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Supplementary Table S1: Patient characteristics of exploratory and validation cohorts.

Variable Exploratory Validation cohort p-value
cohort
Gender 181/ 32 70/10 0.58*
(male/female)
Age 59.0 (39.0 - 81.9) 54.0 (37.0 - 74.0) 0.005**
(median, range, in years)
TNM Staging
T Stage 1/2/3/ 4/ missing 3/24/53/133/0 3/9/27/40/1 0.19*
N stage 0/1/2/3/ missing 25/8/166/141/0 10/8/57/47/1 0.19*
UICC stage 2010
I/ 1/ 1V [ missing 0/0/13/139/61 1/2/9/68/0 0.096*
Tumor volume 27.64 34.85 0.19**
(median, range, in cm3) (0.27 - 276.31) (2.71 - 244.79)
Dose 72.0 (67.8 —76.8) 72.0 (69.0 — 76.8) < 0.001**
(median, range, in Gy)
HPV16 DNA
negative / positive / missing 164 /27 /22 39/5/36 0.63*

* X2 test, ** Wilcoxon-Mann-Whitney test

Supplementary Methods S2: Feature selection methods

The mathematical notation for the selection methods and learning algorithms is defined as
follows: An observed random variable is defined as Z = (X,Y) where X = (Xl, ...,Xp) defines
the p-dimensional covariate (feature) vector and Y denotes the time-to-event survival
outcome. The survival outcome Y = (t,d) consists of a survival time t at which an event

occurred (§ = 1) or the observation was censored (§ = 0).



= Pearson correlation
The Pearson correlation coefficient is a measure of linear dependency between two random
variables. The correlation coefficient r for a feature x € X and the corresponding outcome Y
is defined as [1]
o I -DGi-7)
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In the case of time-to-event survival data, only those times y; for which an event occurred
(6; = 1) are taken into account. The correlation coefficient r ranges from -1 and +1, where 1
signifies perfect linear correlation, 0 no correlation, and -1 perfect anti-correlation. For the
implementation in the radiomics modelling framework (RMF), the R package “stats” version

3.3.1 was used.

= Spearman correlation
The Spearman correlation coefficient provides a non-parametric measure of correlation
between two variables [2]. As with Pearson correlation, for time-to-event survival data the
Spearman correlation is calculated using only those observations where an event occurred.

For the implementation in the RMF, the R package “stats” version 3.3.1 was used.

= Mutual information maximization
The mutual information maximization (MIM) method estimates the relevance of feature x € X
for the corresponding outcome Y using a linear approximation based on the correlation p

such that the mutual information | is estimated as
1 2
I(x,Y) = —Eln(l —p(x,Y)*). (2)

In the case of survival outcome data p(x,Y) = 2-(C-Index — 0.5) is based on the
concordance index (C-Index) [3,4], including a correction for C-Index<0.5. For mutual

information of continuous data, Spearman correlation is used.



= Mutual information feature selection
The mutual information feature selection (MIFS) algorithm [5] is based on a greedy search

and selects a subset of features S € X which maximises the objective function Q:

Q= argmax I(x,Y) + B 1(x,s;). (3)

XEX
SjES

Here I(x4, xp) is the mutual correlation between features x, and x;,, as before. We use the

setting § = 1 after recommendations by Battiti et al.

= Minimum redundancy maximum relevance
The minimum redundancy maximum relevance (MRMR) algorithm [6] combines two
constraints: maximal mutual information between the features in feature subset S € X and the
outcome Y, combined with minimal redundancy between the features in S. This is done by
selecting the feature that maximizes Q by an incremental search method, which is based on

the mutual information I,

1
Q =argmax I(x,Y) — — Z I(x, sj). (4)
xX€EX\S |S| =%
J

= Univariate- and multivariate-Cox-regression
The Cox proportional hazard regression model is trained for each feature (univariate) or a
subset of features (multivariate) to predict outcome using a 2-fold cross validation scheme
which was repeated 20 times on the exploratory cohort. The resulting features are ranked
according to the concordance index of the predictive performance of the univariate or

multivariate model. For the implementation in RMF, the R package “survival” [7] was used.

