters. If successful, then these proto-
cols could ideally extend beyond CRC to other cancers, such
as lung cancer treated with osimertinib, where persister transi-
tions have been observed in vitro [7,42]. However, to motivate
these protocols for other cancer treatments, a more advanced
quantitative in vitro characterization of persister behavior,
similar to that performed for CRC, would be essential [12].
This approach, combining theoretical insights with empirical
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validation, may effectively reach conclusions within a more
reasonable timeframe.

In conclusion, these insights offer a roadmap for the
rational design of personalized treatment schedules based
on precise measurements and mathematical modeling and
suggest that a deeper understanding of the dynamic inter-
play between drug action, phenotypic plasticity, and recovery
phases during treatment release could help isolate optimal
conditions for treatment success, to inform more effective
therapy strategies.
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APPENDIX A: CONSIDERED COLORECTAL
CANCER CELL LINES

In Ref. [12], the population dynamics of two microsatellite-
stable human CRC cell lines were analyzed: the RAS/RAF
wild-type “DiFi” and the BRAF V600E-mutated “WiDr.”
These cell lines were treated with specific drug regimens:
cetuximab alone at a dose of 100 ugml~! for DiFi, consis-
tent with its approval for metastatic CRC patients lacking
RAS and BRAF mutations, and a combination of cetuximab
(50 ug ml~!) with the BRAF inhibitor dabrafenib (1 uM) for
WiDr, reflecting its potential effectiveness in BRAF-mutant
CRC cases. For both models, individual clones were isolated,
and their growth and drug sensitivity closely matched those of
the parental populations.

In this study, we evaluated our model in four different
parameter configurations, derived from fitting population dy-
namics data for four cloned populations: WiDr cl. BS, WiDr
cl. B7, DiFi cl. B3, and DiFi cl. B6, based on analyses in
Refs. [11,12].

To determine the parameters of untreated sensitive cells,
we measured growth rates using growth assays under standard
cell-culture conditions. For parameters under drug treatment,
instead, we analyzed data from two types of drug-response

TABLE II. Adopted CRC cell lines and treatments [12].

CRC cell lines Sensitivity Treatment
DiFi* B3-B6 EGFR blockade cetuximab (100 pg/ml)
. EGFR blockade cetuximab (50 ug/ml)
WiDr® B5-B7
e BRAF inhibition dabrafenib (1 uM)

“RAS/RAF wild-type.
"BRAF V600E-mutated.

growth assays. The first was a dose-response assay, where
CRC clones were exposed to increasing concentrations of
targeted therapies. This assay was used to evaluate growth
curves, defined as the number of live cells over time and
drug concentration, and to quantify the interplay between
cell growth and the transition to a persister state during drug
treatment. The second was a single-dose assay, involving three
weeks of exposure to a constant drug concentration. This
assay revealed a biphasic killing curve, characterized by an
initial rapid decline in the number of sensitive cells, followed
by a slower phase indicative of persister emergence, resem-
bling patterns observed in bacterial populations. The surviving
persister fraction showed a gradual but measurable decline
over time, suggesting a slow tendency for persisters to die.

All treatment data and the model fits are presented in SM
Fig. 1 [17]. Inferred model’s parameters are summarized in
Table 1.

APPENDIX B: QUANTIFICATION
OF RESISTANCE EFFECTS

This Appendix discusses the role of resistant cells in our
model due to their potential impact on treatment outcomes.
We adopt the stringent definition that resistant variants are
entirely unaffected by treatment, with no fitness costs or com-
petition with susceptible cells. This conservative approach
excludes heteroresistance and competitive interactions during
drug holidays, allowing for a clearer analysis of resistance
dynamics. The emergence of resistance in our experimentally
motivated setup can either occur during the free expansion
of susceptible cells before the first treatment-release round
(pre-existing resistance) or during the actual treatment-release
cycles ( de novo resistance). Both effects are strongly influ-
enced by population size. Through analytical and stochastic
simulations, we show that the emergence of resistance does
not inevitably occur in periodic treatment-release cycles but
rather depends on factors such as initial cell count, treatment
duration, and drug concentration. Our analysis demonstrates
that, for population sizes up to N &~ 10*-10° cells, resistance
is statistically negligible. The dominant factors shaping treat-
ment efficacy remain the dynamics of susceptible and persister
cells. Furthermore, along the optimal treatment strategies
identified in this study, the likelihood of resistance developing
remains extremely low, ensuring that our conclusions are ro-
bust to its presence. However, in clinically relevant scenarios,
such as large tumors (N > 10° cells with our parameters) or
heterogeneous subpopulations, resistance could become a key
factor, introducing trade-offs between competing cell popu-
lations. Addressing these complexities lies beyond the scope
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of this study but remains an important direction for future
research.

