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Materials and Methods 

S1. Statistical details on the definition of the 7-gene signature 
 

(i) Preprocessing of gene expression data 

Raw counts were normalized as described in the main manuscript. Genes FGFR2, PROM1 and 

TAF7L had a median expression below twice the median of the negative controls in the training 

cohort were removed from analyses. Due to an invalid probe design for CD44 and CD44v6 for 

the training cohort (1), they were removed from further analyses. Only patients with a complete 

gene-expression data set and HPV16 DNA negative tumor were considered. The expression of 

each gene was z-transformed to mean 0 and standard deviation 1 on the training cohort, which is 

favorable for most machine-learning algorithms. The gene expressions of the validation cohort 

were transformed based on the means and standard deviations of the training cohort. Therefore 

their means and standard deviations may differ from 0 or 1, respectively. All analyzed genes are 

given in Supplementary Table S1. 

 

(ii) Determination of the ensemble gene signature 

The aim of step (ii) is to identify an ensemble gene signature, which optimally predicts the 

considered endpoint. For this purpose, 3-fold cross validation was used on the training cohort, 

i.e. the training cohort was randomly divided into 3 equally sized subgroups. Two of these 

subgroups were used for training (internal training sample) and the remaining for internal 

validation (internal validation sample). This was repeated for each possible permutation, leading 

to 3 different results per random division. The 3-fold cross validation was repeated 333 times, 

leading to 999 different internal training and internal validation samples. For each of the 999 

internal training samples, a feature selection algorithm was applied to find the most important 

genes (internal gene signature). Subsequently, each internal training sample along with its 

internal gene signature was used to train a statistical model. The trained statistical model was 

validated using the corresponding internal validation sample.  The ci was calculated for internal 

training and validation of each model, see Supplementary Figure S1.  

Each of the 999 cross-validation samples may lead to a different internal gene signature. 

Therefore, an ensemble signature was defined, based on the occurrence and the importance of 

each gene within the 999 internal gene signatures as well as on the validation ci of the 999 

statistical models, see Section S4.  

In order to obtain the optimal ensemble gene signature, the outlined procedure was repeated 

using different feature selection algorithms (Supplementary Section S2), gene signature sizes 

(sizes 1-10) and statistical models (Supplementary Section S3). The used parameters of the 

algorithms are given in Supplementary Table S8. To define the ensemble gene signature 

information of the whole training cohort were used. Therefore, its performance on the training 

cohort is typically improved compared to the cross-validation procedure. In order to compare the 

prognostic value of different ensemble gene signatures, corresponding statistical models were 

trained on 1000 bootstrap samples of the entire training cohort. The out of the bag (oob) data 
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were used for internal validation of the signature (2), leading to a mean validation ci and the 

corresponding standard deviation. 

The optimal signature size was chosen based on the mean ci of the oob data. Typically, this value 

increases with increasing signature size and finally reaches a plateau or even decreases 

(depending on the model, see Supplementary Figure S2 for an example). The start of the plateau 

region was chosen as optimal signature size. Overfitting was limited by restricting the signature 

size to the number of events in the training cohort divided by 5. In general, smaller signatures 

were preferred since models using more parameters tend to overfit the data (2). Signature sizes 

up to ten were allowed particularly for complex machine learning algorithms, which perform 

additional feature selection by themselves and it may be preferable to provide more initial 

features to such methods. 

The optimal feature selection method and statistical model were chosen based on the highest 

mean oob ci for the specified signature size. In the case of similarly performing models, the less 

complex model was preferred. This defines the final ensemble gene signature.  

 

(iii) Expanding the ensemble signature by highly correlated genes 

To increase the robustness of the final ensemble gene signature obtained in step (ii), additional 

genes, which were highly correlated with one of the signature genes, were included in the final 

gene signature (Supplementary Figure S8). For each signature gene, additional genes were added 

based on the normalized signature correlation score (nSCS, Section S4) which takes into account 

the correlation of the added gene and all genes within the signature. The number of additional 

genes depends on a cut-off for the nSCS. With decreasing cut-off, the number of additional 

genes increases. Finally, the expression of each gene in the ensemble signature is replaced by the 

expression of a new metagene, which is defined as the median expression of this gene and the 

obtained associated genes.  

The nSCS was varied from 1.0 (no additional genes included) to 0.5 (many additional genes 

included) in steps of 0.05 and the according metagenes were calculated. As described in (ii), the 

mean oob ci was calculated from 1000 bootstrap samples of the whole training cohort for every 

nSCS cut-off using the optimal statistical model determined in (ii). The metagene signature with 

the highest mean oob ci defined the final gene signature for the considered clinical endpoint. The 

optimal statistical model determined in (ii) was trained on the training cohort using this final 

gene signature, leading to the final prognostic model along with its training ci. 

