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The optimal design and patient selection for interventional trials in radiogenomics seem trivial at first
sight. However, radiogenomics do not give binary information like in e.g. targetable mutation biomarkers.
Here, the risk to develop severe side effects is continuous, with increasing incidences of side effects with
higher doses and/or volumes. In addition, a multi-SNP assay will produce a predicted probability of devel-
oping side effects and will require one or more cut-off thresholds for classifying risk into discrete cate-
gories. A classical biomarker trial design is therefore not optimal, whereas a risk factor stratification
approach is more appropriate. Patient selection is crucial and this should be based on the dose–response
relations for a specific endpoint. Alternatives to standard treatment should be available and this should
take into account the preferences of patients. This will be discussed in detail.

� 2016 Elsevier Ireland Ltd. All rights reserved. Radiotherapy and Oncology 121 (2016) 440–446
Introduction

Radiotherapy is used to treat more than 50% of cancer patients
with either curative or palliative intent. In general, there is an
assumed dose–effect relationship for local tumour control [1],
i.e., higher radiation doses increase the probability of local tumour
control. However, the risk of late side effects hampers dose escala-
tion, and so-called ‘‘tolerance” doses to organs at risk (OAR) have
been determined as those considered acceptable. Typically, a 5–
10% chance of developing side effects with a severity of grade 3
or more is regarded as ‘‘acceptable”. This is of course a subjective
percentage. Some patients may consider a higher probability of
side effects acceptable to achieve an increased probability for cure,
whereas others might favour a lower risk of side effects despite a
reduced probability for cure. Moreover, the level of risk considered
acceptable also depends on the type of side effect [1,2].

Currently, comparable patients with a similar type and stage of
disease receive the same radiotherapy regimen (dose and fraction-
ation schedule), with adjustments made according to dose and vol-
ume parameters of the organs at risk [3,4]. The ability to predict an
individual’s risk of side effects would enable an informed decision
and a move to personalised treatments [5]. Such treatment individ-
ualisation requires predictive models that are accurate enough to
estimate a risk percentage for a certain side effect and its grade
for each individual patient. Unfortunately, this is not the case for
existing predictive models. Most models are essentially based on
dose–volume parameters, with some including a few clinical fac-
tors, and have an area under the curve (AUC) of less than 0.70
[3]. However, they are often used in clinical practice to set the
‘‘threshold doses” for OAR because of their high negative predictive
value (NPV), typically above 0.80. This ‘‘threshold” is set conserva-
tively in order to achieve a low proportion of patients experiencing
severe side effects. The consequence is that most patients could
receive a higher radiation dose and hence theoretically a better
probability of local tumour control without undue toxicity while
the same ‘‘acceptable” proportion of individuals develop severe
side effects. This concept has been used in individualised ‘‘iso-
toxic” radiotherapy schedules [4].
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More recently, studies have revealed a role for genetic variation
in influencing response to radiotherapy [5]. The field of ‘‘radiogenet
ics/genomics” investigates the relationships between the genes/
biologic pathways involved in cellular/tissue responses to radia-
tion and risk of radiotherapy toxicity. In the future, this will lead
to the development of risk models that can be used to stratify
patients according to their genetic risk for radiotherapy-induced
damage and hence to more optimal personalised radiotherapy
schedules [6]. Radiogenomic studies have already identified loci
that influence late radiation damage, such as those in TANC1 [7].
It is very likely that in the coming years, many genetic variants will
be identified that individually contribute small increased risks for
radiation damage, but together represent an actionable polygenic
risk profile of sensitivity. These radiogenomic profiles would be
used in combination with physical and clinical parameters to
increase the accuracy of models predicting radiation toxicity. Tar-
gets that are suitable for a therapeutic intervention may be identi-
fied as well.

Radiogenomic models including genetic, physical and clinical
parameters would underpin future personalised/precision radio-
therapy. However, prior to clinical implementation these new
models would need to be validated in clinical trials to test whether
they can improve outcomes for patients [8]. In the past, models
have mainly been developed and tested on retrospective series
and few if any have passed the criteria for biomarker validation
and implementation [9].

