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Background and purpose: The development of radiomic risk models to predict clinical outcome is usually
based on pre-treatment imaging, such as computed tomography (CT) scans used for radiation treatment
planning. Imaging data acquired during the course of treatment may improve their prognostic perfor-
mance. We compared the performance of radiomic risk models based on the pre-treatment CT and CT
scans acquired in the second week of therapy.
Material and methods: Treatment planning and second week CT scans of 78 head and neck squamous cell
carcinoma patients treated with primary radiochemotherapy were collected. 1538 image features were
extracted from each image. Prognostic models for loco-regional tumour control (LRC) and overall survival
(OS) were built using 6 feature selection methods and 6 machine learning algorithms. Prognostic perfor-
mance was assessed using the concordance index (C-Index). Furthermore, patients were stratified into
risk groups and differences in LRC and OS were evaluated by log-rank tests.
Results: The performance of radiomic risk model in predicting LRC was improved using the second week
CT scans (C-Index: 0.79), in comparison to the pre-treatment CT scans (C-Index: 0.65). This was con-
firmed by Kaplan–Meier analyses, in which risk stratification based on the second week CT could be
improved for LRC (p = 0.002) compared to pre-treatment CT (p = 0.063).
Conclusion: Incorporation of imaging during treatment may be a promising way to improve radiomic risk
models for clinical treatment adaption, i.e., to select patients that may benefit from dose modification.

� 2018 Elsevier B.V. All rights reserved. Radiotherapy and Oncology 130 (2019) 10–17
Model-driven radiation oncology using high-throughput analy-
ses of advanced imaging biomarkers (Radiomics) is an upcoming
field in the era of patient-specific and individualised cancer ther-
apy [1]. Radiomics has shown promising results in several studies
using different image modalities, such as computed tomography
(CT), positron emission tomography (PET) or magnetic resonance
imaging (MRI) to predict survival outcome data [2–7]. Most radio-
mic models are based on pre-treatment imaging. Imaging during
treatment may be of additional prognostic value, since it may
reflect biological processes associated with therapy response, such
as re-oxygenation and/or tumour shrinkage [8–10].

Several studies investigated the prognostic value of specific
image biomarkers over time, e.g., using PET imaging [8,9,11,12].
For patients with locally advanced head and neck squamous cell
carcinoma (HNSCC), Hentschel et al. [13] showed that the decrease
of the maximum standard uptake value (SUV) extracted from [18F]-
fluorodeoxyglucose (FDG)-PET imaging in treatment weeks 1 or 2
had a higher prognostic value than at baseline. Furthermore, Zips

http://crossmark.crossref.org/dialog/?doi=10.1016/j.radonc.2018.07.020&domain=pdf
https://doi.org/10.1016/j.radonc.2018.07.020
mailto:Stefan.Leger@oncoray.de
https://doi.org/10.1016/j.radonc.2018.07.020
http://www.sciencedirect.com/science/journal/01678140
http://www.thegreenjournal.com


S. Leger et al. / Radiotherapy and Oncology 130 (2019) 10–17 11
et al. [14] demonstrated the strong prognostic value of [18F]-
fluoromisonidazole (FMISO)-PET imaging parameters after weeks
1 and 2 of radiotherapy, which was recently validated [15].

In the field of radiomics, so far only a few studies have assessed
the change or the prognostic value of advanced imaging biomark-
ers during the course of treatment. Cunliffe et al. [16] investigated
the relationship between radiation dose characteristics and the
change of CT-based radiomic features with the development of
radiation pneumonitis using imaging before and after treatment.
Recently, Fave et al. [17] showed that quantitative radiomic fea-
tures derived from CT change significantly during treatment. How-
ever, they also found that these changes contain only limited
prognostic value for patients with non-small cell lung cancer (delta
radiomics). Van Timmeren et al. [18] described a feature selection
methodology using cone beam CT (CBCT) to select reproducible
delta radiomic features that are informative due to their change
during treatment. However, the prognostic value of those features
was not investigated. With those limited data available, additional
studies are required to evaluate the possible improvement of prog-
nostic radiomic models on CT imaging data acquired during
treatment.