For the 7-gene signature, Supplementary Table S3 shows that the highest performance of the 

internal validation was obtained for cut-offs between 0.6 and 0.7, while adding more (nSCS<0.6) 

or fewer (nSCS>0.7) correlated genes resulted in a lower performance. This behavior indicates 

that the robustness of the 4-gene ensemble signature could be improved by including additional 

highly correlated genes. For nSCS=0.7, INHBA, ACTN1 and P4HA2 were found to be highly 

correlated with SERPINE1, while for CD24, TCF3 and HILPDA no additional correlated genes 

were found. 
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(iv) Independent validation and patient stratification 

Aim of step (iv) is to validate the final gene signature as well as the optimal statistical model. In 

addition, the model was used to stratify the training and validation cohort into a high and a low 

risk group, respectively. 

To validate the final gene signature and statistical model obtained in (iii), it was applied 

unchanged to the validation cohort and a validation ci was obtained. To estimate the 95% 

confidence interval of this ci, the final model was applied to 1000 bootstrap samples of the 

validation cohort. If the final gene signature contains metagenes, they were calculated on the 

validation cohort based on the expression data rescaled by the mean and standard deviation of 

the training cohort, as described in (i). 

Every model assigns a risk score to every patient, which can be used to stratify the patients into 

groups with low and high risk of treatment failure. The required cut-off for the risk score was 

determined on the training cohort and applied unchanged to the validation cohort. The cut-off 

was determined as follows: Every cut-off for the risk score leading to a different patient 

stratification with at least 20% of the patients in the smaller group was considered. 1000 

bootstrap samples of the training cohort were generated. For every possible cut-off, the bootstrap 

samples were stratified accordingly and outcome of the patient groups was compared by log-rank 

tests. The fraction of significant results (power) from all bootstrap samples was calculated for 

each cut-off. The cut-off with the highest power was chosen as optimal cut-off (1).  
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S2. Feature selection algorithms 

Pearson correlation 

The correlation or linear dependency between two parameters can be described by the Pearson 

product-moment correlation coefficient or Pearson correlation coefficient. The Pearson 

correlation coefficient takes values from -1 up to 1 and is defined as 

𝑟𝑗 = 
∑ (𝑋𝑖𝑗 − �̅�𝑗)(𝑌𝑖 − �̅�)𝑛

𝑖=1

√∑ (𝑋𝑖𝑗 − �̅�𝑗)
2𝑛

𝑖=1 ∑ (𝑌𝑖 − �̅�)2𝑛
𝑖=1

, 

with 𝑠𝑗 =  1 − |𝑟𝑗| (3). 

Here, 𝑋𝑖𝑗 represents feature 𝑋𝑗 of patient 𝑖 (𝑖 = 1…𝑛, 𝑗 = 1…𝑝), 𝑌𝑖 is the corresponding 

outcome, 𝑛 is the total number of patients and 𝑝 is the number of features. For survival data, the 

outcome consists of a time period (𝑌𝑖 = 𝑇𝑖) and an event variable (𝛿𝑖).  Here, the time period is 

the difference between the date at which a patient was censored (𝛿𝑖 = 0) or an event occurred 

(𝛿𝑖 = 1) and the first day of radiotherapy. Only times for which an event occurred (𝛿𝑖 = 1) are 

taken into account in the evaluation of 𝑟𝑗. The censored times are not used for calculation. The 

feature ranking is the result of ordering the 𝑠𝑗 values ascendingly. The feature with the smallest 

𝑠𝑗  is most important. 

Spearman correlation 

In Spearman correlation the feature value 𝑋𝑖𝑗 is replaced by its rank 𝑅𝑖𝑗 ∈ (1…𝑛) for each 𝑗 

over all patients 𝑖. The Spearman rank correlation coefficient is equal to the Pearson correlation 

coefficient of these ranks 𝑅𝑖𝑗. The correlation of the ranks can lead to an identification of more 

general monotonic behaviors, while the Pearson coefficient works best for linear dependencies 

(4). The calculation of the Spearman correlation coefficient for survival data and the final feature 

selection is performed as described for the Pearson correlation coefficient above.  

Mutual information matrix (MIM) 

The MIM method computes the relevance of feature 𝑋𝑗 for describing the outcome 𝑌 based on an 

approximation of mutual information 

𝐼𝑗(𝑋𝑗, 𝑌) =  −
1

2
ln (1 − 𝜌(𝑋𝑗 , 𝑌)

2
), 

where 𝜌 is a correlation measure. The right choice of 𝜌 depends on the given data. If 𝑌 represents 

time-to-event data, the concordance index (ci), which is similar to the Somers’ Dxy index, is 

used as 𝜌, 𝜌 = 2(𝑐𝑖 − 0.5). Features with the highest mutual information are most relevant (5). 

Mutual information feature selection (MIFS) 

The MIFS algorithm searches for features containing information which is not included in 

already selected features. Therefore, the mutual information 𝐼 is calculated as described in the 

MIM section between each feature 𝑋𝑗 and the outcome 𝑌. 

To select the optimal subset 𝑆 of features,  
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𝑂𝑗 = 𝐼(𝑋𝑗, 𝑌) − 𝛽 ∑𝐼(𝑠, 𝑋𝑗)

𝑠∈𝑆

 

has to be maximized iteratively. In each iteration step, the subset 𝑆 is extended by one feature 

which leads to the current maximal 𝑂𝑗. The signature is extended until a predetermined amount 

of features is included in 𝑆. The parameter 𝛽 controls the balance between already selected 

features and candidate features. Battiti et al. obtained best results for 𝛽 = 1 (6). 

