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A typical fractionated radiotherapy (RT) course is a long and arduous process, demanding significant
financial, physical, and mental commitments from patients. Each additional session of RT significantly
increases the physical and psychological burden on patients and leads to higher radiation exposure in
organs-at-risk (OAR), while, in some cases, the therapeutic benefits might not be high enough to justify
the risks. Today, through technological advancements in molecular biology, imaging, and genetics more

- information is gathered about individual patient response before, during, and after the treatment. we
g?; ‘ilrr(::liss'topping highlight some of the ways that mathematical tools can help assess treatment efficacy on the fly, adapt
OSRT the treatment plan based on individual biological response, and optimally stop the treatment, if neces-
sary. We term this “Optimal Stopping in RT (OSRT)”, after a similar concept in the fields of dynamic pro-
gramming and Markov decision processes. In short, OSRT can dynamically determine “whether, when

Predictive biomarker
Bayesian learning

Mathematical optimization
Adaptive radiotherapy

and how” to stop the treatment to improve therapeutic ratios.
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A typical fractionated radiotherapy (RT) course is a long and
arduous process, demanding significant financial, physical, and
mental commitments from patients. RT plans are usually delivered
over the course of several weeks, and in most cases have long-term
and even life-long consequences on patients’ quality of life after
treatment. Each additional session of RT significantly increases
the physical and psychological burden on patients and leads to
higher radiation exposure in organs-at-risk (OAR), while, in some
cases, the therapeutic benefits might not be high enough to justify
the risks. Despite this, most RT plans remain “temporally frozen”,
that is, once initialized, they are administered until treatment com-
pletion with minimal modifications to the original plan. Moreover,
plan efficacy is currently assessed in a posterior manner during reg-
ular follow-ups after the plan has been delivered. Today, through
technological advancements in molecular biology, imaging, and
genetics more information is gathered about individual patient
response before, during, and after the treatment. Although many
studies [2,15] have discussed the potential of such information
for a more personalized RT planning, discussions about how such
information should be incorporated in the decision-making for
plan adaptation have been extremely rare.
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In this editorial, we highlight some of the ways that mathemat-
ical tools can help assess treatment efficacy on the fly, adapt the
treatment plan based on individual biological response, and opti-
mally stop the treatment, if necessary. In particular, we view the
planning problem not as a static, but a dynamic sequential decision
making problem, with the option of stopping the treatment at any
given fraction during the therapy course. We term this “Optimal
Stopping in RT (OSRT)”, after a similar concept in the fields of
dynamic programming (DP) and Markov decision processes
(MDP). In short, OSRT can dynamically determine whether, when
and how to stop the treatment to improve therapeutic ratios.

Optimal stopping: classical definition

Optimal stopping has its roots in the fields of stochastic pro-
cesses and dynamic programming, with a wide range of real-
world applications such as asset selling, gambling, job searching
(also known as secretary problem), and sequential hypothesis test-
ing. In a classical Markovian definition of the optimal stopping
[20], the system evolves stochastically over a set of “states” during
the “stages” of the planning horizon. At each stage, the decision-
maker receives a stochastic signal/quote from outside which signi-
fies which state the system is in. This signal could be the random
offer he receives from the buyer for his asset, the resume’ from a
job candidate, or a card drawn from the deck in blackjack. Based
on this signal, the decision-maker decides whether to stop or con-
tinue the decision-making process. If he decides to stop, he
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receives an immediate reward and the process is concluded, other-
wise the system stochastically evolves into the next state and the
process is repeated at the subsequent stage. The termination crite-
ria is met when he decides to stop, or when the system reaches its
terminal stage (assuming a finite horizon model). The goal in opti-
mal stopping is to maximize the overall expected payoff or mini-
mize expected cost.