Therefore, the main objective of this study was to investigate
the potential of radiomic risk models (for loco-regional tumour
control; LRC, and overall survival; OS) trained on pre-treatment
planning CT imaging in comparison to CT imaging in the second
week of radiochemotherapy and to the combination of both data
sets for patients with locally advanced HNSCC.
Material and methods

Patient data

Radiomic risk models were developed and validated on two dif-
ferent patient cohorts with 78 patients in total. All patients were
diagnosed with histologically confirmed locally advanced HNSCC
and received primary radiochemotherapy (RCT). The study
design is presented in Fig. 1. The exploratory cohort consisted of
48 patients, treated within a prospective clinical trial
(NCT00180180, [14,15]) at the University Hospital Dresden (UKD,
Germany) between 2006 and 2012. The imaging data consisted
of an FDG-PET/CT scan (CTW0-FDG), which was used for treatment
Fig. 1. Representation of the study design. Three cohorts were included. CT images from
feature set. Subsequently, pre-treatment and in-treatment images from the exploratory
Prognostic models were also trained using the radiomic signature obtained by Aerts et a
stratification were assessed on the validation cohort (30).
planning. Furthermore, FMISO-PET/CT scans were acquired 2–4
days after the planning CT scan, but prior to initiation of RCT
(CTW0-FMISO), and after a dose of 18–20 Gy (CTW2, end of week 2
of RCT). The validation cohort consisted of 30 patients, who were
treated at the UKD and the Hospital Dresden-Friedrichstadt
between 2005 and 2009. Imaging in this cohort contained an
FDG-PET/CT (CTW0-FDG) scan for treatment planning and a subse-
quent CT scan after a dose of 18–20 Gy (CTW2, end of week 2–3)
during RCT. All imaging data were acquired with treatment masks
in radiotherapy position.

Moreover, an additional cohort of 18 patients with HNSCC was
included to assess the stability of radiomic features. These patients
were treated within a prospective clinical trial at the UKD between
2014 and 2016 [DRKS00006007]. Imaging data and time points in
this cohort were comparable to the exploratory cohort. This cohort
was excluded from further analyses due to insufficient follow-up
for the evaluation of LRC and OS. Ethical approval for the multicen-
tre retrospective analyses of clinical and imaging data was
obtained from the Ethics Committee at the Technische Universität
Dresden, Germany (EK177042017). All analyses were carried out in
accordance with the relevant guidelines and regulations. Informed
consent was obtained from all patients.
Study design

In the present study, prognostic radiomic models were
developed based on imaging data acquired (a) pre-treatment
(CTW0-FDG) and (b) after the second week of treatment (CTW2). In
addition, the combination of CTW0-FDG and CTW2 (c) was
considered. Delta features were computed for (c) as DCT = CTW2/
CTW0-FDG, i.e. the ratio of feature values derived from CTW2 and
CTW0-FDG for every feature. Three types of analyses were conducted
based on the three feature sets: (I) Radiomic models were devel-
oped using different feature selection methods and machine learn-
ing algorithms to avoid incidental findings. The mean performance
of the developed models was compared between feature sets
(a)–(c). (II) The radiomic models with the highest performance
within the exploratory cohort in pre-treatment were analysed in
more detail for (a)–(c). Risk-based patient stratification was
assessed and the correlations between features within the
signatures and their expression values were analysed. (III) The
the exploratory cohort (48) and stability cohort (18) were used to identify a stable
cohort as well as their combination were used to train prognostic radiomic models.
l. [3] and the tumour volume. Prognostic model performance and patient risk group
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prognostic performance of radiomic models that were based on the
signature obtained by Aerts et al. [3] and on the tumour volume
was evaluated for both time points.
Image pre-processing and feature extraction