1. Evaluation of the risk of pre-existing resistance

Under our hypotheses, if resistant cells pre-exist at treat-
ment start, then resistance will inevitably take over, making
any protocol optimization ineffective. We computed the risk
of this event within our experimental parameters as a function
of initial tumor size (see below), setting an upper bound to
ensure pre-existing resistance remains statistically negligible.
This risk is defined as the probability of having at least one
resistant cell at treatment start (SM Fig. 2(a) [17])

P(T)=1-H(,T), B

where H (0, T') is the probability of having no resistant cells
emerging before time 7. This probability can be computed
analytically as a function of treatment size under given
assumptions [44—46]. Assuming population growth is ex-
ponential and that resistant cells have the same fitness as
untreated sensitive cells one can show that the probability
of having resistant cells when treating a tumor of size Ny
reads

d/b a—1

b 1 — =N,
P(Ny) =1 — —yNo=log | — =420 )1 gy
(No) eXP{ vslNo og( T —d/b (B2)

where b, d are the birth and death rates of resistant cells and
ys 1s the mutation rate from sensitive to resistant cells. For
fixed ys, b, d, the risk of pre-existing resistance increases with
tumor size Ny (SM Fig. 2(b) [17]). As can be seen, tumors
below 10° cells have a risk under 1%, while for Ny > 107,
resistance is inevitable. This motivated our previous in vitro
study at ~10* tumor cells [12].

2. Evaluation of the risk of de novo resistance

Even without pre-existing resistant cells, de novo re-
sistance can develop during treatment-release cycles from
mutations in susceptible and persister cells. While resistance
will eventually arise in any treatment protocol with a pos-
itive long-term fitness, it may not always occur over long
timescales when the protocol is effective (A < 0). In those
cases, resistance can only develop if susceptible and persis-
ter cells mutate before the population goes extinct. Indeed,
although the long-term fitness analysis requires g > 1, ex-
tinction can still occur within a finite (possibly large) g,
depending on the initial tumor size. Thus, when A < 0, two
competing timescales emerge: the extinction timescale, t,,
given by

T+ T

(Te) = log N, (B3)

and the mutation timescale, 7,,, which represents the average
time for mutations to occur in susceptible and persister cells:

(M) = /0 "US+yP)=1. (B4

This mutation timescale is an underestimate, as mutations
must also lead to the growth of a resistant colony. Here,
we consider only the time for the first emergence and not

the drift dynamics before its establishment. We estimated the
extinction and mutation timescales via numerical integration
of the dynamical system in Eq. (1), incorporating mutation
dynamics. Specifically, we calculated the characteristic ex-
tinction and mutation timescales of Egs. (B3) and (B4) as
the first “deterministic” passage time for N =1 and M = 1,
respectively, across the diagram in Fig. 3(a), starting with 10*
cells (SM Fig. 3 [17]). We found that in all horizontal sec-
tions (fixed 7,), either mutation or extinction dominates, with
the winner population determined by the sign of the long-term
fitness, in line with Fig. 3(a). Thus, from this deterministic
analysis, we conclude that when A < 0, the development of
resistance has no deterministic effect, motivating us to neglect
resistant cells from the deterministic model in Eq. (1). Since
resistance development is a stochastic process, we further
addressed it using a stochastic approach. De novo resistance
arises from mutations in susceptible and persister cells at rates
ys and y,, respectively, with y, = 10 x y, (stress-induced
mutagenesis) assumed conservatively (SM Fig. 4(a) [17]).
Under these assumptions, we simulated stochastic trajectories
{S(), P(¢), R(t), M(¢)} using the Gillespie algorithm [47],
drawing transition rates from an exponential distribution and
updating system states accordingly. Stochastic trajectories for
parameters (t, =2 d, ;,=7d, c=1uM, Ny = 10%) are
shown in SM Fig. 4(b) [17]. Consistent with a predicted
negative long-term fitness [Fig. 3(a)], susceptible and per-
sister cells go extinct in most realizations; however, in 2 of
300 simulated realizations, resistance developed, leading to
tumor relapse. When de novo resistance occurs, the long-term
fitness estimate no longer accurately describes the popula-
tion dynamics. Thus, we focused on two observables: (i) the
probability of developing de novo resistance before extinc-
tion, estimated as the fraction of realizations where resistance
developed, with a threshold of 5% for negligible resistance,
and (ii) the expected number of resistance mutations before
extinction, estimated as the average number of mutations
across realizations. Our analysis shows that within the relevant
parameter range, resistance development is statistically negli-
gible and does not significantly affect the long-term fitness
estimate when A < 0. For instance, in SM Figs. 4(c) and
4(d) [17], the risk of resistance increases with initial tumor
size [Fig. 4(c)] but remains below 5% for sizes up to 20-30k
cells. For larger sizes, such as 107 cells, the risk reaches 20%,
leading to a slight deviation in long-term fitness (one in five
realizations). SM Fig. 4(d) [17] confirms that treatment dura-
tion does not clearly affect resistance risk. Further validation
in SM Figs. 4(e) and 4(f) [17] shows that the expected number
of resistant mutations remains below 1 across all parameters
tested, emphasizing that resistance is statistically negligible
and should be excluded from a deterministic model for cancer
evolution in these conditions. To conclude, while we acknowl-
edge the potential implications of resistance on treatment
outcomes, we have provided sufficient evidence support-
ing the idea that in the adverse scenario of stress-induced
mutagenesis and no competitive disadvantage of resistance,
resistance has little effect as long as population size is lower
than 10*—10° cells. Indeed, whenever A > 0, resistance only
accelerates the adverse scenario, and where A < 0, where
our optimization analysis applies, resistance is statistically
negligible.
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APPENDIX C: QUANTIFICATION
OF STOCHASTIC EFFECTS

