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Supplementary Methods 
 
 
 
HNSCC patient specimens (DKTK-ROG and LMU-KKG) 
 
HPV-status 

Information on HPV-status was available for DKTK-ROG patients (1). HPV typing for LMU-

KKG HNSCC patients was performed by quantitative real-time RT-PCR (qRT-PCR). DNA 

samples (50 ng) were subjected to qRT-PCR reactions (10 µl) on a ViiA 7 qPCR system 

(Thermo Fisher Scientific, Dreieich, Germany) using primers and a probe detecting the HPV-

16 L1 gene (amplicon size: 140 bp) (2): 

forward primer: 5´-CAGATACACAGCGGCTGGTTT-3` 

reverse primer: 5´-TGCATTTGCTGCATAAGCACTA-3` 

probe: 5´-6-Fam-TGACCACGACCTACCTCAACACCTACACAGG-Tamra-3` 

The β-globin gene served as quality control using the following primers and probe (amplicon 

size: 185 bp) (3): 

forward primer: 5´-CAGGTACGGCTGTCATCACTTAGA-3 

reverse primer: 5´-CATGGTGTCTGTTTGAGGTTGCTA-3´ 

probe: 5´-6-Fam-GCCCTGACTTTTATGCCCAGCCCTG-Tamra-3´ 

Two HPV-positive (UPCI SCC2 and UPCI SCC154) and two HPV-negative cell lines (Cal27 

and Cal33) were included as controls. Reactions were carried out in triplicates together with 

negative controls. DNA samples with a detectable ß-globin PCR product (Ct-value < 35) were 

considered as HPV-negative if no HPV amplification product gene was detectable. 

 

RNA quality assessment 

The small RNA integrity was assessed by qRT-PCR analysis of the small nucleolar RNA 

(snoRNA; size 74 bp) RNU24 (Assay ID 001001; Thermo Fisher Scientific). RNA samples 

(10 ng) were reversely transcribed using the MicroRNA Reverse Transcription kit and 

subjected to qRT-PCR using a ViiA 7 qPCR system (Thermo Fisher Scientific). Only RNA 

samples that resulted in Ct values < 35 cycles were considered suitable for miRNA expression 

analysis. 

 

miRNA expression profiling 

All steps were performed according to the manufacturer’s “Microarray System with miRNA 

Complete Labeling and Hyb Kit” protocol (Agilent Technologies, Santa Clara, CA, USA). 

Two microRNA Spike-In solutions for process control were included: a labeling Spike-In 
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solution to examine the labeling efficiency and a hybridization spike-in solution to monitor 

the hybridization efficiency. In order to be able to assess hybridization quality across 

labeling/hybridization batches, an aliquot of the same cell line RNA sample was included in 

each labeling/hybridization batch along with the tissue samples. 100 ng of total RNA was 

dephosphorylated and labeled with cyanine 3-cytidine biphosphate followed by purification 

and hybridization on the microarrays at 55 °C for 20 hours. After washing, the arrays were 

scanned in an ozone-free environment using a G2505C Sure Scan Microarray Scanner 

(Agilent Technologies). Data processing and data extraction were performed using the 

Feature extraction software (version 11.0.1.1, Agilent Technologies). 

Prior quantile normalization and correction for labeling/hybridization batch effects, local 

hybridization artefacts were removed using spatial normalization whilst the data sets from 

both DTKT-ROG and KKG-LMU were jointly pre-processed (4). Only miRNAs that were 

expressed in at least 75 % of tissue samples were kept in the data set. Before feature selection, 

normalized expression values were scaled by z-score transformation. 

 

Robust likelihood-based survival modeling approach deploying an iterative forward-

selection algorithm 

Preselection of miRNAs to be used as candidates in feature selection was conducted by 

univariate Cox proportional hazards regression analysis of the endpoint freedom from 

recurrence, whereas features with P-values < 0.5 were allowed to enter the model. In order to 

limit complexity, the maximum number of signature miRNAs was set to 20. Feature selection 

was performed using ten iterations of four-fold cross-validation (internal validation) whilst 

the best model was selected based on the Akaike Information Criterion. A risk score was 

calculated for each patient by building the sum of expressions of the miRNAs included in the 

final model weighted by the appropriate Cox model coefficients. The median risk score of the 

patients in the training set was used as a cut-off for defining high-risk (risk score > median 

risk score) and low-risk (risk score ≤ median risk score) for all cases. 

Kaplan-Meier curves were compared with the log-rank test using the R-package survival. P-

values were calculated for both the training and validation sets. However, since no valid null-

hypothesis can be formulated for the training data, the appropriate P-values only reflect 

meaningful splits of risk groups. 