Tumor/OAR kinetics and their response to radiation is in
essence a stochastic process which is governed by a wide range
of extrinsic and intrinsic factors, including, but not limited to, clin-
icopathological factors (e.g., age, sex, tumor histology, lymphovas-
cular invasion, etc.), intrinsic and acquired radiosensitivity of
tumor cells [10], and immune system response to radiation, includ-
ing the attraction of both cytotoxic and regulatory T cells into the
tumor microenvironment [33]. This view of the optimal stopping
lends itself well to a dynamic version of treatment planning in
which at each fraction, the planner has the option to stop or con-
tinue the treatment based on some measure of tumor/OAR
response. Although to this date no strong and consistently vali-
dated biomarkers of individual treatment response have been
identified, using carefully chosen biomarkers that have been
shown to carry ‘some’ predictive ability - keeping in mind their
inherent uncertainty - could provide opportunity to adapt the
treatment as tumor biomarker expressions evolve [4,18,27]. In an
OSRT view of the problem, the changing status of such biomarkers
send regular signals to the planner. These signals can then be inter-
preted as ‘rough’ estimates of tumor/OAR states during treatment.
Depending on each estimated state, the planner decides whether to
stop/adapt the plan, or to continue with the original one.

In OSRT, the decision is based on two integral metrics: tumor
control probability (TCP) and normal tissue complication probabil-
ity (NTCP). Over the course of the treatment, the planner receives
information (signals) about tumor/OAR response through serial
biomarkers and evaluates the “updated” values of TCP and NTCP.
The plan might be adapted or even stopped, if the probability of
tumor control cannot justify the excessive damage to OAR (i.e., if
TCP-to-NTCP ratio is very low).

OSRT in plan adaptation

Several clinical trials and research groups are currently investi-
gating the efficacy of ‘selective’ dose (de) escalation approaches
(see for examples clinical trials NCT03323463 and NCT03396718
in ClinicalTrials.gov). The goal in these studies is to diverge from
the population-average “one-size-fits-all” guidelines by modifying
prescribed dose for the more radiosensitive/radioresistant patients
in the cohort. However, several important hurdles still remain on
the way of a true plan personalization. First, these studies rely on

an a priori patient stratification based on “prognostic” biomarkers
of outcome, which does not allow for interfractional plan adapta-
tion, although it has been shown that, for instance, tumor radiore-
sistance is subject to temporal change during treatment [2].
Moreover, they mostly use a binary dose stratification to distin-
guish potential candidates from the rest of the population; that
is, plans are dichotomized into two pre-determined groups: (de)
escalated and baseline, without further optimizing the dose level
for patients in each group. Furthermore, rather than a true individ-
ualized scheme, such (de) escalation approaches are group-based
(poor/favorable responders and baseline group), and therefore
ignore inter-patient heterogeneity that exist within each group.
Lastly, patient stratification and subsequent adaptation is often
based on a single biomarker, which given the inherent uncertainty
associated with it, is unlikely to give an accurate and well-rounded
picture of the state of the system.

There are few exceptions that have performed dose-escalation
based on mid-treatment response evaluation [13,29]. However,
the results remain inconclusive and often contradictory, which,
at least partially, could be due to the sub-optimal nature of dose
adaptation in these studies.

In OSRT, patient stratification is not temporally frozen, but can
be re-evaluated and re-done mid-treatment as new information is
revealed. In particular, the planner starts off by assuming a prior
belief about parameters of TCP and NTCP in each cohort, which
could be based on population-wide estimates or some pre-
treatment biomarker expressions. Bayesian learning [14] can be
used to update the prior and obtain posterior belief on these
parameters. These updated values are then fed into the OSRT
framework to update the values of TCP and NTCP, which in turn
are used to re-evaluate the stratification method and re-optimize
the plan (Fig. 1).

Dose modification in OSRT could be done over a dose continuum
rather than in a binary stratification. The field of radiation therapy
has long been used to spatial and temporal optimization of dose
using models of dose-response such as the linear-quadratic (LQ)
model. However, such models are mostly being used for relatively
minor adjustments of the dose fractionation scheme, based on
rough estimates of the linear-quadratic parameter o/f for the
patient population. Augmenting such models with patient-
specific information will lead to a finer dose adaptation and give
the planner the ability to further optimize the dose for each indi-
vidual patient, depending on his/her specific response [1,21,25].
However, before such bio-mechanistic models are realized in prac-
tice, reliable predictive biomarkers with interpretable mid-
treatment signals should be available (see Forker et al. [9] for an
overview of some of the potentially relevant predictive biomarkers
that could be of use in OSRT). Moreover, given the fact that the
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Fig. 1. Schematic illustration of OSRT for plan adaptation. (a) a priori patient stratification based on a pre-treatment biomarker; (b) combining pre- and mid-treatment
biomarker for a finer patient stratification. Denoted groups represent the radiosensitivity spectrum across patient population, from the most (Group 1) to the least (Group 5)

