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Executive Summary 

The oral cancer evolution model is the core of the OraMod project and platform. It will be built starting 

from the original retrospective data from NeoMark (FP7-ICT-VPH-224483 project). 

The model building starts from the preliminary assessment of the genomic fingerprint for Oral Squamous 

Cell Carcinoma (OSCC) reoccurrence, identified by NeoMark using RNA microarrays. 

This assessment is performed in a step-by-step process where the genomic fingerprint from NeoMark is 

validated on a larger retrospective cohort (including VUmc retrospective cases) in order to identify a list of 

most relevant genes, and to confirm the predictive relevance of NeoMark genomic fingerprint. 

As already done in NeoMark, genes from most recent literature have also been considered in the genomic 

fingerprint analysis and identification. To this aim a precise literature survey has been conducted by UNIPR 

biomolecular team (see Appendix) and by VUmc. 

The so selected genes are then validated by means of RT-PCR in order to define a final list of most relevant 

genes (genomic fingerprint) to be used for the model building and for the acquisition of genomic data in 

OraMod system, by means of the lab-on-chip and RT-PCR developed by ST-Italy. 

Following the selection of genes, the model building (model training) is performed, by means of 

biostatistical algorithms, which will consider all the relevant data (clinical, risk factors, imaging, from 

histology and the selected genes). as described in section 3 of the present document. The model will be 

developed using the statistical software package R. 

 In order to allow simulations, different models will be built (stepwise approach), starting from clinical data 

and gradually adding in different combinations the other data types (imaging, pathology, genomics), in 

order to allow simulations (see task 3.2 and 3.3): 

1. clinical data only 

2. clinical data + pathology data 

3. clinical data + genomic data 

4. clinical data + imaging data 

5. clinical data + pathology data + genomic data 

6. clinical data + pathology data + imaging data 

7. clinical data + pathology data + imaging data + genomic data (i.e. complete oral cancer evolution 

model). 

The model endpoints have also been defined: (1) loco-regional reoccurrence; (2) lymph-nodes metastasis 

and (3) overall survival.  

The so developed model will be integrated into the OraMod platform and will be accessible from the 

Virtual Patient user interfaces developed in WP5. 
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Abbreviations and definitions 

FDR False discovery rate 

PCR Polymerase Chain Reaction 

OSCC Oral Squamous Cell Carcinoma 



 FP7-ICT-2013-10-VPH-611425 - OraMod Dissemination level: PU 
 RESTRICTED 

 

D3.1 Oral cancer evolution model 6 November 2014 
  Version 2 

1 About this document 

This document describes (1) how the OraMod genes were selected and (2) how the predictive model for 

OraMod will be built on (1) clinical, (2) pathological, (3) Imaging, and (3) genomics data. The appendix 

includes the results of the analyses that were conducted to select 60 genes from the 30000+ genes of the 

micro array data. 
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2 Selection of the OraMod genes 

One of the first aims of the OraMod project is to select 60 genes from 30.000+ probes tested on 

microarray. These genes will be further tested on PCR on a new set of patients. The selection of 60 genes 

was based on two data sets: the Neomark data, and the VUmc data. The Neomark data came from the 

original Neomark project, supplemented with additional patients and longer follow-up times. We included 

a second data set from the VUmc to ensure that the selected genes are relevant for multiple populations. 

The VUmc data set contains patients enrolled at VUmc and the Utrecht Medical Centre. In addition, we use 

information on published gene signatures to increase the robustness of our gene selection. 

 

2.1 Outcome measures used 

Primary analyses indicated that a recurrence is difficult to predict for both the NeoMark and VUmc data. 

We therefore took a broader perspective and considered recurrence, overall survival, and N stage as 

outcome variables. We spread the selected genes over these three outcome measures, 20 genes were 

selected for N stage, 20 genes were selected for recurrence, and 20 genes were selected for overall 

survival. Note that we expect an overlap in predictive ability, because, for example. gene selected for 

predicting recurrence will likely also partly predict survival.  