This Appendix addresses the role of stochasticity in our
predictions. Our estimation method of the long-term fitness is
based on deterministic population dynamics. However, since
the underlying transitions (including cell birth-death events)
are inherently stochastic, the long-term fitness is itself a
stochastic variable and trajectory dependent. These stochastic
effects should emerge for small populations. To quantify the
variability in the estimate of the long-term fitness introduced
by these stochastic effects, we used the Gillespie algorithm to
sample several stochastic trajectories of the Markov process
{S(t), P(t)}; defined by the following transitions:

Release:

(S, P) — (S + 1, P); susceptible growth, rate: S
(S, P) — (S, P + 1); persisters growth, rate: ;/.;P
(S, P) — (S + 1, P — 1); switch-back, rate: )L;P
Treatment:

(S, P) — (S — 1, P); susceptible death, rate: u'S
(S, P) = (S, P — 1); persisters growth, rate: ;J,;P
(S, P) = (S — 1, P + 1); S-to-P transition, rate: 1S

Stochastic trajectories generated with this method are shown
in SM Fig. 16(a) [17], where they are compared to the
deterministic dynamics (solid black line). Stochastic ef-
fects become significant for small populations, especially
under treatment conditions, but they do not qualitatively af-
fect the overall behavior (SM Figs. 16(a)-16(d) [17]). The
relative error in estimating long-term fitness remains be-
low 10% for the population sizes considered and decreases
with larger populations (SM Fig. 16(d) [17]). Therefore,
the conclusions drawn regarding treatment success and
failure regions in the phase diagram remain robust. Addition-
ally, we evaluated the probability of treatment success, defined
as the fraction of realizations leading to extinction within
a given time frame. For protocols with negative long-term
fitness, this probability increases over time (SM Fig. 16(e)
[17]). Importantly, by varying parameters like drug concen-
tration and release timing, we identified optimal values that
maximize treatment success, which align closely with the
predictions from the deterministic model (SM Figs. 16(f) and
16(g) [17]). In conclusion, while the inherent stochasticity in
the transition rates that define our dynamical system [Eq. (1)]
introduces variability in the outcomes, it does not qualitatively
change the key findings of our study. The deterministic model
provides a reliable approximation of the systems behavior in
the parameter ranges we tested.

APPENDIX D: UNIVERSAL ASPECTS OF THE MODEL

This Appendix provides a more general description of our
model, identifying “universal” features that extend beyond the
specific model parameters studied in this work. In doing this,
we also contextualize our assumptions and findings within
such broader picture.

1. Rescaled dimensionless parameters

First, we note that the evolution matrix, G = eM 7reM' %,
which governs the system’s dynamics for a given drug
concentration ¢ [Eq. (7)], is a function of the eight rates
(s Ags s Ay wh, AL, ,u;, A;), defining the dynamical transi-
tions in our model, and the two timescales (z,, 7;), defining the
treatment-release protocol. Given the structure of the prob-
lem, 10 parameters and one dimension (time), we anticipate
9 dimensionless parameters: 8 rescaled parameters and the
long-term fitness. These 8 parameters correspond to specific
combinations of the 10 original parameters. Although deter-
mining the exact combinations may not be trivial in principle,
in the following, we will show that the decomposition of
the evolution matrix G in terms of the eigenvalues (m/,, m',)
and the eigenvectors (R = (r*,r™), T = (tT, t7)) of the rest
and treatment matrices will provide a natural basis for the
rescaled dimensionless parameters. Specifically, we note that
the evolution matrix can be decomposed as

et 0\ (et 00,
G:R( 0 em,-rr)R 1T< 0 em,T1>T ', (DD

with
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er:/t s — My s + ) (D4)

R '

As a result, the evolution matrix G can be fully expressed in
terms of eight rescaled, dimensionless parameters:

&=, (D5)
I Y oy Vel VA
v = r/t r/t rjt r/t : ( )
Mp —hp —my Ap
Specifically, we found
1 1
G =————[ee .y —y iyl
vi—vyivi—yl T *
—eel (v — vy —€e (vl —vvl
+elel (yi —vDvil, (D7)
1
Gn=———"—"I[€e ey —v}))
vi—vyiyl -yl T -
—ele (v —y)—€ee (i —vD)
+ele (vl =y, (D8)
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1
G = ———— ——— [~ e, (v, —vDvive
vi—vivi—vt * L
+ele (v —yDyivi el (vl —vvivl
—ele (yf —yDyivil, (D9)
1
Gp=———-—FI[-€€. -y,
vi—vivi—vl * A
+elel (vl =yl +elel (vl —viv!
—elel (yp —vDyll. (D10)
We note that the rescaled parameters defined in