radiosensitive group.
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majority of the historical data comes from a rather narrow spec-
trum of prescribed dose and fractionation schemes that have not
been adapted mid-treatment, one has to be careful when assessing
the potential benefit of the OSRT-guided adapted schemes that
might fall outside of that spectrum. To what extent the current
bio-mechanical models can represent the actual dose-response
relationship and patients’ outcome has to be validated in prospec-
tive clinical trials. In any case, using such models in pre-clinical
animal studies would be an appropriate first step.

In plan adaptation, one important component is the timing of
the intervention. Premature adaptation, before the true effect of
radiation can reveal itself in the biomarker expressions might jeop-
ardize the quality of the information, and therefore, adaptation
itself. Similarly, waiting too long before adapting the treatment
will most likely result in limited payoff, as the modified plan would
not have enough ‘room’ to make an impact. Therefore, finding the
optimal time for plan adaptation is a key factor in determining its
effectiveness. Modeling OSRT as a machine repair problem (MRP)
can be a potential solution. MRP is an instance of dynamic pro-
gramming in which the decision maker at each stage has to decide
whether to continue operating a given machine which is suspected
to be in a ‘poor’ condition (and risk machine failure), or to stop and
perform an extensive diagnostics inspection of the machine. Simi-
larly, in dynamic adaptation of RT, the planner receives a signal
about the tumor/OAR state and decides to stop and assess the risk
of continuing the treatment more carefully, and possibly adapt the
treatment if the risk is deemed too high.

OSRT in treatment stopping

It is important to note what is meant by “stopping” in this con-
text. From a therapeutic standpoint, stopping refers to the discon-
tinuation of the primary mode of therapy which has been deemed
ineffective, and transitioning to a more effective mode. In this
sense, OSRT could also be regarded as a ‘radical’ form of treatment
adaptation in which not only the RT plan, but the primary therapy
mode itself could be changed or adapted. The changes in the orig-
inal RT plan could be in the form of switching to another modality
such as surgery or concurrent chemo-radiation, using radiosensi-
tizers to overcome acquired hypoxia/radioresistance [31], and
administering radioprotectants or immuno-modulatory agents
[11] to fight toxicity or enhance tumor control. An early example
of OSRT can be seen in a phase II trial of esophageal cancer, in
which mid-treatment fludeoxyglucose (|18 |F-FDG) PET scans were
used for patient stratification. Subsequently, RT treatment of good
responders was continued as planned, while the plan was stopped
in the poor responder group in favor of adjuvant surgery [16].

In OSRT, the planner compares the immediate reward of stop-
ping in terms of sparing normal tissues, with the expected payoff
of treatment continuation in terms of probability of tumor control.
Therefore, the natural competition of NTCP vs. TCP that underlies
any RT planning plays a key role in determining when and how to
stop the treatment. In short, treatment is stopped if the projected
damage to NTCP using current plan is too high to justify the
expected TCP; i.e., when the updated therapeutic window [12]
(i.e., TCP/NTCP ratio) is too narrow, or is shrinking too rapidly,
to justify continuation of the treatment. Dose de-escalation in
order to spare OAR can also be contemplated as a proper interven-
tion. In the case of widening therapeutic window, a dose-
escalation with the goal of improving TCP might be preferable. If
it is believed that the desirable level of TCP can be achieved with
less dose than initially planned, early stopping might also be
entertained (Fig. 2). Thompson sampling [26], which is a method
for deciding between exploiting immediate performance and
investing to accumulate new information, could be a potential
solution.

OSRT could also be used in palliative treatment, in which the
decision to stop can be interpreted as finding the time to transition
from a curative treatment to a palliative one. Receiving intensive
curative treatment near the end of life is generally considered as
an indicator of poor quality care [17]. Unnecessarily protracting
treatment course with little to no effect in tumor control will lead
to losing invaluable time that could have otherwise been spent on
providing better end-of-life care, pain relief, and symptom control.
OSRT could be a valuable tool to decide when the probability of
tumor control no longer justifies the long-term RT-induced
toxicities.