The gross tumour volume (GTV) of the primary tumour was
manually delineated by a radiation oncologist in training (KP)
and independently validated (EGCT) on each CT scan separately.
The voxel spacing was resampled using trilinear image interpola-
tion to an isotropic voxel size of 1.0 � 1.0 � 1.0 mm3 to correct
for differences in voxel spacing and slice thicknesses between
cohorts [3,19]. The GTV mask was re-segmented to cover only soft
tissue voxels between �150 and 180 Hounsfield units, thus remov-
ing voxels that contain air and bone tissue, which may otherwise
affect feature expression. Additional images were created by
applying spatial filtering to the base image to emphasise image
characteristics such as edges and blobs. Eight additional images
were created by applying a stationary coiflet-1 wavelet high-/
low-pass filter along each of the three spatial dimensions [3,20].
One further image was created by applying a Laplacian of Gaussian
(LoG) filter consisting of five different filter kernel widths (1.0 mm,
2.0 mm, 3.0 mm, 5.0 mm, 6.0 mm [21]). Finally, 18 statistical, 38
histogram-based and 95 texture features were extracted from the
GTV within each image set (base image and 9 transformed images).
28 morphological features were computed within the base image
only. Thus, 1538 features were computed in total. Image pre-
processing and feature extraction were performed according to
the guidelines of the image biomarker standardisation initiative
[22]. A further description of the feature extraction can be found
in Supplement S1.
Feature stability

Feature stability was assessed between the CTW0-FDG and
CTW0-FMISO scans prior to model building and validation to reduce
the influence of different CT acquisition parameters on the prog-
nostic models (Table 1). The in-treatment scans (CTW2) were
acquired with a lower exposure than the pre-treatment images
(CTW0-FDG) in the exploratory and validation cohorts to limit
patient radiation dose, while the acquisition parameters between
the CTW0-FMISO pre-treatment and the CTW2 scans were similar.
Therefore, feature stability was assessed using the CTW0-FDG and
CTW0-FMISO images of the exploratory cohort and the additional
cohort of 18 patients, leading to 66 patients in total. The
CTW0-FDG and the CTW0-FMISO scans were rigidly registered with
RayStation (version 6.0, RaySearch Laboratories AB, Stockholm,
Sweden). Afterwards, the GTV was manually transferred from the
Table 1
Image acquisition parameters of the different cohorts.

Imaging parameter Exploratory cohort

CTW0-FDG CTW0-FMISO CTW2

Voxel spacing (x, y), in mm
(0.85, 0.85) 0 1 0
(0.97, 0.97) 12 1 0
(1.36, 1.36) 36 46 48
z, in mm
2.0/3.0/5.0 0/12/36 0/1/47 1/0/47
Reconstruction kernel
B10s/B19f/B20f/B20s/B31f/NA 1/0/32/0/12/3 0/10/37/0/0/1 0/12/36/
Mean exposure mAs 30.8 7.7 7.9
Manufacturer Siemens
Scanner model Sensation 16/Biograph 16
Mean exposure time, in ms 420–500
Tube voltage in kV 120
CTW0-FDG to the CTW0-FMISO images. Imaging features with a Spear-
man rank correlation coefficient (SCC) � 0.8 between CTW0-FDG and
CTW0-FMISO were considered stable and used for feature selection
and model building [23].
Feature selection methods and machine learning algorithms

In this study, 6 feature selection methods and 6 learning algo-
rithms found as most reliable in a previous systematic evaluation
[24] were used for prognostic modelling. The following feature
selection methods were applied: Spearman correlation, mutual
information maximisation (MIM), mutual information feature
selection (MIFS), minimum redundancy maximum relevance
(MRMR), random forest variable importance (RF-VI) and a forward
feature selection based on Cox regression (multi-Cox). For model
building we used Cox regression, boosting trees (BT) Cox models,
boosting gradient linear models (BGLM) with Cox regression, ran-
dom survival forests (RSF) and random forest using maximally
selected rank statistics (MRF). Additionally, we investigated the
full-parametric BT-Weibull model. A short description of these
methods can be found in Supplement S2. All feature selection
methods and machine learning algorithms are able to handle con-
tinuous time-to-event survival data.
Radiomics modelling framework