= Random forest minimal depth
The random forest minimal depth (RFMD) [8,9] is a variable importance algorithm that
assesses feature importance by looking at the distance (depth) of each feature relative to the

root node over all trees. The algorithm assumes that features, which occur at low depths, are



more important for the model than those in distant nodes. The R implementation of the

package “randomForestSRC” in version 2.4.1 was used [10].

= Random forest variable hunting
The random forest variable hunting RF-VH [10] algorithm uses training data from a stratified
k-fold subsampling to fit a forest by m randomly selected features. The m features are
ordered by increasing minimal depth and are added sequentially until the joint variable
importance (VIMP) no longer increases. The VIMP is calculated by permuting a feature (i.e.
noising it up) and then calculating the change in prediction error, between the original forest
and the noised-up forest predictor. The process is repeated n times and features are ranked
by average minimal depth. The R implementation of the package “randomForestSRC” in

version 2.4.1 was used [10].

= Random forest variable importance
The random forest variable importance (RF-VI) [10] algorithm is similar to the RF-VH.
However, features are ranked by the VIMP score, described above. The R implementation of

the package “randomForestSRC” in version 2.4.1 was used [10].

= Maximally selected rank statistics random forest variable importance
The maximally selected rank statistics random forest variable importance (MSR-RFVI) [11]
algorithm computes for each candidate covariate (i.e. feature) the maximally selected rank
statistics, as follows. A split point is considered optimal if the separation of the survival
curves in two groups is maximised. The linear rank statistic for a split point u is the sum of all

log-rank scores aq, ..., a, in the group with x; < u, x € X,

n
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Here T = (t,...,t,) are the survival times, § is the censoring indicator and yj(T) =
i 1{Tl.5Tj} is the number of observations with survival time up to T;. To compare different

splits, the score test statistic is used,

_ Snu - EHO (Snula' X)
i JVary, (Spula, X) '

@)

where Ey and Vary, define the expectation and variance under the null hypothesis. The null

hypothesis of no influence of a split by the cut point ¢ on the distribution of Y is
Hy:P(Y <y|lX<p) =P <y|X>u) for all p and all y. The obtained p-value for the
maximally selected rank statistic is used to rank each covariate. For the implementation, the

R package “ranger”, version 0.6.0 [12] was used.

= Permutation variable importance random forest
The permutation variable importance random forest (PVI-RF) [13] algorithm partitions the
data randomly into two sets of equal size. Each set is used to construct a random forest. The
two forests are used to compute variable importance of the hold-out observations for each
covariate. The null distribution F is constructed afterwards based on variables that are likely
non-relevant (i.e., with negative or zero importance scores). Based on F, a p-value for a

covariate x € X is derived as,

Px =1—F(x). ®)

Finally the VIMP are ranked according their corresponding p-value. For the implementation,

the R package “ranger”, version 0.6.0 [12] was used.



Supplementary Methods S3: Learning algorithms

= Cox proportional hazards model

The hazard function A(t]|X) of the Cox proportional hazards model (Cox) is defined as [14]
A(t|X) = 2,(D)e*P, )

where A,(t) is the baseline hazard function and g the p-dimensional vector of regression
coefficients. The regression coefficients f are estimated by maximising the partial log-
likelihood:

n
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For the implementation in the RMF, the R package “survival’ [7] with version 2.4-10 was

used as well as the following parameters for the hyper-parameter optimization:

Parameter Values
signature size 2,3,4,5,7,10

= Regularized Cox proportional hazard model
The regularized Cox proportional hazard model (NET-Cox) is based on a Cox model and a
convex combinations of [; and [, penalties [15]. The penalised constraint P, (f) is a mixture
of the [; (lasso) and [, (ridge regression) penalty, which is used to maximise the scaled log

partial likelihood

n

2
LL(B) = argmax |~ > &;( X —log exp(Xif) | | | = AR(B) | (11)
p 1 D
B =2 [f+30 -0 4 | @2
j=1 j=1

The R package “gimnet” version 2.0-5 was used for the implementation [16]. For hyper-

parameter optimization the following parameters were used:



Parameter Values

signature size 2,3,4,5,7,10
a 0.0-1.0, step size 0.2
A lambda.min* lambda.1se**

*minimum mean cross-validated error, ** Error within one standard error of the minimum