Another aspect is the patients’ preferences before and during
the radiation treatment course. Although patients are typically
consulted by their treatment team on high-level decisions, such
as the choice of surgery or concurrent chemotherapy, they usually
are not involved in the decision making once the radiation treat-
ment begins. However, several studies have shown that physicians
consistently under-report and under-recognize patients’ toxicities
compared to those reported by the patients themselves [6,30]. In
another study, patient-reported outcome (PRO) was shown to be
a valid early indicator of late radiation-induced toxicities [34]. Tak-
ing into account patients’ preferences might also increase the com-
pliance rate and decrease the risk of premature treatment
termination due to patients’ decreasing morale, especially in a pal-
liative setting. Therefore, finding ways to quantifiably assess and
incorporate these preferences is a goal in OSRT. One simple way
to incorporate such information is through PRO-enhanced NTCP
models. Currently, most NTCP models only include dosimetric fac-
tors in predicting toxicity outcomes for a given plan. Including PRO
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Fig. 2. A schematic illustration of optimal stopping in radiotherapy. (a) Updated NTCP (red) after observing some measure of tumor response at the “Update Point” and
updating NTCP parameter Dso. (b) Shrinking therapeutic window after updating both TCP and NTCP (dotted lines) via mid-treatment biomarkers. The role of OSRT is to find
the optimal threshold for the therapeutic window, beyond which the treatment should be stopped. (c) Change in the therapeutic window in two scenarios: Sensitive tumor
cells and resistant OAR result in widening therapeutic window (Scenario 1), while the reverse leads to narrowing therapeutic window (Scenario 2).
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scores as an additional factor in these models and updating the
NTCP based on dynamically changing PRO scores assessed
throughout the treatment course (e.g. using electronic devices like
smartphones [8]) could be one way of doing so. Setting PRO-based
constraints such as maximum number of fractions in the planning
phase [24] can also be a viable option, particularly in palliative
cases.

Information quality

The field of radiation oncology has long been used to addressing
different sources of uncertainties during patient planning, from
range and setup uncertainties [28] to organ movements [5] and
clinical target volume (CTV) definition [22]. Since the implementa-
tion of OSRT in routine planning crucially depends on the quality of
data obtained via biomarkers, and given that the interpretation of
such data inevitably carries some level of uncertainty, a brief over-
view of some potential mathematical tools for addressing informa-
tion uncertainties might be warranted.

Partially observable Markov decision processes (POMDP): These
models take a “model-free” Markovian view of the RT problem in
which tumor/OAR kinetics are assumed to form a Markovian pro-
cess (i.e., current state only depends on the previous state and
the action taken at that state). However, since the actual states
(e.g., number of clonogenic tumor cells) are extremely hard to be
directly observed via biomarkers, only partial information is avail-
able to treatment planner at each stage. POMDP models could help
with relating this partial information to the true (unknown) state
of the tumor, and cushioning against uncertainties that arise from
imperfect biomarker information.

Imperfect state information (ISI): Another method for tackling the
imperfect nature of the information is to model the problem as an
ISI problem, in which instead of assuming a deterministic (and
unknown) state for the tumor/OAR at each stage, the planner
maintains a probabilistic belief about the state of the system. As
new information becomes available, he then updates this belief
using Bayesian learning, Q-learning [32], or other reinforcement
learning methods, and continue the planning process until
termination.

Adjustable robust optimization (ARO): A common and well-
accepted tool to address model uncertainty during planning is to
resort to robust optimization (RO) techniques. These methods,
although effective in protecting against uncertainty, are often too
conservative, that is, their “robustness guarantees” often come
with large sacrifices in therapeutic objectives. ARO [3] is an exten-
sion of RO for multi-period robust optimization problems in which
information about the uncertain parameters is revealed to the
planner as the system progresses. In ARO, the robust model
“knows” about the incoming information in future stages, and thus
takes into account this knowledge when planning the “here-and-
now” decisions. In doing so, ARO solutions tend to be less conser-
vative and more data-driven. Such an approach could be particu-
larly useful when dealing with multi-stage information
acquisition through serial biomarkers.