The radiomic risk models were generated within our radiomics
modelling framework [24] (see Fig. 2) consisting of five major
processing steps: feature pre-processing, feature selection, hyper-
parameter optimisation, model building and model validation.
Feature pre-processing comprised z-normalisation of the imaging
features and feature clustering. Features in the exploratory cohort
were clustered using a hierarchical clustering algorithm to obtain
an initial non-redundant set of biomarkers [4,25]. The distance
between each pair of features was based on their correlation. All
features that formed a cluster with intra-cluster correlation >0.90
were replaced by a new meta-feature with the mean value of all
clustered features. For instance, clustering yielded 32 meta-
features and 23 unclustered features for the pre-treatment images.
After clustering, feature selection was conducted to identify the
most relevant features. Feature selection was repeated on
n = 1000 bootstrap samples (i.e., .632 bootstrap method with
replacement) of the exploratory cohort to reduce randomness in
the selection of relevant features. Afterwards, the hyper-
parameters of the machine learning algorithms, such as signature
size or algorithm-specific settings, were optimised using internal
cross validation of the exploratory cohort. Model training was per-
formed on m = 1000 bootstrap samples of the exploratory cohort
Stability cohort Validation cohort

CTW0-FDG CTW0-FMISO CTW0-FDG CTW2

0 0 0 0
18 0 1 0
0 18 29 30

6/12/0 18/0/0 0/1/29 0/0/30

0/0/0 0/0/0/0/18/0 0/18/0/0/0/0 0/0/28/2/0/0 0/0/30/0/0/0
39.0 9.6 39.1 8.1



Fig. 2. Schematic overview of the radiomic modelling framework (RMF) consisting of five steps: feature pre-processing, feature selection to identify prognostic biomarkers,
automatic hyper-parameter optimisation for each model using a 2-fold cross validation with 40 repetitions based on the exploratory cohort, model building and model
validation.
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for each combination of feature selection method and machine
learning algorithm. Afterwards, an ensemble prediction was made
by averaging the predicted risk scores for each model using data of
the independent validation cohort [26]. Further details of the
radiomics modelling framework are described in Supplement S3.
Statistical analyses

The clinical endpoints LRC (primary) and OS (secondary) were
calculated from the first day of RCT to the date of event or censor-
ing. Binary variables were compared between the patient cohorts
using exact Fisher tests or X2 tests, while differences in continuous
variables were evaluated by Mann–Whitney-U tests. The perfor-
mance of radiomic models was assessed using the concordance
index (C-Index) [27,28]. The C-Index is a generalisation of the area
under the curve for continuous time-to-event survival data, and
ranges from 0.5 (random) to 1.0 (perfect prediction). The average
model performance of the considered feature selection methods
and machine learning algorithms was compared between the time
Table 2
Patient characteristics of the exploratory and the validation cohort.

Variable Explor

Gender (male/female) 41/7
Age (median, range, in years) 53.5 (
Clinical TNM Staging
cT Stage 1/2/3/4/missing 0/1/17
cN stage 0/1/2/3/missing 4/6/37
UICC stage 2010
I/II/III/IV/missing 0/0/7/
Tumour volume (median, range, in cm3) 40.67

Dose (median, range, in Gy) 72.0 (
HPV16 DNA negative/positive/missing 36/5/7
Number of events
LRC 15
OS 33
Follow up time of patients alive (median, range, in months) 38.4 (
Follow up time (median, range, in months) 28.8 (
Fractionation scheme PTV1:

6 wee
PTV2:
PTV1 +
PTV1:
PTV2:

1Exact Fisher test, 2X2 test, 3Wilcoxon–Mann–Whitney test.
Abbreviations: cT, clinical tumour stage. cN, clinical nodal stage. LRC, loco-regional tumo
points by a multi-level approach (MLA), which is described in Sup-
plement S4. Patients were stratified into low and high risk groups
based on the risk predicted by the radiomic models. The median
risk on the exploratory cohort was determined and applied to
stratify the validation cohort. Survival curves were estimated by
the Kaplan–Meier method and compared by log-rank tests. All
analyses were performed using SPSS 23 (IBM Corporation, Armonk,
NY) and R language (R Foundation for Statistical Computing,
Vienna, Austria). Two-sided tests were applied and p-values <
0.05 were considered statistically significant.