Minimum redundancy maximum relevance (MRMR) 

The MRMR algorithm uses two conditions to find the optimal feature set– a redundancy as well 

as a relevance condition, similar to the MIFS. Both are based on mutual information. The 

redundancy criterion 𝑊 is represented by the mutual information between all selected features 

within the signature 𝑆, 

𝑊 =
1

|𝑆|2
∑ 𝐼(𝑠, 𝑡)

𝑠,𝑡 ∈𝑆

, 

where |𝑆| denotes the number of features in the signature 𝑆. By decreasing the redundancy 

within the selected features the descriptive power of the signature should be increased.  

The relevance criterion 𝑉 represents the classification power of all selected features, 

𝑉 =
1

|𝑆|
∑𝐼(𝑠, 𝑌)

𝑠∈𝑆

. 

The difference of relevance V and redundancy W is maximized iteratively until a given signature 

size |𝑆| is reached (7,8). 

Univariate Cox regression (UniCox) 

Cox proportional hazard regression (see below) is applied using each feature to train a univariate 

Cox model. Each trained model is evaluated using the concordance index (ci). The cis are sorted 

and the features leading to the best performing models (largest difference to ci=0.5) are selected 

first. 

Net-Cox (Feature selection) 

Cox regression extended by elastic net parameters (see below) is applied to the training data one 

time to fit a multivariate Cox model. Features are selected based on the magnitude of the 

coefficients of the model. Features with largest magnitude are selected first (9).  

 

  



7 

 

S3. Prognostic models 

Random survival forest (RSF) 

The random survival forest is inspired by Breiman’s random forest. Within the first step a 

bootstrap sample is drawn from the data which is used to build a decision tree, i.e. the data is 

split at different levels in so called splitting nodes. The features at the splitting nodes are 

randomly selected from the all available features. The splitting rules depend on the data as well 

as on the purpose of the decision tree, e.g. it can be a greedy algorithm applied to one randomly 

drawn feature or based on Log-rank tests of dichotomized features for survival data. Finally, 

different trees, built on different randomly drawn bootstraps, are combined to obtain an ensemble 

prediction. In contrast to Breiman’s random forest, the random survival forest can handle 

survival data. (10–13) 

Cox proportional hazard regression 

The Cox proportional hazard regression (Cox regression) trains a model which expresses the 

hazard function as the product of an unknown time-dependent baseline hazard function ℎ0(𝑡) 

and a time-independent expression including the product �⃗⃗� �⃗⃗�   of the feature vector �⃗⃗�  of each 

patient and the vector of fit parameters �⃗⃗�  , 

ℎ(𝑡) = ℎ0(𝑡)𝑒
 �⃗⃗� �⃗⃗� . 

The product of features �⃗⃗�  and regression coefficients �⃗⃗�  can be interpreted as the relative risk of 

each patient based on the given features, 

(�⃗⃗� �⃗⃗� )
𝒊
= (∑𝑥𝑗𝛽𝑗

𝑝

𝑗=1

)

𝑖

  (𝑖 = 1…𝑛). 

The regression coefficients are determined by maximizing the Log-Likelihood (14,15) for all 

patients 𝑖 (𝑖 = 1…𝑛) taking into account if an event occurred, 𝛿𝑖 = 1, or if the patient was 

censored, 𝛿𝑖 = 0, 

𝐿𝐿(�⃗⃗� ) = ∑𝛿𝑖 (∑𝛽𝑗𝑥𝑖𝑗

𝑝

𝑗=1

− ln [ ∑ exp(∑𝛽𝑗𝑥𝑘𝑗

𝑝

𝑗=1

)

𝑝

𝑘:𝑇𝑘≥𝑇𝑖

])

𝑛

𝑖=1

. 

Net-Cox 

Two additional penalty terms 𝐿1 and 𝐿2 are included in the Cox regression model. Both terms are 

added to the Log-Likelihood of the common Cox regression, 

ℒ(𝜆1, 𝜆2, �⃗⃗� ) = 𝐿𝐿(�⃗⃗� ) + 𝜆2 ∑𝛽𝑗
2

𝑝

𝑗=1

+ 𝜆1 ∑|𝛽𝑗|

𝑝

𝑗=1

. 

It contains two positive parameters 𝜆1 and 𝜆2 which correspond to the 𝑙1 (lasso) and the 𝑙2 (ridge 

regression) norm, respectively. Both are penalizing terms which allow the weighting of used 

features. The balance between both terms is set by the factor 𝛼, 

(1 − 𝛼) =  𝜆1, 𝛼 = 𝜆2. 
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The lasso term reduces the number of parameters by setting  𝛽𝑗 = 0 for less important features 

The ridge regression term keeps all available parameters at 𝛽𝑗 ≠ 0 and the importance of the 

different regression parameters is expressed by the magnitude of the parameters  𝛽𝑗 (16–20). 

Survival Regression - Weibull regression model 

The Weibull probability density function is given by 

f(𝑡) =
𝑎

𝑏
 (

𝑡

𝑏
)
𝑎−1

 ∙ 𝑒−(
𝑡
𝑏
)
𝑎

= ℎ(𝑡) ∙ 𝑆(𝑡) 

and can be interpreted as product of a hazard function ℎ(𝑡) and the corresponding survival 

function 𝑆(𝑡).  