With an increasing number of predictive models being pub-
lished it is of interest to consider if there could be an optimal
design for testing whether they have a clinical impact. This review,
therefore, considers possible interventions, endpoints and trial
designs for testing the benefit of predictive models of radiotherapy
toxicity. The design should be not only scientifically sound and
practice changing, but also acceptable to patients. For that reason,
patient representatives were invited to contribute to this work.
Interventions

Interventions that can be considered are: alternative treatment,
dose modification, altered radiotherapy, mitigation/amelioration
and the omission of postoperative radiotherapy in patients with
a low risk for tumour recurrence.

For some cancers, there can be a choice of surgery or radiother-
apy. An example, for breast cancer patients where those identified
as having a high risk of toxicity could consider a mastectomy ver-
sus a breast conserving lumpectomy followed by radiotherapy.
Surgery versus organ preserving radiotherapy can also be an option
for some prostate and bladder cancers. Of course important ques-
tions remain about the relationships between susceptibility for
normal tissue damage following surgery and radiotherapy. It is
possible that some individuals have a high susceptibility to dam-
age irrespective of the type of treatment. It is assumed that toxic-
ities with the strongest radiation dose response relationship will be
more specific for radiotherapy, but we are not aware of any evi-
dence to support or refute this suggestion. For some cancer types,
the toxicity profile may differ depending on the treatment type,
and this could be a deciding factor in selecting the optimal
treatment.

Individualised dose prescriptions could be considered. Perhaps
the preferred option here would be dose escalation in those iden-
tified as having a very low risk of toxicity. However, elderly
patients with cancers with poor overall survival rates, e.g., lung
cancers, might choose palliative rather than potentially curative
regimens.

Altered radiotherapy could be considered, such as hyper-
fractionation that can reduce toxicity for equivalent local control
[10]. With the availability of stereotactic radiotherapy and increas-
ingly proton therapy, defined patient groups at risk for toxicity
based on their genetic profile and not only on dosimetric parame-
ters [11,12] may be considered for these modalities.

Another option is for a therapeutic intervention. This may
include radio-protectors (agents that reduce the incidence and/or
the severity of acute and/or late toxicity as they reduce the initial
extent of normal tissue damage) or radiation mitigators (agents
that act after radiotherapy has been given but prior to the manifes-
tation of toxicity) [13]. The largest amount of data comes from tri-
als with amifostine, a thiol that scavenges free radicals. Although
amifostine is the only FDA-approved radio-protector and that some
trials did show a slight reduction of side effects, it is not widely
used because there remains doubt about potential protection of
the tumour as well. Moreover, neither amifostine nor newer
radio-protectors have been tested in selected patients at high risk
for radiation injury, e.g. identified by their radio-genomics profile
[14]. As will be discussed later, the selection of the appropriate
patients is essential to study radio-protectors or -mitigators. As
many patients are treated with concurrent chemotherapy and
radiotherapy, protectors and mitigators should also be investigated
in this setting.

Adjuvant radiotherapy is frequently applied in, for instance,
patients with breast or prostate cancer, aiming to diminish the
chance of local recurrence. In breast cancer, postoperative radio-
therapy decreases the chance of local recurrence by 50% and
increases the survival by one sixth [15]. However, the absolute
benefit differs greatly between the risk groups, with the lowest risk
group only showing an increase in 15-year survival of 0.1%. Also in
prostate cancer, postoperative radiotherapy improved the clinical
progression-free survival at 5-years, but only in subgroups of
patients [16]. Patients with a low risk of local recurrence but with
a higher risk for toxicity could be omitted from postoperative
radiotherapy.