= Boosting gradient linear and boosted tree models
The aim of the boosting gradient linear models (BGLM) is to learn a functional mapping to
find y = f*(Y]|X,4) from data X,Y and a set of model parameters 4. The functional mapping
is learned by minimising the loss function @ of the empirical risk:

n (13)
*(Y|X,A) = argmin E (Y, f(X, 1)),
(Y| ) gmil £, ( ( ))

where f is called a base-learner. The gradient boosting algorithm estimates at each iteration

m = 1,.., mg,, the negative gradient —Z—(/f of the loss function and evaluates it at
fim=1x 2),i=1,..,n, yielding the negative gradient vector

ulml = (—g—f(Y,f[m‘l](X, /1))) for each base-learner. Typically one base-learner for

i=1,..,n

each covariate is used, resulting in P vectors of prediction values. Afterwards, the best base-
learner is selected and u™ is set equal to the fitted values from the corresponding best
learner. Finally the function mapping "™ = fFlm=11 4 qul™l is updated, where0 < a < 1 is a
step-length factor. The loss function @ to be optimised can be specified by Cox’s partial

likelihood (Cox), the concordance index (Clndex) as well as the Weibull distribution (Weibull).
In the case of boosting tree models (BT), regression trees are used as base-learners.
The R package “mboost” [17] version 2.7-0 was used in the RMF. For hyper-parameter

optimisation the following parameter were set:

Parameter Values
signature size 2,3,4,5,7,10
a 0.001,0.01,0.05
A lambda.min,lambda.1se
mStop 200




= Random survival forest
The random survival forest (RSF) [18] is an extension of Breiman’s random forest algorithm
[19] for survival data. The basic idea is to draw ntree bootstrap samples from the exploratory
cohort. For each sample, a survival tree is trained. For each node of the tree, mtry features
are randomly selected as splitting candidates. For each splitting candidate, a maximum of
nSplit split points are randomly chosen among the possible split points. The possible splitting
rules for survival data are the logrank and the logrankscore splitting criteria. Selecting
splitting candidates and split points is repeated until either the terminal nodes contains no
less than nodeSize unique events or the maxDepth of the tree is reached. Based on the
resulting tree ensemble, cumulative hazard estimates are calculated by combining all
information from the ntree trees. The R package “randomForestSRC” in version 2.4.1 was

used [10]. For hyper-parameter optimisation the following parameters were used:

Parameter Values
signature size 2,3,4,5,7,10
ntree 2000
mtry 100
nodeSize 25-50
maxDepth 10,15
nSplit 1,2,100
splitRule logrank,logrankscore

= Maximally selected rank statistics random forest
The maximally selected rank statistics random forest (MSR-RF) [11] algorithm is based on an
improved split point criterion to reduce split point selection bias. In MSR-RF a split point is
considered optimal if the separation of survival curves in the two groups is maximised. The
standard split criterion for the RSF is the logrank or the logrankscore test statistic. In
contrast, the MSR-RF uses either the maximally selected rank statistics (maxstat) or the
Harrell’'s C statistics (C) for split point selection. As described above, the covariate with the
lowest p-value is selected as splitting candidate. If the adjusted p-value is not smaller than

the threshold a, no splitting is performed. For the implementation, the R package “ranger”,



version 0.6.0 [12] and the following parameters for the hyper-parameter optimisation were

used:
Parameter Values
signature size 2,3,4,5,7,10
ntree 2000
mtry 100
nodeSize 25-50, step size 1
minprop 0.1
a 0.1,0.5
splitRule C, maxstat

= Survival regression model

The survival regression model (SurvivalReg) is a full-parametric model, which provides
different survival functions, e.g., Weibull, Exponential, Gaussian. For instance, the Weibull
probability density function is given by