The parameters 𝑎 and 𝑏 are called shape and scale of the function. Furthermore, the hazard 

function can be written as (21) 

ℎ(𝑡, 𝜷,⃗⃗  ⃗ �⃗⃗� , 𝜆) = 𝜆𝑡𝜆−1𝑒−𝜆 �⃗⃗� �⃗⃗� . 

By comparing both hazard functions, it results  

𝑎 = 𝜆 

𝑏 = 𝑏(𝑥) = 𝑒 �⃗⃗� �⃗⃗� = 𝑒𝛽0  𝑒𝛽1𝑥1  𝑒𝛽2𝑥2 … . 

The survival regression model fits a Weibull function using the fit parameters intercept 𝛽0, 

coefficients 𝛽𝑖 and the “survivalRegression-scale” 𝜎 = 𝑎−1, which can also be interpreted as a 

variance-like parameter on the log-time scale (21) to the given outcome data. The scalar product 

�⃗⃗� �⃗⃗�  can be interpreted as risk-like factor which can be used to stratify patients. 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. 

Boosted general linear model - Weibull and Cox regression - BGLM Weibull and BGLM Cox 

Boosting is a powerful iterative method which in each step extends a statistical model by an 

additional feature to improve the fit of the data. The algorithm continues to include more 

features, until it converges or the maximum amount of features is reached. In the BGLM-Weibull 

model the fit is based on the Weibull function, while the BGLM-Cox model is based on Cox 

regression (22–25). 
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S4. Feature ranking 

Ensemble signature 

To identify a gene signature, a process of several steps is applied to the training data as described 

in Section S1. After pre-processing of the data, a feature selection algorithm (Section S2) is 

applied to identify important genes. Afterwards, the selected genes are used to train a statistical 

model (Section S3). This procedure is repeated on subsets of the initial training cohort using 3-

fold cross validation. Each of the 𝑚 cross validation steps may lead to a different gene signature 

and model performance. To identify the final ensemble signature, a score is assigned to each 

feature (e.g. gene expression) based on the occurrence of the feature in the cross-validation runs, 

the importance of each feature in these runs and the mean internal validation ci of the 

corresponding statistical models. 

This score is defined as 

𝑆𝑐𝑜𝑟𝑒𝑗 = 
∑ √𝑟𝑙𝑗

𝑚
𝑙=1

𝑜𝑗
2 ∗ (1 − 𝑐�̅�𝑗)

2
. 

Here, 𝑜𝑗 ∈ (1,… ,𝑚) describes the number of occurrences of feature 𝑗 in the 𝑚 runs of the cross-

validation and 𝑐�̅�𝑗 is the mean internal validation concordance index of feature 𝑗. If the training 𝑐𝑖 

of run 𝑙 is smaller than 0.5, 1 − 𝑐𝑖 will be used as the validation ci for calculating the mean 𝑐�̅�𝑗. 

The rank 𝑟𝑙𝑗 ∈ (1,… , 𝑝) of feature 𝑗 in run 𝑙, where 𝑙 = 1…𝑚 labels the different runs, increases 

with decreasing importance of the feature within the feature selection algorithm and starts with 

𝑟𝑙𝑗 = 1. Finally the features are ordered by their score and the features with the lowest score are 

selected until the predetermined amount of features is reached. 

Extending of the ensemble signature (metagenes) 

To increase the robustness of the ensemble gene signature 𝑆, the signature should be extended by 

additional genes, which are highly correlated with one of the signature genes 𝑠. Therefore, a 

signature correlation score 𝑆𝐶𝑆𝑠,𝑥 is introduced, which is based on a redundancy criterion 𝑊𝑠,𝑥 

defined as the Pearson correlation (compare Section S2.1) between the feature expression 𝑋𝑠 of 

gene 𝑠 within the signature and the expression 𝑋𝑥 of  gene 𝑥 not included in the signature. The 

redundancy of 𝑥 should be maximal for one feature 𝑠∗ of the signature and minimal for all others 

features 𝑠𝑐  (𝑠𝑐 ∈ 𝑆\{𝑠∗} = 𝑆𝑐). 

The correlation score 𝑆𝐶𝑆𝑠∗,𝑥 between one signature gene 𝑠∗ and the additional gene 𝑥 is 

calculated from their redundancy 𝑊𝑠∗,𝑥 and the mean redundancy 𝑊𝑠𝑐,𝑥 (𝑠
𝑐 ∈ 𝑆𝑐) of the other 

signature genes 𝑠𝑐 and gene 𝑥, 

𝑆𝐶𝑆𝑠∗,𝑥 = |𝑊𝑠∗,𝑥| −
𝛼

|𝑆𝑐|
∑ |𝑊𝑠𝑐,𝑥|

𝑠𝑐∈𝑆𝑐

. 

