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Purpose: Retrospective studies have identified a link between the average set-up error of lung cancer
patients treated with image-guided radiotherapy (IGRT) and survival. The IGRT protocol was subse-
quently changed to reduce the action threshold. In this study, we use a Bayesian approach to evaluate
the clinical impact of this change to practice using routine ‘real-world’ patient data.
Methods and Materials: Two cohorts of NSCLC patients treated with IGRT were compared: pre-protocol
change (N = 780, 5 mm action threshold) and post-protocol change (N = 411, 2 mm action threshold).
Survival models were fitted to each cohort and changes in the hazard ratios (HR) associated with residual
set-up errors was assessed. The influence of using an uninformative and a skeptical prior in the model
was investigated.
Results: Following the reduction of the action threshold, the HR for residual set-up error towards the
heart was reduced by up to 10%. Median patient survival increased for patients with set-up errors
towards the heart, and remained similar for patients with set-up errors away from the heart.
Depending on the prior used, a residual hazard ratio may remain.
Conclusions: Our analysis found a reduced hazard of death and increased survival for patients with resid-
ual set-up errors towards versus away from the heart post-protocol change. This study demonstrates the
value of a Bayesian approach in the assessment of technical changes in radiotherapy practice and sup-
ports the consideration of adopting this approach in further prospective evaluations of changes to clinical
practice.
Crown Copyright � 2022 Published by Elsevier B.V. Radiotherapy and Oncology 176 (2022) 53–58 This is

an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
Radiotherapy plays a key role in the treatment of cancer. In par-
ticular, radiotherapy is indicated as a treatment option in more
than 60% of lung cancer patients during the course of their man-
agement [1].

Radiotherapy has a rich history of technological innovation [2],
with much of this transformation occurring through rapid succes-
sive changes to the techniques and technologies at each workflow
stage. Randomized controlled trials (RCTs) are frequently used to
evaluate well defined changes in radiotherapy such as large
changes in dose and fractionation [3], or the addition of new sys-
temic treatments [4]. However, conventional RCTs are not well sui-
ted to the evaluation of incremental technical changes [5,6]. Not
only may such changes evolve further during trial recruitment
[7,8], but also there is often an implicit assumption that advances
will be associated with clinical benefit, making it difficult to argue
the equipoise needed for randomisation [9]. As a result, incremen-
tal changes in technique are often adopted within radiotherapy
departments without formal evaluation.

Real-world data can be defined as observational data that is col-
lected electronically as a part of patients’ routine care. It offers an
opportunity to provide evidence in patient populations well-
known to be under-represented in conventional medical research.
The potential of such data has been recognized by the UK National
Institute for Health and Care Excellence (NICE) [10] and US Food
and Drugs Administration (FDA) [11] who have developed real-
world evidence frameworks.

Previous work by Johnson-Hart et al. [12] found that the aver-
age residual set-up error following Image Guided Radiotherapy
(IGRT) position correction was related to survival in cohorts of
patients with lung cancer and esophageal cancer. Patients who
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Bayesian analysis of an IGRT protocol change
had an average residual set-up error moving the radiotherapy dose
towards the heart had worse survival than those with set-up errors
moving the dose away from the heart. The action threshold (the
discrepancy allowed between planning position and treatment
day position) was subsequently reduced from 5 mm to 2 mm at
The Christie NHS Foundation Trust.

The aim of this paper is to use a Bayesian approach [13] with
real-world data to evaluate the clinical impact of this change in
IGRT protocol and investigate the effect of incorporating prior
information into the analysis.
Table 1
Clinical variables for each cohort.

Variable Pre-protocol change
cohort (N = 780)

Post-protocol change
cohort (N = 411)

Age in years, median
(IQR)

71 (64–78) 72 (65–78)

Sex, n (%)
Male 421 (54.0) 229 (55.7)
Female 359 (46.0) 182 (44.3)

ECOG PS, n (%)
0 111 (14.2) 35 (8.5)
1 364 (46.7) 190 (46.2)
2 198 (25.4) 127 (30.9)
3 47 (6.0) 32 (7.8)
4 2 (0.3) 1 (0.2)
Missing 58 (7.4) 26 (6.3)

Stage, n (%)
I 18 (2.3) 22 (5.4)
II 113 (14.5) 68 (16.5)
III 520 (66.7) 235 (57.2)
IV 38 (4.9) 13 (3.2)
Missing 91 (11.7) 73 (17.8)