Egs. (D5) and (D6) are related to the four distinct
dynamical modes during the release/treatment phases, i.e.,
em;/’[ L —vi

NN e

phase the population vector, N =
as N~ e’"i/l[ L e ]t so that m!/’
2 2 s

/1 +VJ:/I / J’r /t +
the asymptotic exponential growth rate, whereas yfr/ "is the
asymptotic persister-to-susceptible subpopulations ratio [48].

t
] . During each treatment or release

[s.P], eventually scales

represent

2. Identification of distinct physical regimes

Each entry of the G matrix [Egs. (D7)-(D10)] can be
written as a linear combination of products of exponential
factors, €€/, with coefficients being given functions of the

/" parameters, that is,

=fi; el e + + £ (vi/e" €

+f,,+<y’/’)e L fDerel. (DI

Importantly, although €’, €', is the highest exponential factor,
the leading term in each entry also depends on the coeffi-
cients fii(yr/ "), which are given functions of the lengths
of the treatment and release phases, as well as of the value
of the drug concentration. In other words, the leading term
in each entry of the evolution matrix, G, is a priori protocol
dependent. Therefore, in the general case where all terms in
the linear combination [Eq. (D11)] are non-negligible, the
evolution matrix exhibits highly nontrivial behavior across the
space of all possible protocols defined by (t;, 7, ¢). This com-
plexity presents a significant challenge for a fully analytical
treatment of G. Consequently, previous studies have identified
distinct physical regime-specific regions in parameter space-
where appropriate approximations and simplifications of G
enable analytical tractability in problems like the estimation of
the long-term fitness from G (Ref. [5], see also Appendix F).
Here we limit ourselves to report in SM Figs. 18 and 19 [17]
the complex and variable behavior of each entry of the evo-
lution matrix, G, over the protocol spaces (t;, 7,, ¢ = const.)
and (t; = const., 7, ¢) in the drug-induced limit discussed
below, where some of the coefficients f;; in the linear com-
bination are set to zero, canceling the contribution of the
corresponding exponential factor.

3. The drug-induced limit

To reflect the experimentally observed behavior of CRC
persister cells [12], we assumed in this work that A} =
)Jp =0 and that persisters do not grow during the re-
lease phase, i.e., ,u; = 0. In this limit, which we call the
“drug-induced limit,” the rescaled parameters read [assuming

wi(e) = Ai(e) — pi(e) < 0]
€L =eMT, e =eThT € =, €l =TT
r R R .
yi =0, y,=%531 YL — oo, (D12)
p
yl = —ki = —A.

= (uh — AL)

Therefore, the drug-induced regime corresponds to the limit
Ys — 0 and y{ — oo in the eight-dimensional space of
rescaled parameters. In this regime, two parameters A} and
)t; are set to zero, reducing the system’s dynamics to the six

remaining rescaled parameters: er/ ' A, B. It is worth noting

that, although similar dynamical regimes have been explored
previously by varying treatment and release durations [5], the
drug-induced limit considered here is conceptually distinct, as
it arises from specific assumptions about the parameter values
rather than from considering specific treatment protocols. By
taking the limit y{ — 0, yj_ — 00 in Eqgs. (D7)-(D10), we
find that the expression of the evolution matrix for the drug-
induced scenario reads

Gl =€l €. —AB(el€, — €l e’ —e € +e )
G, = Be €, — e €})

GOl = —A(e" €, — €’ €")

G » =€ €+ (D13)

4. Behavior close to optimality

Building upon the general expression for the evolution ma-
trix derived in the drug-induced regime [Eq. (D13)], we now
focus on the close-to-optimality behavior of the long-term
fitness, AP!, defined as the logarithm of the highest eigenvalue
of GP. Specifically, we consider a parameter configuration
close to the optimal protocol solution outlined in the main text.
These rescaled optimal parameters are mathematically defined
by the numerical values reported in Table III. In the following,
we will show that the specific values assumed by these param-
eters can be exploited to derive an approximated analytical
expression for the long-term fitness valid near optimality.
As can be seen by looking at Table I, close to the optimal
parameters’ configuration the term €¢” ¢’ =0 can be set to
0 without any loss of information. Furthermore, since § ~ 1
for all clones (Table I), in the evaluation of the eigenvalues
of GP! we can approximate \/1 +4G12G21 /(G1 — Gn)* ~
(1 +2G12G21 /(G — G)?), yielding the two eigenvalues

G G G G
=GP+ S22 g =Gh - 2. (D14)
GYl - GY) Gl - G}
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TABLE III. Rescaled dimensionless parameters at optimality for
the four CRC cell lines.