The parameter 𝛼 is used to control the balance between the redundancy of the genes of interest 

and the mean redundancy with the other signature genes. Furthermore, the 𝑆𝐶𝑆𝑠∗,𝑥 is normalized 

to the signature correlation score of the signature gene 𝑠∗ with itself, 𝑆𝐶𝑆𝑠∗,𝑠∗, 
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𝑛𝑆𝐶𝑆𝑠∗,𝑥 =
𝑆𝐶𝑆𝑠∗,𝑥

𝑆𝐶𝑆𝑠∗,𝑠∗
=

|𝑊𝑠∗,𝑥| −
𝛼

|𝑆𝑐|
∑ |𝑊𝑠𝑐,𝑥|𝑠𝑐∈𝑆𝑐

1 −
𝛼

|𝑆𝑐|
∑ |𝑊𝑠𝑐,𝑥|𝑠𝑐∈𝑆𝑐

. 

The 𝑛𝑆𝐶𝑆 is calculated for each combination of genes within and outside of the signature. As a 

result, to each gene of the ensemble signature highly correlated additional genes are associated. 

A threshold in 𝑛𝑆𝐶𝑆  defines how many additional genes are found. With decreasing threshold 

more genes are included in the signature. Finally, for each signature gene 𝑠∗ the median 

expression of this gene and the associated additional genes is calculated, defining a new 

metagene replacing 𝑠∗. 
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Figures and Tables 
 

Table S1. Genes of the hypothesis-driven gene set analyzed for the training and validation 

cohort (nanoString). They were selected based on their (potential) role in radiobiological 

processes, their reported association with radioresistance and/or their involvement in HNSCC or 

other tumor entities. This table shows genes clustered according to their function, one reference 

is given supporting their choice. Please note, that every gene occurs only once in the table, while 

it may also be involved in further biological processes and may also have been reported in other 

references. 

 

Functions Group of genes References 

Cancer stem cells ALCAM (CD166) (26) 

 ALDH1A1, CD44 (defect) (27) 

 ALDH1A3 (28) 

 ALDH3A1, SNAI1 (29) 

 BMI1, SOX2 (30) 

 CBX4 (31) 

 MET (32) 

 SLC3A2 (CD98) (33) 

 TCF3 (34) 

Chemotherapy 

resistance 

BCL2L1, BCL2_alpha, BCL2_beta (35) 

BIRC5 (36) 

 BSG (CD147) (37) 

 CD24 (38) 

 CYP1B1 (39) 

 MME (40) 

 NOTCH1 (41) 

 RAC1 (42) 

 SERPINB2 (43) 

 SFN (44) 

 YAP1 (45) 

DNA repair AKT1, ATM, CDKN2A, ERCC4, ERCC5, MAPK3, PI3KCA, 

RAD51, XPA, XPC, XRCC1 

(46) 

 CBX4 (31) 

 CHK2 (47) 

 HSPA4 (48) 

 NBN (49) 

 PSMD9 (50) 

 PTEN (51) 

 MRE11A, RAD23B, RAD50, RFC4, RPA2, PCNA, XRCC5, 

XRCC4 

(52) 

 RMI2, FANCA,PRKDC (53) 

 SMG1 (54) 

Epithelial-

mesenchymal 

transition 

ATP5G3 (55) 

SIRT (56) 

SNAI1, LOXL2 (57) 

HPV association ASS1 (58) 

 CENPK, EHHADH, MCM6, MYNN, NR1D2, RIBC2, 

SYNGR3 

(59) 

HPV infection HPV16E1, HPV16E2, HPV16E6, HPV16E7, HPV16L1 (60,61) 

  



12 

 

Metabolism HK2 (62) 

 IDH1 (63) 

 GPI (64) 

 SDHA (65) 

Hypoxia 

 

ALDOA, ANGPTL4, ANKRD37, ANLN, BNC1, BNIP3, 

BNIP3L, CA9, CDKN3, COL4A6, DCBLD1, EGLN3, ENO1, 

FAM162A, FAM83B, FOSL1, GNAI1, HILPDA, KCTD11, 

KRT17, LDHA, LOX, MPRS17, MRGBP, NDRG1, P4HA1, 

P4HA2, PDK1, PFKFB3, PGAM1, PGK1, SDC1, SLC16A1, 

SLC2A1, TPI1 

(66,67) 

 ARNT (68) 

 ENO2 (69) 

 HIF1A (70) 

 LGALS1 (71) 

 LIMD1 (72) 

Migration, 

invasion, 

metastases 

ACTN1 (73,74) 

ADM (75) 

ANXA5 (76) 

CAV1 (77) 

 CLDN4 (45) 

 CXCL12, CXCR4 (78) 

 EPOR (79) 

 FLT1 (80) 

 HSPB1 (81) 

 ITGB1 (82) 

 MAP2K1, MAP2K2 (83) 

 MMP2, MMP7, MMP9, MMP10, MMP13, TIMP2 (84) 

 MTOR, STAT3, STAT5 (85) 

 MUC1 (86) 

 MYC (87) 

 RASSF6 (88) 

 RELA (89) 

 SLC5A1 (90) 

 SMDT1 (65) 

 SPP1 (91) 

 SYK (92) 

 TGFB1 (93) 

Proliferation ATR, BAX, E2F1, MDM2, RB1, TP53  (94) 

 CCND1, MKi67 (95) 

 DKK3 (96) 

 EGFR (97) 

 EGR1 (98) 

 EIF4A1 (99) 

 EPHA1, EPHA2 (100) 

 ERBB2, ERBB3, ERBB4 (101) 

 FGF2, FGFR1, FGFR3, IGF1R (102) 

 FN1, PLAU, SERPINE1 (103) 

 INHBA (45) 

 KDR (104) 
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Table S2. Programs and packages used for evaluation. 