 

2.2 Data sets used 

The NeoMark microarray data were preprocessed with package Limma in R using loess. Probes with more 

than 20% missing values were deleted. The NeoMark data consists of a total of 106 samples. Of these 

samples, seven were not included after checking the quality of the microarrays with MA plots, leaving 99 

samples for downstream analyses. For the analysis that used recurrence as the outcome variable, we 

excluded another five samples, because they either had a metastasis or the medical information was 

insufficient to identify whether they had a recurrence, another five samples were excluded because the 

follow-up time was shorter than 24 months. After careful inspection of the medical records, three samples 

were reclassified from a recurrence to an absence of a recurrence. For the recurrence analysis, in total 89 

individuals of which 25 individuals had a recurrence. For the analysis that used N stage as outcome variable, 

two individuals were excluded, because information on the N stage was missing. Hence, in in total 97 were 

included of which 49 had an N stage greater than 0. For overall survival analysis no additional exclusions 

were needed and the data consisted of 99 individuals, of which 31 people did not survive the follow-up 
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time. Individuals that did not survive the follow up time had a median survival time of 21 months. 

Individuals that did survived the follow up time were had a median follow up time of 39 months. 

The VUMC data were also preprocessed in limma by Wessel van Wieringen using similar quality control 

criteria . For N stage and survival we, selected cases on (1) oral cavity, (2) negative for HPV, resulting in 150 

individuals. Of these, 90 had an N stage greater than 0, 80 individuals did not survive the follow-up time. 

Individuals that did not survive the follow up time had a median survival time of 20 months. Individuals that 

did survive the follow up time were had a median follow up time of 83 months. For recurrence we 

additionally selected on (3) no metastasis, and (4) a follow-up of at least 24 months, resulting of 109 

individuals with 21 recurrences. 

In the VUMC data, 7 out of 8 HPV positives were oropharynx tumors and only 1 HPV positive was oral 

cavity. As NeoMark data consists only of samples with oral cavity, the number of recurrence caused by HPV 

should be low and hence no further samples were excluded from those data. 

 

2.3 Methods used for gene selection 

The selection of genes is based on two types of analyses, one univariate, and one multivariate. The 

univariate approach complements the multivariate one, because multivariate selection methods mostly 

select genes with orthogonal information. However, if such a gene fails in the PCR validation phase, their 

may be no ‘back-up’ gene from the multivariate approach. The genes selected by the univariate apporach 

may fill this gap. For each outcome measure we selected 10 genes univariately and 10 genes multivariately. 

For recurrence and N stage the univariate p-values were calculated with t-tests. For survival we used cox 

regression to calculate p-values. The p-values were then adjusted with Benjamini-Hochberg procedure to 

calculated false discovery rates (FDR).  

For the multivariate selection we use a Lasso (as implemented in package glmnet in R). The Lasso is a 

regression technique that by L1-penalization sets regression coefficients of genes that do not explain the 

response variable to zero, thus selecting genes that do explain the response variable. This multivariate 

analysis thus identifies a group of parameters that contribute on each other in explaining the existing 

variation in the response variable. The lasso is fitted using randomly chosen cross-validation folds and 

subset of genes selected can vary between runs. To select the best genes, we run the lasso a number of 

times and select those genes that were selected by the lasso most often. We do so, because selection by 

lasso is known to be instable and this procedure helps to stabilize the selection (Meinshausen et al. 2010). 

For recurrence and N stage we used a logistic regression lasso, and for survival we used a Cox Lasso. For 
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recurrence and survival, we included disease stage (TNM) as un-penalized covariate, to select the genes in 

the context of this well-known predictor. We also tested models without disease stage as covariate, but this 

did not change the list of selected genes. 

A complete overview of the results can be found in the accompanying appendix, selected genes are listed in 

blue. Note that many genes are present in multiple tables, hence often more than 5 or 10 genes were 

selected per table. Also note that not all genes can be tested on qPCR, so some genes that would be   

candidates on the basis of predictive performance, were not selected.  

 

2.4 Literature genes and the selection of the genes 

For N stage we used the list of Van Hooff et al. (2012), and selected those genes that have a FDR below 0.01 

on their data. The 298 probes that remained were used in the univariate and multivariate analyses on the 

VUMC and NeoMark data. Analyses indicated that both data sets have a strong signal for N stage. 

Multivariately, we selected those genes that were selected most often by the lasso across both data sets. 

Univariately, we combined p-values of both data sets using Fisher's combined probability test and 

calculated FDR’s based on the combined p-value.  

For survival we combined several gene signatures found in literature (1395 probes, Chen et al. 2008, Chung 

et al. 2006, De Cecco 2014, Jung et al. 2013, Lohavanichbutr et al. 2013, Onken et al. 2014, Rickman et al. 