Endpoints

The selection of the appropriate endpoints for clinical trials is
essential. For interventional trials using radio-genomic biomarkers,
this is difficult. Both acute and late radiotherapy toxicity have pro-
found effects on the quality of life of cancer patients, particularly
when the toxicity is severe [1,2]. Acute toxicity in one organ (e.g.
the oesophagus) does not predict late damage in another site
(e.g. the lung), but late consequential damage bridges acute and
late toxicity in the same organ [17,18]. In clinical studies a primary
endpoint may need to involve multiple toxicities occurring at dif-
ferent time-points. Statistical methods have been developed for
this purpose [19,20]. Not only toxicity, but also quality of life, local
control and survival following any intervention must be taken into
account. Recommendations for the reporting of radio-genomics
research were described in the STROGAR guidelines and should
be addressed [21]. Surrogate endpoints for late radiation damage
would increase the speed of the assessment, but these are not val-
idated at present [22].

There is clearly no simple endpoint or time point that can be
selected when designing a clinical trial. Composite endpoints
should be considered.

Study designs

Randomised clinical trials

Randomised clinical trials (RCTs) are frequently considered to
be the gold standard to obtain level I clinical evidence for interven-
tional studies [23,24]. RCTs control for heterogeneity of the partic-
ipants and allocation bias to a certain treatment arm, and because
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of the control arm, the true assessment of the predictive value of a
model can be statistically determined.

RCTs are thus appropriate designs when it comes to validate
predictive models aiming to stratify patients: (1) most likely to
benefit from standard dose radiotherapy; (2) likely to be at
Fig. 1. Alternative designs for randomised trials testing radio-genomic models: (a) ran
enriched design and (d) individual profile design.
increased risk for an adverse reaction to radiotherapy; and (3)
likely to benefit from an intervention [23].

Theoretically, four randomised designs are most applicable to
test radio-genomic models in an RCT, although ten possible designs
have been described [24]. The most important RCT designs are:
domise all, (b) interaction or a risk-factor stratified design, (c) targeted/selected/
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randomise-all, interaction or risk factor-stratified design, targeted
or selection design and the individual profile design (Fig. 1a–d).
The randomise-all design is straightforward, and may be optimal
because the risk groups can be validated without harming the
patient (Fig. 1a). In the interaction or risk-factor stratified design,
the patients are first tested for their toxicity risk and subsequently
stratified into for example two groups: a high-intermediate risk
group and a low risk group (Fig. 1b). Subsequently, patients are
randomised in a standard and an experimental arm. This design
enables hierarchical statistical tests.

A predictive model should ideally indicate benefit from a partic-
ular intervention as models that indicate risks with no treatment
recommendation are unlikely to have a clinical impact. However
such models are useful in validating possible biomarker applica-
Fig. 2. The choice of the patient population benefiting from dose reduction depends on t
reduction from 20 Gy to 15 Gy. According to QUANTEC (32): Very resistant: higher 67
sensitivity: average dose-volume, 5 Gy MLD reduction leads to 10% pneumonitis reduction
the incidence of pneumonitis. B: CT-measured lung fibrosis (25), tumour dose reduction
(Hounsfields Units) reduction. Average sensitivity: de-escalation from 60 Gy to 50 Gy le
reduction.
tions, which in other trials may have clinical impact. However, in
contrast to a biomarker such as a targetable mutation with a binary
outcome (biomarker present or not), radio-genomic based models
just like DVH parameters give probabilities for a certain side effect.
Trials that stratify according to risk groups are therefore more suit-
able for radio-genomic studies.

Models could be used to identify an enriched population in
which only patients identified as having a high risk of toxicity
are randomised. In targeted/selected/enriched designs, patients
are first tested and afterwards randomised to standard therapy
or an experimental arm (Fig. 1c). This approach increases the sta-
tistical power and tests the efficacy of an intervention even when
the confidence in the accuracy of the model is low [24].
he dose–response relationship of the endpoint. A: Radiation pneumonitis, MLD dose
% confidence interval, 5 Gy MLD reduction leads to 5% less pneumonitis. Average
. Very sensitive: lower 67% confidence interval, 5 Gy MLD reduction has no effect on
from 60 Gy to 50 Gy. Resistant: de-escalation from 60 Gy to 50 Gy leads to 10 HU
ads no HU reduction. Sensitive: de-escalation from 60 Gy to 50 Gy leads to no HU



Table 1
Number of patients (sample size) to obtain a specific AUC (Area Under the Curve) as a function of the power and the proportion of the patients with the condition, i.e. a specific
genetic feature that is related to radio-sensitivity.