Results

The patient characteristics of the exploratory and validation
cohort are summarised in Table 2. Median follow-up time was
28.8 months (range 1.3–70.3 months) for the exploratory cohort
and 21.5 months (1.4–107.2 months) for the validation cohort.
The 2-year LRC rate was 63.0% for the exploratory and 56.0% for
the validation cohort (p = 0.61). Overall survival after 2 years was
atory cohort Validation cohort p-value

27/3 0.731

42.0–74.0) 54.5 (37.0–67.0) 0.793

/30/0 3/8/9/9/1 <0.0012

/1/0 4/2/21/2/1 0.432

41/0 1/2/1/26/0 0.0691

(7.29–239.07) 23.49 (2.71–183.56) 0.943

69.0–72.0) 72.0 (70.6–76.8) 0.323

0/0/30 –

11
17

23.8–70.3) 61.7 (7.8–107.2)
1.3–70.3) 21.5 (1.4–107.2)
primary tumour and involved lymph nodes, 72 Gy in
ks
elective nodes 59.4 Gy in 5 weeks
2: 30 Gy/2 Gy in 15 fx
42 Gy/1.4 Gy (twice a day) in 30 fx
29.4 Gy/1.4 Gy (twice a day) in 21 fx

ur control. OS, overall survival.
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50.0% for the exploratory and 53.0% for the validation cohort (p =
0.56). The corresponding Kaplan–Meier curves are shown in Sup-
plementary Fig. S1. Patients in the validation cohort had a signifi-
cantly lower clinical T stage (p < 0.001).

(I) Radiomicmodelsweredevelopedusing imagingdata acquired
at (a) pre-treatment (CTW0-FDG), (b) after the second week of treat-
ment (CTW2) and (c) their combination including delta features.
1538 imaging features were extracted per CT scan. Feature stability
assessment reduced the feature set to 269 stable imaging features
(SCC �0.8), consisting of 12 statistical, 18 morphological, 26
histogram-based and 213 texture features. Using these 269 stable
features, radiomic models were developed for the endpoint LRC
based on different feature selection methods and machine learning
algorithms. Fig. 3 shows the C-Index for the exploratory and valida-
tion cohorts. The average performance of models developed using
the in-treatment CTW2 images (C-Index: 0.73 ± 0.04, mean ± std)
was significantly higher than the average performance of models
based on the pre-treatment CTW0-FDG images (C-Index: 0.62 ± 0.04,
MLA:p = 0.005).Using the combined feature set also led to improved
results with a mean C-Index of 0.70 ± 0.05 compared to pre-
treatment (MLA: p = 0.06). An additional internal cross-validation
experiment on the entire dataset confirmed these results (C-Index
CTW0-FDG: 0.61 and CTW2: 0.70, MLA: p = 0.16, Supplement S5).

(II) For the pre-treatment CTW0-FDG scans, Spearman feature
selection combined with the BT-Cox model achieved a C-Index of
Fig. 3. Grid with concordance indices for predicting loco-regional tumour control for t
developed using a feature selection method (rows) and a learning algorithm (columns), b
the combined feature set. Furthermore, performances of the models based on Aerts et
algorithm abbreviations can be found in Supplement S2.
0.95 (95% confidence interval [0.92–1.00]) in exploration, and
was thus further analysed. Its validation C-Index was 0.65
[0.51–0.79]. The model based on CTW2 scans showed a higher val-
idation performance (0.79 [0.68–0.96]), while the model based on
the combined feature set (DCT) performed similar to the baseline
model (0.65 [0.49–0.88]). Hyper-parameters of these models are
given in Supplement Table S4. Patients were stratified into low
and high risk groups according to the median risk of the BT-Cox
models (Fig. 4). The models trained on the pre-treatment
CTW0-FDG scans and on the combined feature set were not able to
stratify patients of the validation cohortwith a significant difference
in LRC (p = 0.063 and p = 0.19, respectively), whereas the model
trained on the CTW2 scans led to a significant patient stratification
(p = 0.002). Similar results were obtained for the other models
(Supplementary Fig. S2). The signatures of above models generally
consisted of texture features and morphological features, which
were non-redundant (Supplement Table S2). Feature expressions
are shown in Fig. 4 and details are given in Supplement Table S1.