 

Program Package Version used 

R-statistics 3.3.2 ggplot2 2.1.0 

 data.table 1.9.8 

 survival 2.40-1 

 foreach 1.4.3 

 nnet 7.3-12 

 glmnet 2.0-5 

 mboost 2.7-0 

 doSNOW 1.0.14 

 XML 3.98-1.5 

 party 1.1-2 

 ipred 0.9-5 

 randomForestSRC 2.4.1 

 parallel 3.3.1 

 MASS 7.3-45 

 plyr 1.8.4 

Python 2.7 numpy 1.9.2 

 shutil n.a. 

 pandas 0.16.2 

 lifelines 0.9.1.0 

 matplotlib 1.4.3 

scipy 0.16.0 

SPSS  23.0 
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Figure S1. Results of repeated 3-fold cross validation for loco-regional tumor control. For each 

combination of feature selection algorithm and statistical model the mean internal validation ci 

of the training cohort and its 95%-confidence interval is shown. Performance for the endpoint 

loco-regional tumor control was estimated using 333-times repeated 3-fold cross validation with 

signature size 4. 
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Figure S2. Mean out-of-the-bag (oob) concordance index (ci) in dependence of the signature 

size (1-10) for loco-regional tumor control. The mean oob ci was estimated for the feature 

selection method MRMR and the multivariable Cox regression model using 1000 bootstrap 

samples of the training cohort. Signature size 4 showed the highest ci (dashed line). 

 

 

 

 

 

 
Figure S3. Importance score for genes associated with loco-regional tumor control. The most 

important genes (lowest score) for the prediction of loco-regional tumor control of the training 

cohort are shown with their importance score, based on MRMR feature selection and the Cox 

regression model. The black dashed line indicates the cut-off leading to the 4-gene ensemble 

signature. 
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Table S3. Increasing robustness by including highly correlated genes. Shown is the mean (95% 

confidence interval (CI)) out-of-the-bag validation ci (bottom row) of the training cohort in 

dependence of the normalized signature correlation score (nSCS). With decreasing nSCS, more 

genes are added to the 4-gene ensemble signature for loco-regional tumor control. For each 

nSCS value, the additional genes compared to the next larger nSCS value are shown in the table. 

The cut-off at nSCS=0.7 leads to the final 7-gene signature. 

 

  

nSCS ≥ 0.8 0.75 0.70 0.65 0.60 0.55 0.50 

Metagene 

formed of        

CD24        

TCF3      

E2F1, 

RAD51 

CHEK2, 

FGF2, 

MCM6, 

RIBC2 

HILPDA     ADM ANKRD37 

ANGPTL4, 

BNIP3L, 

VEGFA 

SERPINE1  INHBA 

ACTN1, 

P4HA2 

MMP13, 

PLAU 

ANXA5, 

FN1, 

FOSL1, 

LOXL2, 

MMP2 

DCBLD1, 

ITGB1, 

LGALS1, 

LOX 

CAV1, 

MMP2, 

SLC16A1, 

TIMP2 

ci 

(95% CI) 

0.78 

(0.71-0.92) 

0.78 

(0.71-0.93) 

0.79 

(0.71-0.92) 

0.79 

(0.7-0.92) 

0.78 

(0.7-0.92) 

0.74 

(0.63-0.89) 

0.74 

(0.63-0.89) 
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Figure S4. Patient stratification by the 7-gene signature for loco-regional tumor control. (A, B) 

Kaplan-Meier estimates of loco-regional tumor control are shown for patients with HPV16 DNA 

positive tumors (HPV
+
, Supplementary Table S9) and patients with HPV16 DNA negative 

tumors who were stratified into a low risk group (LR) or a high risk group (HR) by the linear 

predictor of the multivariable Cox model including the 7-gene signature. The cut-off (0.10) was 

determined on the training cohort (left) and applied to the validation cohort (right). p-values 

report the result of a log-rank test between the LR and HR group. In C and D the groups of 

patients with HPV16 DNA positive tumors and HPV16 DNA negative tumors of low risk were 

combined.  
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Figure S5. Patient stratification by the 7-gene signature and clinical parameters for loco-regional 

tumor control. (A, B, D, E) Same as Fig. S3 but for the multivariable Cox model including the 7-

gene signature and the clinical parameters ECE status and tumor localization. Due to differences 

between the training and validation cohort, the risk groups in validation were imbalanced (central 

column). (C, F) Normalizing the gene expressions of the validation cohort to mean 0 and 

variance 1 results in balanced patient groups. 
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Table S4. Multivariable Cox regression of overall survival for patients with HPV16 DNA 

negative tumors. Three multivariable Cox regression models were built using the training cohort: 

a model consisting of only the 7-gene signature (top); a model consisting only of the clinical 

ECE status and tumor localization (center); and a model combining both the 7-gene signature 

and clinical parameters (bottom). Hazard ratios (HR) are given with their 95% confidence 

intervals (CI) and the corresponding p-values. For each model, the concordance index (ci) is 

given for the training and validation cohort as well as for the patients of the validation cohort 

who received concurrent chemotherapy. Its 95% CI is determined from 1000 bootstrap samples 

of the respective cohort. The improvement of the combined model, including the 7-gene 

signature and the clinical parameters, compared to the 7-gene signature and clinical parameters 

alone is shown (bottom) based on the difference in log-likelihood (dLL). 