Cell line S € B A AB
WiDrcl.B7 92 08 06 0.006 0.1 —0.08 —0.008
WiDrcl.B5 25 0.6 1 0.012 0.12 —-0.01 —0.001
DiFic.B6 33 09 0.8 0.003 0.08 -0.29 -0.02
DiFi cl. B3 22 08 06 0011 0.17 -040 -0.07
Cell line el e, el el €€, €’ e 8
WiDr cl. B7 5.5 0.06 0.48 0.005 0.98
WiDr cl. B5 25 0.3 0.6 0.007 0.96
DiFi cl. B6 2.6 0.01 0.72 0.003 0.99
DiFi cl. B3 1.3 0.02 0.48 0.009 0.97

18 = /1 +4G,G21/(G1) — Gn)*/(1 +2G12Ga1/(Giy — Gp)?).

As a consequence, we can write the following near-optimum
analytical approximation of the long-term fitness

AP~ log (max {g1, g2))
| € e [(1+AB)e e —€ €]
= 10 )
g €l e —AB(e/ e}, — €l el —e e)—elel
(D15)

where the last equality holds since close to the optimum, g;
is always the higher eigenvalues, Eq. (D15) is reported in SM
Figs. 14(a), 14(c), 14(e), and 14(g) (blue line) [17] together
with the exact long-term fitness estimate (black line), con-
firming the validity of the approximation around the optimum.
Importantly, we can use Eq. (D15) to compute "’a—? =0 and
g—g = 0 and gain some physical intuition behind the optimal
parameters’ configuration. We find that the optimal values of

the drug concentration and the release time are such that

de' /dc
=K., (D16)
dA/dc
and
de’ /dr,
ﬁ =K, (D17)
de" /dz,

where K, and K, are parameter-dependent constants taking the
following values at optimality, K. € {0.58, 1.39, 0.71, 0.57}
and K, € {—84, —177, —34, —8.7} for WiDr cl. B7, WiDr cl.
B5, DiFi cl. B6, and DiFi cl. B3, respectively. Equation (D16)
expresses a balance between the effective rate of susceptible
cell elimination and their transition to persisters. Likewise,
Equation (D17) describes a trade-off between the effective
growth rate of susceptible cells and the rate at which per-
sisters switch back. The optimal solutions defined by the
balance conditions [Eqgs. (D16) and (D17)] are reported in
SM Figs. 14(b), 14(d), 14(f), and 14(h) [17] together with the
exact optimal solutions, supporting the validity of our general
analytical approach around optimality.

APPENDIX E: ROBUSTNESS OF RESULTS
TO PARAMETER PERTURBATIONS

This Appendix describes the sensitivity analysis we per-
formed to test the robustness of our conclusions. Specifically,

we estimated the long-term fitness under small perturbations
of each parameter around its reported value in Table I. We
modeled the perturbations as additive Gaussian random vari-
ables with zero mean and standard deviation equal to 20% of
the reference parameter value. For parameters equal to O in the
model, we set the noise to a level compatible with the typical
values assumed by the other model parameters. This approach
accounts for variability in key transitions, such as persistence
induction and switch-back, potentially shifting the analysis
from a strictly drug-induced response towards a qualitatively
distinct bet-hedging-like scenario. SM Fig. 20 [17] shows
the results of this analysis, reported as the behavior of the
long-term fitness as a function of release duration and drug
concentration in both the reference condition (SM Figs. 20(a)
and 20(b) [17]) and parameter-perturbed conditions (SM
Figs. 20(c) and 20(d) [17]). Importantly, we find that our
findings remain robust over the described perturbations of
the model parameters. We reasoned that the robustness of
our results should be due to the fact that fluctuations in

4}Lr/r)\r/r .
the parameters were such that ——7—%——— <1 in the
(" =" =y +2a,)

eigenvalue equation [Eq. (D2)], implying a behavior of the
system close to the one observed under the drug-induced hy-
pothesis (Ay = )\;, = 0), which sets this quantity exactly equal
to 0. We confirmed this reasoning by computing the quantity
4y
(ui/'—kf/'—xtg/'-s-?»;/'ﬂ
showing that even strong perturbations did not violate this
condition (SM Figs. 20(e) and 20(f) [17]).

for all tested parameter realizations and

APPENDIX F: ESTIMATION OF LONG-TERM FITNESS
AND ASYMPTOTIC POPULATION COMPOSITION

This Appendix discusses different equivalent ways of eval-
uating the treated population’s long-term fitness:

1
A = lim —logN(g), (F1)
q—> 0 q
and asymptotic composition:
S(g)—P
v = fim 24— P@ (F2)

g—00 S(q) + P(q)

1. Method 1: Estimation via dynamics simulations

One first possibility for estimating the long-term fitness,
exploiting the actual definition of this parameter, is to simulate
the dynamical system of Eq. (1) over many treatment-release
cycles and then compute the long-term fitness as the asymp-
totic slope of the logN vs g plot:

i N(q)
AS™- = Jog <—) g> 1. (F3)
N(g—-1)

Indeed, in the long-term limit ¢ > 1, N(q) x e, N(q —

1) o eMe™, so that N(q)/N(g — 1) o e®. Asymptotic pop-

ulation composition is straightforwardly obtained from the
definition, Eq. (F2), as

simul. — S(Q) _P(Q)

S(q) + P(q)’

We used the scipy.integrate library to integrate the dynam-

ical system of Eq. (1) over many treatment-release cycles. We

g> 1 (F4)
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then used Eqs. (F3) and (F4) to evaluate long-term fitness and
asymptotic population composition values.