GTV in cm3, median
(IQR)

45 (20–94) 48 (20–119)

Missing, n (%) 104 (13) 33 (8)
Dose and Fractionation,

n (%)
60–66 Gy in 30–33 159 (20.4) 50 (12.2)
55 Gy in 20 621 (79.6) 361 (87.8)

Residual set-up error
direction, n (%)
Towards 337 (43.2) 220 (53.5)
Away 443 (56.8) 191 (46.5)

Follow-up months,
median (IQR)

99.3 (66.0, 118.2) 32.9 (29.0, 39.6)

GTV, gross tumor volume; IQR, interquartile range.
Methods and materials

Two anonymized cohorts of NSCLC patients treated with each
action threshold were retrospectively collected: i) Pre-protocol
change: 780 patients treated before November 2016 (action
threshold 5 mm); and ii) Post-protocol change: 411 patients trea-
ted between November 2016 and March 2020 (action threshold
2 mm). All data analysis was performed following institutional
board approval and was compliant with UK research governance
(ref. 17/NW/0060).

The data preparation steps for each cohort have been previously
described in full by Johnson-Hart et al. [12] and are summarized in
Supplementary Materials. Age, performance status, prescribed
radiotherapy fractions and gross tumor volume (GTV) were col-
lected for each cohort with missing data imputed using a random
forest method (R library randomForestSRC v2.9.2). We investigated
three clinical research questions:

1. Did the introduction of a reduced action threshold reduce the
HR of death for patients with average residual set-up errors
towards versus away from the heart?

2. Does a residual HR of death remain for patients with average
set-up error towards versus away from the heart post-
protocol change?

3. Was patient survival improved post-protocol change?

The first and second research questions were addressed by
assessing how the HR of the pre-existing survival differential
between patients with average residual set-up errors towards
and away from the heart changed following the introduction of
the new IGRT protocol. The third research question evaluated
changes in median survival by considering patients who had aver-
age set-up errors towards and away from the heart separately.

Johnson-Hart et al. found that the association of residual set-up
error with survival is not constant with time, as the Kaplan-Meier
survival curves split and then come back together [12]. The excess
mortality associated with residual set-up errors is hypothesized to
result from radiation induced cardiac toxicity that manifests soon
after completion of radiotherapy in patients with lung cancer.
Thereafter, cancer deaths dominate mortality in both cohorts
bringing the Kaplan-Meier curves back together [12]. Rather than
adding complexity to the analysis by modelling a time-varying
hazard ratio in this exemplar analysis, we selected a set of constant
hazard ratio multivariable Weibull survival models [14] after right
censoring patients at 12, 18, 24 and 30 months. This parametric
survival model can provide more power than non-parametric
methods as it assumes that an underlying distribution for survival
can be characterized by a small number of parameters (2 in the
case of the Weibull model: the shape and scale parameters),
enabling a better fit to survival data than non– or semi-
parametric methods [15].

All survival models included the explanatory variables reported
by Johnson-Hart et al: age, performance status, prescribed radio-
therapy fractions and logarithm of GTV [12]. The first and second
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analyses also included the average residual set-up error direction
as a binary variable (towards or away from the heart). The HRs
of death for each factor were calculated from the model beta coef-
ficients using the formula HR = exp(-beta coefficient*shape). In the
third analysis, median patient survival was calculated using the
formula median survival = scale*(ln(2))^1/shape. The shape and
scale parameters are the Weibull parameters that describe the
overall shape and fitting of the survival curve [14,16].

A brief introduction to Bayesian analysis is provided in Supple-
mentary Materials. Two priors were used during analysis, a skepti-
cal prior (i.e. based on the belief that large effects from an
intervention are unlikely) and an uninformative prior (i.e. there
is no prior information available). This led to two models: a skep-
tical model, using a skeptical prior calculated from the pre-
protocol change cohort (i.e. incorporating the increase in hazard
of death associated with residual set-up errors towards the heart)
and an uninformative model, using an uninformative prior that let
the post-protocol change cohort drive the model fit. The uninfor-
mative prior was default in the R package brms [17]; an improper
flat prior over real numbers for the model variables, and a gamma
(0.01, 0.01) for the shape parameter. Posterior distributions were
calculated using Markov Chain Monte Carlo (MCMC) sampling (4
chains, 10,000 iterations, 5000 warm up) with MCMC chain con-
vergence checked graphically (Supplementary Fig. 1). The HR and
median survival distributions were plotted and the mean and
95% credible intervals tabulated for each. We calculated the prob-
ability for various hypotheses for each analysis: that the post-
protocol change HR was less than the pre-protocol change HR; that
the post-protocol change HR remained greater than 1; and that
median survival had increased or decreased post-protocol change.