Parameter HR (95% CI) p-value 
ci training 

(95% CI) 

ci validation 

(95% CI) 

ci validation, 

chemotherapy 

(95% CI) 

7-gene signature      

Metagene from SERPINE1, 

INHBA, ACTN1 and P4HA2 1.57 (1.08-2.28) 0.019    

HILPDA  1.27 (0.97-1.65) 0.079    

CD24 0.85 (0.64-1.14) 0.28    

TCF3 0.91 (0.66-1.26) 0.57 0.67 (0.61-0.75) 0.62 (0.55-0.69) 0.72 (0.56-0.84) 

Clinical parameters      

ECE status 1.84 (1.05-3.25) 0.034    

Localization oral cavity 1.83 (1.06-3.16) 0.029 0.63 (0.55-0.72) 0.60 (0.54-0.66) 0.64 (0.45-0.78) 

7-gene signature and 

clinical parameters      

Metagene from SERPINE1, 

INHBA, ACTN1 and P4HA2 1.46 (0.99-2.14) 0.054    

HILPDA  1.31 (0.99-1.72) 0.55    

CD24 0.85 (0.62-1.17) 0.32    

TCF3 0.92 (0.65-1.29) 0.63    

ECE status 2.03 (1.15-3.62) 0.015    

Localization oral cavity 1.41 (0.78-2.56) 0.26 0.71 (0.65-0.79) 0.64 (0.57-0.70) 0.72 (0.58-0.83) 

Improvement of combined model compared to dLL degrees of freedom p-value 

7-gene signature only   8.61 2 0.014 

Clinical parameters only   13.22 4 0.010 
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Figure S6. Patient stratification by the 7-gene signature and clinical parameters for overall 

survival. Same as Fig. S4 but for the endpoint overall survival. The cut-off (0.60) was 

determined on the training cohort (A) and applied to the validation cohort. 
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Table S5. Multivariable Cox regression of freedom from distant metastases for patients with 

HPV16 DNA negative tumors. Three multivariable Cox regression models were built using the 

training cohort: a model consisting of only the 7-gene signature (top); a model consisting only of 

the clinical ECE status and tumor localization (center); and a model combining both the 7-gene 

signature and clinical parameters (bottom). Hazard ratios (HR) are given with their 95% 

confidence intervals (CI) and the corresponding p-values. For each model, the concordance index 

(ci) is given for the training and validation cohort as well as for the patients of the validation 

cohort who received concurrent chemotherapy. Its 95% CI is determined from 1000 bootstrap 

samples of the respective cohort. The improvement of the combined model, including the 7-gene 

signature and the clinical parameters, compared to the 7-gene signature and clinical parameters 

alone is shown (bottom) based on the difference in log-likelihood (dLL). 

Parameter HR (95% CI) p-value 
ci training 

(95% CI) 

ci validation 

(95% CI) 

ci validation, 

chemotherapy 

(95% CI) 

7-gene signature      

Metagene from SERPINE1, 

INHBA, ACTN1 and P4HA2 
1.38 (0.86-2.21) 

0.19    

HILPDA  1.21 (0.85-1.74) 0.30    

CD24 1.10 (0.74-1.64) 0.64    

TCF3 1.01 (0.68-1.50) 0.94 0.60 (0.56-0.73) 0.59 (0.51-0.69) 0.74 (0.52-0.90) 

Clinical parameters      

ECE status 2.77 (1.23-6.25) 0.014    

Localization oral cavity 1.37 (0.67-2.79) 0.40 0.65 (0.56-0.75) 0.61 (0.52-0.71) 0.55 (0.31-0.75) 

7-gene signature and 

clinical parameters      

Metagene from SERPINE1, 

INHBA, ACTN1 and P4HA2 
1.34 (0.81-2.20) 0.25 

   

HILPDA  1.27 (0.87-1.85) 0.23    

CD24 1.13 (0.73-1.75) 0.58    

TCF3 0.95 (0.63-1.46) 0.83    

ECE status 2.99 (1.30-6.87) 0.01    

Localization oral cavity 1.09 (0.49-2.45) 0.83 0.69 (0.64-0.80) 0.63 (0.52-0.73) 0.64 (0.38-0.85) 

Improvement of combined model compared to dLL degrees of freedom p-value 

7-gene signature only   8.35 2 0.015 

Clinical parameters only   4.76 4 0.31 
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Figure S7. Patient stratification by the 7-gene signature and clinical parameters for freedom 

from distant metastases. Same as Fig. S4 but for the endpoint freedom from distant metastases. 