2008, Thurlow et al. 2010, Winter et al. 2007), and one signature based on integration of the VUmc RNA 

expression data with matched DNA copy number as performed  by Wessel van Wieringen. This “copy 

number signature” holds the 343 probes for which copy number alterations and the gene expressions are 

highly correlated. Half the genes were then selected from the combined survival signature (1726 probes), 

and the other half were selected from the analyses that included all probes (37622 probes for VUmc data, 

and 40736 for NeoMark data). We thus conducted both the univariate and multivariate analysis twice on 

each data set. The VUmc data proved to have a stronger signal than the NeoMark data for survival (lower 

FDR, and more genes selected by the lasso) and the majority of genes for survival were selected on basis of 

the VUmc data. Possibly, this can be explained by the relatively short median follow-up time of NeoMark 

cases compared to VUmc cases (39 months versus 83 months, respectively). 

In both data sets, we were not able to directly identify genes of enough significance to attempt validation. 

For this reason, the recurrence genes were selected by using the relationship that exist between overall 

survival and recurrence. We first preselected genes that correlate with survival, and from this subset we 

selected genes that correlate with recurrence. We followed the same approach as for survival with respect 
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to the literature genes: half the genes were selected from the survival signatures, and for other half we 

considered all genes as candidates. In the analyses where we selected from all genes, we first selected 

genes with a FDR lower than 0.10 for survival on the VUmc data (217 probes). In those analyses that 

selected from survival signatures, we first selected those genes with a FDR lower than 0.15 for survival on 

the VUmc data (77 probes). 
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3 Training the predictive model 

 

3.1 The predictive model 

The 60 selected genes will be validated on a new set independent patients by quantitative real-time PCR. 

These data will then form the input on which the predictive model will be trained. Next to these 60 genes, 

the predictive model will also incorporate approximately 30 imaging variables, and a number of clinical and 

pathological variables. These different types of data are intrinsically very different, for example in the 

number of parameters they contain, the type of parameters, and the signal to noise ratio, these aspects 

should be taken into account when building the predictive model. The plan is to use penalized regression 

techniques, where each type of data has a separate penalty. This ensures that each type of data receives 

weights according to its contribution to the predictive accuracy of the model. One advantage of a linear 

model is the relative ease with which such a model can be implemented in the OraMod system. Alternative 

methods will, however, be considered, e.g. a random forest. 

 

3.2 Testing the additional contributions of the various data sets 

Although the different types of data are different, they all measure the same patient and tumor, and there 

will likely be great number of dependencies between these data sets. It is important to properly test 

whether the various data sets contribute on top of each other, taking into account these dependencies. 

More specifically, for a model that contains outcome variable Y and covariates X1, we are interested in how 

much a second set of covariate, X2, contributes on top of X1 in explaining Y. A naive method would be to 

permute the rows of X2. This permutation randomizes X2 and generates a distribution of the null hypothesis 

that X2 does not contribute. In a situation where X1 and X2 are independent this would be a valid and 

effective method. Here that is not the case, and the dependency between X2 and X1 must be taken into 

account.  

One method we are considering for this problem is the global test (Goeman et al. 2004; Goeman et al. 

2005). With the global test it is possible to test how much a given set of covariates (here X2) contributes to 

a given null model (here defined on Y given X1). Currently, the global test only allows a low dimensional x1, 

because the null model is fitted with a generalized linear model. In this project we encounter a situation 

where we have two data sets that have a large number of parameters (p) compared to the number of 

individuals (n). Although possibly p will be smaller than n, multicollinearity is nevertheless a problem. One 

methodological aspect we are working on is an extension of the global test that allows for more complex 
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null models, e.g. a ridge null model. This requires us to generate the distribution for this model under the 

null hypothesis that X2 does not contribute to the ability the predict Y, but is conditional on X1. This can be 

done by repeatedly drawing X2|X1 from a multivariate normal distributions. This requires specifying a 

multivariate normal distribution for X and estimate its covariance matrix. For a high dimensional X the 

covariance matrix can estimated by ridge shrinkage as implemented in R package rags2ridges (van 

Wieringen & Peeters, 2014).  
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4 Embedding the predictive model in the OraMod platform 

We will make four different types of predictive models based on different combinations of data sets (See 

Figure 1). Models will be trained in R, the resulting predictive model will be used to make predictions for 

new patients. The predictions, including their uncertainty, will be visualized in the OraMod system and 

placed in to context of the available data.  

 

Fig. 1. Predictive models in the OraMod system 
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Appendix I-III. Tables for the gene selection  

 

These tables will be made available after acceptance of the manuscript that describes the selection and 

validation of the genes.  
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Appendix IV Survey of literature for oral cancer predictive genes 

This table will be made available after acceptance of the manuscript that describes the selection and validation of the genes.  

 