All statistical analyses were performed in R 4.0.0 [18] with
package brms v2.13.0 [17,19].



Fig. 1. Posterior distributions for the HR of residual set-up error towards the heart
with 24 months censored follow-up. The blue distribution presents the pre-protocol
change data which creates the skeptical prior i.e. the HR in the data pre-protocol
change. The red distribution is the posterior of the HR post-protocol change for the
uninformative model, and the green distribution the posterior of the HR post-
protocol change for the skeptical model.
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Results

The clinical variables for each cohort are listed in Table 1,
demonstrating that patient, tumor and treatment characteristics
are well balanced between cohorts.

Following the reduction in action threshold, the HR for residual
set-up error towards the heart reduced (Table 2 and Fig. 1). There
was a high probability that the HR reduced by at least 5% for the
skeptical model (Probability P > 0.78), and 10% for the uninforma-
tive model (P > 0.9) (Table 3). The HR was higher for the skeptical
model than for the uninformative model. The HRs for the other
variables included in the models remained similar pre- and post-
protocol change (Supplementary Table 1). Probabilities of a 15%,
20% and 25% reduction in HR are presented in Supplementary
Table 2. Fig. 2 shows the evolution of the HR posterior distribution
as patients were sequentially added to the analysis, for both the
uninformative and the skeptical model. The mean HR of the poste-
rior distribution shifted to the left (i.e. towards HR of 1) as more
patients were added to the models. The probability the HR had
reduced increased from 0.608 to 0.994 for the uninformative
model, and from 0.541 to 0.915 for the skeptical model. The skep-
tical model’s HR posterior distribution approached HR = 1 more
slowly than the uninformative model. Together, these show that
reducing the action threshold led to a reduced hazard of death
for patients with residual set-up errors towards the heart, and
the conclusion was reached more quickly for the uninformative
model than for the skeptical model.

The probability that the post-protocol change HR remained
greater than 1 (i.e. that we still observe an effect) was moderately
low (P < 0.4) for the uninformative model, and high (P > 0.8) for the
skeptical model. This suggests a residual HR may remain following
the reduction in action threshold, depending on choice of prior.

The median survival (with 24 months follow-up) for patients
with residual set-up errors towards the heart remained similar
pre and post-protocol change for the skeptical model, from 17.1
(15.2–19.3) months to 17.7 (16.0–19.5) months, but increased for
the uninformative model to 21.8 (18.2–26.4) months. For patients
with residual set-up errors away from the heart, median survival
decreased slightly from 20.8 (18.8–23.0) months to 19.6 (18.0–
21.2) months (skeptical model) and 20.2 (17.0–24.3) months (un-
informative model). Results for all follow-up times are presented
in Supplementary Tables 3 and 4. Posterior distributions for med-
ian survival are presented in Fig. 3. The uninformative model sug-
gests there is a high probability that patients with residual set-up
errors towards the heart have increased median survival post-
protocol change (P = 0.987), likely by at least 1 month
(P = 0.959). The skeptical model suggests median survival is mod-
erately likely to have increased (P = 0.678). For patients with resid-
ual set-up errors away from the heart, the uninformative model
Table 2
HR for residual set-up error towards the heart for models with different censored
follow-up times. Mean posterior HR is presented with 95% credible intervals.