(III) The in-treatment BT-Cox model based on Aerts’ signature
also led to improved prognostic performance on the validation
cohort compared to the pre-treatment model (C-Index: CTW2:
0.74 [0.61–0.91] and CTW0-FDG: 0.66 [0.51–0.89], respectively).
However, the median cut-offs resulting from both models were
not able to stratify patients of the validation cohort into a low
and high risk group with a significant difference in LRC
he validation cohort and the exploratory cohort (brackets). Radiomic models were
ased on (a) pre-treatment CTW0-FDG imaging, (b) in-treatment CTW2 imaging and (c)
al. [3] signature and the tumour volume are shown. A detailed description of the



Fig. 4. Kaplan–Meier plots of loco-regional tumour control (left) and heatmaps (right) for patients of the validation cohort stratified into a low (LR) and a high (HR) risk group
based on the median risk value determined on the exploratory cohort based on the BT-Cox model in combination with Spearman feature selection. The median cut-off values
on the (a) pre-treatment CTW0-FDG, (b) CTW2 and (c) combined feature set (CTW0-FDG, CTW2, DCT) were -0.41253, �0.03290 and �0.00081, respectively. LRC during follow-up
(yes, light; no, dark) is shown. A detailed description of the feature abbreviations can be found in Supplementary Table S1.
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(CTW0-FDG: p = 0.53 and CTW2: p = 0.30). In addition, BT-Cox models
were built using the tumour volume. On the validation cohort,
these models achieved a performance of 0.65 [0.51–0.84] and
0.67 [0.53–0.88] for pre-treatment and in-treatment feature sets,
respectively.

For the endpoint OS, (I) the model performances in the valida-
tion and exploratory cohorts are shown in Supplementary Fig. S3.
(II) MIM feature selection combined with the BT-Cox model led
to the best average models. Radiomic signatures from these models
are described in Supplement Table S1. In validation, a similar per-
formance was observed for the in-treatment and the pre-treatment
models (CTW0-FDG: 0.59 [0.45–0.77]) and CTW2: 0.61 [0.46–0.77]).
Kaplan–Meier analyses are summarised in Supplementary
Figure S4. (III) The pre-treatment model based on Aerts’ signature
achieved a higher C-Index (0.66 [0.52–0.82]) than the in-treatment
model (0.62 [0.48–0.80]). The in-treatment tumour volume (0.67,
[0.54–0.83]) had a higher prognostic value than the baseline GTV
(0.63, [0.50–0.80]).

Discussion

In this study, the prognostic value of radiomic risk models using
CT images obtained during treatment was compared to models
based on pre-treatment CT images. We showed that risk models
trained on week 2 scans achieved a significantly higher prognostic
performance for LRC and led to improved patient risk stratifica-
tions in comparison to pre-treatment CT scans. The improved per-
formance was also observed for the signature of Aerts et al. [3].
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Models based on in-treatment imaging showed a higher prognostic
value than tumour volume, which performed similar to the pre-
treatment models.

Changes in image feature expressions may be related to changes
in tumour biology during the course of treatment. Such biological
changes comprise RCT-induced re-oxygenation and shrinkage of
the tumour, that have been associated with treatment response
[12,29–31]. For example, Zips et al. [14] showed that the hypoxic
volume and the tumour to background ratio obtained from
FMISO-PET images have a strong association with loco-regional
tumour control. Furthermore, they observed an improved prognos-
tic performance after week 2 of RCT in comparison to the
pre-treatment images, which was recently validated [15]. The CT-
based radiomic signatures developed in this manuscript contained
mostly texture and morphological features. We assessed the corre-
lation of these features with tumour hypoxia, measured by the
FMISO-PET imaging parameters hypoxic volume and the tumour
to background ratio [14,15]. Most texture-based features from
our signatures and from Aerts’ signature were moderately corre-
lated with one or more FMISO-PET hypoxia markers (Supplement
Table S3). This correlation slightly increased in the second week
of treatment, where FMISO-PET markers were previously shown
to have improved prognostic value [14]. The correlation with
hypoxia markers offers one explanation for the better performance
of the in-treatment CT-based radiomic models and gives an indica-
tion that tumour hypoxia may be observable in macroscopic CT
imaging. However, the links between imaging features, tumour
hypoxia and other biological tumour mechanisms should be stud-
ied in closer detail, as these are generally poorly understood.