Bayesian networks (BN): As any single biomarker is extremely
unlikely to give a clear picture of the entire underlying state of
the system, there might be value in combining multiple ‘compli-
mentary’ biomarkers, each shedding light on different mecha-
nisms of treatment response. This will lead to finer patient
stratification and more tailored plan adaptation. Multi-variable
prediction models such as dynamic Bayesian networks that are
able to model the inter-dependence of these biomarkers could
help combine different sources of information and potentially
lead to models that are more robust under information
uncertainty.

Toward clinical implementation of OSRT

Before OSRT can be safely and reliably implemented in a clinical
setting, a number of steps have to be taken. One major step con-
cerns biomarkers acquisition as well as interpretation and imple-
mentation of the information they provide. The biomarkers
should provide maximal information combined with minimal
associated uncertainty and noise. To achieve this, one can strive
to meet the following basic characteristics as much as possible:

o The biomarker has to reflect the underlying biological state and
clinically relevant effects without substantial delays. This
means in particular that its magnitude should have the ability
to change during the course of radiotherapy. It must be able
to reflect changes in the order of days or weeks; otherwise, a
simple pre-stratification of the patients based on the biomarker
value would suffice and there would be no need for mid-
treatment interventions.

It has to be practical; i.e., relatively cheap to obtain and evalu-
ate, and minimally invasive. This is especially important in
cases where we are uncertain about the ideal timepoint for
assessment, or wish to re-evaluate OSRT at multiple time points
during treatment. Furthermore, the time from acquisition to
interpretation must be relatively short to allow for timely
mid-treatment intervention.

It has to be reliable. This means that the biomarker must exhibit
minimal ‘random’ error, and its measurements be reproducible
across time and patients. These can be assessed e.g. through the
so-called “test-retest stability” and“intra-rater reliability” tests.
It has to have high validity, requiring a good mixture of speci-
ficity and sensitivity that must be validated in large clinical tri-
als. This ensures confidence in interpreting the information
acquired by the biomarker, and help justify its clinical role in
treatment adaptation.

In addition to the mathematical tools mentioned before, OSRT
heavily relies on advanced technologies for data acquisition and
processing. Most of these technologies such as advanced imaging
techniques and liquid biopsy assays currently exist; and some
are actively being used in clinical settings, at least in clinical trials.
However, the biomarkers need better validation and qualification
before their information can be safely used in practice. Moreover,
high associated cost and low information quality are among the
major hindrances that have to be resolved before the implementa-
tion of these techniques become part of the treatment routine.

There is also an urgent need for developing more dynamic and
biologically-oriented TCP and NTCP models capable of reflecting
the temporal and biological evolution of tumor and OAR states
throughout the treatment course and beyond. In the past decade
there have been some efforts to include more biological factors
in these models [7,19,23]; however, more works need to be done
to fully explore this potentially fruitful area. Lastly, to truly evalu-
ate the efficacy of OSRT, and any adaptive therapy, specific clinical
trials need to be designed to prospectively collect data and com-
pare treatment outcomes of patients receiving these interventions.
Before this can be realized, pre-clinical studies, either using animal
models or retrospective data could be used to demonstrate a proof-
of-concept. Currently, a wealth of data are already available on dif-
ferent treatment adaptation schemes using different tumor
response markers. Our team is currently pursuing two such retro-
spective studies of treatment adaptation: one study focuses on
adapting treatment for non-small cell lung cancer (NSCLC) patients
using mid-treatment '8F-FDG PET, and the other on treatment
modification on a head-and-neck canine dataset for which
18F _ FDG, '8F — FLT,%Cu — ATSM PET images are available as
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biomarkers. Such retrospective data would also be helpful, and
indeed necessary, in developing the aforementioned 'predictive’
TCP/NTCP models.!

Conclusions

Mathematical and optimization techniques such as the ones
mentioned in this paper should be viewed as powerful tools with
great potential to guide personalized treatment strategies in radi-
ation therapy and other cancer therapies. Without such tools for
optimal implementation of patient-specific information, even the
most sophisticated technologies in response assessment and plan
delivery would fall short of fulfilling their true potentials. There-
fore, it appears to be prudent to bring mathematicians and cancer
researchers and clinicians together to explore this largely
untapped resource.
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