Follow-
up
months

Pre-protocol
change
(N = 780)

Post-protocol change,
uninformative prior
(N = 411)

Post-protocol change,
skeptical prior
(N = 411)

Mean HR and 95% credible interval
12 1.58 (1.24,

2.00)
0.937 (0.659, 1.30) 1.31 (1.07, 1.59)

18 1.43 (1.16,
1.73)

0.908 (0.68, 1.19) 1.19 (1.01, 1.40)

24 1.34 (1.11,
1.60)

0.909 (0.702, 1.16) 1.14 (0.980, 1.31)

30 1.26 (1.05,
1.49)

0.903 (0.702, 1.14) 1.09 (0.950, 1.26)

HR, hazard ratio.
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suggests median survival is moderately likely to have decreased
(P = 0.620), whereas the skeptical model suggests it is likely to
have decreased (P = 0.812). These results suggest patient survival
increased post-protocol change for patients with residual set-up
errors towards the heart, but patient survival may have decreased
for patients with residual set-up errors away from the heart,
depending on choice of prior.
Discussion

Evaluating changes to clinical practice in radiotherapy is impor-
tant to ensure technological advances lead to improved patient
outcome, or more importantly, to equivalence with no worsening
of outcome. Learning from data routinely collected in radiotherapy
departments has the potential to allow us to monitor the impact of
such changes as part of standard practice.

In this study, we used a Bayesian approach to analyze the
impact of a change in IGRT protocol. We found that the difference
between patient outcomes associated with patients having average
residual set-up errors towards and away from the heart during a
course of radiotherapy [12] was reduced when the action threshold
was changed from 5 mm to 2 mm. We also found an increase in
median survival post-protocol change for patients with average
residual set-up errors towards the heart and, more weakly, a
decrease in median survival in those patients with residual set-
up errors away from the heart. These findings are in keeping with
the theory that the survival differential results from cardiac toxic-
ity caused by increased or decreased heart radiation dose when
moving it on average towards (a harmful effect) or away from (a
protective effect) the high dose treatment region [20].

The main limitation in reaching this conclusion is that it is
drawn from a historically controlled retrospective observational
dataset in which the outcome is simply compared before and after
the intervention (the change in protocol). This experimental design
is at risk from secular confounding, and may overestimate the
effect of the intervention [21]. However, this approach is the clos-
est fit to how radiotherapy is typically changed in practice, and
would thus be the most amenable to adoption with minimal
impact on current workflows. Furthermore, in the context of radio-
therapy treatment we often have a good understanding of the
potential confounders to our analyses. For example, Table 1 shows
the distribution of confounding variables is very similar in the
cohorts treated with the two different protocols, and the multivari-



Table 3
Bayesian probabilities calculated directly from the posterior distributions for the HR of residual set-up error towards the heart with different censored follow-up times. P
(HR_post < HR_pre) is the probability that the HR is reduced in the post-protocol change cohort compared to the pre-protocol change cohort. P(5%|10% HR reduction) is the
probability that the HR is reduced by 5% or 10% in the post-protocol change cohort. P(HR_post > 1) is the probability that the HR in the post-protocol change cohort is greater than
1.

Uninformative prior Skeptical prior

Follow-up
months

P
(HR_post < HR_pre)

P(5% HR
reduction)

P(10% HR
reduction)

P
(HR_post > 1)

P
(HR_post < HR_pre)

P(5% HR
reduction)

P(10% HR
reduction)

P
(HR_post > 1)

12 0.994 0.988 0.977 0.325 0.886 0.809 0.704 0.996
18 0.995 0.991 0.978 0.229 0.911 0.832 0.711 0.981
24 0.994 0.986 0.966 0.209 0.915 0.828 0.685 0.954
30 0.986 0.970 0.934 0.186 0.892 0.786 0.615 0.891

HR, hazard ratio.

Fig. 2. Evolving posterior distributions as more post-protocol data is added to the models. P1 and P2 are the probabilities that the HR for residual set-up error towards the
heart is less in the post-protocol change data than the pre-protocol change data for the uninformative and skeptical models respectively. The blue distribution presents the
pre-protocol change data, which creates the skeptical prior, the red distribution the posterior of the HR post-protocol change for the uninformative model, and the green
distribution the posterior of the HR post-protocol change for the skeptical model.