Power = 90,0%
Total sample size AUC

0,75 0,80 0,85 0,90 0,95
% with condition 5% 6875 6386 5482 4031 1991

10% 3576 3306 2825 2069 1018
15% 2486 2289 1946 1419 696
20% 1952 1788 1513 1098 535
25% 1640 1495 1259 910 440
30% 1442 1307 1095 786 379
35% 1309 1182 985 703 337
40% 1222 1095 907 644 307
45% 1165 1039 855 604 286
50% 1134 1006 822 576 270
55% 1126 991 806 560 262
60% 1142 999 805 557 257
65% 1183 1028 823 563 257
70% 1259 1086 863 585 265
75% 1384 1186 934 627 280
80% 1592 1353 1055 702 309
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The individual profile design allows inclusion of a large number
of different profiles (Fig. 1d). Although this design is at first glance
attractive and reflects the needs for individualised medicine, it
tends to be inefficient in comparing the efficacy difference of two
treatments as patients in different randomised arms are treated
with the same therapy [24].

Although the strengths of the RCT are clear, it has been ques-
tioned whether it is the most appropriate in all situations. Side
effects of radiotherapy may appear after many years or even dec-
ades in patients that were treated with outdated techniques, ham-
pering a classical trial design and follow-up. Surrogate endpoints
for late toxicity may be required to investigate the efficiency of
new radiotherapy techniques or novel agents that mitigate or pre-
vent radiotherapy toxicity.
Retrospective observational study

The most frequently used alternative to a RCT is a case–control
study, which is an observational study. Almost all common vari-
ants associated with common traits in genetic studies have been
detected in case–control or cohort studies, which are another type
of observational study. A case–control study can be constructed
from an observational cohort study, also known as a nested
case–control study. In the case–control approach, patients are
enrolled according to their phenotype or response. Both response
and genotype data are required as well as details of radiotherapy
and clinical features such as diabetes. This design enables control
of the recruitment sample size of both the cases and the controls.

Observational studies thus allow patient stratification accord-
ing to their risk of developing toxicity following radiotherapy. Such
studies can identify risk factors (including genetic) for radiother-
apy toxicity, and allow other questions to be addressed, e.g., is
there a correlation between the susceptibility of OARs for radiation
damage and that of the tumour. However, there remains a need for
independent, prospective validation to show the accuracy of any
predictive model. As in an RCT, the long follow-up times for late
effects would however remain a problem for prospective validation
in observational studies. There is also a need for an ‘intervention’ to
test whether a model predicts benefit from a particular radiother-
apy dose/schedule and what the therapeutic consequences are.

Observational studies carry a risk of confounding: a certain
genotype or phenotype may be associated with more aggressive
tumours and the apparent presence of more damage, though this
could be investigated and controlled for in analysis. The best
approach may then be to tailor radiotherapy to tumour stage
rather than to the genotype or phenotype. Furthermore, an obser-
vational study that does find an increase of radiotherapy-induced
damage with a certain dose may not provide an answer of what
dose to use instead.
How good should the model be?

It is hard to determine how precise a predictive model should
be to be informative. Imprecise models need a ‘‘conservative”
threshold to obtain a reasonable NPV to be useable. As model pre-
cision improves, thresholds can be relaxed, e.g., a very precise
model could select patients for receiving a higher radiation dose
with no risk of undue toxicity. Although more precise models will
typically result in more benefit, less precise models might be infor-
mative to some degree.

Estimations of precision are uncertain, classically expressed by
confidence intervals (CI). The estimated risk may therefore be less
revealing for a patient than it may seem, e.g. if the risk for severe
toxicity is 25%, but with a 95% confidence interval (CI) ranging
from 11% to 47%, the patient is less able to make an informed
choice than with a smaller CI. The 95% CI between the different
treatment options should therefore be minimised and preferably
not overlapping. Quantitative differences between the treatment
options should be clear.