 

Technical qRT-PCR validation 

For technical validation of microarray data, RNA samples (10 ng) were reversely transcribed 

using the MicroRNA Reverse Transcription kit and subjected to qRT-PCR reactions (10 µl) 

on a ViiA 7 qPCR system (Thermo Fisher Scientific). The following TaqMan assays along 
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with RNU48 (001006) as the endogenous normalization control were used: 002118 (hsa-let-

7g-3p), 467276_mat (hsa-miR-210-5p), 241740_mat (hsa-miR-4306), CSQJA6L (hsa-miR-

6508-5p), and CSRR9CT (hsa-miR-7161-3p). Reactions were carried out in triplicates 

together with negative controls. A risk score for each patient was calculated using the scaled 

(z-scores) 2-deltaCT expression values in combination with the corresponding Cox proportional 

hazard coefficients. The patients were dichotomized into a low- and high-risk group using the 

microarray-derived risk score threshold from the training set. 

 

Univariate Cox proportional hazard analysis 

Univariate Cox proportional hazard analysis was performed to assess the association of 

clinicopathological variables age, sex, tumor localization, TNM T and N stage, 

lymphovascular invasion (LVI), venous tumor invasion, resection margin status, extracapsular 

extension (ECE), grading and smoking status with clinical outcome. Variables with P-values 

<0.05 in univariate analysis were chosen to be included in multivariate testing. 

 

Recursive partitioning analysis 
Recursive partitioning analysis (RPA) was conducted using the R package rpart on freedom 

from recurrence in combination with the parameters five-miRNA-classifier (high-risk, low-

risk), extracapsular extension (ECE; negative – including N0 tumors, positive), TNM T stage 

(T1/T2, T3/T4), TNM N stage (N0/N1, N2/N3) and resection margin status (R0, R1). The 

analysis was performed on the pooled data set combining the training and the validation set 

(n=162) with 1000 cross-validations, minimal bucket size of 10, minimum split size of 20 and 

complexity parameter of 0.01 (5). An additional RPA was performed using the clinical 

parameters ECE, TNM T stage, TNM N stage and resection margin status only. 

 

Median follow-up 

Median follow-up was estimated using Kaplan-Meier estimate of potential follow-up (KM-

PF) as estimated from reverse Kaplan-Meier (6). Here, the follow-up time of living patients 

(last follow-up is the endpoint, death is censored) are used for robustly estimating the median 

follow-up times (6). The interquartile range was determined. 

 

Prediction performance of the five-miRNA-signature in combination with clinical 

parameters 

Cox proportional hazard models were fitted to time-to-event data for the endpoints freedom 

from recurrence in combination with all possible combinations of the covariates five-miRNA-

signature risk factor, dichotomized TNM T stage (T1/2 and T3/T4), lymphovascular invasion 
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(LVI; yes and no), extracapsular extension (ECE; yes and no including N0 tumors) for both, 

the training and the validation sets. The linear predictors were extracted from the models and 

used for the calculation of prediction sensitivity and specificity as implemented in the R 

timeROC package for follow-up times from 1 to 5 years (7). The corresponding areas under 

the curve (AUCs) were calculated and plotted. 

 

Used Models 

- Univariate Cox proportional hazard models 

- Multivariate Cox proportional hazard models 

o Five-miRNA model 

o Signature risk score corrected for TNM T stage, lymphovascular invasion 

(LVI) and extracapsular extension (ECE) 

- Recursive partitioning model 

 

Model assumptions 

The assumption that needs to be fulfilled for the Cox proportional hazard model is 

proportionality of hazards along observation time. We applied the Schoenfeld residuals test to 

the data in combination with included variables (five-miRNA risk factor, TNM T stage, LVI 

and ECE) and did not detect violation of the proportional hazards assumption (P-values > 

0.05). However, the power for detecting violation of the proportional hazards assumption in 

general is low at case numbers in the range we were dealing with in the present study (8). 

Recursive partition analysis is a non-parametric prediction approach and does not require 

fulfillment of assumptions, which is one of the strengths of the approach (9). 

 

Included variables and rationales for inclusion 

Univariate models: We used univariate Cox proportional hazard models, in order to test 

which of the variables are likely to have an influence on the outcome of interest (freedom 

from recurrence) at all. We considered all clinicopathological data available in our dataset 

which included clinicopathological variables age, sex, tumor localization, TNM T stage, 

TNM N stage, LVI, venous tumor invasion, resection margin status, ECE, grading and 

smoking status. 

Multivariate models: We generated two multivariate models: the Cox proportional hazard 

model that was used to fit the signature miRNAs and the Cox proportional hazard model for 

testing the prognostic value of the signature risk factor after correction for possible 
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confounding parameters. The selection of miRNAs is described in the experimental 

procedures section of the manuscript and in the Supplementary Methods section Robust 

likelihood-based survival modeling approach deploying an iterative forward-selection 

algorithm. 

. Further, possible confounding parameters to be included in the latter model were selected 

according to their significance when testing for association with freedom from recurrence, 

which was observed for TNM T stage, LVI and ECE (training sample only). 

Recursive portioning model: The parameters that were included in the generation of the 

recursive portioning decision tree analysis were those that are actually used in clinical 

decision making according to state-of-the-art treatment such as resection margin status, TNM 

T stage, TNM N stage, ECE in addition to the five-miRNA-signature risk factor. 

 

Handling of missing data 

In order to maximize the number of samples, each statistical analysis was conducted on the 

available data subset. Cases with missing values were only excluded in the relevant statistical 

analyses 
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