Bayesian analysis of an IGRT protocol change
able analysis reported in Supplementary Table 1 also shows there
have been no major changes in the HR associated with each.
Together these data give us confidence that the circumstances of
the two patient groups are comparable and there is a good chance
the effect we observe is due to the change in IGRT protocol. Brink
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et al. used a time-dependent Cox model to analyse the effect of
residual set-up errors on survival, finding the influence of set-up
errors does vary over time [22], as expected from the Kaplan-
Meier in Johnson-Hart et al.’s original study [12]. Instead of using
a time varying hazard function we analyzed the data with different



Fig. 3. Posterior distributions for the median survival of patients with residual set-up errors towards the heart (left) and away from the heart (right) with 24 months censored
follow-up. The blue distribution presents the skeptical prior, i.e. the median survival in the data pre-protocol change. The red distribution is the median survival posterior for
the uninformative model, and the green distribution the median survival posterior for the skeptical model.
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follow-up periods, finding similarly that the effect of residual set-
up errors changes as patients are followed up for longer. We can
see from Tables 2 and 3 and Supplementary Tables 2–4 that
although the hazard ratios and probabilities raw values change,
the interpretation when comparing the values pre-protocol change
and post-protocol change does not.

This study compared a model with an uninformative prior for
the HR of residual set-up error towards versus away from the
heart, to a skeptical one incorporating the knowledge that there
was a previously known harmful effect of having residual set-up
errors towards the heart. The results highlight the influence using
prior information has on the results. Both models suggest (with
different certainties) a reduction in the difference in risk of death
due to the protocol change, and differences in median survival fol-
lowing the change, which allows us to be confident in reporting
these result. However, the models differ in their conclusion on
whether a residual risk remains. The use of a skeptical prior in
an analysis is important to ensure results are not over-
interpreted and while using multiple priors for a Bayesian analysis
is recommended, it is not necessary to interpret each result with
equal weight [23]. In this case we cannot conclusively say whether
a residual risk remains as the skeptical model incorporates the
original effect the 5 mm action threshold had on patient survival,
but equally we cannot rule it out. This result suggests further
investigation of any residual risk is warranted.

The skeptical and uninformativemodels gave high andmoderate
probabilities that median survival decreased for patients with aver-
age residual set-up errors away from the heart. While ideally both
models would clearly be in agreement, there is actually little differ-
ence between the point estimates for the uninformative and skepti-
cal models (19.6 vs 20.2 months). Instead, this difference in
probability is driven by the tighter distribution in the posterior
when using the skeptical prior (Fig. 3) that results from the addi-
tional information provided by the prior. Dependence on choice of
prior could be seen as a criticism of the Bayesian approach, but can
also be viewed as ameans to incorporate uncertainty and difference
in expert opinion into the analytical process [24]. Meaningful priors
can be generated for real world scenarios, such as we describe, by
using historical data, aswas done in this study, previous clinical trial
data, or expert belief if no data is available. Incorporating historical
data into analyses in the form of a prior has been shown to improve
study power by improving the precision of the estimates [25,26].
Indeed, Ryan et al. found that the use of informative priors in the
analysis of RCTs could lead to fewer patients being enrolled and
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earlier completion of trials, due to increased study power for
hypothesis testing [27]. This can clearly be seen in Fig. 3 where the
post-protocol change HR distribution is consistently tighter with
the skeptical model than with the uninformative one.

We chose to analyze this data using a Bayesian approach rather
a frequentist one due to the ease of interpretability with Bayesian
analyses [13]. Whilst frequentist analyses are ubiquitous in medi-
cal sciences, so too is their misinterpretation [28–30]. Largely, this
results from the underlying assumptions of the Null Hypothesis
Significance Testing approach, which require careful study to fully
appreciate. In contrast, by directly calculating parameter distribu-
tions Bayesian analyses allow multiple hypotheses to be tested
while incorporating prior information from previous studies or
expert belief. An important point is that even when an uninforma-
tive prior is used, and thus the results will be otherwise similar to
those from a frequentist analysis, the approach to asking questions
of the posterior is still Bayesian, including the ability to evaluate
multiple hypotheses. Furthermore, in the context of evaluating
changes to radiotherapy practice with real world data, Bayesian
methodology allows for continuous updating of the posterior dis-
tribution as more data becomes available, as shown in Fig. 2.

To conclude, the data we present provides real-world evidence
that reducing the IGRT action threshold improved patients’ clinical
outcomes. The use of Bayesian methodology permitted us to test
our results using both a skeptical and an uninformative prior,
allowing us to be confident in some of our conclusions (decreased
hazard ratio between patients with residual set-up errors towards
and away from the heart, increased median survival in patients
with shifts towards the heart) and cautious in others (the presence
of a residual hazard ratio with the 2 mm action threshold). The
Bayesian approach is well suited for the assessment of technical
changes in radiotherapy practice, and should be considered for
the prospective evaluation of such changes.
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