The combined feature set, consisting of pre-treatment, week 2
and delta CT imaging features, likewise led to improved model
performance compared to models only based on pre-treatment
CT-based features. However, the selected features were predomi-
nantly extracted from the second week CT scans, or were delta fea-
tures, which underlines the importance of the in-treatment data.
Moreover, signatures containing only features from the week 2
CT scans showed a higher performance (e.g., MIM feature selection)
for predicting LRC than signatures including delta features (e.g.,
Spearman feature selection). This is in line with the study by Fave
et al. [17], which showed that delta radiomic features are changing
during treatment but provide limited additional prognostic infor-
mation compared to baseline imaging.

For OS we observed similar results for in-treatment and pre-
treatment imaging. Compared to LRC, the model performance
was generally lower. This may be due to the fact that the cause
of death was not necessarily cancer-related, which causes the OS
endpoint to be comparatively noisy. Furthermore, the combined
feature set led to a lower performance in the validation cohort than
the in-treatment feature set. One explanation for the reduced per-
formance could be the selected features. In the developed signa-
ture, the two delta features were discordantly expressed between
the exploratory and the validation cohort (Supplementary
Fig. S5). This may negatively effect the risk prediction. Interest-
ingly, OS models based on Aerts’ signature achieved the highest
accuracy using pre-treatment CT scans. This result is reasonable,
since this signature was developed for the prediction of OS using
pre-treatment CT scans.

We performed a feature stability analysis prior to model build-
ing, as several acquisition parameters differed between the plan-
ning and week 2 CT scans, e.g., the mean CT exposure settings. A
lower CT exposure leads to increased image noise, which in turn
affects imaging features. Therefore, feature stability was assessed
prior to feature selection and model building to reduce the influ-
ence of such differences. Feature stability was measured by the
Spearman rank correlation coefficient to consider non-linear corre-
lation effects. Furthermore, the stability is also influenced by other
factors, such as uncertainties in image registration or dissimilari-
ties due to the GTV transfer. To further enhance the robustness,
feature stability information, e.g., from test re-test or multiple
tumour delineations datasets, may be included in future [32,33].
Furthermore, initiatives such as the Quantitative Imaging Network
(QIN) of the National Institute of Health may help to establish open
and standardised protocols for image acquisition, reconstruction,
and analysis [34–36].

A limitation of this study is the relatively low number of
patients and the small number of events for both endpoints. At
the participating institutions, CT scans during treatment are gener-
ally not acquired as part of the clinical routine, except for treat-
ment re-planning. Therefore, only data from clinical imaging
trials were available for analysis. We accounted for the limited data
by comparing the average performance of several feature selection
methods and machine learning algorithms between the time
points. We also performed an additional cross-validation experi-
ment on the combined cohort. Both analyses showed a prognostic
advantage of in-treatment imaging. In addition, we repeated the
analyses excluding 12 patients with differing CT-acquisition
parameters in the exploratory cohort, leading to similar results
(not shown). Further validation of our findings is planned through
retrospective analysis of additional data sets from other centres
and data recorded in an on-going prospective clinical study.

An alternative to in-treatment CT may be CBCT, which is rou-
tinely acquired in many centres during RCT for quality assurance,
such as treatment position verification. However, the applicability
of CBCT for radiomic risk modelling requires further investigation
[37]. For instance, the image quality of CBCT is low in comparison
to conventional CT imaging, and the limited field of view may not
be large enough to cover large tumours. These limitations may
negatively affect the accuracy of radiomic risk models [38], but
their influence may be somewhat mitigated by improved image
reconstruction algorithms.

Radiomic risk modelling may not be limited to prognostically
predicting survival endpoints, but may be used to predict the risk
for occurrence of late radiation-induced side effects as well. For
instance, radiomic models were recently built to predict the occur-
rence of xerostomia and sticky saliva for HNSCC patients [39,40].
Incorporating imaging during treatment to predict late side effects
may lead to a higher prognostic accuracy, e.g., by capturing RCT-
induced reactions of the normal tissue.

In the present study we showed that the incorporation of CT
imaging acquired during treatment may be a promising way to
improve radiomic risk models. Moreover, the investigated time
point (second week of treatment) is suitable to make an early
treatment adaptation in patients not responding to radio(chemo)
therapy.
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