2. Method 2: Estimation via numerical diagonalization

This method considers the solution of the dynamical
system of Eq. (1), that is Eq. (7), and aims to find the eigen-
values g, g_ and eigenvectors g* = (g7, 3). 8~ = (7. &)

of the evolution matrix matrix G = ¢ 7M™ to write N(g) =
G9N(0) in the form

~ "

_ gl sr\(sh O\(&l & So
N ="+ - 0 o g 0
& & 8- 2 &

_ _1q

S()g(i ngz _glg;[f:]

L e P
8182 — &8 gzgg—gzgz[Z]

where we used the drug-induced hypothesis Py = 0. In the
long-term limit g >> 1 one has:

+ —
818>
S(q) = Sog? ——=—, (F6)
Tt e -8
8, 8>
P(q) = Sog, —==>—, (F7)
Telg — 88
(&7 +83)8
N(q) = Spgh, —L—=222 (F8)

gie, —eigr |

rt o r t o r t _ r gt r ot
G (e AB(eJre+ €l el 676++67€7)
—A(el € —€’€)

Eigenvalues and eigenvectors of G can therefore be com-
puted as:

g+ = ATr(G) £ 1V/Tr(G)? — 4det(G), (F12)
and
1
g = V. (F13)
1472
where

Tr(G) = €} €' + € €', —AB(e' €', — €' e —e e\ + € €"),
(F14)

det(G) = €l €' e’ €| —AB(el €' el ' — €' el e’ €), (F15)
and

€€l —AB(el e — € el —e e +ele)—€lews

+ = "
Y B(e'e —€"€)

(F16)
Therefore, substituting these quantities into Eqgs. (F9)
and (F10) we find

Atheor. — log (%TI'(G) + %\/TI'(G)Z — 4det(G)), (F17)

and
N theor. 1+ Y+

= . (F18)
1=y

Therefore, using Egs. (F1) and (F2), one finds

Anumer.

=loggs, (F9)

which corresponds to Eq. (8) in the main text and

+
. _ 81 — &
pnumer. g—J]r yr ; (F10)

which is Eq. (10) in the main text.

We used the numpy.linalg library to compute the eigen-
vectors and eigenvalues of the matrix G = e 7¢™'% and then
used Egs. (F9) and (F10) to evaluate long-term fitness and
asymptotic population composition values.

3. Method 3: Analytical estimation

From the analytical point of view, diagonalizing directly G
is a daunting task, mostly because G is defined via exponentia-
tion of treatment and release matrices. However, we showed in
Appendix D how this problem can be tackled analytically by
exploiting the eigenvalues and the eigenvectors of the release
and treatment evolution matrices. In the drug-induced limit
describing our experiments, G can be written as [Eq. (D13)]

r ot
B(el €l

— €€l ))
r ot :
€ el

We point out that the analytical estimates derived in this
section [Eqgs. (F17) and (F18)] are exact. In fact, we verified
that the different long-term fitness and asymptotic population
composition estimation methods discussed in this section,
summarized by Egs. (F3), (F9), and (F17) and Eqs. (F4),
(F10), and (F18), are all consistent and provide the same
quantities (SM Fig. 5 [17]).

(F11)

(

4. Relation with previous work

An exact analytical expression for the long-term fitness
was previously derived by Patra and Klumpp [3], using a
different analytical approach. Since Eq. (F17) presented here
is also exact, it can be considered an equivalent solution
specific to our drug-induced scenario. Approximated analyt-
ical solutions valid in specific physical regimes have also
been reported in earlier studies. For instance, Kussell and
co-workers [5] provided an approximated analytical solution
for the long-term fitness valid for large populations, referred
to as the “deterministic limit” in Ref. [5]).

We already discussed in Appendix D how distinct physical
regimes can be individuated in our framework by looking at
the leading terms in each entry of the evolution matrix G. An
equivalent approximated solution, valid for large populations
and for the drug-induced scenario, can therefore be derived
factoring out the term €’ €/, from Eq. (D13), which for long
treatment and release durations, 7;, 7, > 1, dominate all other
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contributions. Put it differently, we can approximate GP! as

DI . _r —AB B
G ~€+€:_< 0 O)’

yielding g, ~ —¢ €', AB. The approximated formula for the
long-term fitness therefore reads

(F19)

AP =Tog(e', €' ) + log(—AB)

=ult + ,u,;,rt + log ()JYA]’))

1 1
+ log , (F20)
(u’,, + AL — plouf +/\;>

which is equivalent to Eq. (8) in Ref. [5] within our model
regime. We verified the validity of this approximation by
comparing it with exact estimation methods.