The cut-off (0.71) was determined on the training cohort (A) and applied to the validation cohort. 
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Table S6. Comparison of reference-gene normalized expressions between the training and 

validation cohort for genes of the 7-gene signature.  The given means and standard deviations of 

the training cohort define the applied z-transformations. 

 
Training cohort Validation cohort  

Genes Mean (standard deviation) Mean (standard deviation) p-value 

ACTN1 -0.89 (0.74) -0.82 (0.76) 0.45 

CD24 -6.63 (0.87) -5.12 (0.87) <0.001 

HILPDA -4.20 (0.91) -3.66 (0.95) <0.001 

INHBA -2.23 (1.61) -1.38 (1.37) <0.001 

P4HA2 -2.92 (0.71) -2.47 (0.67)  <0.001 

SERPINE1 -1.44 (1.52) -0.92 (1.52) 0.008 

TCF3 3.29 (0.55) -2.28 (0.67) <0.001 

 

 

 

 

 

 

 

 

Table S7. Comparison of reference-gene normalized expressions between patient groups with 

different clinical parameters for genes of the 7-gene signature (shown are p-values of Mann-

Whitney-U tests, training and validation cohort combined). Start of therapy, application of 

chemotherapy and cohort (Supplementary Table S6) were highly correlated. Multivariable linear 

regression of expressions by start of therapy, localization and ECE status confirmed the 

significant results for all genes (not shown). 

Genes 

Start of therapy 

(after 2005  

vs others) 

Chemotherapy 

(yes vs no) 

Localization 

(oral cavity  

vs others) 

ECE status 

(yes vs no) 

ACTN1 0.35 0.39 <0.001 0.54 

CD24 <0.001 <0.001 0.19 0.004 

HILPDA <0.001 0.003 0.011 0.19 

INHBA <0.001 0.001 <0.001 0.78 

P4HA2 <0.001 <0.001 <0.001 0.92 

SERPINE1 0.005 0.028 <0.001 0.65 

TCF3 <0.001 <0.001 0.99 0.074 
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Table S8. Used hyper-parameters for feature selection algorithms and predictive models. 

Purpose Method Parameter 

Feature selection 

Pearson - 

Spearman - 

Mutual information matrix 

(MIM) 
- 

Mutual information feature 

selection (MIFS) 
Top features = 20 

Minimum redundancy 

maximum relevance (MRMR) 
Top features = 20 

Univariate Cox Regression 
Iterations = 10 

Folds = 2 

Net-Cox  

α = 0 

Folds = 5 

λ = “lambda.min” 

Statistical model 

(signature size  

was varied) 

Random survival forest 

nTrees = 1501 

mTry = 20 

Node size = 7 

Node depth = 5 

nSplit = 5 

Bootstrap Method = “by.root” 

Cox regression Iterations = 1000 

Net-Cox 

α = 0 

Folds = 5 

λ = “lambda.min” 

Survival regression 
Iterations = 1000 

Dist = “weibull“ 

BGLM-Cox 

Nu = 0.01 

mStop = 200 

λ = “lambda.min” 

BGLM-Weibull 

Nu = 0.01 

mStop = 200 

λ = “lambda.min” 
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Table S9. Patient characteristics of all patients (HPV negative and HPV positive tumors) for the 

training and validation cohort. * Log-rank test; 
+
 95% confidence interval 

 All patients 

 Median (range) Median (range) p-value 

Follow-up (months) 56.7 (11.5 – 94.5)
+
 61.9 (24.7 – 153.0)

+
 <0.001* 

Age (years) 57.0 (24.0 – 75.2) 52.6 (36.3 – 71.0) 0.007 

Dose (Gy) 64.0 (56.0 – 68.0) 64.0 (60.0 – 66.0) 0.002 

 Number of pts (%) Number of pts (%)  

Gender      

Male/Female 156/39 80/20 119/23 83.3/16.2 0.37 

ECE status      

 no/yes/unknown 88/107/0 45.1/54.9/0 97/45/0 68.3/31.7/0 <0.001 

Localization      

Oropharynx/Oral cavity/ 

Hypopharynx/Larynx 
112/56/27/0 

57.4/28.7/ 

13.8/0 

43/79/ 

13/7 

30.3/55.6/ 

9.2/4.9 
<0.001 

Grading  

1/2/3/unknown 

5/111/ 

77/2 

2.6/56.9/ 

39.5/1.0 

3/73/ 

66/0 

2.1/51.4/ 

46.5/0 
0.48 

Chemotherapy      

yes/no 195/0 100/0 38/104 26.8/73.2 <0.001 

HPV16 DNA status      

negative/positive 130/65 66.7/33.3 121/21 85.2/14.8 <0.001 

Loco-regional 

recurrences 28 14.4 36 25.4 0.010* 
Distant metastases 37 19.0 32 22.5 0.26* 

Deaths 64 32.8 78 54.9 0.004* 

 

 

 

 

 

 

 

Figure S8. Identification of the final gene signature. To each gene of the ensemble signature 

additional highly correlated genes were assigned based on the normalized signature correlation 

score (nSCS). The final gene signature was defined by metagenes which were calculated as the 

median of the clusters of highly correlated genes. 
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