A— 2
f(t) = M;A ' . e_(é) = h(t) - S(t), (14)

which is a combination of the hazard function h(t)and the corresponding survival
function S(t). The free parameters 1 and a are called shape and scale of the Weibull

distribution which were estimated during training. The hazard function is defined as [20],

h(t,X,B,1) = Ae B ¢A-1) (15)

where the scale parameter 1 = 1/0 is defined. In contrast to the Cox model, for which the
baseline hazard is unknown, this full-parametric regression allows for predicting the time-
dependent survival probability of each patient. For implementation, the R package “survival”,

version 2.4-10 [7] and the following parameters for the hyper-parameter optimization were

used:
Parameter Values
signature size 2,3,4,5,7,10
distribution weibull, gaussian, exponential
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Supplementary Figure S4: Heatmap depicting the concordance indices for every

combination of feature selection method (rows) and learning algorithm (columns) for the

exploratory cohort as well as the signature by Aerts et al. [21] for loco-regional control.

Survival-Regression
MSR-RF

RSF

BT-Cindex
BT-Weibull

BT-COX
BGLM-Cindex
BGLM-Weibull
BGLM-COX

COX

NET-COX

Supplementary Figure S5: Heatmap depicting

c
<}
2
@
o}
o

Spearman

MIFS
MIM
MRMR

uni-Cox

multi-Cox

RF-VH

RF-VI

C-Index
1.0
0.9

RF-MD
PVI-RF
MSR-RFVI
None
Random
Aerts et al.

the concordance indices for every

combination of feature selection method (rows) and learning algorithm (columns) for the

exploratory cohort as well as the signature by Aerts et al. [21] for overall survival.

11



Supplementary Table S6: Average intra-class correlation coefficient for different image

rotations and translations to measure feature robustness of the developed signatures for

loco-regional tumour control and overall survival.

Feature selection LRC oS
method
Pearson 0.88+0.019 0.96+0.006
Spearman 0.69£0.043 0.94+0.007
MIFS 0.76+0.025 0.93+0.013
MIM 0.93+0.024 0.94+0.000
MRMR 0.78+0.032 0.94+0.012
uni-Cox 0.95+0.002 0.94+0.003
multi-Cox 0.95+0.000 0.94+0.000
RF-VH 0.89+0.006 0.94+0.000
RF-VI 0.90+0.006 0.93+0.023
RF-MD 0.87+0.025 0.93+0.010
PVI-RF 0.90+0.053 0.92+0.019
MSR-RFVI 0.89+0.035 0.86+0.000
(a) BT-Weibull - Spearman (b) Cox - Spearman
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Supplementary Figure S7: Kaplan-Meier estimates of loco-regional tumour control for

patients of the exploratory cohort stratified into a low and a high risk group. Both (a) the BT-
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Weibull model in combination with Spearman feature selection and (b) the Cox model in

combination with Spearman feature selection showed a significant patient stratification.

(a) RSF - RF-VI (b) BGLM-Weibull - random
1.00
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Supplementary Figure S8: Kaplan-Meier estimates of overall survival for patients of the
exploratory cohort stratified into a low and a high risk group. Both (a) the RSF model in
combination with RF-VI feature selection and (b) the BGLM-Weibull model in combination

with random feature selection showed a significant patient stratification.
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Supplementary Figure S9: Kaplan-Meier estimates for (a) loco-regional tumour control and

(b) overall survival for patients of the exploratory cohort stratified into a low and a high risk
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group. The signature by Aerts et al. [21] in combination with the BT-Cox and the BGLM-

Weibull model showed a significant patient stratification.
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Supplementary Figure S10: p-values of the log-rank test for the considered feature

selection methods and learning algorithms as well as the signature by Aerts et al. [21] for

loco-regional tumour control. The cut-off values used for stratification were selected by 1000

bootstrap samples based on the exploratory cohort. The fraction of significant stratification

results was calculated for each cut-off, leading to the optimal value which has the largest

power. Cut-off values calculated on the exploratory cohort were applied to the validation

cohort unchanged.
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Supplementary Figure S11: p-values of the log-rank test for the considered feature

selection methods and learning algorithms as well as the signature by Aerts et al. [21] for

overall survival. The cut-off values used for stratification were selected by 1000 bootstrap

samples based on the exploratory cohort. The fraction of significant stratification results was

calculated for each cut-off, leading to the optimal value which has the largest power. Cut-off

values calculated on the exploratory cohort were applied to the validation cohort unchanged.
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