APPENDIX G: ALTERNATIVE METRICS
FOR TREATMENT EFFICACY

This Appendix discusses alternative criteria and time units
for evaluating treatment outcome. In the main text, we consid-
ered the per-cycle long-term fitness as the primary measure of
treatment efficacy. Here we explore how our conclusions are
affected when alternative metrics, such as long-term fitness
measured in d~!' [22] (rather than 1/cycles) or the average
tumor size after a fixed period, defined either in treatment
cycles or absolute time, are considered instead of the per-cycle
long-term fitness.

1. Justification of the choice of using treatment
cycles as time units

Several reasons support the use of treatment cycles as the
preferred unit: (i) Absolute time is typically not a clinical
constraint, as treatment is often discussed in terms of ther-
apy cycles, and (ii) therapy cycles are controllable in clinical
settings, where drug pharmacokinetics are predefined for each
patient and cannot be altered at will. For example, one cannot
arbitrarily choose the duration of drug exposure in a patient
if the pharmacokinetics dictate a longer duration. However, it
is possible to wait for the drug’s effect to wane, thus defining
the end of a treatment cycle; (iii) the cycle unit allows for a
natural comparison of intermittent treatments with continuous
ones. Specifically, comparing a continuous treatment protocol
and an intermittent one with the same treatment time and
doseby comparing protocols with 7, = 0 (continuous) and
7, > 0 (intermittent) ensures that the overall drug exposure
remains constant, even when the waiting time between ad-
ministrations varies. Moreover, if the delivered drug dose,
then ¢ is the same for both protocols (as in the analyses
reported in Fig. 3), the cumulative drug dose delivered to
the patient remains constant (as illustrated in Fig. 3). Thus,
the “per-cycle comparison” makes sense, even though it may
appear asymmetric in absolute time. In contrast, comparing
in absolute timeby comparing a continuous protocol with a
treatment time of 7, = 1, + 7, > 7, would imply that the con-
tinuous protocol delivers a higher overall drug exposure and
cumulative dose. This is exactly the case in the analyses of
Fig. 5, where we compare continuous and intermittent treat-

ment protocols with the same total dose profile but different
drug administration modes. In this situation, the “per-cycle”
comparison feels more appropriate, as the continuous pro-
tocol would deliver substantially more drugs in absolute
time.

2. Comparison of results using units of time

We performed a detailed analysis of the differences in the
results between using the Cylcle Versus ﬁ units. SM Fig. 15
[17] compares the results of analyses from Figs 3(a) (SM
Figs. 15(a)-15(c) [17]) and 4(a) (SM Figs. 15(e)-15(g) [17])
of the main text, using both time unit choices for the WiDr
cl. B7 clone, highlighting similarities and differences in op-
timizing long-term fitness across the two units. As expected,
the unit choice does not affect the identification of treatment
failure (A > 0) and success (A < 0) regions. However, using
absolute time may have different implications for determining
the optimal protocol. This is particularly true for the WiDr
B7 clone, as shown in SM Fig. 15 [17], but not for other
clones (see SM Fig. 21 [17]). For example, comparing SM
Figs. 15(a)-15(e) [17] with SM Figs. 15(c)-15(g) [17], we
see that in absolute time there is no clear optimal release
time. Indeed, solving Eq. (11) for long-term fitness in the

L unit, using WiDr cl. B7 parameters, yields the opti-

time
mal protocol (; =7d, 7, =0d, ¢ =2 x 1077 M), whereas
for the Cyﬁ unit, the optimal protocol is (r; =7 d, 7, =

3.3d, ¢ =3.8 x 1077 M). To clarify our optimization anal-
ysis, our goal was to identify the most effective strategy
for accelerating population extinction (minimizing long-term
fitness) while maintaining clinically meaningful and acces-
sible protocol parameters. We constrained our analysis to
clinically relevant parameter ranges, specifically [0, 7] x
[0,7] x [1078,107*]. The optimal protocol depends criti-
cally on the specific extinction objective. If the aim is to
minimize the average total number of cycles to extinction,
then the optimal protocol is Pl =(t;, =7 d, 7. =3.3 d,
c =3.8 x 1077 M). Conversely, if the goal is to minimize
the total absolute time to population extinction, then the op-
timal protocol becomes P2 =(t;, =7d, 7, =0d, ¢ =2 x
107 M). It is worth noting that while the observation of
an optimal release duration is consistent across all clones

when using the L unit, the presence or absence of an
cycle

optimal release duration in the ﬁ unit depends on the spe-
cific population-dynamics parameters considered [22]. For
instance, with the WiDr cl. BS parameters, an optimal release
time is found even in the ﬁ unit (SM Fig. 21 [17]). The
optimal protocol derived from Eq. (11) of the main text for this
caseisP3 = (r, =5d, v, =3.3d, ¢ = 4.8 x 1077 M). This
result is not surprising, as intermittent treatments are crucial
for eradicating immortal or very slowly dying persisters, as

seen in the WiDr BS5 clone.