The consequences of the incidence of toxicity/toxicities on the
number of patients needed for prospective validation as a function
of the prevalence of a genetic profile must be considered (Table 1).
For example, a radio-genomics model with an AUC of 0.95 but
including common genetic variants with a prevalence of only 5%
requires a study of 1488 patients (0.80 power). If the genetic vari-
ants are prevalent in 35% of the patients, 252 patients are needed.
In practice, a polygenic risk score will likely be needed as individ-
ual genetic variants each contribute only modestly to risk of devel-
oping toxicity. A clear view on the different parameters and the
expected performance of the model is therefore necessary to avoid
an underpowered interventional study. Large observational studies
can be useful in improving precision of risk estimates and model
performance parameters in anticipation of interventional studies.
Identification of patient groups that could benefit most from a
radio-genomic biomarker

Decreasing the standard radiation dose in the most susceptible
patients is highly dependent on the dose–effect relationship as
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illustrated in Fig. 2. In a realistic dose reduction scenario of the
mean lung dose (MLD) e.g. by proton therapy from 20 Gy to
15 Gy [25], this would reduce the incidence of important radiation
pneumonitis only marginally by 5% in resistant patients, by 10% in
patients with an average radio-sensitivity and not at all in patients
who are very sensitive (Fig. 2, [26]. If CT-density changes as a mea-
sure of fibrosis are used [27] and the tumour dose reduced from
60 Gy to 50 Gy, in resistant patients this would lead to a fibrosis
reduction by an absolute amount of 10 HU for lung tissue close
to the tumour, whereas no reduction would be observed in average
or sensitive individuals.

A patient group who could potentially benefit greatly from a
radio-genomic biomarker is that for which there already exist
potential preventive interventions. For example, a recent clinical
trial among prostate cancer patients showed that pre-
radiotherapy use of a hydrogel spacer injected between the pros-
tate and rectum reduced the incidence of late (3–15 month) rectal
toxicity from 7.0% in the control arm to 2.0% in the treatment arm
[28]. Because the hydrogel spacer must be placed prior to the start
of radiotherapy, a large proportion of patients who would not have
gone on to develop toxicity were subjected to an additional proce-
dure and associated costs. Indeed, a cost-effectiveness decision
analysis based on the results of this trial reported that use of a rec-
tal spacer for conformal RT results in a small cost increase after
accounting for costs associated with placement of the spacer and
savings associated with reduction of treatment of toxicity [29]. A
radio-genomic biomarker capable of identifying the minority of
patients at high risk for rectal toxicity could select for the group
most likely to benefit from use of a hydrogel spacer, thus reducing
cost, procedure time, and inconvenience to the overall patient
population.

An in-depth knowledge of the dose–volume relation for a speci-
fic endpoint taking into account the clinical usefulness of the dose
reduction is needed in order to select the correct patient for this
strategy.
Patient considerations

For the results of a study to be of value for patients, there should
be a therapeutic alternative for the standard of care radiotherapy
and the quantitative gain should be measurable and relevant.
The incidence of peak reactions after radiotherapy is not the only
parameter that should be taken into account. It is their severity,
reversibility, the possible salvage treatments and the overall influ-
ence on quality of life that is also crucial to take into account.
Patients deemed high risk of toxicity could also be monitored more
closely and for a longer period of follow up. Understanding and
communicating all of this, including their uncertainties, is a typical
field for shared decision-making, which should be part of all radio-
genomic trials [30–36].
Conclusions

Many theoretical designs are possible for trials involving radio-
genomic biomarkers, all of which have their advantages and disad-
vantages. Depending on the question of the study and whether or
not an intervention is studied, retrospective observational studies
up to randomised phase III trials may be the most appropriate.
Patient selection is crucial and this should be based on the dose–
response relations for a specific endpoint. Alternatives to standard
treatment should be available and this should take into account the
preferences of patients. Many patient related outcomes, including
quality of life, are appropriate as endpoints.
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