3. Tumor size after a clinically relevant period

One can also define a different metric for treatment suc-
cess, which considers the tumor size after a fixed treatment
period (whether in cycles or in absolute time). To evaluate this
quantity, we numerically integrated our dynamical model up
to a fixed observation time, defined either in terms of absolute
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time (we set it to 6 months after the start of treatment) or in
terms of the total number of cycles (we set it to 30 cycles). We
find that the choice of observation time whether in terms of
absolute time or cycles does not alter our findings. This holds
true both for success-failure diagrams (SM Figs. 15(a)-15(h)
[17]) and protocol optimization (SM Figs. 15(1)—-15(p) [17]).
Moreover, we note that when the observation time is fixed in
terms of the number of cycles, the final tumor size behaves
similarly to long-term fitness expressed in units of 1/cycles
(SM Figs. 15(a) and 15(b) [17], SM Figs. 15(e) and 15(f) [17],
SM Figs. 15(i) and 15(j) [17], and SM Figs. 15(m) and 15(n)
[17]), while when the observation time is fixed in absolute
time, the final size corresponds to long-term fitness in units of
1/time (SM Figs. 15(c) and 15(d) [17], SM Figs. 15(g) and
15(h) [17], SM Figs. 15(k) and 15(1) [17], and SM Figs. 15(0)
and 15(p) [17]). In other words, these analyses show that
the average tumor size after months of treatment provides
no additional information beyond the long-term fitness when
evaluating the efficacy and optimality of a treatment-release
protocol. This result arises because the observation time is
far beyond the timescale of the transient dynamics, which
generally last only a few cycles. As a result, the two variables
become naturally related, with N ~ exp(Agq). Therefore, the
only difference between the two approaches is the effect of the
transient phase. On the other hand, knowing the exact tumor
reduction factor may be relevant for assessing the practical
feasibility of a protocol within clinically relevant timescales.
While tumor reduction may be negligible for protocols cor-
responding to very small values of long-term fitness, we note
that this is precisely why our analysis of all possible protocols
is valuable: It discriminates between truly effective protocols
(in the A < O region) and those that are only theoretically
effective. We also note that typical tumor reduction factor
values in the A < O region of the protocol space vary in
[10%, 10~*] (SM Fig. 15 [17]), which would ensure complete
tumor extinction for the initial sizes considered in this study.
For example, the optimal protocols minimizing the average
tumor size after 30 cycles or 6 months from the start of
treatment (red stars in SM Figs. 15(f) and 15(h) [17], respec-
tively) induce tumor reduction factors of about 10~ and 10~7,
respectively.

APPENDIX H: DERIVATION OF DABRAFENIB
ABSORPTION AND ELIMINATION DYNAMICS
OBSERVED IN PATIENTS

For the absorption and elimination dynamics of dabrafenib
in patients we assume a double exponential trend of the

form
c(t) =§(e7™ —e7h),

where k, and k, are the absorption and elimination constant
rates, respectively, and £ is a factor whose determination will
be discussed below. Allowing for a lag time #; before actual
absorption of dabrafenib, the previous equation reads

c(t) = 0(t —1y)E (e—kg(f—lo) _ e—ku(l—lo)),

(HI)

(H2)

with 6(¢) the standard Heaviside function. In the previous
equation, £ and k, are unknowns that we now express in terms
of measured experimental quantities (cpm,x, the peak absorbed
dose, AUC(0, 1), the area under the curve in the experimental
time window and the measured absorbed rate k).

First, ¢max can be determined as ¢(¢*) where ¢* is such that
¢/ (t*) = 0. After simple math, one finds t* = 1y + % and

ka
ka kﬂ - ‘a—ke
Cmax = f(g - 1)(E) k=t 50 that

Cmax

&= (H3)

7
k. k, \ Fe/ka—1
(1-#)(k)

Second, from the definition of AUC(0, 7) = fof dre(t) we
find AUC(0, 1) = & j;; (e ket=0) _ g=kat=10)yqt which we ap-
proximate to AUC(0, 7) ~ é(k% — kiu), so that

_AUC
T (k ‘
k—(k— - 1)
Using Egs. (H3) and (H4) we can therefore write

(’;—;)kaAUC

(& =1

(H4)

c(t) = 0(t — 1) (e—ku(f—lo) _ e—k[,(r—ro),’:—;), (H5)

. . 1/(fe—1
where k,/k,, solving the equation ,’z— /@b k"f&, can be
written as
. kaAUC
k W _ _Cmax log a‘
Ke _ ( k. AUC Co ) (H6)

k, log kAUC

with W the Lambert (product logarithm) function.
Substituting the experimental values derived from

the clinical trial [19], c¢max = 1512 ng ml~! AUC =

8820 ng ml™! h,k, =1.88 h™!, and 7y = 0.48 h, we can

finally write
c(t) = O(t — 0.48) 2301 [¢~0-23(—048) _ ,~1880-0.48)] = (jy7)

which is Eq. (18) in the main text and the function plotted in
Fig. 5.
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